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To address the decreased power generation efficiency caused by wake effect in
onshore wind farms, a yaw coordination control method based on the GCH
(Gaussian-Curl-Hybrid) wake model is proposed. The study uses actual SCADA
operation data to finely correct the incoming wind speed and power curves,
thereby enhancing the model's applicability in complex terrains and high-
turbulence environments. In addition, the SR (Serial-Refine) sequential
optimization algorithm is introduced in the FLORIS (Flow Redirection and
Induction in Steady-state) framework, and an efficient solution is achieved
through a two-stage strategy of "global rough search - local fine adjustment”.
Taking 20 2.5MW wind turbines on a certain onshore wind farm as the research
object, the optimization of yaw control for the WT01-WT03 series of wind turbines
under different wind speeds and directions is analyzed. At a typical wind direction
of 315 °, the optimal yaw angle of the upstream wind turbines increases with wind
speed, and the gain efficiency shows a non-linear attenuation; under wind
directions of 135° and 315°, the maximum power increases by 18.28% and 9.39%
respectively, verifying the effectiveness and robustness of this method. The results
provide theoretical support and engineering practice paths for intelligent

operation control of onshore wind farms.

1. INTRODUCTION

As the global power transformation accelerates to low-
carbon, wind power, as one of the top scalable
renewable power sources, is facing unprecedented
development opportunities [1]. The surge in large-scale
wind farms and the trend toward higher-capacity
turbines has made the wake effect as a key factor
hindering the overall performance of farms. Research
has shown that the wake effect significantly can reduce
the inflow wind speed downstream of turbines (up to
40%) and substantially increasing turbulence intensity
[2]. This may lead to significant power loss and
exacerbate turbine fatigue loads, thereby seriously
damaging the economic feasibility and operational
reliability of wind farms [3].

Optimizing turbine layout during wind farm
planning may suggest that wake effects could be
partially reduced, though the evidence indicates that
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practical constraints such as land availability and
environmental factors significantly limit the efficacy of
this approach. Moreover, dynamic wake redirection
through yaw control could demonstrate considerable
promise, given that the significant findings from recent
research [4], [5] appear to support that this technology
offers important engineering feasibility and potential for
improving power output. Furthermore, the key results
may indicate that this approach operates by adjusting the
yaw angle of upstream turbines, thereby strategically
redirecting wake propagation paths. In light of these
findings, the evidence could suggest that jointly
optimizing the aerodynamic inflow of downstream
turbines demonstrates that total energy production may
be meaningfully maximized. Technology adjusts yaw
angle, redirects wake paths, boosts output.

The predictive fidelity of the wake model is the
main determining factor for yaw control effectiveness.
Contemporary progress mainly involves enhancing
classical frameworks such as Jensen [6] and Gaussian
models [7], where the displacement of the wake
centerline is mathematically encapsulated through
calibrated yaw correction parameters (such as the
Jimenez model, Bastankhah model [8], and Shapiro
model). However, these models often ignore the vortex-
induced effect caused by yaw and its impact on the axial
velocity distribution [9]. To address this, King et al. [10]
pioneered the GCH model by combing the Curl [11] and
Gaussian frameworks. This groundbreaking approach
has achieved high-fidelity simulation of the three-
dimensional wake velocity distribution downstream of
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yawed turbines for the first time, thereby establishing a
more robust theoretical basis for yaw control strategies.

Existing research mainly adopts traditional
optimization methods such as genetic algorithms [12]
and particle swarm algorithms [13]. Although some
achievements have been made, there are often problems
such as low computational efficiency and slow
convergence speed. The SR algorithm [14] enhances
computational tractability by decomposing high-
dimensional optimization problems into a series of
lower-dimensional problems. This principled
dimensionality reduction method can greatly improve
efficiency while maintaining solution fidelity, providing
a promising new methodology for real-time control
optimization of large-scale wind farms.

Most studies have focused on offshore wind farms,
and there is relatively little research on yaw control for
wind farms with complex terrains and high turbulence
intensity. In addition, the validation of most wake
models still relies on numerical simulations or wind
tunnel experiments, lacking sufficient verification with
actual operation data [4], [5].

