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Stochastic Unit Commitment with High-penetration
Offshore Wind Power Generation in Typhoon
Scenarios
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Abstract—To tackle the energy crisis and climate change,
wind farms are being heavily invested in across the world. In
China’ s coastal areas, there are abundant wind resources and
numerous offshore wind farms are being constructed. The se-
cure operation of these wind farms may suffer from typhoons,
and researchers have studied power system operation and resil-
ience enhancement in typhoon scenarios. However, the intricate
movement of a typhoon makes it challenging to evaluate its spa-
tial-temporal impacts. Most published papers only consider pre-
defined typhoon trajectories neglecting uncertainties. To ad-
dress this challenge, this study proposes a stochastic unit com-
mitment model that incorporates high-penetration offshore
wind power generation in typhoon scenarios. It adopts a data-
driven method to describe the uncertainties of typhoon trajecto-
ries and considers the realistic anti-typhoon mode in offshore
wind farms. A two-stage stochastic unit commitment model is
designed to enhance power system resilience in typhoon scenari-
os. We formulate the model into a mixed-integer linear pro-
gramming problem and then solve it based on the computation-
ally-efficient progressive hedging algorithm (PHA). Finally, nu-
merical experiments validate the effectiveness of the proposed
method.

Index Terms—Unit commitment, two-stage stochastic pro-
gramming, offshore wind farm, typhoon.

1. INTRODUCTION

HINA announced its plan to achieve peak carbon emis-
Csion by 2030 and be carbon neutral by 2060 at the
United Nations General Assembly in September 2020 [1].
This target is highly challenging because its current power
system is dominated by fossil fuel generation [2]. To meet
this target, China has made substantial investments in renew-
able generation. Offshore wind power is a particularly envi-
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ronmentally friendly form of renewable generation and has
remarkable advantages compared with the onshore one. The
South China coast possesses abundant offshore wind resourc-
es, and the planned installed capacity for offshore wind pow-
er is expected to reach 30 million kW in 2030, accounting
for 15% of the total installed capacity in Guangdong Prov-
ince, as outlined in the Guangdong Provincial Maritime De-
velopment Plan (2017-2030) of China. However, the integra-
tion of high-penetration wind power generation presents sig-
nificant challenges to power system operation due to the sto-
chastic and intermittent nature of wind [3], [4]. Unit commit-
ment (UC) is a crucial problem in day-ahead power system
operations that involves determining unit status and power
generation, and it is affected by the uncertainty and variabili-
ty of wind power [5]. Scholars have employed various meth-
ods such as stochastic programming [6], robust optimization
[7], and chance-constrained optimization [8] to handle this
uncertainty. While accurately predicting wind generation dur-
ing daily operations is challenging, operators face even great-
er difficulties during extreme weather events.

Southeast China is a highly susceptible region to tropical
cyclones [9], and Guangdong Province experiences the high-
est number of typhoon landings [10]. Some published papers
have studied the UC problem in typhoon scenarios to reduce
load shedding, renewable generation curtailment, and opera-
tional costs and enhance power system reliability. For exam-
ple, [11] proposes a security-constrained UC model that in-
corporates the estimation of transmission tower failures. Ref-
erence [12] considers grid hardening techniques to minimize
the hardening investment and load loss in typhoon scenarios.
Reference [13] utilizes emergency demand response pro-
grams to improve system resilience. Reference [14] introduc-
es two penalty terms to improve the homogeneity of the
flow distribution and loading rates of power lines in typhoon
scenarios. Reference [15] employs a predefined typhoon
track to assess potentially affected power lines. These papers
provide various instructive methods to model the transmis-
sion line and tower failures in typhoon scenarios, while the
impacts of typhoons on offshore wind farms are not ad-
dressed. Offshore wind farms may be compelled to cease op-
erations for protection or may even sustain damage in ex-
treme wind scenarios during typhoons [16]. This can result
in abrupt power generation losses and threaten the security
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of power systems. Hence, it is essential to investigate the
strategic operation of power systems with high-penetration
offshore wind power generation in typhoon scenarios.

Analyzing the influence of typhoons on a power system is
technically challenging due to the complex weather mecha-
nisms involved in their generation, evolution, and disappear-
ance. Many published papers have explored the impacts of
typhoons on power systems. For example, the wind power
ramping of an offshore wind farm is optimized based on a
predetermined typhoon path in [17]. Reference [12] consid-
ers grid hardening techniques, and minimizes the hardening
investment and load shedding under various typhoon catego-
ries and paths. Robust optimization is used to account for a
multi-zone-based uncertainty set along the typhoon path in
[18]. Similarly, [19] constructs a data-driven uncertainty set
of the affected components with an estimated typhoon track.
Though the abovementioned papers have made remarkable
research advancements, there are still notable research gaps
to fill. For example, [17] only considers a predefined ty-
phoon path disregarding the randomness of its trajectory and
stochastic impacts. Some papers utilize different typhoon cat-
egories to evaluate vulnerable distribution lines [12], [20],
which is not a suitable approach for the day-ahead strategy.
Some other papers divide the power system into distinct re-
gions based on expert assessments and assume the electrical
components are uniformly affected by a typhoon [18], [19].

