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Figure 1: Comparing Topological Guided Detection with Traditional Detection methods, the top middle plot displays a wind
speed profile from 10 to 260 meters, highlighting the relevant range for phenomenon occurrence. A distinct curve depicts the
category of extreme phenomena impacting wind turbine operations. The left plot presents the sampled regional wind speed
profile at three heights alongside its corresponding topological representation. The right plot showcases regional wind speed
profiles across all region of interest heights for extreme wind phenomena. The bottom middle plot illustrates the distance function
for our method (Dyop,) and the traditional approach (D). Notably, our method requires computation of only a few distances,
effectively capturing significant wind speed changes over a broad regional scale. Unlike traditional detection, it eliminates the

need for cross-height wind profile comparisons.

ABSTRACT

Extreme wind phenomena play a crucial role in the efficient op-
eration of wind farms for renewable energy generation. However,
existing detection methods are computationally expensive, limited
to specific coordinate. In real-world scenarios, understanding the
occurrence of these phenomena over a large area is essential. There-
fore, there is a significant demand for a fast and accurate approach
to forecast such events. In this paper, we propose a novel method for
detecting wind phenomena using topological analysis, leveraging
the gradient of wind speed or critical points in a topological frame-
work. By extracting topological features from the wind speed profile
within a defined region, we employ topological distance to identify
extreme wind phenomena. Our results demonstrate the effectiveness
of utilizing topological features derived from regional wind speed
profiles. We validate our approach using high-resolution simulations
with the Weather Research and Forecasting model (WRF) over a
month in the US East Coast.

Index Terms: Topological Data Analysis—Situational Awareness—
Visual Analytics—Wind Energy

1 INTRODUCTION

The United States Department of Energy (DOE) has established
a target of achieving 30 GW of installed offshore wind capacity
by 2030, an amount sufficient to power approximately 10 million
homes across the country [13]. Meanwhile, the U.S. East coast cur-
rently harbors sixteen active commercial wind energy sites, each in
various stages of development [4]. Gaining a better understanding
of extreme wind phenomena, specifically Low-Level Jets (LLIJs), is
of paramount importance for the efficient operation and strategic
planning of wind energy systems. LLJs are characterized by strong
and persistent winds occurring within a few hundred meters above
the Earth’s surface. These wind features can possess speeds sig-
nificantly higher than those found in the surrounding atmospheric
layers, making them an essential factor to consider in wind farm
management and design [3,5,11].

Understanding extreme wind phenomena, such as LLIJs, is crucial
due to their impact on wind energy usage, turbine structural integrity,
and noise levels. Accurate detection and prediction of LLJs allows
for optimized operational planning, increased energy production,
and mitigating risks associated with mechanical stress and noise
emissions. Given the significance of LLJs and their impact on wind
energy operations, there is a growing need for accurate detection,
prediction, and understanding of these extreme wind phenomena.
Advanced methodologies and computational techniques that enable



efficient identification and forecasting of LLIJs in large-scale ar-
eas are essential for optimizing wind farm performance, ensuring
turbine structural integrity, and minimizing potential community
impacts. Extensive research efforts are underway to characterize the
frequency, intensity, and regimes of low-level jets (LLJs) over the
United States using the Weather Research and Forecasting (WRF)
model [3,5, 14, 18,27,37]. However, this focus primarily lies in
analyzing the behavior of LLJs across different regions and time
periods, rather than studying the specific detection methods for LLJs.

Recently, Topological Data Analysis (TDA) has emerged as an
effective method for comprehending wind flow [8,28]. TDA [12],
is a powerful tool for extracting and summarizing structural infor-
mation from complex datasets and has proven its efficacy in pro-
viding crucial abstractions of data structures across various fields
[6,7,15,16,22-24,34,35]. Topological descriptors such as per-
sistence diagrams (PDs) play a crucial role in data analysis and
machine learning [1,19,22,31], allowing insights into the structural
information of the data and uncover significant features that might
be overlooked by other techniques.

While topological-guided visualization has been extensively stud-
ied in various fields in a literature review [36], a research gap re-
mains in its application to wind phenomenon detection—a crucial
aspect of renewable energy wind farm operation. This paper focuses
on investigating TDA’s relevance in wind energy. We undertake
a comprehensive exploration of TDA for detecting extreme wind
phenomena, utilizing the generation of a topological representation
of regional wind profiles and calculating their topological distances.
The outcome of our investigations demonstrate that, in contrast to
existing approaches, TDA offers a systematic and reliable means
of comparing wind profiles across different heights and timestamps.
This research represents an important initial step towards applying
TDA in the analysis of wind phenomena for wind energy systems
optimization.