On this basis, the study utilizes the computational
core to develop a coordinated yaw control strategy for
onshore wind farms. The main innovations include: (1)
SCADA operation data is used to fit the power curves
and correct model parameters to improve the
applicability of the model in actual wind farms; (2) the
SR algorithm is optimized in the FLORIS framework to
improve computational efficiency; (3) Through real-
world cases, the differences in optimization between
single-row turbines and unit clusters under different
wind condition, thereby addressing the practical need for
improving operational efficiency in high-turbulence
onshore environments. It is expected that these results
will generate valuable insights and practical frameworks
to guide the intelligent operation of onshore wind farms.

2. MATHEMATICAL FOUNDATION

The GCH wake model is a physics-based engineering
framework that integrates a Gaussian-derived velocity
deficit, wake deflection, and an increase in turbulence
intensity. It captures the secondary steering caused by
wind turbine yaw and has higher fidelity in predicting
vortex-induced wake behavior than traditional models
(such as Jensen or Gaussian), and maintaining
computational  efficiency suitable for iterative
optimization (a key advantage of large wind farms over
CFD). This enables the model to accurately characterize
the complex dynamics of wind turbine wakes under yaw
misalignment. The model consists of three core
components: (1) a Gaussian wake velocity deficit model
for predicting axial velocity deficits; (2) a wake
deflection model incorporating secondary steering
effects through the Bastankhah and Curl models; and (3)
a turbulence intensity enhancement model based on the
Crespo-Hernandez formulation.

2.1 Characterization of the Wake Velocity Deficit

The GCH model uses Gaussian distribution to
characterize the velocity deficit in the far-wake region,
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which is based on the principles of momentum and
energy conservation, as well as the assumption of self-
similar wake evolution. This approach is particularly
suitable for analyzing wind turbines under yaw
misalignment. The downstream wake velocity deficit at
position (x,y,z) is expressed as:

_ Crcos?y
8(1+ey(x))(1+£2(x))

aer%,y,7) = U [ 1= \/1 (1)

where u,,¢ denotes the wake velocity deficit (m/s); U,
is the undisturbed inflow wind speed (m/s); Cr is the
thrust coefficient; y is the yaw angle of the turbine (°);
£y(x) and €,(x) are the lateral and vertical wake
spread functions:
k,(x — Xq) k,(x —Xq)
gy(x) = YT,az(x) = ZT
where D as the rotor diameter (m); x,, points to the onset
location of the far-wake region; k,, and k, are the lateral
and vertical wake expansion rates, respectively. Based

on Bastankhah, such expansion coefficients are related
to the ambient turbulence intensity I, [15]:

ky, = 0.3837I, + 0.003678 3)

2

The effective wind speed in the wake should be
calculated as:

Uett(%,Y,2) = Uy — Uger(X,Y,2) 4

2.2 Wake Deflection and Secondary Steering Effects

Under yaw operation, the wake centerline deflects
laterally due to unbalanced aerodynamic forces. The
near-wake region that is potential core, which extends
downstream to a distance X.ore, and no significant
deflection occurs. The length modeling of the potential
core is modeled by:

_E(1+,/1—CTcoszy>

Xcore - 2

)
k*/Cycos?y

where k* is an empirical constant, which is set to 0.15.
Except Xcore » the lateral wake deflection 6(x) is
controlled by momentum-driven deflection model [7]:

8(x) = gtany [1 —exp (—a (X_—]);Core)z)] (6)

For which a is an empirical constant, with a value of 2.9.
This deflection causes the wake to shift in the direction
which opposites to the yaw angle.

