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Abstract—With the increasing penetration of renewable energy
in recent years, wind power ramp events (WPREs) have started
affecting the economic and reliable operation of power grids. In
this paper, we develop an optimized swinging door algorithm
(OpSDA) to improve the state of the art in WPREs detection.
The swinging door algorithm (SDA) is utilized to segregate wind
power data through a piecewise linear approximation. A dynamic
programming algorithm is performed to optimize the segments
by: 1) merging adjacent segments with the same ramp changing direction; 2) handling wind power bumps; and 3) postprocessing insignificant-ramps intervals. Measured wind power data
from two case studies are utilized to evaluate the performance
of the proposed OpSDA. Results show that the OpSDA provides
1) significantly better performance than the SDA and 2) equal-tobetter performance compared to the L1-Ramp Detect with Sliding
Window (L1-SW) method with significantly less computational
time.
Index Terms—Dynamic programming, sliding window, wind
power ramp events (WPREs), swinging door algorithm (SDA).
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I. I NTRODUCTION

L

ARGE fluctuations in a short time period make wind
power generation uncertain, variable, intermittent, and
random [1], [2]. This phenomenon, called wind power ramp
event (WPRE), sharply threatens the reliable and economic
operations of power systems, especially with high wind penetrations [3]. WPREs make it necessary to regulate the output of
traditional generators when managing and dispatching the wind
power [4]. Therefore, better forecasting and detecting of ramp
events [5], [6] are very helpful for power system operators to
make operational decisions.
An optimized swinging door algorithm (OpSDA) is developed in this paper to improve the state of the art in WPREs
detection. The OpSDA method adopts the optimization concept
(through dynamic programming) used in a WPREs detection method recently developed by Sevlian and Rajagopal [7],
[8], referred to as the L1-Ramp Detect with Sliding Window
(L1-SW). The L1-SW method can characterize the ramp magnitudes, start times, durations, change rates, and other key
features needed in the operation of a power system. The L1SW is capable of smoothing the noise in wind power and
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subsequently segregating the wind power into piecewise data.
Identified WPREs are then found by a recursion based on
dynamic programming algorithm.
The SDA has been used in the literature for ramp forecasting.
It was originally proposed by Bristol [9] for data compression
and recently used in the renewable energy community. Florita
et al. [10] applied the SDA to identify variable generation ramp
events from historical wind and solar power data. Zhang et al.
[11] adopted the SDA to extract ramp events from measured
and forecasted wind power and evaluate the performance of
improved short-term wind power forecasts. Makarov and Ma
et al. [12]–[15] used the SDA to derive three parameters for
each power interval: ramping capability, rate, and duration.
The SDA has been shown to successfully extract WPREs.
However, there are still issues in the SDA, such as 1) how
to optimally determine the tunable parameter in the SDA, and
2) how to optimally segregate the wind power signal. To address
these challenges, we develop an OpSDA method that significantly enhances the performance of the SDA in wind power
ramp forecasting.
This paper is organized as follows. The development of the
OpSDA is presented in Section II. The experimental results of
two case studies are discussed in Section III. In Section IV, the
proposed OpSDA is used as a baseline to determine the initial
selection of the optimal parameter value in the SDA. Section V
concludes this paper.

II. O PTIMIZED S WINGING D OOR A LGORITHM
A. Swinging Door Algorithm
The SDA algorithm [9], [16] is based on the concept of
a “swinging door” with a “hinge” or “pivot point” whenever
the next point in the time series causes any intermediate point
to fall outside the area partitioned by the up and down segment bounds. The segment bounds are defined by the door
width ±ε, which is the only tunable parameter in the SDA.
More detailed descriptions of the SDA can be found in [10]
and [12]. After segregating the wind power signal by SDA,
WPREs are extracted according to the user-specified definition
of a significant ramp.
Fig. 1 shows one example of wind power ramp detection
results by the SDA. There should be one significant up-ramp
(20th h to 28th h) and one significant down-ramp (28th h to
40th h) rather than two up-ramps and three down-ramps, as
would be detected using a suboptimal door width value ε.
Similar observations can also be seen from the 50th h to 60th h.
This phenomenon motivates the development of an optimized
SDA, which is capable of combining adjacent up-ramps (or
down-ramps) to improve the SDA.

