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Abstract: Global warming-induced extreme tropical storms disrupt the operation of offshore wind
farms, causing wind power ramp events and threatening the safety of the interconnected onshore
grid. In order to attenuate the impact of these ramps, this paper proposes an integrated strategy for
forecasting and controlling ramps in offshore wind farms. First, the characteristics of wind power
ramps during tropical storms are studied, and a general ramp control framework is established. Sec-
ond, a wind power ramp prediction scheme is designed based on a minimal gated memory network
(MGMN). Third, by taking into account the wind power ramp prediction results and wind power
uncertainties, a chance-constraint programming-based optimal ramp control scheme is developed to
simultaneously maximize wind power absorption and minimize ramp control costs. Finally, we use
real-world offshore wind farm data to validate the effectiveness of the proposed strategy.

Keywords: offshore wind farm; coordinated wind power ramp control; wind power uncertainty;
wind power absorption

1. Introduction

Propelled by greenhouse gas emission-driven climate change, extreme weather events
such as tropical storms can have far-reaching influences on the social security of disaster-
stricken areas. As for the electricity sector, tropical storms can damage critical electricity
infrastructure, causing widespread outages and destabilizing system operations. Even
though the improved mechanical strength of electrical equipment greatly enhances its
ability to withstand storms, power turbulence from storm-caused wind power ramps still
threatens the system’s stability by incurring transmission congestion, power imbalances,
and unexpected frequency deviations. Therefore, controlling storm-related wind power
ramps is becoming an urgent priority in power system operation.

Ramp events occur in various energy sectors, including load, solar, and wind power [1–3].
Load ramp events (LREs) are driven by human activities, whereas solar and wind power
ramps are caused by complex atmospheric phenomena [4]. Diurnal radiation variations
and abrupt short-term micro-climates can lead to a solar power surge or ebb. For example,
when a cloud temporarily shades photovoltaic (PV) panels, inverter outputs will ramp
down quickly. Similarly, wind gusts caused by tropical storms can generate wind power
ramps. Renewable energy power ramps can pose a great threat to secure and stable grid
operation. Hence, it is essential to possess situational awareness of renewable power ramp
risks and establish preventive ramp control. In this context, researchers have conducted
various investigations into the forecasting of renewable energy power ramps.

As for solar power ramp forecasting, Ref. [5] proposed a post-processing adjustment
approach to improve the hour-ahead forecasting of solar power ramp events. A credal
network (CN) and imprecise Dirichlet model-based forewarning strategy for solar power
ramps were developed in [6]. The CN model learns the relationship between meteoro-
logical conditions and ramp events. Considering the scarcity of historical ramp event

Electronics 2023, 12, 4443. https://doi.org/10.3390/electronics12214443 https://www.mdpi.com/journal/electronics

https://doi.org/10.3390/electronics12214443
https://doi.org/10.3390/electronics12214443
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/electronics
https://www.mdpi.com
https://doi.org/10.3390/electronics12214443
https://www.mdpi.com/journal/electronics
https://www.mdpi.com/article/10.3390/electronics12214443?type=check_update&version=2


Electronics 2023, 12, 4443 2 of 18

records, a probability interval is adopted to reflect the ambiguous correlation between
SPREs and meteorological conditions. Wind power prediction plays an important role
in ramp prediction. Recently, various machine learning-based wind power prediction
strategies have been proposed [7–10]. Ref. [11] developed an ensemble learning-based
wind power prediction scheme by integrating multiple gradient boosting trees (GBDTs)
based on Bayesian optimization. Ref. [12] proposed a two-stage framework for wind
power forecasting using contrastive learning, generating improved performance with high
accuracy and robustness. Ref. [13] proposed a deep reinforcement learning-based wind
power prediction strategy considering privacy protection. Ref. [14] studied wind power
ramp forecasting in Brazil and Uruguay. A wavelet decomposition method applying 48
different mother wavelet functions was adopted for feature extraction, and then deep
recurrent neural networks were trained for wind power ramp forecasting. By exploiting
the wind power curve, Ref. [15] designed a primary model and used Markov-switching
auto-regression to correct the prediction residuals. Eventually, an improved swinging door
algorithm was presented to extract the ramping segments. Ref. [16] also used the swinging
door algorithm for ramp event detection. Additionally, the authors developed a novel
dynamic programming model for simultaneous ramp trend identification and segment
combination, thus improving prediction performance.