2 BACKGROUND
2.1 WRF Model

The Weather Research and Forecasting model (WRF) is an advanced
numerical weather prediction system extensively utilized in the wind
energy community. It plays a crucial role in quantifying wind re-
sources, generating short-term forecasts, and examining meteoro-
logical characteristics at the mesoscale and boundary-layer scales,
which are vital for analyzing wind speed profiles and wind farm
wake effects [9, 17,29, 33].

The WRF model utilized in this study was initialized using the
European Centre for Medium Range Weather Forecasts Interim Re-
analysis (ERA-Interim) dataset, employing an initial grid spacing of
54 km. To improve spatial resolution, the WRF model incorporated
three internal nested domains, successively refining the resolution
to 18 km, 6 km, and eventually reaching 2 km. The model was run
over multiple years, with output data extracted at 5-minute inter-
vals. At each grid point and time step, the model provides wind
speed values at 14 different heights, ranging from 10m to 260m.
These wind speed profiles play a crucial role in analyzing wind
resources, assessing meteorological features, and evaluating wind
farm performance.

2.2 Identification of Extreme Wind Phenomena

We provide an overview of the identification of extreme wind phe-
nomena. For a detailed description, we refer the reader to [11].

The identification algorithm is applied to 30-minute mean wind
speed profiles. It detects two types of wind speed profiles: monotonic
shear and low-level jet (LLJ) as shown in Figure 2. Both wind speed
profiles are defined as a period of high shear that lasts for 30 minutes
or longer.

LLJ are relevant to wind energy operation, so we initially focus
on their detection. The main characteristic of an LLJ is that the wind
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Figure 2: Example of wind profiles at varying heights during two
specific time steps simulated by the WRF model along the US East
Coast. The blue line represents the low-level jet (LLJ) observed on
5th June 2020, while the orange line corresponds to the monotonic
shear on 2nd June 2020. The blue shallow region highlights the
specific height range of interest (40m to 160m) where extreme wind
phenomena occur. These wind profiles provide valuable insights
into the wind behavior during the selected time periods.

speed increases up to a certain height and then decreases. This type
of profile is of most interest when it resides within a wind turbine’s
operational height, which we consider between 40 - 160 meters. We
use the following LLJ wind profile identification algorithm:

The gradient of wind speed AA—Z is evaluated, and we first test if

it exceeds a predefined threshold value (0.0355*1) within the rotor
layer (which spans from 40 to 160 m, following [11]).

Next, the height of maximum wind speed is determined, which
falls between the second (40 m) and second-to-last (180 m) mea-
surement heights. The wind speed gradient between the bottom of
the rotor and the height of the LLJ nose is compared to the same
threshold value used for monotonic-shear detection (0.035s™ 1 ). Ad-
ditionally, the wind speed drop-off above the LLJ nose must meet
the following minimum requirements:

AU,
1 drop
AUgrop 2 1.5ms™ ", ——— 2 10%,

nose
Here, AUy, represents the wind speed difference between Uy,
and Uypse, and Uy, is the first local minimum in the wind speed
identified above the nose.

2.3 TDA and distance

Drawing from TDA techniques, we model a dataset as a filtration,
a sequence of nested topological spaces. Homology and persistent
homology are then harnessed for both qualitative and quantitative
characterization of these sequences. Homology, involving homology
groups and features akin to generators [26], assigns dimensions,
like dimension zero for connected components, dimension one for
loops, tunnels, and dimension two for voids in R3. On the other
hand, persistent homology measures the homology of the entire
filtration [12]. Each feature f; has a lifespan, with birth time b; and
death time d;, resulting in a persistence point (b;,d;) € R2. The
persistence diagram represents feature changes through birth-death
pairs across the filtration.

In TDA, sublevel set filtration is used to analyze datasets repre-
sented by scalar functions, such as wind speed values at different
locations in our case. The sublevel set at a specific threshold cap-
tures the points in the dataset where the scalar function is less than
or equal to that threshold. By varying the threshold, we obtain a
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Figure 3: Progression of a sub-level set (L; ) of a scalar field for
increasing function values (i), where the function values in our case
represent wind speed. The green feature emerges at the minimum
introduced at 2 and ceases to exist when it merges with a preexisting
feature (shown in purple) at 5. The birth and death of the green
feature are represented as a point in the O-dimension persistence dia-
gram, denoted as (2,5). The persistence of this feature is calculated
as the difference between its birth and death values (i.e., 5 —2 = 3).

sequence of nested sublevel sets, providing a hierarchical representa-
tion of the dataset and revealing the evolution of topological features.
Each feature has a birth time, indicating when it appears, and a death
time, indicating when it disappears with other features.