The impacts of typhoons on offshore wind farms and pow-
er systems are closely tied to their spatial-temporal character-
istics. Meteorologists have conducted studies on the formula-
tion, evolution, and dissipation of typhoon disasters [21] and
have developed new schemes for prediction, prevention, and
mitigation [22]. A typhoon simulation model, incorporating
the time-varying wind field and motion path proposed in
[23], has been widely utilized to describe the spatial-tempo-
ral characteristics and assess the impacts on power systems
[24]. However, the prediction errors of this typhoon model
accumulate over time and become non-negligible in the day-
ahead UC problem. To address this uncertainty, [25] em-
ploys stochastic programming, which can be computationally
demanding when dealing with a large number of typhoon
scenarios.

As mentioned above, the impacts of typhoons on a power
system with high-penetration offshore wind power genera-
tion have not been fully studied. The stochastic nature of ty-
phoon tracks plays a significant role in wind farm and pow-
er system operations, and the uncertainties need to be care-
fully modeled. Extensive research is required to understand
the operational characteristics of offshore wind farms under
impacts of typhoons. To bridge these gaps, this paper con-
tributes by introducing a novel stochastic two-stage UC mod-
el. Based on an empirical typhoon track model, uncertain ty-
phoon tracks are generated using the Monte Carlo sampling
method. The stochastic tracks and wind field of a typhoon
are incorporated to accurately describe the spatial-temporal
impacts of typhoons. The operational features of an offshore
wind farm, including the anti-typhoon mode and abrupt
wind power generation changes, are also considered. The
proposed UC model is formulated into a two-stage mixed-in-
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teger linear programming (MILP) problem that can be
solved by the progressive hedging algorithm (PHA) effective-
ly.

The remaining contents of this paper are organized as fol-
lows. In Section II, we introduce the models of typhoons
and offshore wind farms. Section III presents the stochastic
UC model to minimize operational costs and load shedding
in typhoon scenarios. In Section IV, numerical experiments
are discussed. Finally, we conclude our work in Section V.

II. MODELS OF TYPHOONS AND OFFSHORE WIND FARMS

This section introduces the models for typhoons and off-
shore wind farms. Firstly, an empirical track model is used
to describe the forecasted track of an upcoming typhoon.
The uncertainties associated with the typhoon track are dis-
cussed, and a Monte Carlo simulation is employed to gener-
ate typhoon scenarios. Subsequently, a typhoon wind field
model is presented to obtain the wind speeds at different lo-
cations. In the offshore wind farm model, the wind speed
power curve and the anti-typhoon mode are described.

A. Typhoon Model

To evaluate impacts of typhoons on offshore wind farms,
the typhoon track model and the track uncertainties are dis-
cussed in this subsection. Furthermore, a time-varying wind
field is developed along the typhoon track.

1) Typhoon Track Model

In day-ahead planning, power system operators will usual-
ly receive early warnings of ongoing typhoon activity, and a
forecasted typhoon track is often provided by the meteoro-
logical department. The system operator shall use this ty-
phoon information to evaluate its impacts on offshore wind
farms and the power system and then propose operation strat-
egies. In this paper, we adopt an empirical typhoon track
model to describe typhoon tracks on the sea following [26].
The changes of the translation speed ¢ and heading direction
6 (in degree from the north) of a typhoon eye with time in-
dex ¢, i.e., c(t) and 6(¢), are calculated as:

Inc(t+D—Inc(t)=a,+a,yt)+asAt)+adnc(t)+as0(t)+e. (1)

0t+1D)—-0t)=b,+b,y(t)+ b At)+ b,c(t)+b0(t)+ b0t — D +¢,
2
where y and 1 are the latitude and longitude of the typhoon
eye, respectively; ¢, and ¢, are the residual terms following
Gaussian distributions with mean values equal to zero; and
the parameters a,-as and b-b, are the fitting coefficients for
each 5°x5° grid in the sea. Different sets of coefficients cor-
responding to these 5°x5° grids are used for higher fitting
accuracy. Similarly, the relative intensity / related to sea sur-
face temperature at time ¢ is calculated as:
Ini(t+)=d,+d,InI{)+d;InI[(t—1)+d,In[(t—2)+
dsS,(0)+dy (S,t+ D=5, 1) +¢, 3)

where S, () is the sea surface temperature at time f; d-d, are
the model coefficients corresponding to each 5°x5° grid in
the sea; and ¢, is the residual. To estimate the coefficients in
(1)-(3), we utilize the least square fitting based on historical
typhoon data recorded in every 6-hour interval (A7=6
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hours), which are collected from the Tropical Cyclone Cen-
ter of the China Meteorological Administration [27].
2) Typhoon Track Uncertainties

When utilizing the abovementioned empirical typhoon
track model for day-ahead typhoon prediction, it is inevita-
ble to encounter prediction errors. These errors affecting
both the translation speed and heading direction gradually ac-
cumulate over time, resulting in increased uncertainties in
the typhoon track. There are also other sources of uncertain-
ties besides uncertain typhoon tracks, such as sea surface
temperature [26] and central pressure deficit [23]. To simpli-
fy the model, we focus solely on the uncertainties arising
from the prediction errors in the typhoon track. These uncer-
tainties contribute to discrepancies between the actual output
of offshore wind farms and their forecasted values. Figure 1
shows that the wind power generation scenarios become
gradually more dispersed in space as time progresses. To
deal with the uncertainties induced by uncertain typhoon
tracks, we generate various typhoon track scenarios and pro-
pose a stochastic UC model.
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Fig. 1. Wind power generation of two offshore wind farms W1 and W2.