Ramp control aims to attenuate the influence of unexpected renewable power ramps
on grid operation. Researchers usually implement ramp control either at the individual unit
level [17–20] or the system level. In [17], the generator speed and pitch angle were regulated
to smooth wind power outputs. Besides controlling wind turbines, external auxiliary re-
sources such as energy storage systems (ESSs) can also actively regulate wind power ramps.
Ref. [18] studied classified ramping scenarios and proposed an active adjustment strategy
to decide the expected charging/discharging energy of ESSs according to the conditions of
the wind power and the ESS. Ref. [19] used ESSs to compensate for negative unbalanced
power caused by composite load changes and wind ramps. A smoothing model based
on two-layer model algorithm control (MAC) was established for ESSs. Considering the
cost of ESSs, Ref. [20] designed the power consumption control of heating and ventilation
air-conditioning (HVAC) systems to attenuate turbine power outputs. System-level ramp
control usually considers the operational goals of the whole system instead of a specific
wind turbine or wind farm. In [21], an ESS-based RR control strategy was developed to
smooth and limit PV power fluctuations in power grid operation. The system operator
needs to dispatch ramp control orders to the respective regulation resources (e.g., wind
farms and ESSs). The regulation resources would attempt to guarantee good order-tracking
performance to obtain more regulation profits. In [22], the authors considered the situation
where wind farms compete to participate in ramp control to decrease control errors during
ramp events. Renewable energy power ramps at times can serve as ramping products to
provide ramping services. In this situation, operators would use, rather than control, power
ramps [23–25].

Recent rampant tropical storm events have led to more wind power ramp events
globally [26]. The scale and strength of ramp events have become too large to be ignored. It
has become urgent to control wind power ramps of considerable strength and reduce their
negative influence on system operation. Although existing wind ramp control strategies
use various resources such as ESSs and HVAC systems to achieve an improved wind power
profile and reduced control costs, they usually do not sufficiently consider the following
aspects:

• Integration of wind power ramp forecasting and control: Previous studies have mainly
focused on forecasting and controlling wind power ramp events separately, resulting
in the segregation of wind power ramp forecasting and control. Researchers usually
adopt a self-defined ramp model to simulate wind power ramp events. Under these
conditions, wind power ramp control design cannot use real ramp information for
better control performance validation.
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• Wind power ramp control considering uncertainties: Wind power ramp forecasts may
contain uncertainties due to the intermittency of wind power. Deterministic ramp
control can incur operational risks by treating wind power as deterministic variables.
Therefore, wind power ramp control should consider wind power uncertainties to
reduce operational risks.

To address the aforementioned challenges, we present an integrated scheme for fore-
casting and controlling wind power ramps that considers uncertainties in offshore wind
farms. First, we analyze and assess the influence of tropical storms on the offshore wind
farm output power. Second, based on the assessment results, we extract relevant ramp
features and design an indirect ramp forecasting model using an MGMN. Finally, we
develop a system-level wind power ramp control strategy using the forecast information.

The main contributions are as follows:

• An integrated offshore wind power ramp prediction and control framework is devel-
oped to support ramp event warnings and the secure operation of the interconnected
onshore main grid.

• A chance-constraint programming-based wind power ramp control strategy is devel-
oped within the integrated framework to achieve the secure integration of offshore
wind power into the onshore main grid.

The remainder of this paper is as follows. Section 2 presents a general framework
with integrated wind power ramp forecasting and control under tropical storm conditions.
Section 3 focuses on the detailed procedures of the stochastic wind power ramp control
model and control strategy design. Section 4 presents some case studies and analyses.
Section 5 presents the conclusions.

2. General Framework of Integrated Scheme for Forecasting and Controlling Wind
Power Ramps during Extreme Storms

In this section, we first systematically study how extreme storms induce offshore wind
power ramps by discussing their meteorological factors. Then, we systematically present
the integrated wind power ramp forecasting and control framework, detailing the basic
modules in the framework.

2.1. Wind Power Ramps during Tropical Storms

Unlike regular wind conditions, tropical storms are accompanied by unexpectedly
abnormal wind gusts. In this paper, we describe the abnormal patterns from the perspective
of the following components. The most explicit feature of tropical storms is arguably the
elevated wind speed. Based on the National Hurricane Center [27], a tropical cyclone has
maximum sustained winds of 39 to 73 mph (17.4 m/s to 32.6 m/s). In contrast, the normal
wind speed range for the operation of wind turbines is 13 to 31 mph (5.8 m/s to 13.9 m/s),
which falls into the category of a breeze.

