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Abstract: We present a proof of concept of wind turbine wake identification and characterization
using a region-based convolutional neural network (CNN) applied to lidar arc scan images taken at a
wind farm in complex terrain. We show that the CNN successfully identifies and characterizes wakes
in scans with varying resolutions and geometries, and can capture wake characteristics in spatially
heterogeneous fields resulting from data quality control procedures and complex background flow
fields. The geometry, spatial extent and locations of wakes and wake fragments exhibit close accord
with results from visual inspection. The model exhibits a 95% success rate in identifying wakes
when they are present in scans and characterizing their shape. To test model robustness to varying
image quality, we reduced the scan density to half the original resolution through down-sampling
range gates. This causes a reduction in skill, yet 92% of wakes are still successfully identified. When
grouping scans by meteorological conditions and utilizing the CNN for wake characterization under
full and half resolution, wake characteristics are consistent with a priori expectations for wake
behavior in different inflow and stability conditions.

Keywords: convolutional neural network; wind turbine wakes; lidar; image processing; wake
characterization; complex terrain

1. Introduction

Wind turbine wakes are turbulent low-velocity flow structures that interact with
downstream turbines, decreasing the inflow speed and turbine performance while increas-
ing the blade fatigue [1–4]. Knowledge of wake trajectory, geometry and orientation is
pertinent to power production and fatigue analyses. However, there is uncertainty in
both identifying wakes and defining wake metrics. Wake identification and characteri-
zation methods have been introduced to quantify the behavior of wakes and applied to
simulation outputs and measurements over flat terrain [5,6]. Even under these relatively
simple datasets, methodologies still exhibit difficulties in distinguishing the wind turbine
wake from local turbulent flows, particularly at distances far behind the rotor [7]. Further,
variations in the local orography in and around wind farms enhance turbulence and flow
complexity, thus rendering wind turbine wake identification, characterization and tracking
more difficult [8].

Methods to identify wakes from remote sensing (e.g., lidar) data commonly depend on
the availability of information, such as the wind turbine rotor diameter, free-stream wind
speed, atmospheric stability, scan resolution and geometry [9,10]. Many wake detection
methods approximate the location and area of the wake’s center through fitting Gaussian
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curves to line-of-sight (LOS) velocity deficits, implementing contour-based methods utiliz-
ing momentum flux or a velocity deficit and using the turbulence profile method [5,11,12].

Wake detection methods in complex terrain have been implemented with varying de-
grees of success, and focus on identifying the wake center for a single wind turbine [13,14].
An automated wake detection method was proposed to identify the wake centerline from
lidar measurements in complex terrain by using knowledge of the turbine’s location and
flow-field anomalies [8]. A second dynamic model for wake identification and charac-
terization in complex terrain using lidar measurements identified the wake centerline
from a single wind turbine using a wake velocity deficit and dynamic wake meandering
models [15].

Although identifying the wake centerline of a single wind turbine is pertinent to
understanding the propagation of wakes downstream in complex terrain, there remains a
need for automated (scan campaigns often result in thousands of scans that require process-
ing) holistic wake identification and characterization methods that can be implemented
independently of varying experimental parameters and applied to flow fields with any
number of wind turbine wakes. Furthermore, a method that can track the entirety of the
wake (as well as partial wakes), including its exact shape as it forms and dissipates, is
necessary to progress toward an enhanced understanding of wind turbine wake dynamics
in complex terrain. Previously proposed methods exhibit a relatively high fidelity for identi-
fying well-defined single wakes, but lack skill in identifying and characterizing asymmetric
(skewed) or partial wakes resulting from turbulence or intentional wake steering. As many
wake identification methods employ assumptions about the wake shape (e.g., Gaussian
distributions), behavior of the wake center (e.g., maximum velocity deficit method) and
definition of wake edges (e.g., assuming the wake diameter is equal to the rotor diameter),
a model that can operate independently of these assumptions is pertinent to a broader
range of datasets and applications.

Machine-learning techniques are adept at modeling, learning and predicting patterns
from data [16,17], and are being used for applications such as wind plant power output
prediction, wind resource prediction and even wake modeling [18–22]. Neural networks
are machine-learning models that iteratively learn and assign meaning to patterns in input
data through a series of neurons (also known as nodes) arranged in layers [23–25]. They
have been demonstrated to be effective in interpreting multiple types of inputs, including
sound, images and raw numerical data [26–28], and provide an ideal tool for understanding
and interpreting the complexities and patterns in wind turbine wake flows in complex
terrain [29]. Neural networks have the potential to address multiple common issues in
wind turbine wake characterization and identification in complex terrain: simultaneously
identifying the exact wake structures and characteristics of multiple wind turbine wakes;
distinguishing flow-field turbulent structures generated by wakes from those embedded
in the background atmospheric flow; identifying turbulent wake dissipation; and even
locating wakes in lidar data that wind up incomplete or limited in spatial resolution after
filtering for a low signal-to-noise (SNR) or carrier-to-noise ratio (CNR).

Although there are many forms of neural networks available, this work focuses on
implementing a convolutional neural network (CNN). CNNs are commonly used for
image processing and object detection or instance segmentation [30,31]. A CNN can
analyze input images and identify objects based on their type, quantity, location and
size. CNNs have been trained on datasets of varying complexity and have accurately
performed complex tasks, such as detecting ships from synthetic aperture radar scans
and identifying fish species from images [32,33]. Although CNN models continue to
grow in complexity and capability, recent developments in these models have improved
their computational time [34]. Traditional CNN models struggled with or were unable to
detect multiple instances of objects within an image until the development of a region-
based CNN (R-CNN) [35]. From R-CNN, Mask R-CNN was developed to output image
segmentation masks for multiple instances of objects within an image [36]. In this context,
a mask is a binary pixel matrix representing the exact location and size of detected objects.
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Mask R-CNN has been shown to identify and characterize objects in remote-sensing data
robustly and successfully, such as identifying buildings from satellite imagery and mapping
topographic features captured with lidar data [37,38]. As a result of its computational
efficiency and accuracy in object segmentation and classification, the Mask R-CNN is a
robust option for identifying and characterizing wind turbine wakes in complex terrain.

