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ABSTRACT The development of technologies in generation-grid-load-energy storage has created enormous
uncertainties for power system and thus brings great challenges to medium-and long-term operation simu-
lation. In order to describe uncertainties in medium-and long-term operation process and analyze operation
condition objectively, this paper firstly buildsmulti-state probabilisticmodels of generation-grid-load-energy
storage based on multi-state analysis method, and adopt Markov method to consider state dependency of
some components. And then using these models, an operation simulation method based on the improved
universal generating function is proposed in which the minimum distance classification method is adopted
to improve computational efficiency and avoid state explosion problem.At last the validation and engineering
practicality of the proposed method are demonstrated in IEEE RTS-79 and Zhangjiakou power system
respectively, and the suitable areas of different operation simulation method are also discussed.

INDEX TERMS Medium-and long-term operation simulation, multi-state analysis, universal generating
function, uncertainty analysis.

NOMENCLATURE
ABBREVIATIONS
DR demand response
EENS expected energy not supply
IDR incentive-based demand response
LOLE lose of load expectation
LOLP loss of load probability
PDR price-based demand response
PPS probabilistic production simulation
PV photovoltaic
RE renewable energy
UCED unit commitment and/or economic dispatch
UGF universal generating function
VPP virtual power plant

PARAMETERS
α, β shape parameters of Beta distribution
c scale parameter of Weibull distribution
C LOLP limit of a system
Cost (i) operation cost of unit (or equivalent unit) i

The associate editor coordinating the review of this article and approving
it for publication was Xiaorong Xie.

ηch, ηdis charging and discharging efficiency of
an energy storage facility

Gcht , Gdist average charging and discharging power
of energy storage facility in period t

Ii(t) light intensity that PV unit i received in
period t

Imax maximum light intensity in an area
ind(t) day-night index (equal to 1 if in the

daytime and 0 if at night)
k shape parameter of Weibull distribution
L(t) load in period t
L0(t) load before implementing price-based

demand response in period t
L̄peak , L̄flat average load in peak period and in

flat period respectively
λD, µD peaking unit’s fault rate and repair rate

under derating state
λp−v, λf−v, peak-valley, flat-valley and
λp−f peak-flat load transfer rate
λT , µT peaking unit’s fault rate and repair rate

under rating state
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M (t) state transition matrix of peaking unit
in period t

n(m)(t) state number of system containing m
units in period t

Pde,i output of unit i under derating state
PNi rating power of unit i
pFORro,i forced outrage rate of unit i
pPro,i(t), p

D
ro,i(t), probabilities of unit i under planned

pF1ro,i(t), p
F2
ro,i(t), outage, derating, forced outage 1,

pR2ro,i(t) forced outage 2, rating, ramp state 1 and
ramp state 2 respectively

Ps rating power of energy storage facility
ρ1+, ρ1− need rate and needless rate from

planned outage to derating state of a
peaking unit

ρ2+, ρ2− need rate and needless rate from
derating state to rating state of a
peaking unit

SSOC max, maximum storage capacity and
SSOC min minimum storage capacity
T research cycle
Tpeak , Tflat , time set of peak, flat and
Tvalley valley period respectively
TR1, TR2 ramp time of a peaking unit from

planned outage to derating state and
from derating state to rating state
respectively

θ confidence probability for maximum
power supply capacity

v wind speed at wind turbine impeller
hub

vNi, vin,i, vout,i wind turbine’s rating
wind speed, cut-in wind speed and
cut-off wind speed

VARIABLES
Cθmax(t) maximum power supply capacity

with confidence probability of θ
EENS (m, t) EENS of system m in period t
Gcht,aver , G

dis
t,aver expectations of system output

greater than load and less than load
respectively

LOLP (m, t) LOLP of system m in period t
Pki (t), p

k
ro,i(t) output of the kth state of unit i and

corresponding probability
Pk(m)(t), p

k
ro,(m)(t) output and corresponding probability

of subsystem m’s kth state in period t
SSOC (t) stored electricity of an energy storage

facility in period t
xki , p

k
ro,i the kth state and corresponding

probability of element i in universal
generating function

FUNCTIONS
0 (·) gamma function

I. INTRODUCTION
Generation expansion planning is one of the most discussed
topics in the power system fields, and operation simulation
is an important part of it [1], [2]. However, with the devel-
opment of technologies such as renewable energies (RE),
demand response (DR) and energy storage, the uncertainties
of power generation, power grid, power load and energy
storage (generation-grid-load-energy storage) growwith each
passing day, which brings great challenges to power system
operation simulation. Moreover, comparing with short-term,
medium-and long-term will show more uncertainties and
the difficulty of medium-and long-term operation simula-
tion is further increased [3]–[5], where short-term refers to
the 1 to 2 years recently, and the medium- and long-term
usually refers to 3 years or more in the future. Therefore,
aiming at medium-and long-term, it is necessary to study an
appropriate operation simulation method, which can not only
describe uncertainties in medium-and long-term objectively,
but also provide effective support for medium-and long-term
planning.

In order to achieve the goals above, some characteristics
are summarized that a medium-and long-term operation sim-
ulation method need to possess as follows:

1) Take account of uncertainties inmedium-and long-term
reasonably and adequately [1], [5]. Different compo-
nents of power system are likely to show different
uncertainty characteristics, and sometimes uncertainty
characteristics of medium-and long-term are different
with characteristics of other periods. Besides, more
components will show uncertainties in medium-and
long-term comparing with short-term. Therefore, a rea-
sonable and adequate consideration is necessary.