As we increase the threshold value in constructing the sublevel
sets, their sizes generally decrease. However, at a certain point, the
sublevel set becomes empty, indicating that all points in the dataset
have scalar function values greater than the threshold. This empty
sublevel set is referred to as the sublevel set at infinity, representing
the behavior of the scalar function beyond its maximum value. Fig-
ure 3 shows the persistence diagram encodes the topological feature
changes that occur throughout the sublevel set filtration process for
the scalar field.

The Wasserstein distance measures the dissimilarity between two
persistence diagrams by optimizing a matching and summing of
the distances between matched points (M) and point-to-diagonal
distances for unmatched points (M¢). The one-Wasserstein distance
(W1) with ¢ = 1 is commonly used in applications and is our focus
in this work [2,19]. These diagrams exhibit Lipschitz stability,
meaning they are resistant to slight perturbations or noise in the data
[10]. This stability allows us to consider diagrams that are close in
distance as topologically similar. The Wasserstein distance between
persistence diagrams (p1, p2) is defined as:

Wasserstein Distance: Letting 2 denote the collection of all
diagrams, the g-Wasserstein distance d;: 2 x Z — R is defined by

1/q
. 1
dq(plvpz) ::n}‘}n< Z Ha7b||f>lo+F Z |axay|q> )

(a,b)eM aeM¢

where M ranges over all matchings between persistence diagrams
p1 and p;, and M€ is the set of persistence points in p; U p; that do
not appear in the matching M; see [10,20,21,25] for more detailed
information.

3 METHOD

In this paper, we propose a topological guided method for the detec-
tion of extreme wind phenomena in large-scale regions. Our method
consists of three steps: data acquisition, generating topological rep-
resentations of the wind profile, and calculating the topological
distance.

We first acquire wind profile data from the WRF model for a one-
month time window in June, as previous studies have indicated that
most extreme wind events occur during the summer in our region of
interest [4,11]. We then merge the wind profile data from 5-minute
time steps into 30-minute intervals using the mean wind speed, since

the extreme wind phenomena lasting for at least 30 minutes are
considered relevant for wind farm operation [11]. The region of
interest for the wind profile is sampled based on recent research
highlighting the significance of the US East Coast [5], which is
projected to contribute nearly 3% of the national electricity demand

[3].

Data Sampling: The wind speed data we analyzed is in the
form of spatial-temporal data, covering various heights. Specifically,
it encompasses the latitude range of 39.55°N to 40.00°N and the
longitude range of 72.00°W to 73.43°W. This area is represented
by a grid composed of 98 units, ensuring extensive data coverage.
The analysis period spans from June 1st, 2020 to June 30th, 2020.
Wind speeds were measured at different heights, ranging from 10
meters to 260 meters above the ground. This height range is cru-
cial for capturing the vertical variations in wind speed. Moreover,
measurements were taken at 20-meter intervals, guaranteeing a de-
tailed depiction of wind patterns across these heights. This concise
overview establishes the geographical, temporal, and measurement
parameters that provide the context for subsequent data analysis and
outcomes.

To achieve accurate detection of extreme wind phenomena at this
large scale, we first utilize the sub-level set filtration function to
extract the topological representation of the regional wind profile.
‘We use the 0-dimensional topological features in our experiments,
which correspond to changes in wind profile for critical point across
the entire region. As illustrated in Figure 3, the topological represen-
tation is a persistence diagram, where the coordinates (X, y) indicate
the birth and death of each topological feature.

In our proposed method, since we use the presistence diagrams to
represent the wind profiles, thus, we compare their similarity using
the topological distance between persistence diagrams to detect
the extreme wind phenomena, instead of directly comparing wind
profiles at different heights. We use Wasserstein distance, to compare
the similarity between persistence diagrams, the details on how to
calculate this distance are explained in Section 2.

To evaluate the effectiveness of our proposed method, we conduct
a direct comparison of wind profiles at different heights, which is the
typical functional distance. Specifically, we calculate the Euclidean
distance for the regional wind profiles at these different heights.

Experiment Details: The wind profile data used in this study
was obtained from the WRF model. The data encompasses various
parameters, including wind speed, direction, and other relevant
measurements, collected from a one-month time window in June
2020 over the US East Coast. To ensure the reliability and accuracy
of the data, pre-processing and quality control procedures were
applied. Missing or erroneous data points were carefully addressed
or removed to maintain the integrity of the dataset. The final dataset
consisted of 1,440 30-minute wind profiles.