B. OpSDA Based on a Dynamic Programming Approach
The objective of the optimization in the SDA is to minimize
the number of individual ramps while still approximating the
wind power signal as a ramp [17]. Therefore, adjacent segments that have the same slope (e.g., up-ramps) can be merged
into one segment. Toward this end, an optimization process

151

Fig. 1. SDA for wind power ramp detection [10].

is applied to the original segments (from the SDA) using a
dynamic programming algorithm. Dynamic programming is a
method for solving a complex problem by breaking it down
into a collection of simpler subproblems. Every subinterval
(subproblem) of the ramp detection problem complies with the
same ramp rules. First, the subintervals that satisfy the ramp
rules are rewarded by a score function; otherwise, their score
is set to zero. Next, the current subinterval is retested as above
after being combined with the next subinterval. This process
is performed recursively to the end of the dataset. Finally, the
significant ramp with the maximum score is extracted. More
detailed formulations of the dynamic programming algorithm
used in this work are shown in (1)–(13).
In this study, an increasing length score function S is
designed based on the length of the interval segregated by the
SDA. The optimization problem seeks to maximize the length
score function, which corresponds to a ramp event. Given a
time interval (i, j) of all discrete time points and an objective
function J of the dynamic programming algorithm, a WPRE is
detected by maximizing the objective function
J(i, j) = max [S(i, k) + J(k, j)] ,
i<k≤j

i<j

(1)

s.t.
S(i, j) > S(i, k) + S(k + 1, j)
2

S(i, j) = (j − i) × R(i, j)

∀i < k < j

(2)
(3)

where J(i, j) can be computed as the maximum over (j − i)
subproblems. The term of S(i, k) is a positive score value
corresponding to the interval (i, k), which conforms to a superadditivity property in (2). There is a family of score functions
satisfying (2), and the score function presented in [7] is adopted
in this research, expressed as (3). The term R(i, j) represents a
ramp within the time interval (i, j) [18]–[21]. Significant wind
power ramps can be defined based on the power change magnitude, direction, and duration. Three definitions proposed in [11]
are investigated in this research.
1) Significant Ramp Definition 1: The change in wind power
output is greater than 20% of the installed wind capacity
without constraining the ramping duration.
2) Significant Ramp Definition 2: The change in wind power
output is greater than 20% of the installed wind capacity
within a time span of 4 h or less.
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3) Significant Ramp Definition 3: A significant up-ramp is
defined as the change in wind power output greater than
20% of wind capacity within a time span of 4 h or less; a
significant down-ramp is defined as the change in wind
power output greater than 15% of the installed wind
power capacity within a time span of 4 h or less.
If R(i, j) conforms to the threshold of ramp definitions,
R(i, j) is 1; otherwise, R(i, j) is 0. Since the process of
detecting down-ramps is the opposite process of detecting upramps, note that up-ramp detection is taken as an example to
illustrate the specific detecting process.
When optimizing ramps, one of the more interesting findings was the presence of small ramps (non-WPREs), which are
termed “bumps” in this paper and set as B(i, j) in the formulations below. The key characteristic of a bump is the changing
direction (e.g., a down-bump between two up-ramps, or an upbump between two down-ramps), which makes the iteration
of the dynamic programming break abruptly due to the strict
super-additivity property in (2). When a bump occurs, it breaks
one integrated WPRE into two discrete ramps, which affects
the performance of WPREs detection. To address this issue,
the dynamic programming process is improved so that it can
also merge ramps and bumps with different changing directions. If B(i, j) conforms to the threshold of bump definitions,
B(i, j) is assigned to be 1; otherwise, B(i, j) is assigned
to be 0. During the recursion, bumps are also considered and
merged into the WPRE. The score function in (3) is improved
on condition that
∀i ≤ k < j : [pk+1 − pk ] × [1 − B(k, k + 1)] ≥ 0.

(4)

Given a bump interval set β = {E1,b , . . . , EN,b }, it is a set of
intervals, En,b = (sn,b , en,b ), constructed from the n th nonWPRE interval En , where ∀ (sn , en ), (sn+1 , en+1 ) ∈ ξ:1 ≤n ,
en+1 < L, and (sn,b , en,b ) = (en + 1, sn +1 − 1). Then, a
wind power series with the bump can be depicted as Θ =

J ∗ (sm , eM ) =

{. . . , En , En,b ,En +1 , . . . , EM , EM }. The solution is compressed after combining the two WPREs, En and En+1 , around
one bump En,b in (5). Thus, the total number of WPREs
decreases to M − N
(sn , en ) ← (sn , en +1 ) .

Based on (1)–(5), the optimization process can proceed recursively as follows. Assuming that the number of
WPREs is M (∀m : 1 ≤ m < M ), the WPRE interval set ξ =
{Em , . . . , EM } is the set of intervals, Em = (sm , em ); and the
non-WPRE interval set ξ¯ = {Em , . . . , EM } is the set of intervals Em = (sm , em ). If ∀(sm , em ) ∈ ξ¯ and ∀i, j : sm < i <
j < em , then
R(i, j) = 0
S(i, j) = 0
∗

J (sm , em ) = 0.