2) Provide as much servable information as possible
[6]. Large amount of uncertainties in medium-and
long-term bring difficulties to decision-making. More
servable information will help to better assess medium-
and long-term operation and find potential risks in
operation process, and thus better support medium-and
long-term planning.

3) Minimize computational effort [7]. For medium-and
long-term planning, a long time study is usually nec-
essary. Many uncertainties involved in modeling are
likely to increase computational complexity, which is
adverse to long time study.

There are few literatures completely focus on medium-
and long-term power system operation. In these existing
works, load duration curve based probabilistic production
simulation (PPS) methods [7], [8] and scenario based unit
commitment and/or economic dispatch (UCED) methods
[9]–[13] are widely utilized. Li et al. [7] propose a non-
sequential PPS model considering the uncertainty of power-
only unit, combined heat and power unit and wind power,
and greatly reduces computation time by fast Fourier trans-
form and equivalent energy function method. Jiang et al. [8]
propose a PPS method for system planning and consumption
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assessment in the medium and long-term time scale, and
uncertainties of hydropower stations, renewable energies and
forced outage of conventional units are taken into account.
However, PPS is a non-sequential method and sequential
characteristics of power system are difficult to describe,
which means the analysis and evaluation of power system are
relatively rough. Chen et al. [9] build an operation simulation
model based on security-constrained unit commitment and
consider the long-term uncertainties of wind, solar and load
via the scenario tree using theMonte Carlomethod. Simoglou
et al. [10] utilize the Long-Term Scheduling model, which
essentially is a scenario based UCED model, to consider
uncertainties of renewable energy and realize mid-/long- term
operation simulation. Helistö et al. [11] adopt a UCEDmodel
called JMM to analyze the long-term impact of wind, solar
and demand side, and the uncertainties of RE are reflected
by scenario tree tool. Bezerra et al. [12] build a stochastic
long-term economic dispatch model for hydrothermal power
system. This model considers uncertainty of hydropower
generation prediction and thus obtains a large number of
scenarios, and these scenarios are reduced by using k-means
method. Despite UCED methods consider the uncertainties
of RE and load by scenario method and can simulate with
a relatively fast computational efficiency, the uncertainties
of operating states in generation side and grid side are usu-
ally ignored, and if considered it will greatly increase sce-
nario numbers and cause enormous computational efforts
for solution. Besides the relatively large data requirements
for UCED methods are also likely to pose challenges for
medium-and long-term operation simulation. Furthermore,
some researches are devoted to achieving the prediction
of uncertainties in medium-and long-term [14], [15], and
simulate operation condition based on the predicted results
[16]. Apparently, by this method, operation simulation results
are mainly depended on the precision of prediction, which
will bring difficulties to appropriate and accurate decision-
making. In addition to above methods, the universal gen-
erating function (UGF) based simulation methods are also
applied to the medium-and long-term operation simulation
in recent years. Jin et al. [17] build probabilistic distribution
function of wind power and conventional generation units in
order to describe uncertainty, and propose a UGF based PPS
method to simulate long-term operation. Wang et al. [18] and
Ding et al. [19] build uncertainty model of wind farm based
on UGF method, in which the possible correlation between
different wind turbines and the possible force outage are taken
into account, and thus achieve the medium-and long-term
operation simulation and assessment of power system with
wind farm. From this we can find that UGF method can
easily consider a large number of uncertainties and achieve
medium-and long-term operation simulation with high effi-
ciency, but in these methods, more components in power
system need to be involved and state dependency need to
be considered, what’s more, some improvements should be
adopted to avoid state explosion when system scale is large,
and more servable information should be mined to better

support planning. Comparing with medium-and long-term
operation simulation, the number of literatures on short-term
operation is relatively large. In these literatures, the great
majority adopt UCED method for operation simulation [20],
and they consider uncertainties by several methods such as
predicting the uncertainty factors [21]–[23], stochastic pro-
graming [24], [25], robust optimization [26], [27] and interval
optimization [28], [29]. However, the short-term methods
are not fully applicable to medium-and long-term because
of the insufficient consideration of uncertainties and huge
computational effort.

In summary, despite for the convenience of considering
uncertainties and the high computational efficiency, PPS
method is a non-sequential method and the detailed analysis
is unavailable; UCED is themainstreammethod for operation
simulation currently, and moderate amount of uncertainties
are able to be considered efficiently, but the great amount of
uncertainties in medium-and long-term operation simulation
will bring challenges to this method; UGF method is able
to consider large amount of uncertainties while keep a high
computational efficiency, but it still needs to be improved in
the aspect of comprehensiveness of uncertain factors, state
dependency, state explosion of large scale system and sup-
porting medium-and long-term planning.

To address the limitations above, this paper introduces the
multi-state method to consider uncertainties of power system,
and builds the multi-state probabilistic models of generation
side, grid side, load side and energy storage. In combination
with the multi-state model of each component, this paper
builds a medium-and long-term operation simulation method
based on UGF considering uncertainties of generation-grid-
load-energy storage comprehensively. In order to deal with
the state explosion problem of traditional method, the mini-
mum distance classification method is adopted and computa-
tional efficiency is improved. Through in-depth mining of the
results, some additional information such as change trend of
LOLP and maximum power supply capacity of power system
with different confidence probability can also be provided to
find weak spots of system and better support the medium-
and long-term planning. Besides, the suitable area of different
operation simulation method is also discussed.

