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Wind turbine yaw control seeks to maintain alignment between the rotor and incoming wind direction while limiting the energy
and mechanical costs associated with nacelle movement. Predictive control using machine learning based wind direction forecasts
may potentially improve this trade off by anticipating changes instead of responding to observed misalignment. This study
evaluates whether an LSTM based wind direction forecasting strategy provides an advantage over simpler forecasting approaches
for turbine yaw control. One year of five minute wind data from Amarillo Texas was used to develop a chronological training,
validation, and locked test framework. The LSTM was additionally evaluated across five random seeds and its error difference
from persistence was assessed using block bootstrap confidence intervals. Forecasts were then incorporated into an actuator
constrained yaw control simulation accounting for yaw movement and actuator energy consumption. Persistence achieved a
locked test circular MAE of 1.29°, outperforming the LSTM, which achieved 2.09°. Across five LSTM seeds, mean test MAE
was 2.02 £ 0.24°. The LSTM’s higher error relative to persistence was supported by a 95% block bootstrap confidence interval of
0.63-1.00° for the MAE difference. Nevertheless, both active controllers substantially improved energy capture relative to a fixed
nacelle. Persistence achieved 5,447.825 MWh of net energy and the LSTM 5,445.065 MWh compared with the 4,372.157 MWh
for the fixed nacelle case and 5,503.685 MWh for idealized perfect yaw. These results show that for the short prediction horizon
and wind regime examined, increased forecasting complexity did not provide a measurable energy advantage over persistence.
The findings highlight the importance of evaluating predictive models according to their downstream control performance rather
than forecasting accuracy alone.

Introduction commands the nacelle to reduce that error. This approach

is simple, but cannot anticipate a directional change before

Wind energy is a major source of renewable energy that can be
harvested from the kinetic energy of moving air. This can be
done through the utilization of a wind turbine. Wind turbines
are mechanical devices which convert moving air into elec-
trical energy. Wind energy has grown significantly in recent
decades and is one of the fastest growing renewable energy
sources !

A yaw system is a mechanism inside the wind turbine
which allows the wind turbine to rotate horizontally in order
to face the direction of air flow to ensure maximum energy
capture?. Yaw misalignment occurs when the turbine head-
ing differs from the incoming wind direction. Even moderate
misalignment can reduce aerodynamic power capture, making
yaw control an important component of turbine operation’~’.
However, yaw movement is not free. Nacelle rotation requires
electrical energy and subjects the yaw system to mechanical
loading and accumulated travel®. Consequently, an effective
yaw controller must balance alignment accuracy against the
energy and mechanical costs associated with movement >3,

Conventional yaw control is primarily reactive. The con-
troller observes the current wind direction or yaw error and

1 Sherwood High School, India

it is observed. If the wind direction changes rapidly, the fi-
nite speed of the yaw actuator can temporarily leave the rotor
misaligned '%!!. Predictive control offers an alternative by es-
timating future wind direction and beginning the yaw move-
ment before the change occurs>°.

Long Short-Term Memory (LSTM) neural networks are re-
current neural network architectures designed to model tem-
poral dependencies in sequential data'?. Their memory mech-
anisms make them suitable for time series forecasting, includ-
ing meteorological variables such as wind speed and direc-
tion'>13. However, predictive control does not necessarily
outperform reactive control. The value of a forecast depends
on the magnitude and persistence of future changes, the fore-
cast error, and the response characteristics of the physical ac-
tuator >4,

This study investigates whether LSTM wind direction pre-
diction can provide a practical yaw control advantage over
simpler strategies under real wind conditions. Rather than
evaluating prediction accuracy alone, the study incorporates
the forecast into an actuator constrained yaw simulation and
evaluates generated energy and the energy consumed by yaw
movement. A persistence strategy is included as an important
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null baseline as slowly varying wind direction time series may
contain substantial information in the most recently observed
direction®.