Usually, there exists an analytical mapping between the turbine output power Pw(v)
and wind speed v [28,29]:

Pw(v) =


0 v < vin, v > vout
ρACpv3/2 vin ≤ v ≤ vrated

Prated vrated ≤ v ≤ vout

(1)

where Prated denotes the rated wind power; ρ is the air density; A is the sweeping area
of an impeller; Cp is the power coefficient. vin, vrated, and vout denote the cut-in, rated,
and cut-out wind speeds. According to (1), when wind speed v transits from normal
breeze vb into unexpected gale vg in storms, there will exist two broad ramp scenarios:
(1) ramp-ups and (2) ramp-downs.
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Ramp-ups occur when vg is smaller than the cut-out speed vout.{
Pru = ρACp

(
v3

g − v3
b

)/
2, vg ≤ vrated

Pru = Prated − ρACpv3
b

/
2, vrated ≤ vg ≤ vout

(2)

In (2), we can see that the amplitude of ramp-ups increases with increasing vg. Then, Pru
reaches the constant value as vg falls into the range of (vin, vrated).

Ramp-downs occur when vg surpasses the cut-out speed. The amplitude Prd of ramp-
downs vout is:

Prd = −ρACpv3
b

/
2 (3)

As shown in Figure 1, when the wind speed changes from vb = 8.5 m/s to three
different values during tropical storms, the wind turbine experiences three different ramps,
indicated by the red, orange, and green arrows. Given a rated power of 2.5 MW and
considering a threshold of 20% capacity for one-hour ramps [30], all three ramp events in
Figure 1 violate the standard. Atmospheric pressure and temperature can affect the turbine
output power Pw by changing the air density ρ in (1). ρ represents the mass per unit volume
of the Earth’s atmosphere. Based on the ideal gas law, the density of dry air is:

ρ =
pm
kbT

(4)

where p is the atmospheric pressure; T is the temperature; kb is the Boltzmann constant;
and m is the molecular mass of dry air. According to (4), air at a high temperature is less
dense than air at a low temperature, resulting in a smaller ρ. High-pressure air is denser
than low-pressure air, resulting in a larger ρ. Similar to wind speed change-induced power
ramp scenarios, abrupt changes in temperature and pressure can cause abrupt changes in
ρ, leading to wind power ramps.
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Figure 1. Examples of wind power ramps based on wind power curves.

2.2. General Framework of Integrated Offshore Wind Power Ramp Control

Wind power ramp events can cause a significant short-term power imbalance, threat-
ening the safe and stable operation of power systems. Therefore, it is essential to develop
wind power ramp control strategies that can attenuate the influence of wind power ramps.
The general offshore wind power ramp control framework consists of the following three
modules: (1) offshore wind power prediction; (2) offshore wind power ramp identification;
and (3) offshore wind power ramp control. The offshore wind power prediction provides
the predicted wind power information for offshore wind power ramp identification. Af-
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ter detecting wind power ramps, the dispatch center switches to the offshore wind power
ramp control mode.

2.2.1. Offshore Wind Power Prediction

In this paper, we use a minimal gated memory network (MGMN) to achieve offshore
wind power prediction. An MGMN is a simplified gated structure memory network that
adopts only one set of weight matrices in the hidden layer. Compared to the commonly
used long short-term memory (LSTM), an MGMN simplifies the network structure by
removing output gates and bias. Meanwhile, input gates and forget gates are coupled,
which reduces the training process without reducing the prediction accuracy. The detailed
prediction procedures are as follows:

• Step 1: Based on the collected offshore wind farm data, perform a correlation analysis
and select the explanatory variables s1 s2 · · · sm that are strongly related to
wind power.

• Step 2: Using the explanatory variables, construct the datasets D = {dt}, d(t) =[
S(t) Pw(t)

]
, S(t) =

[
s1(t) s2(t) · · · sm(t)

]
. si(t) represents the ith explana-

tory variable at time t. Pw(t) represents the wind power at time t. Divide D into the
training dataset Dtrain ∈ RNtr×(m+1) and the test dataset Dtrain ∈ RNte×(m+1).

• Step 3: Input the training dataset Dtrain ∈ RNtr×(m+1) into the MGMN to obtain the

predicted wind power P f
w(t):

it = 1− sigmoid(Wx · St + Wh · ht−1 + bf) (5)

at = tanh(Wx · St + Wh · ht−1 + ba) (6)

ht = ft · ht−1 + it · at (7)

P f
w(t) = sigmoid

(
Wy · ht

)
(8)

where Wx, Wh, and Wy represent the weight matrices of the MGMN, and bf and ba
represent the bias vectors.

• Step 4: Compute the loss function:

L
(

P f
w(t), Pw(t)

)
=

Ntr

∑
t=1

(
P f

w(t)− Pw(t)
)2

(9)

Update the weights using the gradient descent method:

Wx(ij) := Wx(ij) − η
∂L

∂Wx
(10)

Wh(ij) := Wh(ij) − η
∂L

∂Wh
(11)

Wy(ij) := Wy(ij) − η
∂L

∂Wy
(12)

• Step 5: Repeat steps 3–4 until the stop criteria are reached. Input the test dataset
Dtrain ∈ RNte×(m+1) to check the performance of the MGMN-based prediction model.