The remainder of this paper is organized as follows.
Section II builds multi-state probabilistic models of main
components in generation-grid-load-energy storage based on
multi-state analysis method. By these models, section III
proposes the improved UGF method and presents operation
simulation process. Section IV verifies the validity of pro-
posedmethod in IEEERTS-79 and discusses the suitable area
of different operation simulationmethod, and also applies this
method to Zhangjiakou power system to prove the practica-
bility. Section V gives the conclusions.

II. MULTI-STATE PROBABILISTIC MODELING OF
GENERATION-GRID-LOAD-ENERGY STORAGE
In medium-and long-term, the operation condition of con-
ventional units and the output of RE on generation side,
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flexible regulation of external transmission lines on grid side,
demand response on load side as well as the charging and
discharging process of energy storage facilities, all possess
great uncertainties. The specific operation condition of each
component is usually uncertain and shows multiple possible
states, and mutual transformations among different states are
also existed [32]. Therefore, the multi-state analysis method
is necessary. Multi-state analysis method is an important
method for uncertain system simulation and analysis. By
considering uncertainties of all components and matching
these uncertainties freely, simulation of uncertain system
can be achieved. Because of the convenience of consider-
ing numerous uncertainties, multi-state analysis method is
applied in many fields [30], [31]. Based on multi-state analy-
sis method, this section builds multi-state probabilistic mod-
els to describe uncertainties in generation-grid-load-energy
storage, and introduces Markov method to deal with state
dependency.

A. CONVENTIONAL GENERATING UNIT
Conventional units mainly include run-of-river hydropower
units, thermal power units, nuclear power units, etc. They
show different uncertainty features according to their oper-
ating positions in the load curve. By and large, these units
can be divided into base load units and peaking units.

1) BASE LOAD UNIT MODEL
This kind of units usually operate in base load at rated power
andmay break down at a probability. Thus only the uncertain-
ties of the two states need to be considered and the multi-state
probabilistic model can be expressed as:

Pi(t) =

{
0, pro,i(t) = pFORro,i

PNi, pro,i(t) = 1− pFORro,i
(1)

2) PEAKING UNIT MODEL
The main role of peaking units is peak shaving, and they need
to change outputs in real time in response to the volatilities
from RE and load. In general, a peaking unit may show
planned outage, rating, ramp and derating state in operating
process, and switch its state according to the need of system.
Meanwhile, units are likely to change from rating and derat-
ing state to forced outage state, and faults can also be repaired.
Thus, multiple states are involved in peaking units and the
state dependencies are also existed in operating process [33].
In order to describe the process above, a 7 state model of the

FIGURE 1. The multi-state model of a peaking unit.

peaking unit is introduced, and the state transfer process is
shown in Fig. 1.

These parameters in Fig. 1 can be calculated by imitating
the calculation method of the 4-state model in Ref. [33]. To
this end, Markov model can be formulated by the following
expression:[
pPro (t + 1) , pF1ro (t + 1) , pDro (t + 1) , pF2ro (t + 1) ,
pR1ro (t + 1) , pNro (t + 1) , pR2ro (t + 1)

]
=

[
pPro(t), p

F1
ro (t), p

D
ro(t), p

F2
ro (t),

pR1ro (t), p
N
ro(t), p

R2
ro (t)

]
·M (t) (2)

where

pPro(t)+p
F1
ro (t)+p

D
ro(t)+p

F2
ro (t)+p

R1
ro (t)+p

N
ro(t)+p

R2
ro (t)=1

The elements of M (t) are as shown at the bottom of this
page.

For convenience of calculation, the forced outage state 1,
forced outage state 2, ramp state 1 and planned outage state
which have similar values can be merged, and derating state
and ramp state 2 can also be merged for the same reason.
The multi-state probabilistic model of peaking unit can be
expressed as:

Pi(t)=


0, pro,i(t)=pF1ro,i(t)+p

F2
ro,i(t)+p

R1
ro,i(t)+p

P
ro,i(t)

Pde,i, pro,i(t)=pDro,i(t)+p
R2
ro,i(t)

PNi, pro,i(t)=pNro,i(t)
(3)

B. WIND POWER UNIT
Due to the uncertainties of wind speed and units’ fault,
the output of wind power unit is likely to showmultiple states
in medium-and long-term operation. AWeibull distribution is



1− ρ1+ 0 0 0 ρ1+ 0 0
µT 1−

(
ρ1+ + µT

)
0 ρ1+ 0 0 0

ρ1− 0 1−
(
ρ1− + ρ2+ + λD

)
λD 0 0 ρ2+

0 ρ1− µD 1−
(
ρ1− + µD + µT

)
0 µT 0

ρ1− 0
1
TR1

0 1−
(
ρ1− +

1
TR1

)
0 0

0 0 ρ2− λT 0 1−
(
ρ2− + λT

)
0

0 0 ρ2− 0 0
1
TR2

1−
(
ρ2− +

1
TR2

)
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typically used formodellingwind speed variation considering
long-term simulation [5]:

f (v) =
k
c
· (
v
c
)k−1 · exp

[
−

(v
c

)k]
(4)