(a) t=6 hours. (b) =12 hours. (¢) t=18 hours. (d) =24 hours.

Here, we assume that the typhoon prediction errors follow
Gaussian distributions with a zero mean, and possible ty-
phoon tracks are centered on the forecasted track. Then, we
introduce the modeling and sampling of the stochastic ty-
phoon track.

The uncertainty associated with the typhoon track is deter-
mined based on the deviations between the empirical track
and the actual historical track. To further elaborate on this,
we compare the empirical track (also referred to the forecast-
ed track) with the real historical track, as shown in Fig. 2.
First, two adjacent typhoon locations, A and C, are selected
from a historical track, and the empirical track model given
by (1) and (2) is used to calculate the forecasted track A to
B. The translation speed and heading direction can be direct-
ly obtained from the coordinates of two locations. Second,
the differences, i.e., prediction errors of the translation speed
and heading direction (denoted by Ac=As/AT and A#, respec-
tively), between the forecasted track A to B and the histori-
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cal track A to C are calculated. Third, the abovementioned
two steps are repeated for every historical track, and all the
corresponding Ac and A# are collected to form two sets Z°
and Z° of the prediction errors, respectively, as shown in
Figs. 3 and 4.

Historical track

Forecasted track

Fig. 2. Prediction error of a simulated typhoon.
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Fig. 3. Frequency distribution plot of translation speed deviations.
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Fig. 4. Frequency distribution plot of heading direction deviations.

Then, we generate typhoon track scenarios by sequentially
adding sampled prediction errors to the forecasted values us-
ing the Monte Carlo sampling. To illustrate this, we will ex-
plain the process of generating one typhoon scenario as an
example. Generating additional scenarios follows a similar
procedure.

Step 1: obtain the current latitude, longitude, translation
speed, and heading direction of the typhoon that we are in-
terested in.

Step 2: based on the typhoon motion information in the
previous time step, calculate the translation speed ¢, and
heading direction 6, in the next time step using the empiri-
cal typhoon track model, i.e., (1) and (2).

Step 3: sample two residual errors ¢, and 6, from the trans-
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lation speed and heading direction deviation sets, Z¢ and Z°,
respectively.

Step 4: obtain the simulated translation speed c¢,=c,+c,
and heading direction 6,=6,+6, of the typhoon and calcu-
late the typhoon center coordinates based on typhoon motion
¢, and 6..

Step 5: go to Step 2 and simulate the next typhoon loca-
tion based on the current latitude, longitude, and motion in
Step 4.

Step 6: repeat Steps 2-5 until the last time period and ob-
tain a complete simulated typhoon scenario.

In general, selecting a reasonable number of scenarios in
the stochastic UC model involves a trade-off between model
accuracy and computational efficiency. It is pointed out in
[28] that Monte Carlo simulation based approximation of a
stochastic programming provides an exact optimal solution
with probability 1 by using the theory of large deviations
and could be very efficient with a small number of scenarios
to find an optimal solution. Alexander Shapiro argues that
two-stage stochastic programming can be solved with reason-
able accuracy using Monte Carlo sampling in [29].

First, based on previous (or initial) typhoon motion, the
forecasted speed and direction are calculated based on (1)
and (2) in the next time interval. Second, sampled prediction
errors are added from Z? and Z° to the forecasted translation
speed and direction, yielding a typhoon location in the next
time interval. Third, the abovementioned two steps are re-
peated at each future scheduling moment to generate a ty-
phoon scenario.

3) Typhoon Wind Field Model

Based on the forecasted typhoon tracks in the previous
part, this part adopts a typhoon wind field model [30] to esti-
mate wind speeds at offshore wind farms. The typhoon wind
field can be described as a vortex with concentric field con-
tour lines. The wind speed w, at a specific location is a
function of its distance d to the typhoon center, which can
be calculated as:

KW_ (1 —exp(—ad)) 0<d<r

mw

W= Wmexp(—j::"’wlnﬂ) Fow<d<r. @)
0 ro<d
e L K
~ o VK1 )

where W_ is the maximum wind speed; K is the typhoon
speed parameter, which is set to be 1.14 in this paper; f is
the boundary parameter, which is set to be 10 in this paper;
7y 18 the radius to the maximum wind; and 7, is the bound-
ary of the typhoon influence where the wind speed has re-
duced to W_/f. The estimates of the time-varying parame-
ters r,,, and W_ are as follows [30]:

Inr,,=2.636—0.0005086Ap> +0.0394899y (6)
B=1.38+0.00184Ap —0.00309r, (7
W, = \/(BAp)/(ep) (®)

where B is the Holland pressure parameter; p is the density
of air; and Ap is the central pressure difference, which is re-
lated to the relative intensity /(¢), as shown in (9).
Ap

0 Paa"Pac ©
where p,, is the surface value of the partial pressure of ambi-
ent dry air; and p, is the minimum sustainable surface value
of the central pressure for a typhoon.

B. Offshore Wind Farm Model

The wind field of a typhoon plays a crucial role in deter-
mining the impact on an offshore wind farm, thereby affect-
ing wind power generation. Along a typhoon track, the wind
speed at the offshore wind farm site depends on its distance
to the typhoon eye, denoted by d, which is calculated as:

d= /=07 + 1 —p(O) (10)
where (A(f), w(?)) is the typhoon eye location; and (4,,w, ) is
the location of the offshore wind farm. Then, the wind speed
is calculated from the typhoon wind field model in (4).