The objective of this research is to implement and evaluate a Mask R-CNN for wake
identification and characterization using lidar data collected in complex terrain. The
primary objectives of this proof of concept are to quantify the skill with which the CNN
can: (i) identify multiple wind turbine wakes simultaneously from a variety of scan
orientations (flow field quadrant, elevation angle, range coverage and resolution, time of
day), (ii) characterize wake shapes as the wakes form and dissipate in the flow field and
(iii) identify wakes even if they are obscured by missing data points. All objectives are
evaluated over a range of wind turbine layout geometries (single and multiple rows of
turbines and/or individual turbines).

2. Materials and Methods
2.1. Measurement Campaign

The lidar data used for this work were collected at a wind farm in the Pacific Northwest
during a six-month period from July 2018–December 2018 (inclusive), using a WINDCUBE
100s Doppler wind lidar from Leosphere (described in further detail in [39]). For a majority
of the scans in the campaign, the lidar returned line-of-sight velocities at a range gate
resolution of 50 m. Scans were collected at varying azimuth and elevation angles relative to
the lidar (elevation angles spanning from approximately 0◦ to upwards of 60◦). The wind
farm contains wind turbines that have hub heights (HH) of 80 m and rotor diameters (D) of
90 m. The campaign produced around 13,000 scans collectively. The analysis here focuses
on arc scans only when wakes were present.

The campaign focused on flow into and downwind of a set of nine wind turbines:
three to the northwest of the lidar and six to the southwest (Figure 1a). Often, wakes from
two rows of turbines to the southeast and southwest of the lidar are visible, giving the
opportunity to evaluate the algorithm’s performance when multiple wakes and rows of
wakes are present (Figure 1a).
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(pink) and all turbines captured (white). The lidar location is indicated by the cyan diamond. (b) 
Regions A, B, C and D (shown as dotted areas) are utilized to illustrate model performance in the 
results section. Note that Region D (lavender) is within Region A. Regions do not represent coverage 
of a single scan; rather, scans as displayed by each region are unique and collected at different times 
in July and September. 

2.2. Lidar Scan Filtering, Classification and Quality Control 
Hub-height wind speed and direction during the scans are estimated as the mean 

values from supervisory control and data acquisition (SCADA) measurements obtained 
with cup anemometers and wind vanes on the nacelles of three of the target wind turbines. 
The data are conditionally sampled to select periods when the lidar was operating in arc 
scan configuration, and the HH wind speed (U) and direction are consistent with wake 
generation and propagation from the wind turbines deployed: 3 m sିଵ ≤ 𝑈 ≤ 25 m sିଵ 229° ≤ 𝑊𝑖𝑛𝑑 𝑑𝑖𝑟. ≤ 346° 
A total of 3307 scans meet these criteria for wind direction, wind speed and arc scan clas-
sification (around 25% of scans). Much of the rotational speed for the arc scans was kept 
constant at 1°/s, meaning that the lidar rotated one degree per second while moving 
through its scanning arc. Further, angular resolutions were kept consistent at 1°. 
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Figure 1. (a) Elevation map (colored contours show elevation) of scanning site with target turbines
(pink) and all turbines captured (white). The lidar location is indicated by the cyan diamond.
(b) Regions A, B, C and D (shown as dotted areas) are utilized to illustrate model performance in the
results section. Note that Region D (lavender) is within Region A. Regions do not represent coverage
of a single scan; rather, scans as displayed by each region are unique and collected at different times
in July and September.

2.2. Lidar Scan Filtering, Classification and Quality Control

Hub-height wind speed and direction during the scans are estimated as the mean
values from supervisory control and data acquisition (SCADA) measurements obtained
with cup anemometers and wind vanes on the nacelles of three of the target wind turbines.
The data are conditionally sampled to select periods when the lidar was operating in arc
scan configuration, and the HH wind speed (U) and direction are consistent with wake
generation and propagation from the wind turbines deployed:

3 m s−1 ≤ U ≤ 25 m s−1

229◦ ≤ Wind dir. ≤ 346◦

A total of 3307 scans meet these criteria for wind direction, wind speed and arc scan
classification (around 25% of scans). Much of the rotational speed for the arc scans was
kept constant at 1◦/s, meaning that the lidar rotated one degree per second while moving
through its scanning arc. Further, angular resolutions were kept consistent at 1◦.

Radial velocity values are then filtered to remove values with high measurement
uncertainty and include only those where:

− 5 dB ≤ CNR ≤ 25 dB

2.3. Scan Preparation for CNN Training and Testing

Horizontal wind components in a cartesian coordinate system (u0, v0) for each scan
are estimated from radial (i.e., line-of-sight) velocity measurements (Vr) under the assump-
tions that the projection of the vertical wind speed is zero and the flow field is relatively
homogeneous. This method to reconstruct the horizontal wind field has been widely used
and validated in previous studies, including a study that evaluated wind turbine wake
characteristics from lidar scans taken near an escarpment [6,40]. u0 and v0 are related to the
radial velocity measurements (Vr) through elevation (∅) and azimuth (θ) angles as follows:

Vr = u0cos(∅) sin(θ) + v0cos(∅) cos(θ) (1)
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Through least squares linear regression, values for u0 and v0 per scan and estimated
wind direction α (note that this is not local wind direction, as a single wind direction value
is obtained per scan) are derived [40]:

Vr M

Vr1
Vr2
Vr3

.