All experiments were run using the Eagle HPC environment,
which is a high-performance computing cluster at NREL. The NREL
‘Wind Toolkit was used to process the wind profile data. The wind
profile data is from WRF model. The distance calculation was
performed using MPI parallel computation, which allowed the ex-
periments to be run efficiently on the Eagle cluster.

We used Gitto-tda for sub-level set filtration function. This func-
tion creates a topological representation of the wind profile by iden-
tifying the connected components of the wind speed field. The
0-dimensional topological features have been used in our test, which
correspond to the birth and death of connected components in the
wind speed field. The infinity death time was removed from the
persistence diagrams, as it is not as informative as the features with
defined birth and death times.

4 RESULT

In this section, we demonstrate LLJ detection results for the chosen
region and time using the algorithm from [11]. We present identi-
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Figure 4: Comparison of Distance Results. The orange line denotes the topological distance derived from the regional wind speed’s topological
representation, while the blue line represents the functional distance of the regional wind speed. Both distances are computed for two adjacent
heights, as indicated by the blue circle points. Red timestamps in each plot highlight extreme wind phenomena. All heights remain within
the range defined by the lowest and highest height criteria for extreme wind events. Notably, across various heights, our proposed detection
method consistently identifies the LLJ event, as indicated by the red arrow.

fied LLJs for comparison and evaluation. Furthermore, we create
the topological representation of the region, facilitating calculation
of topological and functional distances at different heights. This
analysis assesses the efficacy of our proposed method in detecting
extreme wind phenomena.

Figure 2 illustrates wind profiles at different time steps across all
heights. Within the one-month window in June, a LLJ event occurred
on 5th June 2020, observed in a single cell located at coordinates
39.97° N, 72.72° W. Based on this result, we expanded the grid size
to 98 cells using the previous coordinates.

Within the expanded grid, we generated the corresponding topo-
logical representation for each cell at each time step and height,
followed by the calculation of its topological distance. Comparing
the topological distances to the functional distances between the
entire grid directly, Figure 4 demonstrates that topological distance
can successfully detect extreme wind phenomena even with wind
profiles from two different heights while the functional distance
cannot. Furthermore, the topological distance consistently produces
stable detection results with wind profiles at different heights. These
findings support our hypothesis that the topological representation
is more effective in encoding critical wind speed information than
the traditional functional distance method.

In summary, both topological and functional distances compute
the similarity of wind profiles. The topological distance captures
topological relationships between wind profile cells, while the func-
tional distance relies on their functional relationships. Our findings
reveal the topological distance’s superiority in detecting extreme
wind phenomena due to its ability to capture distinctive long-range
wind speed patterns characteristic of such events.

5 DISCUSSION

The proposed topological guided detection method provides a pre-
liminary result demonstrating its promising applications in wind
energy. While this work has been tested on a single dataset, its

fast and accurate nature enables timely detection of extreme wind
phenomena over large areas, thus optimizing wind farm operations
and planning. The efficiency of the method can be further enhanced
through fast topology distance comparison [30]. Further research
is required to validate the effectiveness and generalizability of this
approach across diverse datasets and regions. Moreover, integrating
the method with super-resolution generative adversarial network
(GAN) models [32] has the potential to improve wind flow simu-
lations by replacing or supplementing computationally expensive
WRF models.

Our subsequent task involves mapping the persistence diagram
onto the original wind scale field, facilitating the visualization of
these extreme phenomena. Such visualization aids wind researchers
in conducting faster and more intuitive analyses, enhancing their
ability to detect wind phenomena effectively. Additionally, the
method’s efficiency paves the way for the development of visual
analytics systems in wind energy, facilitating real-time analysis and
visualization of wind events to enhance decision-making in wind
farm operations.

6 CONCLUSION

Extreme wind phenomena like LLJ events hold significant impor-
tance in wind energy due to their distinct attributes, including con-
centrated high-speed winds and vertical wind shear. These charac-
teristics notably enhance energy production potential and turbine
performance. Our study supports the hypothesis that the topologi-
cal representation outperforms traditional methods in encoding LLJ
events, owed to its capability to capture the characteristic long-range
wind speed patterns. This approach has the potential to advance
LLJ detection accuracy and deepen comprehension of factors driv-
ing extreme wind phenomena. The optimization of turbine blade
positioning and usage contributes to heightened energy capture and
overall turbine efficiency.
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