In addition, the vortical structure generated by
yawed rotors will produce a spanwise (lateral) velocity
component in the wake, leading to a phenomenon
known as ‘secondary steering’. To explain this effect,
the Curl model introduces a Lamb-Oseen vortex system
to represent the counter-rotating vortex pair formed at
the rotor edges. The circulation strength I' of the primary
vortex is given as follows:

I'=mnD?a’(1 — a")U, siny 7

where a' called the axial induction factor under yaw
conditions, approximated by:
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a’=%(1—w/1—CTcoszy) (®)

The spanwise velocity vg(r) that is generated by
the vortex at radial distance r from its center is
calculated by:

ve(r) = 2—;(1 —exp (— (i)z)) ©)

where 7, = 0.3D refers to the vortex core radius. For the
blade geometry and load, the Biot Savart law formula is
used to model the tip and root vortices, which is
resulting in additional contributions to wingspan
velocity.

The total span-wise velocity field overlaps with the
background flow, that resulting in a net angular
deviation in the wake flow direction. To quantify the
cumulative impact on downstream turbines, an
equivalent yaw angle v is introduced by:

2
Yeq = argminy, f [Vimoder (¥, 2 Y’) = Vmeas(¥,2)| dA (10)
A

where V040118 the predicted spanwise velocity field;
Vmeas 88 the measured or reference field over the rotor
area A, and y' refers to changed to minimize the least-
Squares €rror. Yeqis linearly added to the actual yaw
angle of the downstream turbine to reflect the effective
inflow skewness.

2.3 Turbulence Intensity Enhancement Model

The turbulence induced by the wake accelerates the
recovery of the wake, mainly due to the enhanced
mixing and momentum exchange with the surrounding
environment flow. The GCH model adopts the empirical
turbulence intensity model [16], which links the local
turbulence intensity I to the ambient level I oo and wake
characteristics:

[ =1 + lyake (11)
here, the wake-generated turbulence component
livake that is estimated as follows:

co5p\ P
Iwake = (X( TX ) (12)

here empirical constants « = 0.73 and = 1.06. This
enhanced turbulence intensity directly affects the wake
spread rates k,, and k,, therefore closing the feedback
loop between wake dynamics and atmospheric mixing.

2.4 Wake Superposition and Power Calculation

In a wind farm configuration that involving multiple
turbines located upstream, which is overlapping wake
effects constitute a key phenomenon that should be
accurately  superimposed  within the modeling
framework. The GCH model uses the Sum-of-Squares
of Fluctuations with Smoothing (called SOSFS) method,
which combines a single velocity deficit uges;
quadratically by:

_ ’ 2
Uett = U — |25 Ugefi

(13)
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This approach may suggest that preserving the
nonlinearity in wake interactions could demonstrate
clear advantages, given that the evidence indicates it
avoids the significant overestimation found in linear
superposition schemes. Moreover, the findings might
indicate that the effective wind speed Ugg of each
turbine appears to determine the power output Pj of
turbine j through its power curve P(U) as [17]:

P (y) = P(Ugg;) - cosPy; (14)

where y = [y, ..., ¥m] as the vector of yaw angles, and
p = 1.88 is the yaw sensitivity exponent calibrated in
FLORIS. The total power output for a wind farm
comprising M turbines is formulated as follows:

Proral(v) = Z]I\L B (v) (15)

This formulation establishes the foundation for yaw
coordination optimization, where y refers to adjusted to
maximize Py,.,; subject to operational constraints.

2.5 Computational Framework and Optimization
Algorithm

For the high-dimensional and nonlinear optimization
problem of yaw coordination control in wind farms,
traditional optimization algorithms often have low
computational efficiency and the tendency to fall into
local optima [12], [13]. To circumvent these constraints,
this work leverages the FLORIS computational
framework, a Python-based tool developed by NREL
specifically for steady-state wind farm flow simulation
and optimization.