2.2.2. Offshore Wind Power Ramp Identification

Using the wind power prediction information in Section 2.2.1, we can determine
whether wind power ramps occur at a specific time interval (t0, t1). Generally, there exist
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four ramp definitions that can aid in ramp detection [31]. In this paper, we use Definition 1
and calculate the difference ∆Pw = P f

w(t1)− P f
w(t0) between the power at the beginning t0

and the end t1 of the time interval. If the difference ∆Pw surpasses the threshold ∆Pw0, we
determine that a wind ramp occurs:

|∆Pw| > ∆Pw0 (13)

2.2.3. Offshore Wind Power Ramp Control

After detecting the wind power ramps, the dispatch center will switch to the wind
power ramp control mode to attenuate the influence. Instead of studying the turbine-level
output power smoothing, we focus on the system-level output power attenuation, which is
usually formulated as an optimization problem. When integrated into the onshore main
power system, the dispatch center requires that the offshore wind power ramp should be
maintained within the allowable range. Therefore, the main goal of wind power ramp
control is to achieve minimal ramp control costs while satisfying the ramp limits.

Based on Sections 2.2.1– 2.2.3, we present a schematic in Figure 2 summarizing the
aforementioned three modules. In Step 1, the satellite uses scanned measurements to
forecast temperature T, atmospheric pressure p, and wind speed v. In Step 2, machine
learning-based wind power ramp prediction (WPRP) is employed to determine whether
the dispatch center should switch to ramp control mode. In Step 3, based on the ramp
information from Step 2, the dispatch center builds the ramp control model by collecting
operational information from the respective regulation units. In Step 4, through the execu-
tion of the ramp control scheme, the dispatch center sends the ramp control orders to the
respective regulation units. The forecast provides wind power prediction information and
the wind power ramp status for the optimization-based ramp control.

WPRPWPRP

step1 step2 step3 step4

step1: numerical weather prediction

T p v

step2: wind power ramp prediction

ramp information

step3: ramp control model and 

scheme

step4: ramp control order dispatch

ESS

thermal unit
offshore 

wind farm

extreme 

storm

satellite
dispatch center

substation

integrated offshore wind power ramp 

forecast and control steps

schematic of integrated offshore wind 

power ramp forecast and control 

Figure 2. General framework of integrated wind power ramp forecasting and control during ex-
treme storms.

3. Offshore Wind Power Ramp Control Scheme during Extreme Storms

The core step of integrated offshore wind power ramp forecasting and control is the
development of a ramp control model using the forecast results. Without loss of generality,
this section first presents a benchmark wind power ramp control model considering no
wind power uncertainties. The main objective of wind power ramp control is to minimize
the regulation cost while guaranteeing that the controlled wind power ramp meets the
threshold. This paper defines the threshold as the rth% of the installed nameplate capacity
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PN for the offshore wind farm. In other words, the wind power ramp after control should
fall in the range of −rth% to rth%:

−rth%PN ≤ Pw(t)− Pw(t− 1) ≤ rth%PN, ∀t ∈ Nt\1 (14)

Besides Equation (14), wind ramp power control should also satisfy the (1) source-
level operational constraints, and (2) system-level operational constraints. The source-
level operational constraints mainly contain the operational constraints of individual
regulation units.

3.1. Source-Level Operational Constraints
3.1.1. Operational Constraints of ESSs

0 ≤ Pdis
ess,i(t) ≤ Pdis,max

ess,i xdis
ess,i(t), ∀t ∈ Nt, ∀i ∈ Ns (15)

0 ≤ Pcha
ess,i(t) ≤ Pcha,max

ess,i xcha
ess,i(t), ∀t ∈ Nt, ∀i ∈ Ns (16)

xdis
ess,i(t) + xrmcha

ess,i (t) ≤ 1, ∀i ∈ Ns (17)

Emin
ess,i ≤ Eess,i(t) ≤ Emax

ess,i , ∀t ∈ Nt, ∀i ∈ Ns (18)

Eess,i(t) = ηcha
s Pcha

ess,i(t)− 1
/

ηout
s Pdis

ess,i(t)
+ Eess,i(t− 1), t ∈ Nt\1, ∀i ∈ Ns

(19)

Eess,i(t) = ηcha
s Pcha

ess,i(t)− 1
/

ηdis
s Pdis

ess,i(t)
+ Eess,i0, t = 1, ∀i ∈ Ns

(20)

where Pdis
ess,i(t) denotes the discharging power of ESS i at time t; Pdis,max

ess,i denotes the
maximal discharging power of ESS i; and xdis

ess,i(t) denotes the binary decision variable
for the discharging status of ESS i at t (1 represents the discharging). Pcha

ess,i(t) denotes the

charging power of ESS i at time t; Pcha,max
ess,i denotes the maximal charging power of ESS

i; and xcha
ess,i(t) denotes the binary decision variable for the charging status of ESS i at t

(1 represents the charging). Eess,i(t) represents the power storage of ESS i at time t; and
Emin

ess,i and Emax
ess,i represent the minimal and maximal power storage of ESS i. ηcha

s and ηdis
s

represent the charging and discharging efficiency of ESS i. Eess,i0 represents the initial
power of ESS i. Nt and Ns represent the set of times and the set of ESSs, respectively.