.

.
Vrn


=



sin(θ1) cos(∅1) cos(θ1) cos(∅1)
sin(θ2) cos(∅2) cos(θ2) cos(∅2)
sin(θ3) cos(∅3) cos(θ3) cos(∅3)

. .

. .

. .
sin(θn) cos(∅n) cos(θn) cos(∅n)


(

u0
v0

)
(2)

V = inv
(

MTM
)

MTVr (3)

α = atan
(

v0

u0

)
(4)

The horizontal wind speed at each scanned volume relative to the lidar coordinate
system is given by:

VH =
Vr

cos(∅) cos
(
α − π

2 − θ
) (5)

Reconstruction of the scan flow field enhances the visibility of the wind turbine wakes
(Figure 2a,b) that are further clarified by normalizing the entire flow field by the mean
wind speed. A high-contrast colormap is then applied to the normalized flow field velocity
to isolate all regions of low-velocity flow and to visually homogenize all other freestream
velocities (Figure 2c).
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Figure 2. Example visualization of the flow field reconstruction: (a) radial wind speed (i.e., LOS
velocity) as measured by the lidar; (b) transformation to estimated horizontal wind speed; and
(c) normalization through estimated bulk wind speed per scan. Northing and easting distances in
(a–c) are calculated relative to the lidar position. Data are for 3 November 2018, 04:58 UTC, elevation
angle ∅ = 3◦, azimuth angle θ ε [200◦, 240◦], azimuthal resolution 1◦, range gate 50 m, 40 s scan time.
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To train the CNN on the simplest representation of the data, scan images are input
into the model as an array of RGB pixels (Figure 3). Due to the fact that each scan image
is cropped at known maximum and minimum northing and easting values, a conversion
between pixels and meters (relative to the lidar) is possible. Thus, the model returns masks
(a binary pixel array) for identified wakes, and the shape and relative location (in meters)
of the wakes in the flow field are known. In this work, scan image dimensions are kept
constant at 217 (width, south-north) by 334 (length, east-west) pixels. Any velocity values
removed from the scan due to CNR filtering (e.g., hard-target returns at the wind turbine
locations) are represented in black and remain in the scan images. Leaving filtered regions
in the scans preserves the original scan geometry and ensures that a wide variety of scan
geometries and aspect ratios are introduced to the model during training.
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Figure 3. Example of training scan collected under easterly flow. Missing velocity measurements as
assessed by carrier-to-noise ratio (CNR) values are shown in black. Data captured on 30 July 2018,
04:38 UTC, elevation angle ∅ = 1.5◦, azimuth angle θ ε [180◦, 270◦], azimuthal resolution 1◦, range
gate 50 m, 120 s scan time. Scan image dimensions are 217 (width) by 334 (length) pixels.

2.4. The Proof-of-Concept Dataset: Methodology

Out of the 3307 available arc scans, we selected a subset of 354 to design a proof-of-
concept dataset. The sub-selection was based on the following objective criteria:

1. Wakes cannot mix with each other, i.e., all wakes must be distinct;
2. Wakes mut be distinct from local flow features (i.e., edges must be detectable amid

local turbulent structures).

Scans were subject to both criteria through visual inspection. The majority of rejected
scans exhibited discernible wakes, but displayed wake mixing and thus violated criterion
(1). Cases in which CNR filtering obscured the wake shape were included in the dataset to
evaluate the model’s efficacy in identifying wakes in regions of low-quality measurements.
The 354-scan dataset was split into three subsets: two-thirds of the scans were selected
for the training subset, whereas the remaining one-third was split evenly between the
validation subset and testing subset. Although 354 scans represent approximately 10%
of the original arc scan subset, there are over 1000 instances of wakes within these scans.
Further, many arc scans were disqualified from inclusion in the proof-of-concept dataset,
since they were taken at high elevation angles to survey the atmospheric conditions during
scan collection time, and thus did not exhibit wakes. Wakes are visible in all scans in the
proof-of-concept dataset; due to the methodology of Mask R-CNN (proposes regions of
interest within the images; if there are no regions of interest, Mask R-CNN will identify
no objects), there is no need to train the model on scan images without wakes. The model
was trained using the training subset, and the validation subset was utilized to ensure the
model is not overfit or underfit during training. The model was then evaluated using the
independent testing subset. Subset scans encompassed a wide variety of scan geometries
and parameters (Figure 4).



Remote Sens. 2021, 13, 4438 7 of 20

Remote Sens. 2021, 13, x FOR PEER REVIEW 7 of 22 
 

 

2.4. The Proof-of-Concept Dataset: Methodology 
Out of the 3307 available arc scans, we selected a subset of 354 to design a proof-of-

concept dataset. The sub-selection was based on the following objective criteria: 
1. Wakes cannot mix with each other, i.e., all wakes must be distinct; 
2. Wakes mut be distinct from local flow features (i.e., edges must be detectable amid 

local turbulent structures). 
Scans were subject to both criteria through visual inspection. The majority of rejected 

scans exhibited discernible wakes, but displayed wake mixing and thus violated criterion 
(1). Cases in which CNR filtering obscured the wake shape were included in the dataset 
to evaluate the model’s efficacy in identifying wakes in regions of low-quality measure-
ments. The 354-scan dataset was split into three subsets: two-thirds of the scans were se-
lected for the training subset, whereas the remaining one-third was split evenly between 
the validation subset and testing subset. Although 354 scans represent approximately 10% 
of the original arc scan subset, there are over 1000 instances of wakes within these scans. 
Further, many arc scans were disqualified from inclusion in the proof-of-concept dataset, 
since they were taken at high elevation angles to survey the atmospheric conditions dur-
ing scan collection time, and thus did not exhibit wakes. Wakes are visible in all scans in 
the proof-of-concept dataset; due to the methodology of Mask R-CNN (proposes regions 
of interest within the images; if there are no regions of interest, Mask R-CNN will identify 
no objects), there is no need to train the model on scan images without wakes. The model 
was trained using the training subset, and the validation subset was utilized to ensure the 
model is not overfit or underfit during training. The model was then evaluated using the 
independent testing subset. Subset scans encompassed a wide variety of scan geometries 
and parameters (Figure 4). 