(6)

If ∀ (sm , em ) ∈ ξ and ∀i, j : sm < i < j < em , the objective function J ∗ (sm , em ) is set as
J ∗ (sm , em ) =
=

max

sm <k1 <em

[S(sm , k1 ) + J(k1 + 1, em )]

max S(sm , k1 ) +

sm <k1 <em

+ ··· +

max

ki−1 +1<ki <em

max

S(k1 +1, k2 )

k1 +1<k2 <em

S(ki−1 , ki )

+ J(ki + 1, em )
=

max

sm <k1 <k2 <···<ki−1 <ki <em

S(sm , k1 )

+ S(k1 + 1, k2 ) + · · · + S(ki−1 , ki ).

(7)

Thus, considering (2), J ∗ (sm , em ) equals S(sm , em ). An
optimal event sequence of WPREs and non-WPREs can
be presented as Θ = {Em , Em , Em +1 , Em+1 , . . . , EM , EM }
or {Em , Em+1 , Em+1 , . . . , EM , EM }, for a given wind

[S(sm , k1 ) + J(k1 + 1, eM )]


= max
max
[S(k1 + 1, k2 ) + J(k2 + 1, eM )]
S(sm , k1 ) +
sm <k1 ≤em
k1 +1<k2 ≤em


= max
max
max
S(sm , k1 ) +
S(k1 + 1, k2 ) + · · · +

max

sm <k1 ≤em

sm <k1 ≤em

=

(5)

k1 +1<k2 ≤em

max

sm <k1 <k2 <···<ki−1 <ki ≤em

ki−1 +1<ki ≤em

[S(sm , k1 ) + S(k1 + 1, k2 ) + · · · + S(ki−1 , ki )] +


[S(ki−1 , ki ) + J(ki + 1, eM )]
max

ki−1 +1<ki ≤em

J(ki + 1, eM )
(8)

∗

J (sm , eM ) =

max

[S(sm , k1 ) + J(k1 + 1, eM )]


= max
max
[S(k1 + 1, k2 ) + J(k2 + 1, eM )]
S(sm , k1 ) +
sm <k1 ≤em
k1 +1<k2 ≤em


= max
max
max
S(sm , k1 ) +
S(k1 + 1, k2 ) + · · · +
sm <k1 ≤em

sm <k1 ≤em

=

k1 +1<k2 ≤em

max

sm <k1 <k2 <···<ki−1 <ki ≤em

ki−1 +1<ki ≤em

[S(sm , k1 ) + S(k1 + 1, k2 ) + · · · + S(ki−1 , ki )] +


[S(ki−1 , ki ) + J(ki + 1, eM )]
max

ki−1 +1<ki ≤em

J(ki + 1, eM ).
(9)
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power series with L values. If a wind power series,
psm , . . . , peM , with the event sequence, Θ = {Em , Em ,
Em +1 , Em+1 , . . . , EM , EM }, has a solution to (1) being
J ∗ (sm , eM ), the solution is shown in (8), shown at
the bottom of the previous page, and (10). If a wind
power series psm , . . . , peM , with the event sequence Θ =
{Em , Em+1 , Em+1 , . . . , EM , EM }, has a solution to (1) being
J ∗ (sm , eM ), the solution is shown in (9), shown at the bottom
of the previous page, and (11).
Thus, considering (2), J ∗ (sm , eM ) in (8) can be transformed to
J ∗ (sm , eM ) = S(sm , em ) + J ∗ (sm , eM ).

(10)

Likewise, considering (6), J ∗ (sm , eM ) in (9) can be transformed to
J ∗ (sm , eM ) =

max

sm <k1 <k2 <···<ki−1 <ki ≤em

J(ki + 1, eM )

= J ∗ (sm+1 , eM ).

(11)

If a wind power series is ps1 , . . . , peM , the solution is
∗

J (s1 , eM ) =

M


S(sm , em ).

(12)

m=1

Fig. 2. Overall flowchart of detecting WPREs.

If a wind power series is ps1 , . . . , peM , the solution is
J ∗ (s1 , eM ) =

M


S(sm , em ).