3.1.2. Operational Constraints of Thermal Units

Pmin
g,i ≤ Pg,i(t) ≤ Pmax

g,i , ∀t ∈ Nt, ∀i ∈ Ng (21)

RDg,i ≤ Pg,i(t)− Pg,i(t− 1) ≤ RUg,i, ∀t ∈ Nt\1, ∀i ∈ Ng (22)

RDg,i ≤ Pg,i(t)− Pg,i0 ≤ RUg,i, t = 1, ∀i ∈ Ng (23)

where Pmin
g,i and Pmax

g,i represent the minimal and maximal power of thermal unit i; and
Pg,i(t) represents the power of thermal unit i at time t. RDg,i and RUg,i represent the ramp-
down and ramp-up limits of thermal unit i. Pg,i0 represents the initial power of thermal
unit i.
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3.1.3. Operational Constraints of Offshore Wind Farms

This paper aggregates all wind power plants into a single offshore wind farm, and the
operator can send orders to the wind farm control center directly to achieve the power
reduction Pw,p(t)− Pw(t). The wind power Pw(t) should satisfy:

0 ≤ Pw(t) ≤ Pw,a(t) (24)

where Pw,a(t) represents the (maximal) available wind power at time t. If there is no
prediction error, Pw,a(t) should be equal to the predicted wind power Pw,p(t) via the
indirect wind power ramp prediction model in Section 2.2.1.

3.2. System-Level Operational Constraints

The system-level operational constraints describe the power balance:

NG

∑
i=1

Pg,i(t) +
NS

∑
i=1

Pess,i(t) + Pw(t) = Pd(t), ∀t ∈ Nt (25)

Pess,i(t) = Pdis
ess,i(t)− Pcha

ess,i(t), ∀t ∈ Nt (26)

where Pd(t) is the load requirement at time t.

Objective Function of Wind Power Ramp Control

min
NG
∑

i=1

T
∑

t=1

[
ag,iPg,i(t)

2 + bg,iPg,i(t) + cg,i

]
+

T
∑

t=1
[λw(t)(Pw,a(t)− Pw(t))]

+
NS
∑

i=1

T
∑

t=1

[
λcha

ess (t)Pcha
ess,i(t) + λdis

ess(t)Pdis
ess,i(t)

] (27)

where NG and NS represent the number of thermal units and ESSs. ag,i, bg,i, and cg,i
represent the fuel cost coefficients; λw(t) represents the wind curtailment cost coefficient;
and λcha

ess and λdis
ess represent the charging and discharging cost coefficients.

3.3. Stochastic Wind Power Ramp Control Model and the Deterministic Equivalent

The point-valued forecast Pw,p(t) can carry uncertainties:

Perr
w,p(t) = Pw,a(t)− Pw,p(t) (28)

We use a normal distribution to formulate the uncertain prediction error Perr
w,p(t) ∼

N
(
µ, σ2). In this situation, the deterministic model becomes stochastic. Specifically,

Equation (24) changes to:

0 ≤ Pw(t) ≤ Pw,p(t) + Perr
w,p(t) (29)

where the uncertain prediction error Perr
w,p means that the deterministic model can result

in infeasible or suboptimal solutions. Therefore, we use a chance constraint to ensure that
the probability of meeting the requirement exceeds a certain threshold [32–35], rather than
trying to meet the requirement exactly. Therefore, Equation (29) can be rewritten as:

P
[

Pw(t) ≤ Pw,p(t) + Perr
w,p(t)

]
≥ 1− ε (30)

Pw(t) ≥ 0 (31)
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where P denotes the probability function; and ε is a small number that represents the
tolerance of the operator to constraint violations.

The objective function is rewritten as:

minE
NG
∑

i=1

T
∑

t=1

[
ag,iPg,i(t)

2 + bg,iPg,i(t) + cg,i

]
+

T
∑

t=1

[
λw(t)

(
Pw,p(t) + Perr

w,p(t)− Pw(t)
)]

+
NS
∑

i=1

T
∑

t=1

[
λcha

ess (t)Pcha
ess,i(t) + λdis

ess(t)Pdis
ess,i(t)

] (32)

In summary , the stochastic wind power ramp control model contains Objective (32)
and Constraints (14)–(23), (25), (26), (30) and (31).