 
Figure 4. Cumulative density functions for scan parameters: (a) azimuth and (b) elevation angles, (c) range gate and (d) 
maximum range per LOS for all scans included in each subset of the selected scans (training, testing, validation). 
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scans (training, testing, validation).

The model evaluation metrics in Section 3 rely on the following objective definition of
wakes and wake fragments (dissipated wakes) (Figure 5). Wakes are defined as the first
instance of low velocity flow emanating from a known turbine location. Wake fragments are
defined as any background low-speed turbulent structures parallel to known wakes in the
scan or collinear with wakes emanating from known turbine locations.

The wide variety of azimuth angles encompassed by scans in the subsets result
in a high coverage of the flow field; wakes were captured from each turbine depicted
in Figure 1. These scans collectively include nearly 1500 instances of wakes and wake
fragments and nearly 1000 hard-target returns attributed to turbines obstructing the flow
field i.e., two classes (types of objects). Both class annotations are depicted in Figure 5.
All data subsets (testing, validation, training) frequently included multiple wake or wake
fragment instances per scan. Depending on the arc scan region (i.e., A, B, C or D), a single
scan can cover between 2 (Region D) and 10 wakes (Region B).

2.5. About Mask R-CNN: CNN Model, Backbone, and Training Configurations

Mask R-CNN detects and segments (per-pixel object identification) instances of objects
within images (network architecture is discussed in [36]). An extension of Faster R-CNN,
Mask R-CNN takes inputs of images and their annotations and outputs predictions for
object classifications, bounding boxes, confidence in predictions and segmentation masks
(thus, segmentation masks represent the entire shape of the object, pixel-by-pixel, as
predicted by the CNN) [41,42]. Mask R-CNN operates broadly as follows: the network’s
region proposal network (RPN) identifies regions of interest and proposes bounding boxes
for identifiable objects within the image. Following this, bounding boxes are refined and
the network predicts the object class probabilistically while producing binary pixel masks
for regions of interest. Through this process, the image is input through multiple unique
layers that process and understand the input, such as convolutional layers (applying a filter
to input arrays to create feature maps) and pooling layers (reducing the dimensionality
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of input data). The final CNN output contains bounding boxes and binary masks of the
original input dimensions in pixels for each object detected.
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Figure 5. (a) Area covered by the scan depicted in (b,c), showing the target (magenta) and captured
(white) turbines and the lidar location (cyan diamond); (b) scan flow field values normalized by the
calculated bulk wind velocity per scan; (c) example of annotations for wakes and wake fragments
(green) and wind turbines (red) in a training scan. Scan parameters: arc scan, captured on 3 July 2018,
01:10 UTC, elevation angle ∅ = 1.5◦, azimuth angle θ ε [290◦, 345◦], azimuthal resolution 1◦, range
gate 50 m, 55 s accumulation time.

Improvements to the RPN used here include implementation of a feature pyramid
network (FPN) as the network backbone [43] (thus, the FPN is integrated into the CNN
prediction process). The FPN extracts feature maps from images through a series of convo-
lutional layers and inputs those feature maps to the CNN’s RPN. With a FPN backbone,
features are extracted from images with better accuracy and efficiency, with particular
robustness in identifying features of varying sizes. Utilization of a FPN backbone results
in higher object detection and instance segmentation accuracy than when a backbone
is not employed; thus, this work explores the implementation of the ResNet-101 FPN
backbone utilized in tandem with Mask R-CNN when detecting and segmenting wakes in
scans. We chose the ResNet-101 FPN because of its high accuracy and efficiency in instance
segmentation when compared to other backbones [43].

Model weights were initialized with weights from the same Mask R-CNN model with
a ResNet-101 FPN backbone trained on the COCO dataset [44] through transfer learning
(initializing a model’s weights with weights produced from pre-training the model on
a different dataset). Transfer learning has been shown to improve model accuracy and
reduce training time [45,46].

Prior to application of the CNN, all 354 scan images (each with multiple instances of
wakes/wake fragments; approximately 1000 wakes in total are included in the dataset)
were manually annotated for wakes and wake fragments, and the resulting annotations
were utilized in each step of the CNN implementation process: training input, validation
input (to reduce over or underfitting) and model accuracy evaluation for the testing subset.
Figures 5 and 6 give examples of training annotations, with wakes and wake fragments
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annotated in green, and visible flow disturbances resulting from the presence of turbines
annotated in red. Wakes and wake fragments with obscured velocity data because of CNR
filtering are subjectively annotated in order to produce a coherent wake mask (Figure 6).
Through this annotation methodology, the CNN was trained to identify wakes and to
output their geometries when wakes are present but obscured by missing data, as is
common for arc scans that utilize large azimuth ranges to capture multiple rows of turbines
(as seen in Figure 6).
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Figure 6. (a) Area covered by the scan depicted in (b,c), showing the target (magenta) and captured
(white) turbines and the lidar location (cyan diamond); (b) scan flow field values normalized by
the calculated bulk wind velocity per scan; (c) example of the annotation of obscured wakes as a
result of quality control procedures. Scan parameters: arc scan, captured on 3 July 2018, 11:41 UTC,
elevation angle ∅ = 1.0◦, azimuth angle θ ε [98◦, 160◦], azimuthal resolution 1◦, range gate 50 m, 62 s
scan time.