(13)

m=2

This process is implemented and modified based on the algorithm developed in [7], which is given in Algorithm 1 with
pseudocode. The main contribution in Algorithm 1 (compared
to [7]) is the introduction of an improved score function based
on (4) to merge bumps into one WPRE.
C. Insignificant-Ramps Postprocessing
Another interesting finding in ramp detection is the appearance of WPRE within a set of the highly frequent “insignificantramps.” The “insignificant-ramps” interval set is defined as an
interval with a high occurring frequency of up- and downramps having smaller magnitudes. A WPRE may appear
in the insignificant-ramps interval after smoothing the wind
power signal within the interval. Given a WPREs’ interval
set ηξ = {E1,η , . . . , EV,η } detected in the insignificant-ramps
intervals, it is a set of intervals Ev,η = (sv,η , ev,η ) constructed from the vth non-WPRE interval Ev (Ev,η ∈ Ev )
where ∀ (sv , ev ) , (sv +1 , ev +1 ) ∈ ξ : 1 ≤ sv , ev +1 < L, and
ev ≤ sv,η < ev,η ≤ sv +1 . The solution J ∗ (s1 , eM ) in (12) and
J ∗ (s1 , eM ) in (13) is extended with Ev,η . Now, the total
number of WPREs increases to M − N + V .
To detect WPREs in the insignificant-ramps interval, a postprocessing procedure is implemented to find the difference
between the maximum and minimum wind power within the
interval
{max[pev , psv+1 ] − min[pev , psv+1 ]} ∈ R

(14)

where sv,η and ev,η are the time points corresponding to
the maximum and minimum values within the time interval
[ev , sv+1 ], respectively. R is the ramp definition given in (3).

Algorithm 1. Modified Dynamic Programming Pseudocode
Based on [7] and [8]
//Length of ramp segments by the SDA.
L ← length(p)
// Initialize scores of zero length segments.
for i = 1 → L do
J[i, i] ← 0
end for
// Compute maximum scores for combined segments.
for n = 2 → L do
for i = 1 → L − n + 1 do
j ←i+n−1
for k = i → j − 1 do
// Process bumps
for kk = i → k
if [pkk+1 − pkk ] × [1 − B(kk, kk + 1)] ≥ 0 then
S(i, k) ← (k − i)2 × R (i, k)
else then
S(i, k) ←0
break for
end if
end for
q ← S(i, k) + J(k, j)
if q < J[i, j] then
J[i, j] ← q
K[k, j] ← k
end if
end for
end for
end for
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Fig. 4. (a) Sample results (the first 1000 points) of ramp detection in the 1-year
wind power data. (b) Runtime
 comparison of the L1-SW with the param
eters λ ∈ [0.02, 0.1], γ = 1 × 10−4 , 5 × 10−5 , 1 × 10−5 , 5 × 10−6 to
the OpSDA with ε ∈ [0.0001, 0.02].

solution with (M − N + V ) WPREs. The overall flowchart of
detecting WPREs is shown in Fig. 2.
In Fig. 2, p1 , p2 , . . . , pL is a set of measured wind power
data. There are Q sliding windows with the start point (tws , pws )
and the end point (twe , pwe ), parameterized by window length
WL and window overlap WO. The start and end points of the
ith window are given by the following equations:
tws ,i = (i − 1) × (WL − WO) , i ∈ Q
twe ,i = i × WL − (i − 1) × WO, i ∈ Q.

(15)
(16)

In brief, all segments (represented by the square points in
Fig. 1) are first extracted by the SDA with a predefined parameter ε. These segments are input into the dynamic programming
algorithm (within the left part of the red block shown in Fig. 2)
to merge ramps and bumps. Then, postprocessing (within the
right part of the red block shown in Fig. 2) is performed to
extract the WPREs occurring in the insignificant-ramps interval sets. Eventually, the set of optimized significant ramp events
ξ ∗ = {(s1 , e1 ) , . . . , (sL , eL )} is identified.
Fig. 3. Comparison of results for detection performance of the SDA, L1SW, and OpSDA. (a) Detection performance comparisons of the SDA, and
(b) OpSDA with ε = 9 × 10−3 . (c) Detection performance of the L1-SW with
larger λ = 0.5, γ = 1 × 10−4 , and (d) smaller λ = 0.02, γ = 5 × 10−6 .

D. Procedure of Detecting WPREs Using the OpSDA
The relationship of WPREs, bumps, and insignificant-ramps
¯ ξ¯ = {β, η, β + η}, η = {ηξ , ηξ },
is expressed as Θ = {ξ, ξ},
and ξ ∗ = ξ + β + ηξ , in which ξ ∗ is the eventually optimal

III. E XPERIMENTAL R ESULTS
In this section, the OpSDA is applied to two case studies. We
present various statistics to analyze the detected WPREs and
parameterize the WPRE process.
1) Case I: We analyze a time series of measured wind
power production from a wind site in Qiaowan, Gansu,
China. The dataset contains 34 818 samples representing