The chance constraint makes the model non-convex, and we need to obtain its convex
equivalent to make the model solvable. As for (30), we have:

P
[

Perr
w,p(t) ≥ Pw(t)− Pw,p(t)

]
≥ 1− ε (33)

1− F
(

Pw(t)− Pw,p(t)
)
≥ 1− ε (34)

where F(·) is the cumulative distribution function. Considering the continuity of the
variables, it follows that:

Pw(t)− Pw,p(t) ≤ F−1(ε) (35)

Equation (32) is rewritten as:

min
NG
∑

i=1

T
∑

t=1

[
ag,iPg,i(t)

2 + bg,iPg,i(t) + cg,i

]
+

T
∑

t=1

[
λw(t)

(
Pw,p(t) + µ− Pw(t)

)]
+

NS
∑

i=1

T
∑

t=1

[
λcha

ess (t)Pcha
ess,i(t) + λdis

ess(t)Pdis
ess,i(t)

] (36)

The resulting deterministic equivalent model contains Objective (36) and Constraints
(14)–(23), (25), (26), (31) and (35). The equivalent model is convex and can be solved using
commercial off-the-shelf solvers.

4. Case Studies

In this paper, the case studies are implemented on a laptop with a 2.50 GHz Intel Core
i7-7200 CPU using Gurobi and Matlab. The wind power ramp prediction results using the
integrated scheme are demonstrated in Section 4.1. The wind power ramp control results
are demonstrated in Section 4.2.

4.1. Offshore Wind Power Ramp Prediction under Extreme Weather Conditions

The case studies used data from an offshore wind farm in Jiangsu Province, with a
data resolution of 1 h, spanning 1655 time points. The candidate explanatory variables
contained meteorological information, including temperature, air pressure, wind direction,
and wind speed. Figure 3 shows the profile of the historical wind power at 1655 time points.
A total of 75% of the data was selected as the training dataset, and the remaining 25% was
selected as the test dataset.
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Figure 3. Offshore wind power profile.

After training the prediction model, we tested the performance using the test dataset.
The observed (actual) and predicted wind power curves are illustrated in Figure 4.

Figure 4. Offshore wind power forecast results.

In order to evaluate the accuracy of the wind power prediction, we chose three
commonly used metrics for evaluating the performance of predictive models, i.e., mean
absolute error (MAE), mean square error (MSE), and root mean square error (RMSE):

MAE =
1
m

m

∑
t=1

∣∣Pw,p(t)− Pw(t)
∣∣ (37)

MSE =
1
m

m

∑
t=1

(
Pw,p(t)− Pw(t)

)2 (38)

RMSE =

√√√√ 1
m

m

∑
t=1

(
Pw,p(t)− Pw(t)

)2

(39)

where m is the number of samples; Pw,p(t) is the predicted value; and Pw(t) is the observed
(actual) value. The evaluation results are presented in Table 1. In Figure 4 and Table 1, we
can see that the prediction model achieved satisfactory prediction performance. The average
prediction error approximately fell below 5%.



Electronics 2023, 12, 4443 11 of 18

Table 1. Offshore wind power prediction performance index.

Index MAE MSE RMSE

Value 0.052 0.005 0.073

Based on the wind power prediction results in Figure 4, we used the ramp events
model to identify the wind power ramp event. When the wind power change exceeded
10% of the rated power, a wind power ramp event occurred. Figure 5 shows the results
of the wind power ramp identification. The overall ramp prediction accuracy was 97.3%,
showing that when the wind power prediction achieved high accuracy, most of the ramp
events could be successfully identified.

Figure 5. Offshore wind power ramp prediction results.

4.2. Offshore Wind Power Ramp Control under Extreme Weather Conditions

In this section, based on the wind power and ramp prediction results in Section 4.1, we
verify the proposed wind power ramp control strategy on a test power system containing
six thermal units, two ESSs, and the wind farm described in Section 4.1. Specifically, we
used the time interval between the 239th and the 262nd sampling points in Figure 5 as
the day-ahead wind power ramp control time interval (1 h, 24 h). During this (1 h, 24 h)
interval, both ramp-down and ramp-up events existed; hence, offshore wind power ramp
control implementation was required. The fuel cost coefficients of the thermal units [36] are
shown in Table 2. We used a standard normal distribution with µ = 0.0117 and σ = 0.1 to
formulate the prediction error of wind power uncertainties [37]. The charge and discharge
efficiencies of energy storage were set to 0.9 [38]. The charge and discharge cost coefficients
of the energy storage were set to 210 USD/MWh [39], the capacity of the ESSs was limited
to 20 MW [39], and the wind curtailment cost coefficient was set to 73 USD/MWh [40].