The five minute prediction horizon was selected as the
dataset sampled at five minute intervals and therefore provides
a consistent forecasting problem. However the yaw actua-
tor was simulated as a substantially finer internal timestep so
that the nacelle could not rotate instantaneously between in-
tervals . The forecast is updated every 5 minutes while the
actuator responds continuously subject to its rotation speed
and movement constraints. Consequently, potential benefits
of prediction will arise from beginning new yaw movements
towards predicted direction before next measured wind direc-
tion becomes available.

The contribution of this study is not the introduction of
new LSTM architecture or yaw control algorithm. Instead the
study provides a controlled case study examining whether the
additional predictive information provided by an LSTM trans-
lates into a measurable downstream energy benefit when com-
pared with persistence under identical actuator constraints.

The research question is: Can an LSTM based predictive
yaw controller improve net simulated energy capture relative
to persistence based yaw control and fixed nacelle baseline
under real wind conditions?

The study focuses on one year of five minute meteorologi-
cal data from Amarillo, Texas. The purpose is not to establish
the universal superiority of LSTM control, but to determine
whether predictive information provides a measurable bene-
fit under the wind conditions and actuator assumptions repre-
sented in this case study.

Background

Wind turbine power capture depends partly on the alignment
between the rotor and the incoming wind direction. When
the nacelle heading differs from the wind direction, yaw mis-
alignment reduces the effective aerodynamic power captured
by the rotor>”-1%17 " Active yaw control can reduce this mis-
alignment, but nacelle rotation also consumes energy and con-
tributes to mechanical wear>®. Yaw control thus requires a
trade off between maintaining alignment and limiting unnec-
essary movement 6.

Predictive yaw control may improve this trade off by esti-
mating future wind direction rather than responding only after
a directional change has occurred. If future changes can be
predicted accurately, the nacelle could begin moving toward
the expected direction before the full misalignment develops.
However, the practical value of prediction depends on both
forecast accuracy as well as the physical characteristics of the
yaw actuator %18

Long short term memory (LSTM) networks are recurrent
neural network architectures designed to model temporal de-

pendencies in sequential data'?>. Unlike conventional feed
forward neural networks, LSTMs can incorporate informa-
tion from previous observations when generating a predic-
tion. Their memory mechanisms therefore make them suit-
able for time series forecasting tasks in which historical ob-
servations may contain certain information about future be-
havior 2. LSTM based approaches thus seem to be influential
in wind forecasting applications-'°. LSTM based approaches
have been applied extensively to wind forecasting, including
short term wind speed and wind power forecasting. However,
these studies primarily focus on forecasting performance %20,
Forecasting accuracy does not automatically imply improved
turbine level control performance.

For wind direction prediction, however, increased model
complexity does not guarantee improved performance. Wind
direction is a circular variable, and short term atmospheric be-
havior may contain substantial persistence, meaning that the
most recently observed direction can provide a strong fore-
cast of the consecutive one®?!. A more complex forecasting
model is therefore useful if it can extract predictive informa-
tion beyond those contained in recent observations®22. This
makes persistence an important baseline when evaluating the
practical advantages of LSTM based forecasting.

Methodology

Dataset

The study uses meteorological data from the Wind Integration
National Dataset (WIND) Toolkit developed by the National
Renewable Energy Laboratory (NREL)!. The dataset pro-
vides wind-resource information at five-minute temporal res-
olution across the United States*. Data for Amarillo, Texas,
covering the full 2019 calendar year, were used for this study.

The dataset contains approximately 105,120 five-minute
observations. Wind speed and wind direction at a 100 m hub
height were used as the primary meteorological inputs. The
full-year dataset provides seasonal variation in both variables
while maintaining a consistent temporal sampling interval.

Amarillo was selected as a case-study location because of
its substantial wind resource and inland wind environment.
The purpose of using one location was to investigate the in-
teraction between forecast accuracy, wind-direction behavior,
and yaw-control performance under a defined set of atmo-
spheric conditions.

Data Preprocessing

The raw data required several steps before it was used to train
the LSTM model. The data was inspected for missing values
and impossible readings such as wind direction out of the 0°—
360° range and wind speed values which were greater than 50
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m/s. Any missing values were filled using a linear interpola-
tion between nearby timesteps, and no physically impossible
readings were found for this dataset.