The offshore wind farm generation P, relies on the wind
speed-power curve shown in Fig. 5.

0 W, SWGOr W 2w,
P = P Wsp_wci <
W T _ Wci<wsp—wr (11)
W= W
P, W, < Wy, <We,

where w, w,, and w, are the cut-in, cut-off, and rated wind
speeds, respectively; and P, is the rated output of the off-
shore wind farm. In this paper, the cut-in, cut-off, and rated

wind speeds are set to be 3, 12, and 20 m/s, respectively.

Wind power
generation Ignoring anti-typhoon
___—mode
Anti-typhoon mode
Cut-in Rated Cut-off speed Wind speed
speed speed
Fig. 5. Wind speed-power curve.

The wind farm is cut off under high wind speeds, result-
ing in tremendous power changes, which is called the anti-ty-
phoon mode in this paper. Ignoring the realistic anti-typhoon
mode can result in significant discrepancies between the day-
ahead wind forecast and the actual wind conditions, posing
substantial operational risks in real-time power dispatch.

III. STOCHASTIC UC MODEL IN TYPHOON SCENARIOS

To account for the volatility of wind power generation in
typhoon scenarios, the two-stage stochastic UC model ad-
dresses uncertainties via a number of scenarios [25]. Its first
stage determines the unit status, and the second stage simu-
lates the intraday power dispatch in each scenario. However,
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solving this model can become computationally expensive if
the number of scenarios is large. In this paper, we propose a
two-stage stochastic UC model in typhoon scenarios and
adopt a PHA to solve it efficiently.

A. Objective Function

The objective function contains the sum of the first-stage
costs and the expected second-stage costs. The first-stage
costs include the startup cost C3Y, shutdown cost C3P, spin-

ning reserve cost of the conventional generator C¢%, and de-
mand-side reserve cost CP* at bus i and time . The second-
stage costs are the expected intraday power scheduling costs
in different typhoon scenarios, which include the operational
cost CP, real-time deployed (denoted by superscript “rt”)
spinning reserve cost of the conventional generator C", de-
mand-side reserve cost C2", and load shedding cost C)° at

bus i and time ¢ in scenario s. The probability of scenario s
is .. The objective function is formulated as follows:

mnl S @ cree) - 3 o

t jeI® t eI

Zmz{ D ECX+CE + D CRHC ] (12)
N t LieZ® ie1®

C;V=max{0,¢! (u,—u,, )} VieI®Vit (13)
CP=max{0,c¢!(u,, ,—u,)} VieI9 Vvt (14)

CoR=c, RS VieIC vt (15)
CR=c R VieI’ Vi (16)
Cl=clu,+clps VieI VVs (17)
C'=c!RS" VielI® Vt,Vs (18)
CX'=cl R VieI’ VtVs (19)
Cll=cya(P+p") VieIP, VL Vs (20)

where ¢! and ¢! are the startup and shutdown costs of the
unit at bus i per time, respectively; ¢’ and ¢/ are the linear-
ized generation cost coefficients of the unit at bus i; ¢, is
the day-ahead reserve cost; ¢l is the real-time dispatching
cost of the demand-side reserve; Z¢ and ZP are the sets of
buses equipped with a conventional generator and demand,
respectively; u, is the unit status, which (initial state u,,)
equals 1 if the unit at bus i and time ¢ is on, and 0 other-
wise; RS is day-ahead scheduled spinning reserve; RY is the
demand-side reserve at bus i and time ¢ pS, is the output of
the unit at bus i and time ¢ in scenario s; p%> is the sched-
uled load shedding at bus i and time ¢ in scenario s; and
RS, R, and p.*" are the real-time deployed spinning re-
serve, demand-side reserve, and load shedding at bus i and
time ¢ in scenario s, respectively, which are utilized to miti-

gate the abrupt wind power generation changes.

B. First-stage Constraints

In the first stage, the system operator makes decisions in-
different to the typhoon uncertainties. At bus i, the con-
straints are as follows:
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r°
1-u,)=0
;‘( un‘) ViEIG (21)
uy=1
t+T -1
i ( it tt 1)< z l/l
VieZC, Vt—T°+1 T°+2,..T-T +1  (22)
T
0< z[uir_(uit_ui,t—l)]
=t
VieIOVt=T-T +2,T-T +3,..T  (23)
T’L
;u" VieIC (24)
uy=0
t+TP-1
TiD(ui.t—l_uit)S z (l_uir
T=1
VieIO,Vi=T +1,T +2,...,T-T +1 (25)
T
OS 2[1_141'1_( tt 1 lt)]
=1
VieZ® Nt=T-TP+2,T-TP+3,..T (26)
0<RG<RI"™y, VielI® Vit (27)
0<R® VieI" Vit (28)

where T is the period of the time span; 7" and T are the
minimum uptime and downtime, respectively; 7° and T are
the initial periods when the unit must be online and offline,
respectively, which are calculated by 7°=min{T, (T~
Ty} and T'=min{T, (T°-T")1-uy,)}, and T " and
T are the periods when the unit has been online and offline
prior to the first period of the time span, respectively; and
RS'"™ is the 10-min ramp rate.