Table 2. Cost coefficients of thermal units.

No. ag bg cg

1 0.00712 22.26 370
2 0.00398 19.7 450
3 0.00211 16.5 560
4 0.002 16.6 625
5 0.00031 17.26 670
6 0.00048 16.19 800
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Figure 6 presents the ramp control results for rth% = 0.06. Specifically, Figure 6a
shows that thermal units 5 and 2 generated far more power compared to the other units
due to their comparatively cheaper costs per unit, which is reflected in their smaller cost
coefficients. From 1 h to 3 h, the offshore wind farm experienced two consecutive ramp-up
events (i.e., the first two red-line segments in the zoomed-in area in Figure 5). Meanwhile,
the load demand gradually increased from 56.47 MW to 78.76 MW between 1 h and 3 h,
as shown in Figure 7. In order to satisfy the threshold value rth% = 0.06, the offshore
wind farm could not help but curtail wind power. The wind power curtailment and the
increase in load demand during this time period aggravated the power deficit. Due to
the ramp limits of thermal units, even cheap thermal units could not immediately balance
this power deficit. Therefore, as shown in Figure 6c, the most expensive ESSs needed to
discharge power to support the extra load demand between 2 h and 3 h. After 3 h, the load
demand decreased from a peak of 78.76 MW, and the ESSs reduced the discharge power
to prevent increasing costs, even though the wind farm continued to curtail wind power
to satisfy the threshold ramp value. The remaining power imbalance was handled by the
cheaper thermal units (unit 5 and unit 2), which had accumulated sufficient power through
the ramp-up process. In the remaining control interval (4 h–24 h), the cheapest unit (5)
reached the upper generation limit and supported most of the load demand. The wind
farm curtailed power based on the ramp-ups or ramp-downs from the baseline wind power
profile. The remaining power imbalance was cooperatively handled by the remaining
thermal units to achieve the minimal ramp control cost.

(a) Power profiles of thermal units (b) Charge power profiles of ESSs

(c) Discharge power profiles of ESSs (d) Wind power curtailment profile
Figure 6. Wind power ramp control results rth% = 0.06.
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Figure 7. Load demand profile.

Figure 8 depicts the stabilized wind power profiles after implementing the wind power
ramp control under different wind power ramp threshold values rth%. ε was set to 0.03.
The corresponding wind power ramp control costs are presented in Table 3. In Figure 6,
we can see that both the wind power ramp-up and ramp-down events were effectively
suppressed, satisfying the corresponding threshold value rth%. Also, as the system operator
imposed stricter grid connection requirements for offshore wind farms by decreasing
the permissible threshold rth%, the degree of wind power ramp suppression increased.
The smaller the permissible threshold rth%, the higher the degree of suppression and the
smoother the controller wind power curve. Nevertheless, this enhanced suppression came
at the expense of higher wind power ramp control costs. The stricter grid connection
requirement (smaller rth%) meant that the system operator should dispatch more ramp
control sources (thermal units, ESSs, and wind power curtailment) to alleviate the ramp,
causing more operational costs for the thermal units, ESSs, and wind power curtailment.
As Table 3 shows, with the decrease in rth%, the operational cost of the thermal units
increased from USD 103,866 to USD 104,811; the operational cost of the ESSs increased
from USD 1552 to USD 1867; and the wind power curtailment cost increased from USD
2652 to USD 5572.

Figure 8. The stabilized wind power under different rth%.
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Table 3. Wind power ramp control costs under different rth%.

rth% Thermal Unit Cost (USD) ESS Cost
(USD) Curtailment Cost (USD) Total Cost

(USD)

10 103,866 1552 2652 10,870
8 104,132 1657 3481 109,270
6 104,428 1762 4394 110,584
4 104,811 1867 5572 112,250

Further, we studied the influence of a confidence interval of 1− ε on the ramp control
results. We focused on the cost change under different ε by fixing rth% = 6. Figure 9 shows
the stabilized wind power profile under different ε, and Table 4 presents the operational
costs of the different ramp control resources. With the decrease in the confidence interval
1− ε (i.e., an increase in ε), the stabilized wind power moved upward, as shown in Figure 9,
meaning that the wind power curtailment decreased as the confidence interval decreased.
The smaller the confidence interval, the looser the requirement (33), meaning that more
uncertain wind power was allowable and less wind power curtailment was required.
Therefore, the wind power curtailment cost decreased from USD 4661 to USD 4151, as
shown in Table 4. Meanwhile, less wind power curtailment meant that less thermal
unit generation was required to compensate for the curtailment-driven power imbalance.
Therefore, the thermal unit cost also decreased from USD 104,516 to USD 104,347. ESSs
had the most expensive per unit cost. As the wind power curtailment changed with the
confidence interval, only the thermal units were dispatched to minimize the cost. Therefore,
the cost of ESSs remained the same under different confidence interval values.