In addition, there is an approximate relationship between
output and wind speed [3]:

Pi(t) =


0, vi(t) < vin,iorvi(t) ≥ vout,i

PNi ·
vi(t)− vin,i
vNi − vin,i

, vin,i ≤ vi(t) < vNi

PNi, vNi ≤ vi(t) < vout,i

(5)

Based on equivalent multi-state method, the wind turbine
can be divided into several states according to capacity. Then
through the inverse function of (5), corresponding wind speed
interval of each state can be obtained. By putting each interval
into (4), the probability of each interval, which is also the
probability of each state, can be calculated. The process is
shown in Fig. 2 and in conclusion, the uncertainty model
of wind turbine considering forced outage can be expressed
by (6).

Pi(t) =



0, pro,i(t) = pFORro,i +

(
1− pFORro,i

)
· p1ro,i(t)

...

Pki (t), pro,i(t) =
(
1− pFORro,i

)
· pkro,i(t)

...

PNi, pro,i(t) =
(
1− pFORro,i

)
· pNro,i(t)

(6)

FIGURE 2. Brief process of calculating probability corresponding to each
wind turbine output state.

C. PV POWER UNIT
Uncertainties of solar irradiation and units’ fault are the main
reasons for multiple states of PV power units. Solar irradia-
tion is commonly characterized by Beta distribution function
for long-term simulation [3]:

f (I ) =
0 (α + β)

0 (α)+ 0 (β)
·

(
I

Imax

)α−1
·

(
1−

I
Imax

)β−1
(7)

An approximate relationship between output and solar irra-
diation is as follows:

Pi(t) =

PNi ·
Ii(t)
Imax

, Ii(t) ≤ Imax

PNi, Ii(t)> Imax

(8)

Similarly, by using equivalent multi-state method, PV unit
can also be divided into several states according to capacity,
then through the inverse function of (8), solar irradiation
interval of each state can be obtained. In the end, probability
of each solar irradiation interval, also the probability of each
state, can be calculated by (7). Therefore, PV unit multi-state
probabilistic model can be built as shown in (9).

Pi(t) =



0, pro,i(t) = pFORro,i +

(
1− pFORro,i

)
· p1ro,i(t)

...

Pki (t) · ind(t),

pro,i(t) =
(
1− pFORro,i

)
· pkro,i(t)

...

PNi · ind(t),

pro,i(t) =
(
1− pFORro,i

)
· pNro,i(t)

(9)

D. EXTERNAL TRANSMISSION LINE
In the modeling of grid side, external transmission line usu-
ally plays a key role in reliable operation for a region, while
restrictive factors in the internal grid can be overcome by
adjusting operation mode [34]. Transmission power of a
transmission line is also uncertain in medium-and long-term.
Usually in order to ensure the recovery of line investment,
the transmission line will maintain a certain transmission
capacity, but at the same time, it can also be adjusted accord-
ing to the need of system. Similar to peaking units, transmis-
sion lines may also show rating state, derating state, ramp
state and outage state with corresponding probabilities, and
state dependency is also existing. Therefore, the transmission
power of transmission line is divided into a fixed power and
an adjustable power. Where the fixed power can be described
bymodifying load, and the adjustable one can be equivalent to
a virtual power plant (VPP) with a minimum output of 0. The
multi-state probabilistic model of adjustable power is shown
in (10).

Pi(t) =


0, pro,i(t) = pF1ro,i(t)+ p

F2
ro,i(t)

+pR1ro,i(t)+ p
P
ro,i(t)

Pde,i, pro,i(t) = pDro,i(t)+ p
R2
ro,i(t)

PNi, pro,i(t) = pNro,i(t)

(10)

E. DEMAND RESPONSE
On demand side, this paper mainly considers the impact
of DR. Due to uncertainties of power consumers’ response
ability, DR shows multiple states under a certain incentive
and electricity price. For ease of modeling, DR model is
divided into incentive-based demand response (IDR) model
and price-based demand response (PDR) model.
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1) IDR MODEL
IDR mainly influences peak load reductions. However, the
reduction amount is uncertain in medium-and long-term and
multiple amounts may occur with probabilities. Meantime,
state dependency is also existing. Refer to peaking unit
model, IDR can be equivalent to a type of VPP with a min-
imum output of 0, and the multi-state probabilistic model is
as follows:

Pi(t) =


0, pro,i(t) = pF1ro,i(t)+ p

F2
ro,i(t)

+pR1ro,i(t)+ p
P
ro,i(t)

Pde,i, pro,i(t) = pDro,i(t)+ p
R2
ro,i(t)

PNi, pro,i(t) = pNro,i(t)

(11)

2) PDR MODEL
PDR mainly influence load transfer and the degree of load
transfer is reflected by transfer rates. Usually they are uncer-
tain and various according to the type of consumers. By cal-
culating expected value of each transfer rate and then the
modified load after implementation of PDR can be obtained
by (12).