Constraint (21) forces the initial status of the unit at bus i
to be on within 7° periods. In the subsequent periods, the
unit has to satisfy the minimum uptime constraints during all
the consecutive periods of size 7\ in constraint (22). Con-
straint (23) ensures that the unit remains on if started in the
final 7Y—1 periods. Analogously, the minimum downtime

constraints (24)- (26) are identical to (21)-(23) by respective
replacement of u,, 7,°, and 7" with 1—u,, T, and T°" [31].
The day-ahead scheduled spinning reserve is limited by a 10-
min ramp rate R''™ (27), and the demand-side reserve

should be non-negative (28).

C. Second-stage Constraints

System operators adjust the output of conventional genera-
tors and deploy necessary load shedding adaptively to differ-
ent typhoon scenarios in the intraday operation. For each sce-
nario s, the second-stage constraints include (the index indi-
cating scenario s is omitted for brevity):

pu+py PP = 2 0,-0,)/X; ViVt (29)
jel'
—F;<0,-0,)/X;<F, ViVt (30)

P u,+RG<pS<P™u,-RS VieIY vVt (31)
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pg _p?t—l SR?UMM—I +R[SU (wy—u;,_y) Vie 76Vt 32)

P =Py SRPu + R (o —u,) VieI® Ve (33)
0<py<py VieIV, Vi (34)
0<pli<plir VieIP vt (35)

where p) is the output of the wind farm at bus i and time ¢
0, is the phase angle at bus i and time ¢ p) ™
casted generation of the wind farm; pL°*

at bus 7 and time #; Z' is the set of buses connected to bus i;
X; and F; are the reactance and capacity of the transmission
line ij, respectively; PPV and P" are the maximum and mini-
mum outputs, respectively; RV and RS are the ramp-up and
ramp-down rates, respectively; Z"V is the set of buses
equipped with a wind farm; and R’V and R’ are the startup
and shutdown ramp limits, respectively.

Constraint (29) represents the nodal power balance. Con-
straint (30) limits the power flow on branch ij. Constraint
(31) is the power generation limit. Constraints (32) and (33)
denote the ramp-up and ramp-down limits, respectively. Con-
straint (34) limits the generation of the offshore wind farm,
and (35) limits the maximum load shedding. Here, we use
the DC power flow model to simplify the UC formulations
and take advantage of the tractability of the linear model.

M is the fore-

is the load demand

D. Abrupt Wind Power Generation Changes

In practical operation, the fast translation of a typhoon
leads to acute wind power generation changes. Figure 6 illus-
trates the abrupt wind power generation changes of an off-
shore wind farm affected by a typhoon. This situation may
cause an intense wind power ramp-down rate or even shut-
down in about 10 min [32].

Wind power

t r+1 Time

Fig. 6. Abrupt wind power generation changes of an offshore wind farm
affected by typhoon.

To relieve these abrupt wind power generation changes,
the real-time deployed spinning reserve RS", demand-side re-
serve R, and load shedding p.™ (real-time dispatching
strategy) are utilized. We assume that the wind power gener-
ation fluctuates within the range of p} to p}y, during [1,7+ 1]
in Fig. 6, and the worst case of the wind power deviation is
‘ p l\;V -P z\'xﬂ
causes a power imbalance, the system operator shall adjust
the operation of generators, demand response, or even shed
the load to recover operational constraints. To guarantee this
worst-case feasibility in the real-time dispatching, an adjust-
able robust optimization framework is adopted [33]. Specifi-
cally, for any realization of wind power generation p)'™" in

. When this abrupt wind power generation change
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[p).p.. ] the following constraints are satisfied.
PPy S P = ph e R = S (05 -0/, Vi Vi

jer'
(36)
F, SO~ 0}VX,<F, Vii.vi (37)
pi—-R<pSM<pS+ R Vie IOVt (38)
0<RS"<RS VieI® Vt (39)
0<R™<RY VielP Vi (40)
P <ptSplst<plie vie TP vt (41)

where 6 is the phase angle at bus i and time # and pS"

it
RS™, R, and p-*" are the adjusted generation, spinning re-
serve, demand-side reserve, and load shedding, respectively,
which are decision variables.

Constraint (36) denotes the nodal power balance. Con-
straint (37) bounds the power flow on the transmission lines.
Constraint (38) ensures that the output of the conventional
generator is adjusted with RS". Constraints (39) and (40) en-
sure that RS" and R)" are not greater than the day-ahead
scheduled reserve. Constraint (41) represents the real-time
load shedding limit.

Constraints (36)-(41) are robust against all of the possible
wind power generation realizations, and they are difficult to
satisfy. However, with offshore wind power curtailment, we
can find the worst case lies in the boundary of the box un-
certainty set. If the wind power generation is higher than the
expectation, no additional risk occurs because the surplus
wind power can be curtailed. Therefore, considering wind
curtailment, (36) is transformed to:

PPy S P P R > Y (07 - 07)/X,

jeT
Vi, Ve Vpytelpy.plia] (42)

The wind power generation p)" is within the box uncer-

tainty set [py,p;.., ], so we only need to consider these two
boundary values to satisfy (42). When the case p)"=p) is
satisfied in the second-stage constraint (29), we only need to
consider the wind power generation at time ¢+ 1:
PP+ PS P R 2 Y (050X,
jeT

Vi,V (43)