Figure 9. The stabilized wind power values under different ε.

Table 4. Wind power ramp control costs under different ε.

ε Thermal Unit Cost (USD) ESS Cost
(USD) Curtailment Cost (USD) Total Cost

(USD)

0.01 104,516 1762 4661 110,939
0.03 104,428 1762 4394 110,584
0.05 104,381 1762 4252 110,395
0.07 104,347 1762 4151 110,260

In order to show the advantages of the proposed ramp control strategy, we used the
deterministic wind ramp control strategy without considering chance constraints. We
compared the post-event wind power Pw(t) after implementing either the deterministic
or the proposed wind power ramp control strategy. Based on (28), it can be inferred that
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the original wind power Pw,a(t) was uncertain. Theoretically, the post-event wind power
Pw(t) should be lower than the original wind power Pw,a(t). Nevertheless, under the
deterministic strategy, the uncertainty of Pw,a(t) was not considered (i.e., the stochastic
prediction error Perr

w,p was disregarded). Consequently, the post-event wind power Pw(t) was
more likely to exceed the original wind power Pw,a(t) with a higher probability. In contrast,
the proposed method, which considers chance constraints, generated a more conservative
post-event wind power; hence, the post-event wind power Pw(t) was more likely to exceed
the original wind power Pw,a(t) with a lower probability. Figure 10 depicts the post-event
wind power profiles and the cluster of the original wind power curves. Since the original
wind power contained uncertainties, we used Monte Carlo sampling methods to generate
a cluster of wind power curves. Figure 10 shows that the post-event wind power (wind
power 1) after implementing deterministic ramp control was greater than the post-event
wind power (wind power 2) after implementing the proposed ramp control, showing the
conservatism and security of the proposed ramp control strategy. Due to the wind power
curtailment under the ramp control strategy, the post-event wind power curves under
both the deterministic and the proposed ramp control strategies were much lower than
the original wind power (the cluster), and there was no violation. However, when the
wind power curtailment was removed (e.g., 16 h–24 h), both post-event wind power curves
intersected with the original wind power curves, and the violation occurred.

Figure 10. Post-event wind power profiles and the cluster of original wind power curves.

To quantitatively describe the degree of the violation, we calculated the average
accumulative positive power differences Pε, considering all the original power curves in
the cluster:

Pε =
1

Ns
∑t ∑j F

(
Pw(t)− Pj

w,a(t)
)

(40)

where j denotes the index of original wind power curves in the cluster; and Ns is the total
number of original power curves in the cluster. The piecewise function F is expressed as:

F(x) =
{

x, x > 0
0, x ≤ 0

(41)

Since the non-positive difference Pw(t)− Pj
w,a(t) does not generate a violation, we let

F(x) = 0 if x ≤ 0. We present the results of Pε under different rth% in Table 5.
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Table 5. Average accumulative positive power differences Pε under different rth%.

rth% Pε under the Deterministic Ramp Control Strategy Pε under the Proposed Ramp Control Strategy

10% 2.207 0.049
8% 1.949 0.039
6% 1.651 0.029
4% 0.947 0.005

Table 5 further quantitatively verifies that the average accumulative positive power
difference under the proposed ramp control strategy was much lower than that under
the deterministic ramp control strategy. In addition, with the decrease in rth%, the wind
power curtailment increased, and the likelihood of Pw(t) violating Pa(t) decreased. Hence,
the average accumulative positive power difference decreased with the decrease in rth%.

5. Conclusions

This paper presents a novel integrated strategy for forecasting and controlling wind
power ramps in an offshore wind farm during extreme weather events. With the aid of real-
world offshore wind farm data and data on ramp control resources, the main conclusions
can be summarized as follows: First, the MGMM-based wind power ramp prediction can
effectively identify future wind power ramp phenomena using the real-world wind power
profile, with a prediction accuracy of up to 97.3%. Second, the proposed offshore wind
farm ramp control strategy can effectively stabilize the real-world wind power profile to
meet the threshold requirement for grid connection of the offshore wind farm. Third, a less
stringent requirement of grid connection (smaller rth%) leads to reduced wind power ramp
control effort and lower control costs. The most expensive ESSs are not dispatched until
the cheap thermal units are unable to compensate for the power imbalance between the
load demand and wind power (after curtailment). Fourth, a lower confidence level results
in reduced wind power curtailment and lower costs.
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