Wind speed and direction were selected as the primary
model inputs as they describe the local wind state most di-
rectly relevant to turbine operation. Wind direction provides
the primary information required for yaw alignment, while
wind speed influences the potential aerodynamic energy avail-
able from the flow. Other variables were not included in the
model so that the experiment remained focused on whether
recent wind state information could provide useful predictive
yaw information.

An important step in preprocessing was encoding the wind
direction. Because wind direction is a circular variable, a nu-
merical representation has major discrepancies at the 0°/360°
border. To get rid of this problem, wind direction was decom-
posed into two components using trigonometric transforma-
tions: a sine component, calculated as sin(@ x 7/180), and a
cosine component, calculated as cos(6 x m/180), where 0 is
the wind direction in degrees. This preserves the circular ge-
ometry of the directional data and has been widely adopted
in wind direction forecasting literature. Wind speed was also
normalized to the range [0,1] through Min Max scaling so that
a gradient behaviour was ensured in model training. This sine
cosine encoding approach is widely used in wind direction
forecasting literature®.

The 2019 dataset was divided chronologically into training,
validation and locked test periods so that future observations
could not influence model training or controller tuning. The
model was trained using the chronological 2019 dataset. For
each individual prediction, the LSTM received the preceding
24 observations, which corresponds to a 120 minute histori-
cal window and predicted the wind direction at the following
five minute timestep. Thus, 120 minutes describes the model’s
historical input window rather than the total duration of the
dataset.

The final locked test set used for the controller evaluation
contained 21,024 samples. All controller inputs and physical
wind observations used in the final actuator simulation were
aligned to these same timestamps.

LSTM Model Architecture & Training

The model was implemented using TensorFlow and Keras in
Python. The architecture consisted of two stacked LSTM lay-
ers followed by a connected output layer. The first layer con-
tained 64 units and returned its hidden state sequence, en-
abling the second layer to process temporal context across all
24 input timesteps. The second layer contained 32 units and
only returned the final hidden state which provided a single
summary representation of the input sequence. Dropout regu-
larization with a rate of 0.2 was applied after each LSTM by

randomly deactivating a fraction of units during each training.
A fully connected layer with 16 units and ReL.U activation
was next which resulted in the final output layer consisting of
2 units corresponding to the predicted sine and cosine compo-
nents of future wind direction.

A 120 minute historical window was selected to provide
the model with sufficient temporal context while maintain-
ing manageable sequence length. At five minute resolution,
the window contains 24 observations and represents approxi-
mately 2 hours of preceding wind behaviour. The study does
not establish that 120 minutes is the optimal history length.
Alternative lengths may produce different results and are iden-
tified as a direction for future work.

The model was compiled using the Adam optimizer and
mean squared error loss function. Training was conducted
with a batch size of 64 and a maximum of 50 epochs. The
first 70% of observations were used for model training, the
following 10% for validation and tuning, and the final 20%
were reserved as a locked test set. Two callbacks were applied
during training in order to increase accuracy. Early stopping
halted training when the validation loss failed to improve for
five consecutive epochs and restored the model weights from
the epoch with the best validation performance. After pre-
diction, the estimated sine and cosine components were con-
verted back to wind direction using the two argument arct-
angent function of 6, = atan2(s;,c;). The resulting angle was
converted from radians to degrees and mapped to the range 0°—
360° before calculating circular forecast error and yaw mis-
alignment '6-23,

Forecast performance was evaluated using circular mean
absolute error and circular root mean squared error. Circular
angular error was calculated as

er = (6] — 6, + 180)mod360°) — 180°|

which constrains the absolute directional error to the inter-
val 0°-180°.

Controller Strategies

The controller comparison was designed to distinguish pre-
dictive information from the information already available
through the most recent observation.

The persistence controller uses the most recently observed
wind direction as the target direction for the next control in-
terval. This provides a simple forecasting and control baseline
because it assumes that the wind direction will remain approx-
imately unchanged over the next five minutes®.