CNN parameters were optimized through error minimization in the training subset
and then evaluated for overfitting using the validation subset. The testing subset was
repeatedly presented to the CNN (i.e., there are a number of iterations) and the results were
used diagnostically in training(i.e., the reduction in error (loss) as the model learns the
patterns through iteration). Loss indicates the fidelity of the model’s object identifications;
if a model identifies/segments an object perfectly, the loss is zero. Mask R-CNN specifically
assesses loss for object classification (deciding what the objects are, and classifying them as
turbine or wake), object localization (drawing a bounding box around objects in the image
to identify their location within the image) and instance segmentation (returning per-pixel
segmentation masks for each object detected in the image). Further, Mask R-CNN assesses
loss within the RPN for object classification and localization. These losses were summed
to calculate total loss as the model trained. The validation dataset can be assessed for
model performance alongside the training set when making predictions for a dataset it has
never seen. Thus, if the validation set loss levels out or increases while the training set loss
continues to decrease, the model is likely overfitting to the data. The validation vs. training
loss curve for the model indicates that, for the training configuration employed, around
3000 iterations (the steps at which the neural network updates its weights after learning
from training images) are adequate for avoiding overfitting while producing accurate



Remote Sens. 2021, 13, 4438 10 of 20

results (Figure 7). The training batch size was kept at 2 images per iteration. Utilizing a
graphics processing unit (GPU), computational time for processing each scan image in the
validation subset varied from around 0.2–0.7 s, depending on the GPU utilized.
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Figure 7. Example model diagnostic showing the validation and training loss curves as a function of
model iterations. The training loss curve shows the rate of model learning as a function of the number
of learning cycles (iterations). High loss values indicate higher classification and identification errors.
The validation–loss curve highlights the generalizability of the model (indicating extent of overfit or
underfit to the dataset when training).

After the CNN was trained on the training and validation subsets of scans and the
loss curve was analyzed for model quality, the testing subset was input into the CNN to
evaluate its ability to correctly identify and characterize wakes and wake shapes. The
testing subset was subject to visual inspection and annotated to provide a measure of
ground truth. After the CNN identified wakes and output masks for each, masks were
compared to ground truth annotations to obtain model accuracy metrics.

2.6. Model Accuracy Metrics and Criteria

The testing dataset comprised 59 scan images chosen at random that contained approx-
imately 300 instances in total of wakes and wake fragments. Model success is dependent
on both wake characterization and wake identification success when compared to subjec-
tive annotation. Areas of intersection (in pixels) of masks and subjective annotations are
denoted as the intersection over union (IoU). Thus, each wake mask output by the CNN
was associated with a unique IoU value when compared to subjective annotation. For the
proof of concept, the IoU needed for a successful wake mask was 0.6 or greater (60% of
the CNN mask’s area in pixels intersects the subjectively annotated wake’s area in pixels,
Table 1).

Table 1. Criteria for success and failure when evaluating wake mask results from the convolutional neural network (CNN).

Success Failure Modes

Wake/wake fragment is correctly identified and shape of wake/wake
fragment is adequately masked (≥0.6 intersection over union [IoU]).

(1) Wake/wake fragment shape is displaced relative to ground truth
(<0.6 IoU).
(2) Wake/wake fragment is undetected (false negative).
(3) Wake/wake fragment is identified as present when it is not present
(false positive).

Wakes with obscured shapes because of CNR filtering were evaluated separately
with the same criteria for failure and success. Successes and failures were calculated per
unique wake, and thus each scan can produce multiple instances of successes and failures,



Remote Sens. 2021, 13, 4438 11 of 20

depending on the number of wakes and masks observed. All success rates were calculated
through the following expression:

Success Rate =

(
1 − failure

success

)
Occasionally, wake masks returned by the model identify nested wakes, which occur

when one wake mask is within another. Seven percent of wake masks returned for the
full resolution testing set contained nested masks. Nested model predictions for bounding
boxes and masks are commonly seen in image processing applications and can be mit-
igated through adjusting parameters during training (such as adjusting non-maximum
suppression parameters [47]). For this use case, it is possible that a small number of nested
predicted wakes were unavoidable because of the nature of velocity contours and the coarse
spatial resolution of the scans. Further, when analyzing the nested wakes subjectively,
their aggregated mask was often sufficient when identifying the wake and wake fragment
geometries. Consequently, nested wakes are treated as single entities herein and counted
in only one IoU estimation.

2.7. Sensitivity to Scan Resolution and Flow Conditions

As lidar technology evolves and scan resolutions vary per campaign, it is pertinent
to examine how the model, and the subsequent wake characteristics, are affected when
applied to lower resolution scans. To assess the model’s performance under a variation in
range gate resolution, each of the radial velocity fields in each scan in the testing dataset
was down-sampled such that every other value was removed, reducing the range gate
resolution from 50 m to 100 m. Wake characteristics were then calculated for down-sampled
scans and compared to full resolution scans.

As wake geometries are dependent on atmospheric conditions and flow field velocities,
variations in wake characteristics and model accuracy were assessed by classifying the
atmospheric conditions under which each scan was performed (Table 2). Scans were
defined as “low” wind speed if the median horizontal wind speed is <9 ms−1 in the
59 testing scans. Scans captured during lower velocity conditions result in higher thrust
coefficients, which yield relatively larger magnitude wakes. In addition, lower velocities
are most often associated with higher turbulence intensities [48]. Scans performed during
the daytime (8 a.m.–8 p.m., local time) are placed into a class of unstable stratification.