L(t)=


L0(t)+ λp−vL̄peak + λf−vL̄flat , t ∈ Tvalley
L0(t)+ λp−f L̄peak − λf−vL̄flat , t ∈ Tflat
L0(t)− λp−f L̄peak − λp−vL̄peak , t ∈ Tpeak

(12)

F. ENERGY STORAGE FACILITY
Energy storage facilities include pumped storage, battery
energy storage, hydrogen energy storage, etc. According to
the need of system, the operating state of them is uncertain in
each period, and they will show 2 states: charging state when
expected generating power is greater than load and discharg-
ing state when generating power is less. Meanwhile, energy
storage facilities in discharging process can be considered
as an equivalent generation unit, and are also likely to show
multi-states.

1) CHARGING PROCESS
Charging capacity is affected by both certain and uncertain
factors including maximum storage capacity, expected gen-
erating power of system, rated power of facility, etc. The
expected charging capacity of energy storage facility can be
expressed as follows:

Gcht =min
{(

SSOC max−SSOC (t)
1t

)
·ηch,Gcht,aver−L(t),Ps

}
(13)

In charging process, energy storage facilities can be regard
as additional load, and total load is the sum of original load
and expected charging power.

2) DISCHARGING PROCESS
In discharging process, energy storage facilities can be equiv-
alent to a type of generation source, and discharging power
of them can be regarded as installed capacity. Similarly,

the equivalent installed capacity is influenced by: minimum
storage capacity, rated power of facility, etc.

Gdist = min
{(

SSOC (t)− SSOC min

1t

)
· ηdis,Ps

}
(14)

For convenience, regarding the average discharging power
as power rating of equivalent unit, the multi-state probabilis-
tic model in discharging process can be expressed as follows:

Pi(t) =

{
0, pro,i(t)= pFORro,i

Gdist , pro,i(t) = 1−pFORro,i
(15)

III. POWER SYSTEM OPERATION SIMULATION BASED
ON IMPROVED UNIVERSAL GENERATING FUNCTION
These multi-state probabilistic models of generation-grid-
load-energy storage compose a complex multi-state system,
and a simple and efficient multi-state analysis method is nec-
essary for simulation and analysis. UGF is an important tool
for multi-state system analysis and it is originally proposed
by I. Ushakov in 1986 [35], [36]. By using UGF method,
complex state combination process can be simplified greatly
and simulation can be easily carried out. For this advantage,
UGF has attracted more and more attention in recent years.
In this section, brief introduction of UGF method and UGF
based operation simulation method are given firstly, then an
improvement strategy for avoiding state explosion is pro-
posed, and finally the simulation process is put forward.

A. FUNDAMENTALS OF UGF METHOD
Themain idea of UGF is as follows: firstly, discretize the con-
tinues state of each element in system, then introduce the
operator z, and use z as the base and each discrete state as
the exponent, and thus construct the UGF of an element. For
an element with n states, the UGF can be formulated as:

u1 (z) = p1ro,1 · z
x11 + · · · + pnro,1 · z

xn1 =

n∑
k=1

pkro,1 · z
xk1 (16)

The joint probability distribution of two multi-state ele-
ments can be achieved by multiplication operations of the
2 UGFs:

uJPD (z)=⊗{u1 (z) , u2 (z)}

=

n1∑
i=1

n2∑
j=1

(
piro,1 · p

j
ro,2

)
zx

i
1+x

j
2 =

nuni∑
k=1

pkro,3 · z
xk3 (17)

In the same way, for a system with plenty of elements,
the joint probability distribution of the system can also be
acquired by continues multiplication operations of UGFs.
Finally, by statistics on the states and corresponding probabil-
ities we concerned, simulation of a system can be achieved.
If endowedwith sequential characteristic, the sequential UGF
model can also be set up.

B. POWER SYSTEM OPERATION SIMULATION BASED ON
UGF
The main process of UGF based simulation in one period is
as follows: firstly, multiply the UGF of various components,
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and the joint probability distribution of power system can be
calculated; then match the joint probability distribution with
load in this period, and the expected generating energy of
various units and reliability indices in corresponding period
can be obtained. For different period, repeat the process above
and these indices in all periods are able to be obtained.

In period t , the UGF of system containing the first m units
can be expressed by (18).

u(m) (z, t) = ⊗{u1 (z, t) , u2 (z, t) , · · · , um (z, t)}

=

n(m)(t)∑
k=1

pkro,(m)(t) · z
Pk
(m)(t) (18)

By comparing each output state Pk(m)(t) with load L(t), and
counting these state whose output is less than load, the reli-
ability indices such as loss of load probability (LOLP) and
expected energy not supply (EENS) of subsystem become
available.When a new unit is put into operation, the change of
EENS is the unit’s expected generating capacity. Reliability
indices of subsystem can be calculated as follows:

LOLP (m, t) =
∑

Pk
(m)(t)<L(t)

prok(m)(t) (19)

EENS (m, t) =
∑

Pk
(m)(t)<L(t)

pkro,(m) (t) ·
[
L(t)− Pk(m)(t)

]
(20)

Furthermore, the maximum power supply capacity of the
system containing the first m units can also be acquired
by (21).

Cθmax(t) = Px(m)(t), x = max

{
x|

x∑
i=1

prox(m)(t) ≤ 1− θ

}
(21)

On this foundation, putting them+1th unit into operation,
the expected generating energy of this unit can formulated
below.