The LSTM controller uses the one step ahead direction pre-
dicted by the neural network as its target heading. Unlike the
persistence controller, it can potentially begin rotating toward
a directional change before that change is observed.
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Both controllers operate through the same simulated yaw
actuator. Consequently, differences in performance arise from
the controller’s target direction rather than from giving one
controller a faster or more capable actuator.

A fixed nacelle configuration was also simulated by holding
the nacelle at the optimal fixed heading during controller de-
velopment using developmental data, and the locked test pe-
riod was not used to determine this heading. A perfect yaw
reference was included as an upper bound case in which the
nacelle is continuously aligned with the instantaneous wind
direction without actuator limitations or yaw energy consump-
tion.

Yaw misalignment was calculated as the smallest angular
difference between the nacelle heading and the incoming wind
direction, wrapped to the interval 0°-~180°. Thus, a 359° na-
celle heading and a 1° wind direction correspond to a 2° mis-
alignment rather than a 358° error.

Actuator and Energy Simulation

The final controller evaluation used the five-minute meteoro-
logical observations as the available wind measurements while
simulating nacelle motion at a finer internal timestep. This
separation prevented the actuator from unrealistically rotating
instantaneously between consecutive meteorological observa-
tions. Wind observations therefore remained available only
at their original five minute resolution, while the actuator re-
sponded internally subject to its finite rotation rate.

The actuator model was implemented at a finer internal
timestep than the five-minute meteorological sampling inter-
val. At each internal timestep, the nacelle heading was moved
toward the controller target subject to the maximum yaw-rate
constraint. A deadband of 8.3° prevented small corrective
movements, while cumulative yaw travel and actuator energy
consumption were recorded. This representation introduces
finite response time and prevents instantaneous nacelle align-
ment, while remaining computationally tractable for compari-
son across controllers. More detailed turbine-specific effects,
including motor inertia, acceleration limits, cable twist, hys-
teresis, and duty cycle restrictions, were not modeled and re-
main limitations of the simulation.

At each control update t, the controller is provided only with
observations available before the target timestep. The most re-
cent observed wind direction is denoted 6, | while the LSTM
receives the preceding 24 observations and produces a predic-
tion. The persistence controller uses 6;_ as its target heading,
whereas the LSTM controller uses the prediction. The actua-
tor then moves from its current heading towards the selected
target subject to the imposed constraints. The resulting na-
celle heading is evaluated against the actual wind direction 6;
, which was not available to the controller when the command
was generated. Thus the controller does not access future in-

formation and both controllers are evaluated against the same
sequence.

All actuator parameters were fixed before evaluation on the
locked test period. The actuator was simulated at a finer in-
ternal step, but the cumulative nacelle rotation was limited to
1.45° per five-minute control interval, while a yaw command
was issued only when the target direction differed from the
current nacelle heading by at least the 8.3° deadband . The
same actuator constraints and control rules were applied to
both controllers.

Generated turbine power was calculated using a simplified
wind-speed-dependent power model rather than a normalized
constant-power assumption. At each simulation timestep, the
aligned turbine power Py(v;) was determined from the corre-
sponding wind speed v; using the turbine power relationship
implemented in the simulation. This power model is intended
to provide a physically motivated estimate of the variation in
available turbine power with wind speed rather than to repro-
duce the exact power curve of a specific commercial turbine.
The effect of yaw misalignment was then represented using a
multiplicative loss factor f(7,v;), where ¥; is the angular dif-
ference between the nacelle heading and the incoming wind
direction. The resulting turbine power was calculated as

B =PR(vi)f(%,v:)

The energy generated during each timestep was calculated
from

E = PtAm

where A, is the duration of the simulation timestep. Total
energy production was obtained by summing the energy gen-
erated across all simulation timesteps°.

The yaw-loss relationship was represented using the em-
pirical model P, = Py(v;)cos?(y;), where Po(v;) is the aligned
turbine power determined from the selected power curve, ¥
is the yaw misalignment, and p is a yaw-loss exponent. Be-
cause the value of p can depend on turbine operating condi-
tions and atmospheric characteristics, it was treated as a mod-
eling assumption rather than a universal physical constant.
The present study did not perform a sensitivity analysis across
alternative exponent values>’-1.