Table 2. Atmospheric classes used in the analysis of varying scan resolution on wake characteristics.

Class Atmospheric Stability Indicator (Time of Day in Local Time) Wind Speed Bracket (Classified by Scan Bulk Wind Speed, V)

I Nighttime Low

II Daytime Low

III Nighttime High

IV Daytime High

After wakes and wake fragments in each atmospheric class were identified for both
scan image resolutions (full, half) based on the threshold for IoU, three wake characteristics
were analyzed: asymmetry, length and width. These metrics are defined below, and depend
on the characterization of the wake or wake fragment’s skeleton, which is otherwise known
as the medial axis of the object. The skeleton (the mathematical process to calculate the
skeleton is described in detail in [49]) is a simplified shape representation used often in
image processing applications and is utilized herein as an approximation for the geometric
wake centerline (Figure 8).
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Figure 8. (a) Scan example; (b) wake skeletons (medial axes) for wakes and wake fragments present
in the scan (red). Scan colored by flow field horizontal velocities (VH) normalized by calculated bulk
wind speed (V). Scan parameters: arc scan, captured on 11 September 2018, 02:57 UTC, elevation angle
∅ = 3.5◦, azimuth angle θ ε [290◦, 345◦], azimuthal resolution 1◦, range gate 50 m, 55 s scan time.

Width: In this analysis, wakes propagate along an approximate west–east axis, so an
approximation of the mean wake width (perpendicular to the skeleton) was computed as
the sum of the number of pixels in the y-direction (south-north) that are enclosed by the
wake boundary at a given point along the skeleton divided by the total number of points
along the skeleton;

Asymmetry: After the wake/wake fragment’s skeleton was identified, the pixels
above and below the skeleton (in the north–south [y] direction) were projected to two
histograms, where each bin represents the point along the skeleton, and the histogram
width is the number of pixels above (or below) the skeleton. Each projected histogram
thus represents the distribution of pixels in the y direction along the length of the skeleton,
with one histogram representing the distribution of pixels above the skeleton and one
histogram representing the distribution of pixels below. The correlation of these projected
histograms was then assessed through evaluation of the Pearson correlation coefficient. A
high correlation coefficient corresponds to high north–south symmetry along the skeleton
(approximate wake centerline), i.e., the width of the pixels in the upper half of the wake
correlate with the width of the pixels in the lower half of the wake for each point along
the skeleton;

Length: The wake length was assessed through calculating the distance between the
easternmost and westernmost wake skeleton locations for east–west propagating wakes,
or the westernmost and easternmost wake skeletons for west–east propagation cases.

3. Results
3.1. CNN Model Performance

The CNN exhibits a 95.65% success rate in identifying and outputting sufficient masks
for the wind turbine wake shape when compared to the ground truth annotation in the
independent test sample of 59 scans (Table 3). For wake fragments, the model exhibits
a 77.53% success rate. In cases where the wind turbine wakes are embedded in a highly
heterogeneous data field as a result of the removal of many data points because of CNR
filtering, the success rate decreases to 87.18%. However, all four wake fragments that are
embedded in a highly heterogeneous data field as a result of the removal of many radial
velocity estimates because of CNR filtering are correctly identified.

Table 3. Success rates for wake and wake fragment identification and characterization for the Mask region-based CNN
model with ResNet-101 feature pyramid network backbone.

Success Rate Wakes Wake
Fragments

Wakes in Complex Data Fields
Because of Carrier-to-Noise Ratio

(CNR) Filtering

Wake Fragments in Complex Data
Fields Because of CNR Filtering

Full resolution (range gate of 50 m) 95.65% 77.53% 87.18% 100%

Half resolution (data down-
sampled to 100 m range gate) 92.19% 60.92% 65.52% 75%
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The most common mode of failure for the CNN is a false negative—i.e., there is a
wake or wake fragment in the scan and the model does not identify it as an object at all
(Figure 9). The second most common mode of failure is returning a false positive—i.e.,
a non-wake (such as a wind turbine) structure is identified as a wake. False positives
may also be attributed to uncertainties in radial velocity measurements that arise from
misalignment between the lidar line of sight and the wind direction [50]. Failure associated
with low IoU (incorrect wake shape) is very rare (one case). This indicates that, when the
model does correctly identify a wake or wake fragment, it is highly skilled at returning the
correct mask for the structure, especially if the structure is not obscured by data removal.
Although more than three-quarters of wake fragments are captured by the model, they are
associated with a higher number of false positives that are caused by the model’s sensitivity
to other low-velocity flow structures in the scans.
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identification of wakes and wake fragments for a data-dense flow field (few velocity val-
ues are removed by the CNR screening) (Figure 10a,b). The CNN differentiates between 
the region of low velocity in the lower right corner of the scan and the wake that is near 
it. Further, the CNN is able to successfully identify and mask the complex wake fragment 
in the scan. The scan from Region B exhibits a larger area scanned than that of Region A 
because of a higher maximum range distance, which reduces the visibility of the wakes in 
the image (Figure 10c,d). Regardless, the CNN is able to successfully identify the wakes 

Figure 9. Analysis of model failure modes when identifying and characterizing (a) wakes, (b) wake
fragments and (c) obscured wakes. Values are for the testing data subset. Pie charts depict the failure
modes as a percentage of total number of failures for fully visible and obscured wakes and wake
fragments. Note: only four obscured wake fragments are included in the testing set and all four were
identified successfully.