E. Solution Algorithm

For the convenience of discussion, the objective function
(12)-(20) is reformulated as (44), and all the constraints (21)-
(35), (37)-(41), and (43) are written into a compact form
in (45).

min (44)

oo san)
S.t.
fly)<0 Vs (45)

where x denotes the first-stage variables; y, contains the sec-
ond-stage variables corresponding to scenario s; and ¢ and ¢,
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are the cost coefficients in the objective function. The over-
all model is a two-stage MILP problem, which can become
computationally intractable when dealing with a large num-
ber of typhoon scenarios. To tackle this problem, we adopt
the PHA, which has been proven to be an effective algo-
rithm for solving large-scale stochastic mixed-integer pro-
gramming problems [34], [35]. If the first-stage decision
variables x only include binary variables [36], the optimiza-
tion problem with a squared proximal term can be viewed as
an MILP problem. This is because the quadratic term of a bi-
nary variable equals the variable itself, i.e., | x|’ =x,x {0, 1}.
However, in our problem, the first-stage variables include
the unit status u,, day-ahead scheduled spinning reserve RS,
and demand-side reserve RD, where the last two terms are
continuous variables. Therefore, the PHA involves solving a
non-linear mathematical programming problem with the
squared proximal term in the objective function, rather than
a standard MILP.

In order to mitigate the computational complexity associat-
ed with solving mixed-integer quadratic programming
(MIQP) in each iteration, we approximate the quadratic
terms in the objective function by a linear function, eliminat-
ing the need for a quadratic solver. According to [37], the
PHA is based on the augmented Lagrangian method, and the
Ll-norm can be used as the penalty function to achieve an
improved convergence speed in the mixed-integer case.
Next, we will illustrate how to reformulate an optimization
problem into an MILP problem.

Considering the optimization problem in Step 6 in Algo-
rithm 1, the first three terms are linear functions except for
the proximal term p/2 ” x—x*D ”1 with nonlinearity under Eu-
clidean norm. While under the L1-norm, i.e., the sum of the
absolute values of the vector components, the proximal term
becomes p/2| x—x*"" u1= >p,/2|x,~%*] in the following

i

optimization problem.
min (ch—i- gl y +wt Vx+p2 ” x—x*D ” ] )

st. f(xy,)<0 Vs

(40)

where w®* " is the dual price.
By adding auxiliary variables z, the original minimization
problem (46) can be written as:

min

' x+qly +wh Vx+ Zpizi&)

s.t. f(x,y,)<0 Vs

xi_)?ikil)szi

47

wh=1) _
X; x5z,

The two optimization problems have the same optimal so-
lution based on the following two facts: (I this is a minimi-
zation problem; @) we choose parameter p in proportion to
the generator’s output/reserve cost of the associated decision
variable, and therefore p>0. To sum up, the adopted PHA is
summarized in Algorithm 1.

Algorithm 1: PHA

Step I: initialize iteration number k=0

Step 2: for all s, calculate
x{'= argmin {c"x+q]y,}
XY
s.t. f(x,p,)<0 Vs

Step 3: calculate ¥¥= >’z x®
r

Step 4: for all s, calculate w®'=p(x® —x®)
Step 5: update k=k+1
Step 6: for all s, calculate

x®= argmin {qjys+ w Vx4 p/2 " x—x* ”l }
XY

s.t. f(x,p,)<0 Vs
Step 7: update ¥¥= >z x

Step 8: for all s, calculate w®=w* D+ p(x® —x*)
Step 9: if z”.\-" x—x* H > (¢ is set to be 0.01 in this paper ), go to Step

5; otherwise, terminate

IV. CASE STUDY

The proposed model is tested for the modified IEEE 30-
bus and 118-bus systems. A predefined typhoon moves north-
west with an initial location at (123.3°E, 23.1°N), as shown
in Fig. 7.

2657
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—— Empirical track
Simulated track

W2
2457
24.0+
235+
23.0+
225+

22.0
117

Latitude (°)

120 121 122 123 124
Longitude (°)

118 119

Fig. 7. Typhoon track simulation.

As mentioned, the accumulation of prediction errors in the
translation speed and heading direction of a typhoon track
leads to increased uncertainties in the typhoon track forecast.
While obtaining an accurate typhoon track from a few hours
ago is challenging, updating the latest typhoon information
allows us to incorporate more up-to-date information and ob-
tain a less conservative solution for the optimization prob-
lem. We generate 100 samples of typhoon track scenarios.
Of these, 50 scenarios are used for stochastic UC optimiza-
tion, and the other 50 are real-world scenarios for validation.
Two offshore wind farms are located at (120°E, 25°N) and
(123°E, 24.3°N). The stochastic UC model is modeled using
the YALMIP package [38] and solved by Gurobi [39] in
MATLAB R2016. To validate the proposed method, we com-
pare its performance in the following four cases: (D Case I:
scenario-based UC considering the anti-typhoon mode; 2
Case 2: deterministic UC considering the anti-typhoon
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mode; @) Case 3: scenario-based UC considering the anti-ty-
phoon mode but regardless of the abrupt wind power genera-
tion changes; @ Case 4: scenario-based UC ignoring the an-
ti-typhoon mode.

A. Modified IEEE 30-bus System

The test system is equipped with two offshore wind farms at
buses 1 and 22 (W1 and W2) [40]. Their installed capacities
are 40 and 60 MW, respectively. The system net load is based
on that in [41], and the generator data are modified from [42].