Consequently, the reported absolute MWh values should
be interpreted as model-dependent simulated energy estimates
rather than precise predictions of the annual energy production
of a specific operating turbine. The primary interpretation of
the energy analysis is therefore the relative comparison be-
tween controllers under identical power-curve, yaw-loss, and
actuator assumptions.

Energy consumed by the yaw actuator was calculated sep-
arately and subtracted from the generated turbine energy to
obtain net energy:
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Ener = Egmss - Eyaw~

This distinction accounts for the trade-off between im-
proved aerodynamic alignment and the electrical cost of na-
celle movement. The simulation also recorded the number of
yaw events and cumulative yaw travel, providing measures of

mechanical activity in addition to energy production?*.

Controller Timing

The simulation followed a causal sequence at each five-minute
controller update. First, the controller received only the wind
observations available before the target timestep. Second, the
controller generated a target heading using either persistence
or the LSTM forecast. Third, the actuator moved the nacelle
toward the target subject to its movement constraints. Finally,
the resulting nacelle heading was evaluated against the phys-
ical wind direction at the corresponding simulation timestep,
and turbine and actuator energy were accumulated.

At each five-minute controller update t, only wind observa-
tions available before the target timestep were provided to the
controller. The latest observed wind direction was 6;_;. The
persistence controller selected 6] = 6,_;, while the LSTM re-
ceived the preceding 24 observations ending at t—1 and gen-
erated the one-step-ahead prediction 6. The selected target
direction was then compared with the current nacelle heading.
If the angular difference exceeded the 8.3° deadband, the ac-
tuator began moving toward the target subject to its maximum
yaw-rate constraint. The actuator state was updated through-
out the subsequent control interval using the finer internal sim-
ulation timestep. The resulting nacelle heading was then com-
pared with the actual wind direction 6;, which was not avail-
able when the controller target was generated. Turbine power,
yaw energy consumption, and yaw misalignment were calcu-
lated using the resulting nacelle heading and the physical wind
conditions during timestep t.

Therefore, the LSTM prediction window ended at t—1, and
neither controller received 6; before generating its command.
The resulting controller performance was evaluated against 6;.
This ensures that the comparison is causal and that the LSTM
does not receive future wind-direction information.

The LSTM therefore does not receive the future wind di-
rection as an input. Its prediction is generated solely from
observations available before the target timestep. The locked
test observations are not used to tune the model, controller pa-
rameters, or preprocessing decisions.

Performance Metrics

Controller performance is evaluated using generated energy,
yaw energy consumption, net energy, yaw-event count, cumu-
lative yaw travel, and angular alignment error.

The primary comparison is net energy because a controller
that produces greater aerodynamic energy but consumes sub-
stantially more energy through nacelle movement does not
necessarily provide a practical energy benefit.

Controller performance is also expressed relative to the
fixed-nacelle and perfect-yaw references. The fixed-nacelle
comparison quantifies the benefit of active yaw control, while
the perfect-yaw reference provides an upper bound for the
simulated system.

Because consecutive five-minute observations are tempo-
rally correlated, individual timesteps were not treated as in-
dependent statistical observations. Differences between con-
trollers were therefore evaluated using block based resam-
pling. Blocks preserve short term dependence while allow-
ing uncertainty in the comparison to be estimated. Controller
performance was also evaluated using cumulative yaw travel
and yaw event count, since two controllers with similar energy
production may impose different demands on the system.

In addition to the mean angular error, the analysis consid-
ered the upper tail quartiles, maximum observed error, the pro-
portion of observations within selected yaw error bands, total
yaw travel and yaw event count. These measures provide in-
formation about transient and extreme misalignment that can-
not be captured by the mean alone.