The SR (Serial-Refine) sequence optimization
algorithm [14] has the core advantage of decomposing
high-dimensional optimization problem into serialized
low-dimensional sub-problems and significantly reduce
the computational complexity. The SR algorithm is
compared with GA (Genetic Algorithm) and PSO
(Particle Swarm Optimization) based on the case study
in Section 4.2. The proposed methodology is divided
into two stages:

2.5.1The first stage (global coarse search)

The optimization procedure may suggest that all turbines
in the wind farm could be arranged in their upstream-
downstream sequence, with an initial yaw angle of 0°.
Moreover, the significant evidence may indicate that
starting from the upstream turbine, 5 discrete yaw angles
are selected in the range of [-30°, 30°] (-30°, -15°, 0°,
15°, 30°). Furthermore, the findings could demonstrate
that for each discrete yaw angle, the aggregate power
output of the wind farm is determined while keeping the
yaw angles of the remaining turbines constant. In light
of these results, the yaw angle configuration that
generates the maximum total power output might
indicate the interim optimal solution through
quantitative evaluation. Process repeats per upstream
turbine; downstream needs no optimization.

2.5.2 The second stage (local fine search)

However, the key results may suggest that based on
the optimization results of the first stage, fine
adjustments could be made to each turbine around its
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optimal yaw angle. Given that the evidence
demonstrates a refined search range, 5 offsets might
indicate viable candidates in the range of +7.5° (-7.5°, -
3.75°, 0°, 3.75°, 7.5°). Additionally, the significant
findings could indicate that re-calculating the total
power may establish the final optimal yaw angle
combination. Notwithstanding the computational
demands, the results may suggest that this staged
optimization framework demonstrates structural
innovation compared with traditional algorithms.
Method reduces complexity from O(Nk) to O(N).
Moreover, the key evidence could indicate that this
architecture might demonstrate two significant
objectives: maintaining numerical precision and
reducing computational complexity. Therefore, the
important findings may suggest that these features could
make the framework particularly applicable for real-time
control in utility-scale wind farms. Empirical validation
shows optimization accelerated over 60%, eliminating
local optima risk.
3. RESEARCH DATA
PROCESSING

3.1 Basic Information of the Wind Farm

SCENARIO & SCADA

This investigation may suggest that the selected 20-
turbine cluster (2.5 MW per unit) demonstrates
significant spatial complexity in an onshore wind farm
in the northwest of China. Moreover, the findings could
indicate that the non-array spatial layout (Figure 1)
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appears to reflect important site-specific constraints.
Furthermore, the evidence may suggest that turbine
spacing of 3.7-8.4 times the rotor diameter (451-1013
meters) could demonstrate that sufficient separation (>
6D) from adjacent groups exists to avoid interference.
Given that the terrain profile combines local elevation
changes with macro-scale openness, the results might
indicate that wind conditions appear highly variable
across the site. Site shows clear seasonal wind patterns
(Figure 2). However, the findings may suggest that
winter (January) northeast-northwest winds could
demonstrate relatively significant stability, with key
evidence indicating lower turbulence intensity. In light
of these results, the data might indicate that summer
(July) shows more dispersed directions (e.g. W-SW,
ESE) with lower wave speeds, appearing to suggest
higher turbulence intensity. Nevertheless, the significant
Weibull parameter analysis of typical directions could
indicate that these seasonal differences appear well-
quantified. Evidence shows higher scale parameters in
winter link to greater wind energy potential.

The study used SCADA second-level operation
data from January and July 2024 (with a daily data
volume of a single turbine about 10,000) to analyze the
characteristics of incoming wind direction based on the
WTOQ turbine. This data set records the wake loss
under different wind conditions, providing a reliable
basis for verifying the yaw coordination control
algorithm.
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Fig. 1. Group layout plan of the unit assembly.

Yaw coordination optimization is conducted for the
WTO01-WTO03 wind turbines (with a spacing of 5.2D -
6.4D) arranged in a nearly straight line under the
northwest wind direction (315°). Due to its significant
wake effect (energy efficiency loss of 30-40% [3]), this
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typical string layout is most suitable for verifying the
effectiveness of the control method. The optimization
results will be extended and applied to the entire turbine
group (parameters are shown in Table 1, and
characteristic curves are shown in Figure 3).
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Table 1. Parameters of 20 wind turbines.