E (m+ 1, t) = EENS (m, t)− EENS (m+ 1, t) (22)

In particularly, the expected generating energy of the first
unit is as follows:

E (1, t) = L(t)− EENS (1, t) (23)

Putting new unit into operation one by one and calculating
joint probability distribution of corresponding subsystem,
and then utilizing (18) to (23), each expected generating
energy can be determined. After all units being put into
operation, the expected generating capacities of all units and
the LOLP, EENS as well as the maximum power supply
capacity of the entire power system can be find. Repeating the
method above, the operation condition and reliability indices
in various periods are obtained. Eventually, the LOLP of
power system in the entire research cycle is themean of LOLP
in each period, the EENS is the sum of EENS in each period,
and lose of load expectation (LOLE) can be calculated by
multiplying LOLP and research cycle T .

FIGURE 3. Minimum distance classification method.

C. IMPROVEMENT STRATEGY OF OPERATION
SIMULATION
Obviously, with the increase of units and corresponding
states, state amount of joint probability distribution will
increase exponentially, and traditional treatment will make
an extremely high request for computational capability and
even cause the state explosion problem [25]. Therefore, it is
essential to aggregate similar states in the course of calculat-
ing joint distribution.

By reasonably determining the maximum state number
Nmax and the center of each category in advance, and using
minimum distance classification method to classify various
states, the computation efficiency will be promoted greatly
[37]. Thus the minimum distance classification method is
adopted in this paper. Brief steps of improvement strategy are
as follows:
Step 1: According to the determined maximum state num-

ber, as well as the maximum state and minimum state,
the state series can be divided into some equidistant partition,
and each partition center represents the state value of corre-
sponding category.
Step 2: Calculate the distance from each state of original

series to each category center, and group each state of original
series into the nearest category.
Step 3: Add these probabilities that are classified into the

same category, and take it as the probability of corresponding
new state.

Following the improvement strategy, when calculating
joint probability distribution, it is need to determine whether
the state number of joint probability distribution exceeds
Nmax, and implement the above steps if exceeds.

D. SIMULATION PROCESS
Usually the operation simulation is an optimization process,
which includes the objective for minimizing operation cost
and includes operation constraints of components and the
system. Operation constraints of components such as conven-
tional units are reflected in corresponding models and con-
straints of the system include electricity balance constraint
and reliability constraint.

min
∑

i∈N ,t∈T

E (i, t) · Cost (i)

s.t.


∑
i∈N

E (i, t) = L(t) ·1t

LOLP ≤ C
(24)
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where the E (i, t) and LOLP can be calculated by (18)-(23).
However, with the increasing number of generating units,
the number of variables will also increase exponentially, and
it will pose great challenges to calculate the optimal solution.
Imitating the treatment for convolution in Ref. [7], the UGF
based operation simulation can be also solved by numerical
method.

In order to minimize the total cost, the operating order
should be determined by operation cost. Considering influ-
ences of constraints especially the LOLP limit, RE cannot be
fully utilized [38], so these unavailable RE units will have the
lowest priority level in operation. In summary, the optimal
operation order of all types of units from high to low is:
baes load units, available wind turbines and PV units, peak-
ing units, VPPs of external transmission line, VPPs of DR,
unavailable wind turbines and PV units and energy storage
facilities. Based on the optimal operation order, the operation
simulation process is given below:
Step 1: Import original data, initialize parameters and build

UGF of each component.
Step 2: According to the determined operating order, put

each unit (or equivalent unit) successively except for energy
storage facilities, and then calculate the initial joint distribu-
tion and expected generation energy of each unit in this period
by improved UGF based operation method.
Step 3:Compare the expected generation energy of all units

with load demand, and thus determine the working state of
energy storage facilities.
Step 4: If the energy storage facilities are in charging state,

calculate the charging energy and then modify the load curve,
and simulate the operating process again; if the energy storage
facilities are in discharging state, take them as equivalent
units and continue to simulate; if the total generating energy
is equal to demand, the facilities will not work.
Step 5: Calculate the reliability indices in this period, and

update the stored energy of facilities for analysis in next
period.
Step 6: Repeat step 2 to step 5, until all time periods are

considered.
Step 7: Calculate LOLP and EENS of the whole research

cycle.

IV. CASE STUDY
A. VALIDATION OF PROPOSED METHOD
The proposed method is verified in IEEE RTS-79. A Lenovo
S5 (CPU: Core i5-7300HQ at 2.5GHZ, RAM: 16.0GB) is
used as a computing platform and simulations are conducted
by MATLAB R2018a. The study is carried out by comparing
with PPS [39], UCED method adopted in Ref [7] as well as
traditional UGF method [17], and the data are from Ref. [40].

1) ACCURACY ANALYSIS
Expected energy generations of all units are shown
in Table 5 and LOLE and EENS of the 4 methods are
shown in Table I. As can be seen, the relative errors of

expected energy generation are small and all within 1.1%,
and the relative errors of the 2 indices by proposed method
are within 0.32% which are also acceptable, therefore the
accuracy of proposed method is verified.

TABLE 1. LOLE and EENS of PPS, UCED, traditional UGF method and
proposed method.

Comparing sequential results of proposed method with
UCED and relative errors are shown in Fig. 4. It can be seen
that relative errors are within −5.1% to 7.4%, average error
is about 0.32% and standard deviation of errors is 0.58%, and
these errors are small. Therefore, the accuracy of proposed
method is further verified.