Results

Forecasting Performance

The forecasting models were evaluated on the locked chrono-
logical test set using circular mean absolute error (MAE) and
circular root mean square error (RMSE). Persistence provided
a strong baseline, achieving a circular MAE of 1.29° and
RMSE of 2.65°. The exponentially weighted moving average
performed substantially worse, with an MAE of 3.04°. The
circular autoregressive and linear sine/cosine models achieved
lower errors than persistence, with MAEs of 1.03° and RM-
SEs of 2.26°.

The LSTM did not outperform the persistence baseline.
In the finalized test evaluation, the LSTM achieved a circu-
lar MAE of 2.09° and RMSE of 3.48°, corresponding to a
—62.0% skill relative to persistence. Thus, the LSTM pro-
duced less accurate one step ahead wind direction forecasts
than the persistence model.

Model variability was assessed using five independent
LSTM training seeds. Across these runs, test MAE was 2.02
+ 0.24°, while test RMSE was 3.29 £ 0.30°. This variation
does not alter the qualitative conclusion that the LSTM failed
to consistently outperform persistence.

The difference between the LSTM and persistence errors
was further evaluated using a block bootstrap to account for
temporal dependence in the five minute observations. The ob-
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served difference in MAE was 0.80° in favor of persistence,
with a 95% block bootstrap confidence interval of 0.63—1.00°.
Because the interval lies entirely above zero, the LSTM’s
higher forecasting error is statistically distinguishable from
the persistence baseline under the adopted block bootstrap
procedure.

Stratified Forecasting Performance

To determine whether forecasting performance depended on
operating conditions, the locked test was stratified by wind
speed and by magnitude of the observed five minute change
in wind direction. Across all wind speed categories, persis-
tence produced lower forecasting error than the LSTM. For
wind speeds below 5 m/s, persistence achieved an MAE of
2.66° while LSTM achieved 3.75°. For 5-8, 8-12 and >12
m/s, persistence MAEs were 1.26°, 0.95° and 0.72° respec-
tively, while LSTM MAEs were 2.24°, 1.64° and 1.24°. Thus
the LSTM remained less accurate even at higher wind speeds,
where directional errors were generally smaller.

Performance was consistent when observations were strat-
ified by magnitude of the five minute directional change.
Persistence outperformed the LSTM in every category. For
changes of <1°, persistence achieved an MAE of 0.43°, com-
pared with 1.44° for the LSTM. For changes of 1-2°, 2-5°, 5—
10°, and >10°, persistence MAEs were 1.42°,3.03°, 6.72° and
17.44° respectively. The corresponding LSTM MAEs were
1.87°, 3.34°, 7.25° and 19.03°.

The distribution of wind direction changes provides context
for these results. Consecutive five minute observations dif-
fered by an average of 1.91°, with a median absolute change of
0.92°. Approximately 75.5% of observations had directional
changes of <2°, and 92.7% had changes of <5°. Large di-
rectional changes were comparatively uncommon, with only
0.327% of observations exceeding 30°, and only 0.039% ex-
ceeding 90°.

These results indicate that the Amarillo wind direction se-
ries was characterized by relatively gradual short term evolu-
tion. Under these conditions, the most recent observed direc-
tion provided a highly competitive prediction of the next five
minute direction. The LSTM did not overcome this advantage
including during periods with larger directional changes.

Yaw Control Performance

The forecasting models were subsequently evaluated within
an actuator constrained yaw constrained simulation using the
locked Amarillo test sequence. The simulation compared a
fixed nacelle controller, persistence based yaw control, LSTM
based predictive yaw control, and an idealized perfect yaw ref-
erence. The perfect yaw case represents the upper bound in
which the turbine is consistently aligned with the incoming

wind direction while the fixed nacelle case provides the base-
line without active yaw correction.

The fixed nacelle configuration generated 4,372.157 MWh
over the simulated period. Perfect yaw alignment increased
gross energy capture to 5,503.685 MWh, corresponding to
a theoretical maximum improvement 25.88% relative to the
fixed nacelle configuration.