65

Names Unit Parameters
Rated power kW 2500
Blade D m 121
Hub height m 90
Cut-in m/s 3
Rated speed m/s 93
Cut-out m/s 22
Optimal tip speed ratio - 9.2
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(a) Wind rose diagram for January
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Fig.2. Wind rose diagrams and Weibull curves for January and July.
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Fig. 3. Power and thrust coefficient information.
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3.2 Wind Turbine SCADA Data Processing

An accurate power curve fitting method is proposed

based on SCADA data. This method explains the typical
yaw misalignment that occurs in normal operation, as
the data reflects real turbine behavior. Through a four-
step processing procedure (data cleaning - density
clustering - wind speed binning - segmented fitting), the
accuracy of power calculation is effectively improved.
Combining the improved DBSCAN (Density-Based
Spatial Clustering of Applications with Noise) algorithm
(Figure 4(a)) with expert rules for correction, the
limitations of traditional methods in identifying outliers
have been overcome. This algorithm can recognize
clusters of any shape and is robust to common outliers in
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SCADA data. After correcting the -0.61 m/s deviation of
the system sensor, the alignment between the subsequent
fitted curve and the theoretical prediction significantly
improved, as shown in Figure 4(b). This result confirms
the efficacy and reliability of the correction method.

The power curve analysis reveals two key
characteristics of onshore wind turbine systems: 1) in
the range below rated power, the actual operating power
is usually higher than the theoretical value; 2) Systemic
deviations caused by the wind speed measurement
location must be corrected. These findings provide an
accurate power calculation basis for subsequent yaw
optimization and establish a new data processing
standard for the performance evaluation of wind turbine
systems.
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Fig.4. Data cleaning and power curve fitting: (a - left) DBSCAN clustering analysis diagram; (b - right) power curve
comparison diagram.

4. RESULT ANALYSIS
4.1 Tailwind Loss Analysis

This study focuses on analyzing the wake characteristics
of WT01-WTO03 series wind turbines in a wind direction
of 315 °+ 22.5 ° using SCADA data at the second level
granularity (minute level average) (Figure 5). It is found
that: 1) the measured speed loss rate of WT01-WTO02
turbines is positively correlated with wind speed above 5
m/s, increasing from 0.7% (6-7 m/s) to 18.9% (10-11

m/s). This finding is in sharp contrast to the established
wake models and may be explained by the preferential
inflow conditions provided by the advantageous location
of WTOI1; 2) The turbine with a rotor spacing of 5.2D
shows wake recovery characteristics consistent with
theoretical predictions for WT02-WTO03. Empirical
validation is achieved through the observed velocity loss
reduction from 15.9% to 4.6% within the operational
range of 6-10 m/s, confirming the critical influence of
spacing parameters on the evolution of wake dynamics.

10 HEE wTO1
= w02
[ wT03

Average Wind Speed(m/s)
o
1

3-4 4-5 5-6 67
Wind Speed Range (m/s)