CUI et al.: OpSDA FOR IDENTIFYING WIND RAMPING EVENTS

155

Fig. 5. Probability density distributions of the ramp features for up-ramps and down-ramps detected by the L1-SW, SDA, and OpSDA. (a)–(c) Distributions of
ramp duration, ramp change rate, and ramp magnitude, respectively. (d) Visualized joint distribution of ramp durations and magnitudes detected by the OpSDA
(3-D probabilities of ramp features)

A. Case I: Specific Ramps Comparison of the SDA, L1-SW, and
OpSDA

Fig. 6. Sample interval of two wind power bumps.

measured wind power output sampled every 15 min.
These data represent wind power data spanning from
January 1, 2013, to December 31, 2013, at a plant with
201 MW of capacity.
2) Case II: The second case is the total wind power generation taken from a balancing area in the northwestern
region of the USA. The dataset contains 7 884 012 samples sampled every 4 s spanning from October 1, 2012, to
September 30, 2013. In this case, we use the maximum
power output 123 MW as the base benchmark capacity.
Case I is focused on evaluating the performance of the
OpSDA by comparing the detection behavior of three methods: L1-SW, SDA, and OpSDA. Case II is focused on statistical
analysis of different timescales of ramp detections, considering
the high resolution of the dataset.

In this section, Definition 1 defined in Section II-B is
adopted. A significant ramp is defined as the change in wind
power that is greater than 20% of the installed wind capacity.
Note that this threshold (20%) is set relatively small to extract
sufficient ramps to compare the SDA, L1-SW, and OpSDA.
It is also important to note that we do not attempt to solve
the optimal tunable parameters in L1-SW, which is planned in
future work.
Fig. 3 compares the significant ramps extracted by the
three methods: L1-SW, SDA, and OpSDA. Figs. 3(a) and (b)
compare the segments and ramps approximated by the SDA to
that by the OpSDA with the same parameter value ε (9 × 10−3 ).
Figs. 3(c) and (d) illustrate the segments and ramps approximated by the L1-SW with different parameter values [larger
values: λ = 0.5, γ = 1 × 10−4 in Fig. 3(c); and smaller values:
λ = 0.02, γ = 5 × 10−6 in Fig. 3(d)]. Corresponding segments
of significant ramps are also shown in these two subfigures.
Figs. 3(a) and (b) show that many segments are extracted by
the SDA with a relatively small ε. Without any optimization and
combination, the SDA can only detect two WPREs, while the
OpSDA can combine insignificant-ramps detected by the SDA
into one significant ramp; therefore, eight WPREs are detected
by the OpSDA. Figs. 3(c) and (d) indicate that more segments
are extracted by the L1-SW with smaller λ and γ than that with
larger λ and γ. Smaller parameters λ and γ produce more accurate detection results, but more computation time is consumed
because of more iterations for segregation.
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TABLE I
S TATISTICAL R ESULTS OF E STIMATION M ETRICS

TABLE II
N UMBER OF D ETECTED S IGNIFICANT R AMPS

By comparing all four subfigures in Fig. 3, it is observed
that segments of the SDA [red rectangles in Figs. 3(a) and (b)]
are more accurate than that of the L1-SW with larger λ and γ
[purple rectangles in Fig. 3(c)]. For example, as shown in the
interval from points 1860 to 1910, the L1-SW [purple line in
Fig. 3(c)] deviates from the measured wind power signal with
larger λ and γ. By reducing the values of λ and γ, the L1-SW
in Fig. 3(d) (green line) can match the measured wind power
signal more precisely. However, comparing Figs. 3(a)–(d), the
OpSDA performs better than the L1-SW at sharp-inflection
points, such as Points 1802 and 1838. Specifically, the set of
metrics in (17) and (18) is proposed to evaluate the detection
performance of the OpSDA and L1-SW
[p(t + 1) − p(t)] × [p(t) − p(t − 1)] < 0

(17)

where t represents the current time. This formulation of (17)
indicates that the start (or end) point of one WPRE, denoted as
Start (YES) [or End (YES)], is successfully extracted when the
start (or end) point is a sharp-inflection point
[p(t + 1) − p(t)] × [p(t) − p(t − 1)] > 0

(18)

where t represents the current time. This formulation of (18)
indicates that the start (or end) point of one WPRE, denoted
as Start (NO) [or End (NO)], is extracted when the start (or
end) point is NOT an inflection point. Table I lists the number
of WPREs with Start (YES), End (YES), Start (NO), and End
(NO) found by both the OpSDA and L1-SW in the examined
dataset. The percentage of total WPREs is also provided.
Table I shows that L1-SW only detects 149 WPREs (18%
of total WPREs) with both accurate start and end inflection
points. However, the OpSDA detects 653 WPREs (65% of total
WPREs) with both accurate start and end inflection points.
Moreover, there are only 70 WPREs (8% of total WPREs) that
the OpSDA does not accurately detect either the start or end
inflection points, whereas there are 283 WPREs (34% of total
WPREs) that L1-SW does not accurately detect either the start
or end inflection points.
Table II lists the number of significant up- and down-ramps
in Case I data of the three methods under three significant ramp