Both active controllers recovered nearly all of this the-
oretical opportunity. The persistence controller generated
5,453.086 MWh before actuator energy costs and 5,447.825
after subtracting 5.261 MWh of yaw energy consumption.
This represents a 24.6% increase in net energy relative to fixed
nacelle case and corresponds to a 98.89% of the perfect yaw
energy.

Persistence therefore achieved slightly higher net energy
than the LSTM. The difference was small in absolute terms,
with persistence producing a slightly higher net energy than
the LSTM corresponding to approximately 0.051% of per-
sistence’s net energy. LSTM required fewer yaw events
(22,510 versus 22,753 for persistence) and less total yaw travel
(182,882.75° versus 186,437.65°). Thus, in this simulation,
the more complex predictive controller did not provide an en-
ergy advantage over the simple persistence strategy.

Overall the results demonstrate that both active nacelle
strategies substantially improved turbine energy capture rel-
ative to a fixed nacelle. The persistence controller marginally
outperformed the LSTM in net energy, while LSTM required
slightly fewer total yaw travel, consistent with the forecast-
ing results in which persistence lowered directional prediction
error.

Discussion

The principal finding of this study is that the LSTM based
predictive controller did not outperform simpler forecasting
strategies for short term wind direction prediction at the Amar-
illo site. Persistence achieved a lower locked test forecasting
error than the LSTM, and the difference was consistent across
wind speed and directional change regimes. The multi seed
analysis demonstrated that this result was not dependent on a
single LSTM initialization. However the difference in fore-
casting accuracy was marginal in simulated energy capture:
persistence achieved 5,447.825 MWh of net energy compared
with 5,445.065 MWh for the LSTM. Both controllers there-
fore captured approximately 99% of the idealized perfect yaw
energy. This result illustrates an important distinction be-
tween forecasting performance and downstream control per-
formance. Previous work has emphasized that wind-direction
variability, actuator constraints and the temporal evolution of
the wind can determine the practical value of predictive con-
trol .
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Table 1 Yaw Strategy Comparison

Controller Gross Energy Yaw Energy Net Energy Net vs Fixed Perfect Yaw (%)
Fixed 4372.157 0.000 4372.157 0.00% 79.44%
Persistence 5453.086 5.261 5447.825 24.61% 98.99%

LSTM 5450.346 5.281 5445.065 24.54% 98.99%

Perfect yaw 5503.685 0.000 5503.685 25.88% 100.00%

The strength of the persistence baseline can be explained
partially by the temporal characteristics of the wind direc-
tion data. Consecutive five minute observations exhibited a
median absolute directional change of only 0.92°. 75.5% of
changes were no greater than 2° and 92.7% were no greater
than 5°. Under such conditions, the most recent observation
provides a highly informative estimate of the immediate fu-
ture direction. A more complex nonlinear model faces the
benchmark of being able to identify predictive structure be-
yond an already highly informative recent observation. The
importance of explicitly characterizing wind-direction vari-
ability before designing a predictive controller is consistent
with recent control-oriented wind-direction research®.

Forecast and controller yaw error are related but not iden-
tical. The LSTM provides a target direction rather than di-
rectly setting the nacelle heading. The actuator subsequently
attempts to reach that target subject to its movement limits.
Precision error can be reduced, preserved or amplified by ac-
tuator dynamics. This distinction explains why the difference
in forecasting accuracy between persistence and LSTM was
larger than the resulting difference in simulated net energy.
This distinction is consistent with recent work showing that
the usefulness of wind prediction depends not only on forecast
quality but also on the rotational constraints of the turbine.

These results also demonstrate that forecasting accu-
racy and control performance are not equivalent objectives.
Though the LSTM demonstrated larger directional prediction
error, its actuator constrained simulation produced almost the
same energy capture as persistence. This indicates that small
differences in forecast error do not necessarily produce pro-
portionally large differences in turbine level energy output.
This is more apparent when the yaw controller and actuator
constraints limit the practical effect of forecast differences.
Thus, model selection for predictive yaw control should also
consider downstream control and energy objectives. This sup-
ports the broader view that predictive models for wind-energy
control should ultimately be assessed in the context of the
physical control system rather than through forecasting met-
rics alone®23.