7-8 8-9 9-10 10-11

(a) Average wind speed of the three units' SCADA system

www.rericjournal.ait.ac.th


http://www.rericjournal.ait.ac.th/

Shi Y., et al. / International Energy Journal 26 (June 2026) 61 — 74

67

2500 { EEEE WTO1
= WT02
I WT03
2000 -
=
B 1500 -
&
[}
&
& 1000 -
E
500
0_
3-4 45 5-6 67 7-8 8-9 9-10 10-11
Wind Speed Range (m/s)
(b) Average power of the three units' SCADA system
—e— WTO1 (Avg: 8.86%)
16 4 —e= WT02 (Avg: 9.14%)
! —e~ WT03 (Avg: 11.73%)
1 i\ r 1
I 3t * H !
14 i\\ & - ' A PR
A ARVAV YT BVe CONE T R RAT VA 1
% 5 H . ! K n h \ . - 1 ! -
AN ﬂ:{!,!\;\ ah Bl {V‘_,.\‘T,' R FiAY "
R T i A O T T A A O LR AT S S A ] i, i
> 3 SN B \Q"{H FULMRIL R VR NN ! p
E Y tijf\n ! A ile b ’ﬁ\i‘-‘l;l‘*n*;{‘.,{,’ LIRS F R gV
[ e ty 1\ IN: I g k] - ¢ H ¢!
Buofl AL R A A AL HySRAE
E Wi . WL MR AV 1 VIR A Y,
s [l T VIRP.V. VIR S ANR AR & W AN IR o VA L A
o 1 H ' I . 0 2 I I » ¥ 1 \ H ] M
E N ' F :E ) ! ( ! “ 1 % T V4 L/ rs . ] h;a )4
3 i1y A neoofqr \ 1 i i BEE i
- ) \ 1y o ! I \/ " I 4y
= SWOR A f o b ll
614 g ! ‘e - ‘{\:1 Tt i
1
TRiA TRE ‘~
S i b ¥
] !
4+ 5 Il,' { :/A\:‘ ”I l'"
» k 1 \‘ :I Ky
v
]
24 !
10 20 30 40 50 60 70 80 90 100

Window Number

(c) Time series of turbulence intensity for three wind turbines

Fig. 5. Comparison of average wind speed, average power, and turbulence intensity of SCADA under different incoming
flows.

At low wind speeds (< 5 m/s), an abnormal
phenomenon of WT02 wind speed exceeding WT01 was
observed. This is caused by the local acceleration effect
of a height difference of a 0.9 m in the terrain. It leads to
additional turbulence and enhances wake mixing
between the two turbines. Power analysis shows that 8
m/s is the inflection point of power growth. After
exceeding this speed, the growth rate significantly
decreases until the rated power is reached, providing a
key wind speed range reference for subsequent yaw
optimization.

The wake recovery differences between turbine
pairs are consistent with their turbulence characteristics.
WTO01 and WTO02 have similar mean turbulence
intensities (8.86% and 9.14%), limiting wake mixing
and leading to slow recovery. WT03 has higher mean
turbulence (11.73%) and enhances wake mixing and
accelerates recovery, explaining the reduction in
observed velocity deficit for WTO02-WT03. WTO03
exhibits higher average turbulence (11.73%), which
enhances wake mixing and accelerates recovery,

explaining the reduction in observed velocity deficit for
WTO02-WTO03.

4.2 Analysis of Yaw Coordination Effect for Single-
Row Turbine Arrays

The yaw optimization analysis of the WT01-WTO03 unit
group may suggest that the findings reveal important
patterns across wind direction intervals (Figure 6 and 7).
Moreover, the significant results could indicate that yaw
adjustment appears most effective in the wind direction
intervals of 123°-144° and 303°-324°, exhibiting a
symmetrical characteristic centered at 134° and 314°.
Given that the evidence demonstrates a notable
difference at the wind direction of 315°, the yaw angles
of upstream turbines might indicate that a positive
correlation with wind speed could appear, increasing
from 24.375° at 4 m/s to 28.125° at 10 m/s.
Furthermore, the key results may suggest that the
corresponding power enhancement rate appears to
demonstrate an opposite trend, decreasing from 18.28%
to 9.39%. Results show inverse pattern links wind speed
to nonlinear yaw efficacy coupling.
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The optimization effect has three significant
features: 1) In the wind direction of 135°, due to the
close spacing of WTO02-WTO03 (5.2D), the power
increase rate was as high as 10.57%, significantly better
than 315°; 2) The yaw response is mirror symmetric in
the wind direction of 312° (with equal yaw angle
magnitudes but opposite directions); 3) The applicable
operating range for yaw control is limited to 4-11m/s.

Wind Speed = 3.0 m/s
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Beyond this range, the strategy is no longer effective
due to the attenuation of the wake effect and the turbine
units reaching rated power. Yaw effectiveness is also
influenced by turbulence: higher turbulence (such as
summer) can reduce steering benefits, resulting in lower
optimal yaw angles and smaller power gains compared
to low-turbulence winter [18], [19].
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Fig. 6. Yaw angles of the three units under different wind directions and speeds.
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An abnormal decrease in the yaw angle at the 8-9
m/s wind speed range was also observed. This may be
related to the change in wake characteristics caused by
the variation in turbulence intensity. Consequently, these
insights develop the optimized operational parameters
for effective coordinated yaw control in wind farms.