Fig. 7. One sampled non-WPRE and WPRE in the insignificant-ramps interval.
(a) Non-WPRE in insignificant-ramps. (b) WPRE in insignificant-ramps.

definitions, where OpSDA detected more significant ramps than
the other two methods for all three definitions.
Fig. 4(a) shows sampled ramps detected within the 1-year
period. Fig. 4(b) compares the runtime of the two methods:
1) the L1-SW on the left y-axis, and 2) OpSDA on the right
y-axis. Although the detection results in the L1-SW [Fig. 3 (d)]
are accurate by visual inspection with smaller λ and γ, the runtime of the L1-SW [Fig. 4(b)] is more than 35 min when λ is
0.02 and γ is 5 × 10−6 ; however, the runtime of the OpSDA
with ε (9 × 10−3 ) is only approximately 3 min. Overall, both
the ramp detection performance and the runtime of the L1SW are very sensitive to the penalty parameter λ and threshold
γ, whereas the runtime of the OpSDA is less sensitive to the
parameter ε.
Fig. 5 shows the statistical analysis of the three key ramp
features (duration, change rate, and magnitude). It is observed
that the OpSDA (red lines) and L1-SW (purple lines) have similar empirical distributions of ramp duration, change rate, and
magnitude for both the up-ramps and down-ramps. However,
the SDA generally has a shorter ramp duration peak of approximately 30 min [with the highest frequency in Fig. 5(a)] without
any combination and optimization of segments.
Overall, for detecting and analyzing significant ramps, both
the OpSDA and L1-SW (with smaller γ and ε) can characterize
the reasonable ramp detection behavior for long-time dispatching problems. And, the OpSDA is more preferable because
of its computational efficiency and better performance at the
sharp-inflection points.
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Fig. 8. Probability density distributions of ramp features of six timescales (1-min, 5-min, 15-min, 30-min, 1-h, and 2-h) and seasonal ramp counts over a whole
year for Case II. (a) Ramp duration. (b) Ramp change rate. (c) Ramp magnitude. (d) Seasonal ramp counts. (e) Seasonal wind generation.

B. Case I: Bumps and Insignificant-Ramps Performance
There are total 238 bumps that are detected and merged into
WPREs. In Fig. 6, one up-bump and one down-bump are shown
with very short time durations and small magnitudes. Without
considering bumps, the ramp from Point 1 to Point 15 would
be cut into two separate and independent sub-WPREs (points
1–8 and points 9–15). This phenomenon seriously affects the
ramp detection performance. Note that the ramps detected and
analyzed by the OpSDA in Section III-A already merged bumps
to the adjacent segments.
The OpSDA has detected 102 WPREs that were not
found using the L1-SW or the SDA due to the insignificantramps postprocessing procedure (shown in Fig. 2). Two of
them (points 301–351 and points 625–675) are shown in
Fig. 7. Fig. 7(a) indicates that none of WPREs occurs in the

insignificant-ramp interval (points 301–351) due to an approximately flat tendency. Fig. 7(b) shows a down-ramping tendency
in the insignificant-ramp interval (points 625–675), which is
successfully identified as a WPRE without considering the
frequent slight fluctuations.