Limitations

The analysis uses a single year of wind data from one loca-
tion: Amarillo, Texas. The observed persistence of wind di-

rection and the relative performance of the forecasting models
may therefore depend on the local meteorological regime and
may not generalize to other sites or climates. The conclusion
observed distribution of five minute directional changes, but
additional years and locations would be required to determine
whether the same relationship holds more broadly.

The energy model does not represent a specific commer-
cial wind turbine or a turbine-specific certified power curve.
Instead, it uses a simplified wind-speed-dependent power re-
lationship and yaw-loss model to provide a comparative esti-
mate of controller performance. Therefore, the reported MWh
values should not be interpreted as precise predictions of the
annual energy production of a real turbine. Their primary pur-
pose is to quantify relative differences between controllers op-
erating under identical wind conditions and modeling assump-
tions>16.

The selected yaw actuator speed represents a simulation as-
sumption rather than a universal turbine characteristic. Dif-
ferent actuator speeds could alter the relative performance of
persistence and LSTM control by changing how quickly fore-
casted or observed directional changes can be followed. Sen-
sitivity to actuator speed should therefore be investigated in
future work.

The forecasting task was limited to one step ahead pre-
diction at five minute resolution. Longer prediction horizons
may provide greater opportunity for predictive models to out-
perform persistence, especially if future directional changes
contain an exploitable temporal structure. The present results
therefore should not be interpreted as evidence that machine
learning forecasting is ineffective for all predictive yaw con-
trol applications.

The yaw control evaluation was performed using a simula-
tion instead of a real turbine. The simulated turbine, power
relationship, yaw actuator constraints and actuator energy
consumption represent approximations of real turbine behav-
ior. Effects such as turbulence induced loads, wake interac-
tions, structural dynamics, controller implementation details,
and site specific turbine characteristics were not fully repre-
sented 20?7

The LSTM architecture and hyperparameters represent one
particular model configuration. Although the five seed analy-
sis provides evidence that the observed result was not caused
by a single random initialization, other architectures, input
features, forecast horizons, or training procedures could pro-
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duce different results. The conclusions therefore apply specif-
ically to the experimental configuration evaluated in this study.

Conclusion

This study investigated whether short term machine learn-
ing based wind direction forecasting could improve wind tur-
bine yaw control relative to simpler strategies. Using one
year of five minute Amarillo wind data, a chronologically
separated validation and locked test framework was used to
compare persistence, statistical forecasting baselines and an
LSTM model before evaluating their performance in an actu-
ator constrained yaw simulation.

Persistence proved to be a particularly strong forecasting
baseline, achieving a locked test circular MAE of 1.29°, com-
pared with 2.09° for the LSTM. The difference remained con-
sistent across wind speed and directional change regimes,
while five independent LSTM training seeds produced a mean
test MAE of 2.02 £ 0.24°. A block bootstrap analysis further
indicated that the LSTM’s higher forecasting error was statis-
tically distinguishable from persistence.

Both controllers substantially improved simulated tur-
bine energy capture relative to a fixed nacelle. Persis-
tence achieved 5,447.825 MWh of energy, while the LSTM
achieved 5,445.065 MWh. This represents improvements of
24.61% and 24.54% respectively over the fixed nacelle base-
line. The idealized perfect yaw case produced 5,503.685
MWh. Thus, both active strategies approached the simulated
upper bound, while persistence marginally outperformed the
more complex LSTM.

These results demonstrate that increasing forecasting model
complexity does not necessarily improve downstream yaw
control performance. For the short five minute prediction hori-
zon examined here, the gradual evolution of wind direction
made persistence highly competitive. This finding is consis-
tent with recent research emphasizing that the value of wind
prediction depends on wind-direction variability and the rota-
tional constraints of the turbine®. Future work should evaluate
longer forecast horizons, multiple sites and years, more com-
prehensive meteorological inputs, and realistic turbine and ac-
tuator models to determine conditions under which predictive
machine learning can provide a measurable advantage over
simple forecasting strategies.
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