Illustrative examples of wake identification in different scan sectors (see Figure 1b)
are shown in Figures 10 and 11. The scan from Region A (northwest) exhibits a correct
identification of wakes and wake fragments for a data-dense flow field (few velocity values
are removed by the CNR screening) (Figure 10a,b). The CNN differentiates between the
region of low velocity in the lower right corner of the scan and the wake that is near it.
Further, the CNN is able to successfully identify and mask the complex wake fragment
in the scan. The scan from Region B exhibits a larger area scanned than that of Region A
because of a higher maximum range distance, which reduces the visibility of the wakes in
the image (Figure 10c,d). Regardless, the CNN is able to successfully identify the wakes
and wake fragments and output successful masks, even when wind turbine wakes are
close to regions with missing radial velocity estimates.
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Figure 10. Comparison of (a,c) input scan and (b,d) model output when identifying wakes, wake
fragments and obscured wakes. Scan parameters for (a,b): arc scan, captured on 11 September 2018,
04:51 UTC, elevation angle ∅ = 1.5◦, azimuth angle θ ε [290◦, 345◦], azimuthal resolution 1◦, range
gate 50 m, 55 s accumulation time. Scan parameters for (c,d): arc scan, captured on 3 July 2018, 07:55
UTC, elevation angle ∅ = 1.0◦, azimuth angle θ ε [98◦, 160◦], azimuthal resolution 1◦, range gate
50 m, 60 s scan time. Mask colors are unique and represent individual wakes and wake fragments
detected by the model.
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are present). Thus, the high success rate for wake fragment identification under full reso-
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fragments and obscured wakes. Scan parameters for (a,b): arc scan, captured on 2 September 2018,
04:50 UTC, elevation angle ∅ = 2.0◦, azimuth angle θ ε [180◦, 270◦], azimuthal resolution 1◦, range
gate 50 m, 90 s accumulation time. Scan parameters for (c,d): arc scan, captured on 12 September
2018, 04:24 UTC, elevation angle ∅ = 2.5◦, azimuth angle θ ε [290◦, 345◦], azimuthal resolution 1◦,
range gate 50 m, 55 s scan time.

The example scans from Regions C (northwest but over a smaller area than Region A,
see Figure 1b) and D (southeast) also illustrate cases with a correct identification of wakes
and wake fragments from scans with richly defined flow fields, and those where the CNR
filtering has yielded a more complex and heterogeneous data field (Figure 11).

3.2. Model Sensitivity to Image Resolution

When the testing scans are down-sampled to half resolution (from a range gate of
50 m to an effective range gate of 100 m) and input into the CNN for wake identification
and characterization, the success rate declines. However, the model remains skillful in
identifying and correctly masking wakes when present in scans, with a 92.19% success
rate (Table 3). This down-sampling exercise is meant to indicate whether large-area scans
covering a large portion of an entire wind plant can be used to detect the approximate
location and extent of individual wakes.

Down-sampling the scans results in an increase in subjectively identifiable wake
fragments (111 wake fragments under half-resolution, 98 under full resolution). This
is illustrated by Figure 12, where all three wakes in the full resolution scan are more
fragmented when subjected to half-resolution down-sampling. When considering the
failure modes for wake fragments under half-resolution, 71% of model failures under half-
resolution are attributed to false negatives (the CNN is unable to detect the wake fragments
when they are present). Thus, the high success rate for wake fragment identification under
full resolution is likely attributed to specific flow patterns that differentiate wake fragments
from other local, low-velocity turbulent flow. The number of insufficiently masked wakes
(IoU < 60%) increases, with insufficient wake masks representing 20% of the model failure.
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Figure 12. (a) Full-resolution scan image; (b) half-resolution scan image. The reduction in resolution
results in increased number of wake fragments and modified wake characteristics. Scan parameters:
arc scan, captured on 11 September 2018, 05:14 UTC, elevation angle ∅ = 1.5◦, azimuth angle
θ ε [290◦, 345◦], azimuthal resolution 1◦, range gate 50 m, 55 s accumulation time.