C. Case II: Ramp Detection at Multiple Timescales
In this section, the OpSDA is used to detect all WPREs
in the Case II dataset. The 4-s dataset is averaged to obtain
wind power data at different timescales: 1-min, 5-min, 15-min,
30-min, 1-h, and 2-h timescales. A total of 2089 ramps within
1-min timescale (1941 ramps within 5-min timescale, 1701
ramps within 15-min timescale, 1340 ramps within 30-min
timescale, 1009 ramps within 1-h timescale, and 705 ramps
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within 2-h timescale) are detected and utilized to generate the
probability density distributions. Fig. 8 shows the ramp feature
statistics and seasonal ramp counts of each timescale over the
course of a whole year.
Fig. 8(a) indicates that along with the increasing timescale
(from 1-min to 2-h), for ramp durations, the peak duration
value and probability density rise from 50 min with 0.03 to
400 min with 0.17. For the distribution of ramp change rate
in Fig. 8(b), the peak change rate value decreases from 0.004 to
0.001 p.u./min, whereas the corresponding probability density
rises from 80 to 820. For the distribution of ramp magnitude in
Fig. 8(c), the peak magnitude value rises from 0.21 to 0.33 p.u.,
whereas the corresponding probability density decreases from
9 to 2.
Fig. 8(d) illustrates that the seasonal ramp counts also
decrease along with the increasing timescale in each season.
There are relatively fewer ramp events occurring in winter and
spring, whereas more ramp events occur in summer and fall.
This can be partially attributed to the higher wind generation
in summer and fall as shown in Fig. 8(e). It is seen from
Figs. 8(d) and (e) that seasonal ramp counts increase along with
the increasing wind generation.
Another interesting finding is the ramp features’ comparison at different geographic locations. For the same 15-min
timescale, the probability density distributions of ramp features
in Case II wind power data (the blue line) are very close to that
in the Case I wind power data (the black line), especially the
ramp magnitude distribution.
Fig. 9 presents the scatter diagram of the ramp duration
and magnitude within two timescales (15-min and 1-h) for
up- and down-ramps. For each scatter diagram, all the points
are distributed relatively symmetrically between up- and downramps for the same timescale. However, by comparing the two
timescales in Figs. 9(a) and (b), the points spread along with
the increasing timescale. For up-ramps, more points are concentrated around the bottom left corner for the 15-min timescale,
whereas more points spread to the top right corner for the 1-h
timescale; likewise for down-ramps.
On the other hand, more severe WPREs with larger magnitudes and longer durations are identified within the 1-h
timescale [shown in Fig. 9(b)] than that within the 15-min
timescale [shown in Fig. 9(a)], which is due to not considering the intra-hour variability because of the hourly averaging.
This finding can potentially affect the day-ahead securityconstrained unit commitment [22], in which the hourly time
resolution is mainly focused on. Under the circumstances,
more WPREs could likely present themselves as severe contingencies, which may present challenges for power system
operators.
IV. A PPLICATION OF O P SDA FOR T UNING THE ε
PARAMETER
The SDA has the advantage of computational and structural
simplicity, which is favorable considering its robustness, even
with noisy data [12]. Sometimes the SDA without any optimization is preferable because of its inexpensive computation.
However, it is still rare in the literature to discuss how to best

Fig. 9. Scatter diagram of durations and magnitudes for up- and down-ramps
within 15-min and 1-h timescales. (a) 15-min timescale. (b) 1-h timescale.
TABLE III
C ONTINGENCY TABLE FOR THE SDA AND O P SDA

set the tunable parameter εopt when using the SDA [10], [11].
Thus, it would be helpful to develop a framework for adaptively selecting the best ε values. In this research, the proposed
OpSDA is used as a baseline to determine the optimal value
of the tunable parameter εopt . The solving procedure is to find
the εopt that enables the ramps detected by the SDA close to
that detected by the OpSDA. Generally, with a smaller ε value,
the fitting errors between the SDA approximated wind power
and the measured wind power will be smaller. However, an ε
value that is too small may divide a single significant ramp
into multiple small ramps that do not satisfy the WPRE ramp
definitions.
To determine the optimal parameter based on the OpSDA,
a suite of WPRE detection metrics are used to evaluate the
performance of ramp extraction with different ε values. The
adopted metrics include the probability of detection (POD), the
critical success index (CSI), the frequency bias score (FBIAS),
and the success ratio (SR) [11], [23]. They are calculated based
on a contingency table in Table III that provides a measure of
skill for the SDA approaching the OpSDA. True positive (TP)
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Fig. 10. WPREs detection performance with the optimal parameters. (a)–(d) Optimal parameters defined by three ramp definitions in January, April, July, and
October 2013, respectively.

represents the number of ramps detected by the SDA that are
also detected by the OpSDA; false positive (FP) is the number of ramps detected by the SDA that are not detected by the
OpSDA; false negative (FN) represents the number of ramps
detected by the OpSDA that are not extracted by the SDA;
true negative (TN) is the number of nonoccurring events for
both the SDA and the OpSDA; and N is the total number of
WPREs.
After calculating all metrics (POD, CSI, FBIAS, FAR, and
SR), the optimal ε value is determined according to the largest
POD, which can be visualized on the performance diagram, as
shown in Fig. 10. A performance diagram is used to understand
the evolution of the SDA with 10 different ε values. For a performance diagram shown in Fig. 10, 1) the left axis represents
the value of POD; 2) the bottom axis represents SR; 3) the diagonal dashed lines represent FBIAS; and 4) the dashed curves
represent CSI. Fig. 10 shows a performance diagram of 10 ε
values by utilizing each ramp definition. These 10 parameters
are uniformly derived from 0.002 to 0.065. To find the optimal
parameter εopt , the points in Fig. 10 move toward the top right
corner of the performance diagram. Fig. 10 shows the optimal
parameters for four months (January, April, July, and October