FIGURE 4. Relative errors of outputs of each unit in different periods.

2) COMPUTATIONAL EFFICIENCY ANALYSIS
In terms of computational efficiency, the computing time of
PPS, UCED, traditional UGF method and proposed method
are shown in Table II. The proposed method simplifies
state combination process by improved UGF method, which
avoids state explosion problem while retaining time series
information, and in this way computational effort is greatly
reduced. Comparing with traditional UGF method, the com-
putational efficiency of proposed method has been improved
by 27.24%. Comparingwith UCED, the proposedmethod has
an extremely high efficiency and the computing time is only
3.96% of UCED. While comparing with PPS, the proposed
method does not sacrifice sequential characteristic. Although
computing time of proposed method has increased when
comparing with PPS, it is still within an acceptable range,
and with the development of parallel computing technology,
there is a large room for proposed method to improve com-
putational efficiency.

In addition, by continuously increasing installed capacity
of wind power unit, the computing time of traditional UGF
method and proposedmethod is compared, as shown in Fig. 5.
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TABLE 2. Computing time of PPS, UCED, traditional UGF method and
proposed method.

It can be seen that with the increase of wind power capacity,
computing time of traditional UGF method increase rapidly
and the average slope is about 0.104718 s/MW; while the
computing time of proposed method increase relatively slow,
and the average slope of proposed method is only 1/3 of
traditional method. Therefore, the proposed method is able
to improve computational efficiency to some extent. Besides,
as the system scale increase, state number of the system will
increase exponentially, and it is possible to exceed current
computational capacity by traditional UGF method; while
by using the proposed method, state number can be reduced
continuously and state explosion can be avoided.

FIGURE 5. Computing time of traditional UGF method and proposed
method.

3) ADDITIONAL INFORMATION AVAILABLE
Besides for power generation of each unit and total cost of
power system, a medium-and long-term operation simulation
method also needs to find weak spot of power system in the
operation process, and thus better support medium-and long-
term planning.

In the aspect of power system weak spots analysis, the pro-
posed method can provide more servable information com-
paring with PPS and UCED. In response to global climate
change, the generation capacity proportion of RE such as
wind power keeps rising. To analyze the impact of growing
RE generation on power system, this paper sets 4 scenarios:
base scenario (IEEE RTS-79) in which no wind power is
contained, scenario 1—replacing 100MWconventional units
by 100MWwind turbines, scenario 2 and scenario 3 in which
wind power proportion further increase and the replaced
capacity reaches 200 MW and 300MW respectively. Change
trends of LOLP in different scenarios are shown in Fig. 6:

In base scenario, there are 4 dayswith high LOLP level (not
less than 0.01) in January, and the high LOLP hours mainly
occurs in 17:00-18:00; from February to May, power system

FIGURE 6. Change trend of LOLP: (a) base scenario, (b) scenario 1,
(c) scenario 2, (d) scenario 3.

reliability is relatively high and almost no high LOLP hour
exists; power shortage periods begin to appear in June and
high LOLP periods are about 5 days, in which high LOLP
hours are mainly from 11:00 to 15:00; system can maintain
relatively high power supply reliability from July to October;
however, power shortages begin to increase from November,
and high LOLP hours increase from 17:00 -19:00 in early
November to 9:00-14:00 and 16:00-20:00 in end of the year.
However, in scenario 1, as the proportion of wind power
increases, days of high LOLP rise to 8 and high LOLP hours
extent to 17:00-19:00; moreover, power shortage months in
spring and summer are also increase from May to July, and
the high LOLP hours are also developed to 11:00-16:00;
similarly, power shortages begin to increase from November,
but comparing with base scenario, the high LOLP hour covers
9:00-21:00 in mid-late December. In scenario 2 and scenario
3, high LOLP days and hours will further increase with
the increase of wind power proportion, which affect power
system reliability significantly. Consequently, the proposed
method is able to provide change trend of LOLP for medium-
and long-term power system weak spots analysis, and it
is an important superiority over other operation simulation
methods.

In addition, comparing with other methods, the proposed
method is also able to analyze the maximum power supply
capacity under different confidence probabilities and grasp
the overall power supply interval. Fig. 7 shows the maxi-
mum power supply capacities of different scenarios with a
confidence probability of 99%. It can be found that due to
the uncertainty of wind power, the maximum capacity shows
volatility, and as the wind power proportion increase, power
supply capacity keeps declining and the fluctuation range
keeps expanding. Among these results, the averagemaximum
power supply capacity for base scenario is about 2497MW
and fluctuation range is close to 0; while from scenario 1 to
scenario 3, the average values are 2420MW, 2348MW and
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2276MW respectively, and corresponding fluctuation ranges
extent to 20MW, 40MW and 60MW respectively. Increased
wind power proportion leads to a lower system available
capacity and the volatility of power supply capacity increase
significantly. Therefore, besides the change trend of LOLP,
proposed method can further provide power supply capacity
interval for each period.

FIGURE 7. Maximum power supply capacity with confidence probability
of 0.99 of different scenarios.