Along the empirical typhoon track, the forecasted wind
power generation of two offshore wind farms considering
the anti-typhoon mode is shown in Fig. 8.

60 w1 _ \
W :
50+ / 1
|

|

40+ |
30+

20+

Wind power generation (MW)

1 4 7 10 13 16 19 22

Time (hour)
Fig. 8. Forecasted wind power generation of two offshore wind farms con-
sidering anti-typhoon mode.

When the anti-typhoon mode is ignored, the wind power
generation is changed to that shown in Fig. 9. Case 2 adopts
the deterministic wind power generation profiles in Fig. 8§,
while the other cases adopt wind power generation profiles
corresponding to the 50 simulated typhoon tracks. The UC
strategies of different cases are displayed in Fig. 10.

1) Optimality of Different Cases

To test the average costs of different cases in multiple sce-
narios, we fix the first-stage variables x (unit status, day-
ahead spinning reserve, and demand-side reserve) of each
case, and the scenarios in all cases are set to be the 50 simu-
lated typhoon scenarios. Then, we solve the resultant optimi-
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I. In general, the average operational cost increases gradual-
ly from Case 1 to Case 4. The average load shedding and av-
erage wind curtailment in different cases during different
hours are presented in Figs. 11 and 12, respectively. The av-
erage load shedding is more significant during hours 14 to
18 when the offshore wind farms are likely to be cut off due
to the anti-typhoon mode. Case 1 shows slightly less wind
curtailment than other cases.
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Fig. 9. Forecasted wind power generation of two offshore wind farms ig-
noring anti-typhoon mode.
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zation problem given by (44) and (45) and obtain the aver- Fig. 10. UC strategies of different cases. (a) Case 1. (b) Case 2. (c) Case
age costs of different cases, which are summarized in Table 3- (d) Case 4.
TABLE I

OPERATIONAL COSTS OF DIFFERENT CASES UNDER 50 TYPHOON SCENARIOS IN IEEE 30-BUS SYSTEM

Total Generator start- Generator Demand-side Generator Real-time Real-time Load shedding
Case cost (k§) up/shutdown reserve (k$) reserve (k$) operating cost deployed spinning demand-side cost (k)
cost (k$) (k$) reserve (k$) reserve (k$)
Case 1 123.4 0.1 1.0 1.8 118.0 1.0 1.5 0.1
Case 2 127.6 0.1 0.5 0.9 122.9 0.6 1.0 1.8
Case 3 131.8 0.1 123.4 0 0 8.4
Case 4 136.4 0.1 123.3 0 13.0

2) Comparing Stochastic UC with Deterministic One

The stochastic UC of Case 1 has more “on” status units
during hours 22 to 23 than the deterministic one of Case
2, as shown in Fig. 10(a) and (b). The forecasted errors of
empirical tracks increase over time while these stochastic

tracks can be better described by different typhoon scenari-
0s. The stochastic UC outperforms the deterministic one
with a lower cost and less load shedding by preparing
more generator and demand-side reserve, as shown in Ta-
ble I.
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Fig. 12. Average wind curtailment in different cases.

3) Influence of Abrupt Wind Power Generation Changes

The unit statuses when considering or ignoring abrupt
wind power generation changes are almost the same, as
shown in Fig. 10(a) and (c). Case 1 considers the abrupt

200
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wind power generation changes and entails a wider range of
generator adjustments. Therefore, it prepares a greater day-
ahead spinning reserve and demand-side reserve and reduces
the operational costs and load shedding compared with Case
3. Because day-ahead reserves merely relieve operational
risks caused by fast typhoon track, regardless of these risks,
Case 3 prepares no reserves.
4) Influence of Considering Anti-typhoon Mode

Case 1, which considers the anti-typhoon mode, deploys
more units during hours 14 to 18 than Case 4. Case 1 signifi-
cantly reduces the load shedding, given that offshore wind
farms are likely to be cut off under high wind speeds during
this time. However, neglecting it in Case 4 results in high
load shedding, as shown in Fig. 11.
5) Sensitivity Analysis of Wind Penetration Rate

The proposed model is tested with the wind penetration
rate rising from 10% to 60%, as shown in Fig. 13. The in-
stalled capacities of W1 and W2 are modified to 115p and
172.5p MW, respectively, under penetration rate p. In the
scenario of low penetration rate, the operational costs of dif-
ferent cases are similar, mainly composed of the operational
costs of the thermal generators. Under a scenario of higher
penetration rate, Case 1 reduces the total cost, while the oth-
er cases increase the total costs significantly due to massive
load shedding. This is because Case 1 purchases more re-
serves and considers the operating features of offshore wind
farms under typhoon impacts. The operation strategy of Case
4, which ignores the anti-typhoon mode, is too optimistic
about wind power generation, resulting in the highest load
shedding under a high penetration rate.

Cost (k$)
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Fig. 13.