2013) using 15-min timescale of Case I data based on three
significant wind power ramp definitions.
It is observed from Fig. 10 that the optimal parameters
have the same values under the three definitions (εopt = 0.03)
in April. While in January and October, εopt has the same
value in Definitions 2 and 3 (εopt = 0.035), whereas in July, it
has the same value in Definitions 1 and 2 (εopt = 0.06). This
indicates that the value of εopt is generally sensitive to the
ramping definition chosen by users. In addition, when using
εopt , both the POD and SR values are larger than 0.7 in the
four analyzed months; the FBAIS values are close to 1; and
the CSI values are larger than 0.6. This means that the ramp
detection results obtained by the SDA with εopt can reasonably
approach the results obtained by the OpSDA. This finding
can guide power system operators to make decisions about
how to determine the optimal parameter in SDA to best detect
WPREs. This process of determining the optimal parameter
in the SDA can be implemented by a framework illustrated in
Fig. 11. According to the POD, CSI, FBIAS, and SR metrics,
the optimal parameter value εopt can be found by repeating the
search process in Fig. 11. Power system operators can use this
framework to directly determine the optimal parameter in SDA
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Fig. 11. Flowchart to determine the optimal parameter in the SDA.

for WPREs detection. The initial optimal parameter value is
ε1 . The step size of the search process is δ (δ = 0.005 in this
paper). Then, the parameter εi is expressed as


1
εi = ε1 + (i − 1) × δ 0 < i ≤
.
(19)
δ
V. D ISCUSSION
The OpSDA method is readily applicable to a variety of
cases in power system operations. OpSDA can be used by utilities and independent system operators (ISOs) for wind power
ramp forecasting and detection, thereby assessing the impact
of wind ramp and forecast uncertainties on the grid’s operation
in an online fashion. In addition to wind power, OpSDA can
also be applied to electric load and other variable and uncertain renewable energy such as solar power [24]. The detected
and forecasted ramps (in wind, solar, or load) can be useful for

power systems operation functions, such as a flexible ramping
product market design.
The results in this paper have shown that the OpSDA can
successfully detect WPREs. It is important to note that OpSDA
can also be used to provide wind power ramp forecasting. The
OpSDA method could be adopted in two ways for wind power
ramp forecasting. In the first, the OpSDA can be applied in
addition to wind power forecasting methods to forecast wind
power ramps. Wind power forecasts can be produced by multiple forecasting methods such as numerical weather predictions,
statistical, and machine learning methods. The OpSDA could be
adopted in a postprocessing method to detect ramping events in
the forecasted wind power. Both deterministic and probabilistic
ramp forecasts can be produced in this way. In the second case,
OpSDA can be directly applied to historical measured wind
power data to extract all historical ramping events. Statistical
and machine learning methods will be developed based on
the historical ramping events to directly forecast ramping features (e.g., ramping magnitude, duration, and rate) at different
timescales.
In addition to wind power, the OpSDA method can also
be applied to electric load and other variable and uncertain
renewable energy such as solar power. For solar ramp events’
detection, OpSDA should be applied to both actual and clearsky solar power generations. Ramping events occurring in
both clear-sky and measured solar powers would be removed.
OpSDA can also be used in solar power ramp forecasting in a
similar manner to wind power ramp forecasting.
With the increasing penetration of wind and solar power,
system operators have observed a lack of system flexibility
and ramping capacity in real-time dispatch stages. Several
ISOs [25], [26] are implementing new products during the
different unit commitment stages to ensure that sufficient ramping is available during real-time operations. With the accurate detection and forecasting of wind and solar power ramp
events by OpSDA, wind- and solar-friendly flexible ramping products can be developed. The wind- and solar-friendly
flexible ramping products aim to take advantage of the wind
and solar power ramps typically known for their negative
characteristics.

VI. C ONCLUSION
An OpSDA was developed in this research for wind power
ramp detection. The developed OpSDA was compared to the
SDA and L1-SW methods in two case studies. The results
showed that the OpSDA successfully identified WPREs and
performed significantly better than the SDA. The OpSDA also
provided equal-to-better performance than the L1-SW with
much less computational time. In addition to the direct ramps
detection, the OpSDA was also used as a baseline to determine
the optimal value of the tunable parameter εopt in the SDA,
which could be performed offline.
This proposed OpSDA method and corresponding results
can also be used in unit commitment problems, ramp capability products, and solar power ramps detection, which will be
investigated in future work.
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