4) SUMMARY
Through the comparisons above, it is easy to see that PPS
is hard to describe sequential operation conditions and it is
not suitable for short-term simulation. Due to the simplic-
ity and efficiency to consider uncertainties as well as the
short computing time, PPS is suitable for a relatively rough
simulation and analysis of medium-and long-term. UCED is
able to describe time series condition of power system, and
also to consider transmission constraints and small amount
of uncertainties, thus it is very suitable for short-term study
with small amount of uncertainties. But there are plenty of
uncertainties in medium-and long-term, and computational
efficiency of UCED will drop rapidly with the increase of
uncertainties, which brings huge difficulty to medium-and
long-term simulation. The proposed method builds prob-
abilistic models based on multi-state analysis theory. For
medium-and long-term analysis with extensive uncertainties,
the proposed method is able to grasp various information
objectively and provide more information of future, and thus
better support medium-and long-term planning. In addition,
the proposed method can also adapt the requirement of short-
term simulation, but it shows insufficiency in consideration
of transmission constraints when comparing with UCED.
Table III summarizes characteristics of the 3 operation simu-
lation methods.

TABLE 3. Characteristics of PPS, UCED and proposed method.

B. ZHANGJIAKOU POWER SYSTEM
Zhangjiakou City lies in North China and it is the only one
RE representative area of China to date. In recent years, wind
power installed capacity in Zhangjiakou increase rapidly,
which brings great challenges to safe and reliable operation
of Zhangjiakou power system. Therefore, it is necessary
to analyze operation condition of Zhangjiakou system, find
weak spots and thus better guide future development. Accord-
ing to Zhangjiakou 2025 planning results, the total elec-
tric energy demand is about 18.774TWh, and total installed
generation capacity is about 34.4GW, of which wind power
installed capacity is about 20.5GW and the proportion is
about 59.6%. Table IV shows the annual reliability indices
and wind energy curtailment situation by proposed method.
It can be seen that the overall reliability is relatively low, and
LOLE is about 17.87 hours which is higher than the current
national average level of 16.27 hours. Meanwhile, wind cur-
tailment situation is extremely serious, annual wind curtail-
ment is 9.0838TWh and curtailment ratio is 18.24%, which
is also much higher than the 5% level required by China.
These results are very close to the predictions of Zhangji-
akou Power Grid Company and have been accredited by the
operators.

TABLE 4. Reliability indices and wind energy curtailment situation in
Zhangjiakou.

Fig. 8 shows the LOLP change trend of Zhangjiakou
power system. The high LOLP days are mainly concen-
trated in June-August and November-December. Among
them, the higher load level and greater uncertainty of wind
speed in June-August than in other periods is the main
reason for the high LOLP; affected by winter heating, the
lack of power system flexibility in November-December also
contributes to high LOLP. In addition, among these peri-
ods above, the high LOLP hours are mainly concentrated
between 19:00 and 21:00 for each day, and it is caused
by the evening peak of load and the lack of reliable and
flexible power supply. Therefore, it is necessary to improve
power supply capacity and increase flexibility for these
periods.

Zhangjiakou power system’s maximum power supply
capacity with confidence probability of 99% is shown
in Fig. 9. It can be seen that the maximum power sup-
ply capacity fluctuates in interval [8.4876, 13.6189] GW.
Go through the whole year, the maximum power supply
capacity reaches peak value for the good wind condition and
adequate peaking capacity of system in spring, while reduce
to the valley value due to heating supply in the second half of
autumn and winter.
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FIGURE 8. Change trend of LOLP.

FIGURE 9. Maximum power supply capacity of Zhangjiakou power
system.

V. CONCLUSION
The large number of uncertainties in generation-grid-load-
energy storage in medium-and long-term bring challenges
to medium-and long-term planning, in order to better sup-
port planning, an appropriate operation simulation method is
necessary. In this paper, a medium-and long-term operation
simulation method based on improved UGF is proposed.
In order to describe uncertainties in medium-and long-term,
this paper builds multi-state probabilistic models for the
main components in generation-grid-load-energy storage and
adopts Markov method to reflect state dependency in operat-
ing process. Take consideration of the possible state explo-
sion of traditional UGF based simulation, this paper utilizes
the minimum distance classification method to decrease the
state numbers. Correctness and superiorities of the proposed
method is verified in IEEE RTS-79 by comparing with PPS,
UCED as well as traditional UGF method, and the practi-
cality of proposed method is presented in the case study of
Zhangjiakou. By the proposed method, a relatively high com-
putational efficiency can be obtained and sequential trend of
LOLP and maximum power supply capacity can be provided
to better support medium-and long-term planning.

The suitable areas of proposedmethod, PPS and UCED are
also discussed. PPS is suitable for rough medium-and long-
term simulation and analysis, and UCED is suitable for short-
term operation simulation. For the proposed method, it is
mainly applied to medium-and long-term analysis, while for
short-term analysis, it is also applicable when transmission
constraints are relatively simplified.

However, there are still some aspects of this method that
need to be improved. In terms of modeling, the differences
of wind speed (or solar irradiation) between different units in
wind farm (or PV power station) are neglected in this paper,
and the average level is used for simplicity; moreover, only
the randomness of power system is considered, and in future
study more uncertainties such as fuzziness and roughness can

be considered. Besides, parallel computing technology can
also be utilized to further promote computational efficiency.

APPENDIX
TABLE 5. Expected energy generation of each unit by PPS, UCED,
traditional UGF method and proposed method.
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