Wake asymmetry, width and length for all complete (boundaries completely included
in the scan) wakes and wake fragments that exhibit adequate IoU when compared to subjec-
tive annotation (≥ 0.6) exhibit some sensitivity to input data resolution, and there is a clear
reduction in IoU for the half-resolution scans irrespective of the prevailing atmospheric
conditions (Figure 13). Down-sampling results in an increase in the calculated median
wake width for all scans (Figure 13). Further, the normalized wind fields exhibit wakes
that become more irregularly shaped, indicated by an increasing asymmetry (Figure 12).
Note that these results are reasonable, as a spatial resolution of 100 m is rather coarse for
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the 90-m diameter wind turbines generating the wakes. For each inflow class (Table 2),
the sample size of full and complete wakes that are accurately characterized by the CNN
is greater than 20. Although wake characteristics exhibit marked differences according
to atmospheric conditions, the overall relative differences in the wake width, length and
asymmetry magnitude between each atmospheric class are similar for full and half reso-
lutions. The IoU varies between classes of atmospheric conditions in a similar manner to
wake width, with both being highest under daytime low wind speeds and nighttime high
wind speeds. Conversely, the wake length is largest for the higher wind speeds in both
daytime and nighttime scans, and smallest for low wind speeds and daytime conditions,
when unstable stratification is expected to erode wakes more rapidly (Figure 13). Intra-class
patterns in wake width generally follow trends in the model IoU, potentially indicating
that the model accuracy is more sensitive to wake width than wake length. This could
be attributed to the existence of a minimum threshold of wake width or length needed
for wakes to be visibly detected; in this case, it is likely that wakes will have an adequate
length to be detected when compared to width (which is a numerically smaller dimension,
as evidenced in Figure 13).
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Figure 13. Model performance in characterizing wakes (a–d) and wake fragments (e–h) for each
inflow class defined in Table 3 (horizontal axis) at full (solid line) and half resolution (dashed line).
Wake and fragment characteristics include asymmetry (a,e), length (b,f) and width (c,g) and are
given as the median of all values. The characteristic width of a given wake is given by the mean
value along its length. Model success metric intersection over union (IoU) is given in (d,h).
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Wake fragment characteristics are more susceptible to change under a reduction in
resolution than wakes. Generally, the wake and wake fragment asymmetry decrease across
classes, with Class I exhibiting the lowest median asymmetry coefficients in the range
of 0.65–0.925 (and thus highest asymmetry). Thus, Class I wake and wake fragments
are characterized by a relatively high asymmetry, fast wake recovery and lower model
accuracy rates. It is possible that this may be attributed to the complex terrain, although
further investigation is warranted in order to verify this. For lower wind speeds and
stable, nighttime conditions, it is possible that winds and wakes are the mostly strongly
coupled with the underlying terrain. Given that conditions for Class I are approximated
as stable with a lower speed inflow, these wake characteristics are consistent with a priori
expectations. Decreased the stability in Class II when compared to Class I results in Class
II having the lowest median wake length. Note that the sample sizes reported here are
lower than the ensemble wake fragment sample size reported in Figure 10 because of the
requirements that (i) the wake fragments be complete (as it is impossible to fully character-
ize a wake fragment if its entirety is not included in the scan) and that (ii) characterization
be applied to wake fragments sufficiently identified (as described by the IoU criterion for
CNN prediction and ground truth) by the CNN. Wake characteristics observed in Class III
also follow a priori expectations—the wake recovery is the slowest for this class, which is
marked by increased inflow speeds and approximately stable conditions, as indicated by
the time of day (nighttime). Class IV, characterized by higher inflow speeds and decreased
stability, exhibits the lowest accuracy in wake and wake fragment identification, which
may be attributed to an increase in the length scale of background flow structures and an
associated amplification of false positive detections. Further, because lidar measurement
uncertainties for arc scans scale with turbulence intensity, it is possible that the higher
uncertainties associated with an increased turbulence contribute to a lower accuracy rate
in Class IV [50]. Results of wake characteristics from each class and their agreement with a
priori expectations further indicate CNN accuracy in determining wake characteristics and
outputting reasonable wake masks.

4. Discussion and Conclusions

We implemented a Mask R-CNN model with a ResNet 101 FPN backbone for wake
characterization and identification in complex terrain from lidar arc scans. The lidar data
were collected during a campaign spanning July 2018–December 2018 (inclusive) at a wind
farm in the U.S. Pacific Northwest. The dataset contains a wide variety of experimental
parameters, such as range gate, resolution, number of wakes captured and scanning time.
The variety of the dataset makes it ideal for evaluation of the model under a wide range of
experimental parameters. A subset of 354 arc scans with approximately 1000 wind turbine
wakes is employed in this proof-of-principle analysis. Two-thirds of the scans are used
for model training, whereas the other one-third is split evenly among model validation
and testing.

Many of the scans contain regions of missing velocity measurements as a result of CNR
filtering, and the wakes are in various stages of formation and dissipation because of terrain
complexity, resulting in wakes with multiple fragments throughout the flow field. These
fragments and wakes are often asymmetric, a geometric quality that presents challenges
for current wake identification and characterization methods. Thus, common techniques
for wake characterization and identification are difficult to implement for the dataset.

The CNN applied here is successful regardless of these difficulties, exhibiting high
skill in identifying wakes and dissipating wakes from full and lower resolution lidar arc
scan images. The success rate for wake identification from full resolution scan images in
which wakes are present is 95%. The most common failure mode for full wind turbine
wakes is a false negative. In this case, the model does not identify a wake when one is
present. The most common error in identifying dissipated wake fragments within the scans
is a result of false positives, which are defined as the model identifying a flow field structure
as a dissipating wake fragment when it is not. When the scan resolution is degraded by
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removing data from every other range gate, an increase in false negatives is observed
when identifying dissipating wake fragments. This indicates that wake fragment flow
contours under full resolution are unique, and that the CNN utilizes specific flow patterns
to differentiate between wake fragments and other low-velocity turbulent flow. However,
the model still exhibits skill in identifying wakes under reduced resolution, with a success
rate of 92%. Although reductions in the range gate alter wake characteristics numerically,
when the scans are clustered by prevailing wind speed and atmospheric stability, the
behavior of wake characteristics between each group is conserved. Further, median wake
characteristics per group (grouped by inflow velocity and time of scan collection to provide
a broad metric for atmospheric stability) are broadly consistent with a priori expectations,
further indicating model accuracy and applicability.

Results indicate that the Mask R-CNN has a wide applicability to a range of chal-
lenges in wind energy science, including improving existing simulation tools for wakes
in complex terrain, improving knowledge of wake dynamics in complex terrain, enabling
real-time wake identification and characterization from remote sensing data and assisting
in condition monitoring. Future work will include an implementation of Mask R-CNN
models with a higher accuracy (Scoring Mask R-CNN, Cascade Mask R-CNN) and will
involve the fine-tuning of model training parameters. Uncertainties due to the flow field
reconstruction method utilized will be explored further. For example, scans with wind
directions close to normal to the scanning direction were not filtered out in this study.
Although flow reconstruction under these conditions may result in flow field errors, the in-
clusion of these scans in the training dataset may be helpful in terms of training the CNN to
recognize wakes even in these conditions. These uncertainties, as well as the uncertainties
in calculating the bulk wind direction per scan for the purpose of reconstructing the flow
field, will be further investigated. New wake classes may be implemented when training
the model to enable the detection of wake interactions (wakes mixing with each other) and
to increase the amount of training data.
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