6) Sensitivity Analysis of Numbers of Scenarios

We compare the computation time and optimal objective
function value of the stochastic UC model in terms of differ-
ent numbers of scenarios, as shown in Figs. 14 and 15. Total
200 scenarios are generated by the Monte Carlo sampling.
To test the performance of scenario s in the experiments, we
randomly select s scenarios from 200 scenarios, repeat solv-
ing the stochastic models ten times, and calculate the aver-

Operational costs of different cases under various wind penetration rates in IEEE 30-bus system. (a) Case 1. (b) Case 2. (c) Case 3. (d) Case 4.

age optimal value and computation time. As the number of
scenarios gradually rises from 20 to 200, we find that the
computation time increases rapidly with the number of sce-
narios, but the optimal value remains stable with slight fluc-
tuations after 40 scenarios (the expected deviation of the op-
timal value is less than 0.3%). Therefore, we can choose 50
scenarios to achieve a good optimal value with a relatively
low computational burden.
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Fig. 14. Computation time of stochastic UC model in terms of different
numbers of scenarios.

B. Modified IEEE 118-bus System

1) Optimality of Different Cases

The test system is equipped with two wind farms at buses
49 and 70, both with capacities of 1255 MW modified
from [43].
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Fig. 15. Optimal objective function values of stochastic UC model in
terms of different numbers of scenarios.

Similar to the IEEE 30-bus system, we test the average
costs of different cases in 50 simulated typhoon scenarios, as
shown in Table II. Case 1 outperforms the other cases with a
lower total operational cost and less load shedding. Ignoring
anti-typhoon mode causes the most severe load shedding in
Case 4.

TABLE 11
OPERATIONAL COSTS OF DIFFERENT CASES IN 50 TYPHOON SCENARIOS IN IEEE 118-BUS SYSTEM

Cae  Toslcom  Cemermorswruy  Gemersor  Demandside ST ouoyed sinning  demantge  Lo%d Shedding
(k$) reserve (k$) reserve (k$)

Case 1 2334.2 2.3 12.4 2.6 2059.4 19.5 3.7 2343

Case 2 2475.9 2.3 16.7 2.5 2026.1 27.6 33 397.4

Case 3 2384.5 1.9 0 2043.1 0 339.6

Case 4 3232.0 1.9 1.8 1979.0 0.2 1249.1

2) Sensitivity Analysis of Wind Penetration Rate

The sensitivity analysis results with the wind penetration
rate varying from 10% to 60% in the IEEE 118-bus system
are shown in Fig. 16. The installed capacities of the conven-
tional generators are fixed, and the offshore wind farm ca-
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pacities are adjusted based on the penetration rate. As the
penetration rate grows, the power generation of the conven-
tional generators gradually decreases. Case 1 reduces the
load shedding and obtains a lower total operational cost than
the other cases.
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Fig. 16. Operational costs of different cases under various penetration rates in IEEE 118-bus system. (a) Case 1. (b) Case 2. (c) Case 3. (d) Case 4.
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3) Computational Efficiency

The computation time and optimal objective function val-
ues when different algorithms are used to solve the two-
stage MILP problem are displayed in Table III. The central-
ized algorithm, i.e., directly solving (44) and (45), obtains a
global optimal solution, but it requires a massive solution
time with the growth of the number of scenarios. Specifical-
ly, the centralized algorithm fails to solve the 50-scenario
problem (N/A in Table III) in 5 hours. The PHA in Algo-
rithm 1 compromises optimality and efficiency to obtain a
near optimal solution. In comparison to the centralized algo-
rithm, the relative error of the optimal solution obtained by
the PHA is less than 2% in the IEEE 30-bus system and 6%
in the IEEE 118-bus system.

TABLE III
COMPUTATION TIME AND OPTIMAL OBJECTIVE FUNCTION VALUES OF
DIFFERENT ALGORITHMS FOR DIFFERENT NUMBERS OF SCENARIOS

c Number of  Centralized algorithm PHA
ase .
scenarios  QObjective (k$) Time (s) Objective (k$) Time (s)
25 123.6 17.6 125.3 355
IEEE
30-bus 50 123.4 51.7 125.0 71.8
100 123.0 159.7 124.8 150.9
25 2205.7 1611.8 2338.8 328.9
IEEE 50 N/A 18000.0 2334.2 624.0
118-bus
100 N/A 18000.0 2312.3 1454.7

V. CONCLUSION

Offshore wind has excellent prospects in the future. Never-
theless, wind farms are susceptible to extreme weather such
as typhoons along the South China coast. To describe the
spatial-temporal impacts of typhoons, we consider the time-
varying wind field and utilize an empirical track model. To
account for the uncertainties associated with typhoon tracks,
we employ a data-driven method to generate multiple scenar-
ios for an upcoming typhoon. Recognizing the significant in-
fluence of typhoons on offshore wind farms, the anti-ty-
phoon mode and the abrupt wind power generation changes
in the intra-hour interval are taken into account. A two-stage
stochastic UC is proposed to minimize the operational costs
and load shedding under typhoon uncertainties. To tackle the
computational burden associated with solving the stochastic
UC problem, we employ the PHA. Simulation results show
that considering the anti-typhoon mode and the abrupt wind
power generation change is beneficial for reducing the total
operational costs and load shedding.

In the future, we would expand our work on model im-
provement and new method application. For model improve-
ment, we would consider the power system cooperating with
other systems, e.g., the district heating system, to enhance re-
silience. Demand response, distributed generation units, and
other resources are scheduled to resist typhoons. Further-
more, the complex variations of the power system model in
typhoon scenarios can be considered, such as destructions in
components and changes in topology. For new method appli-
cation, the integration of emerging artificial intelligence tech-
nologies like deep neural networks and reinforcement learn-

ing is promising to achieve higher computational efficiency
and enforce safety operations.
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