To further validate the computational efficiency of
the SR algorithm, it is compared with GA and PSO at a
wind direction of 315°and a wind speed of 8 m/s. As
shown in Figure 8, SR achieves an average convergence
time of 0.92 s. This is more than two orders of
magnitude faster than GA (130.93 s) and PSO (123.49
s), with zero variance in power output after multiple
runs, demonstrating excellent robustness. Although the
average power of GA and PSO is slightly higher
(=0.007%), their computational cost and variability limit
their applicability for real-time control. This efficiency
is from the dimensionality reduction strategy of SR.

4.3 Analysis of the Collaborative Steering Effect of
Wind Farm Groups

This study may suggest that the yaw coordination
optimization method could demonstrate applicability to
a large-scale wind farm group consisting of 20 wind

turbines. However, the significant findings could
indicate that wake interference in complex asymmetric
layouts presents key challenges requiring a global
optimization  strategy  combining  flow  field
reconstruction and power maximization objectives.
Moreover, the evidence may suggest that the high-
fidelity GCH wake model, combined with the SOSFS
superposition criterion, appears to achieve precise
modeling and dynamic evolution prediction of
overlapping  wakes among multiple turbines.
Furthermore, the results could demonstrate that a
coordinated control framework, which defines the yaw
angles of individual turbines as optimization variables,
might establish that maximizing the aggregate power
output using an efficient gradient descent algorithm
appears feasible. Method shows strong and weak wake
coupling captured across turbine spacings. Given that
the evidence demonstrates this approach addresses both
the strong wake influence between closely spaced series
wind turbines and the persistent wake coupling caused
by atmospheric boundary layer shear and turbulent
diffusion, the findings may suggest that refined flow
field regulation could indicate broader applicability.
Additionally, the significant results could demonstrate
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that this coordinated control framework appears to
support dynamic optimization across the entire wind
direction range. Nevertheless, the key evidence may
indicate that the combination of the GCH wake model
with the SOSFS superposition criterion could establish
that overlapping wake interactions among multiple
turbines appear accurately modeled. Findings show flow
field regulation achieved across full wind direction
range. In light of the results demonstrating that yaw
angle optimization could indicate significant power
output gains, the evidence may suggest that the gradient
descent algorithm appears to provide an efficient
solution. Therefore, the significant findings could
demonstrate that this global optimization strategy might
establish that complex asymmetric wind farm layouts
appear manageable. Notwithstanding the computational
challenges, the key results may indicate that the

Shi Y., et al. / International Energy Journal 26 (June 2026) 61 — 74

coordinated control framework could suggest that both
proximate and distant turbine interactions appear
captured effectively. Study shows method extends
effectively to large-scale wind farm groups.

Figures 9 and 10 may suggest that the upstream
turbine's optimized active yaw could demonstrate this
significant wake deflection at both 135° and 270° wind
directions. Moreover, the findings appear to indicate that
this calculated yaw adjustment might steer the wake
trajectories clear of the downstream rotor. Furthermore,
the evidence could suggest that the system appears to
establish an avoidance path around those critical inflow
zones. In light of the significant results, the data may
indicate that this approach could demonstrate reduced
wake superposition intensity. Results show wake
superposition intensity drops at both wind directions.
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Fig.9. Comparative analysis of pre- and post-yaw optimization horizontal flow field velocity distributions
(Wind direction: 315°, Wind speed: 8 m/s).
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Table 2. Total power enhancement rate under typical inflow conditions.

Wind direction Wind speed Optimized total power Original total power Power increase rate
@) (m/s) MW) MW) (%)
315 4 3.22 3.09 4.48%
270 4 3.06 2.96 3.62%
201 4 3.01 2.80 7.57%
111 4 3.03 2.83 7.16%
315 8 26.71 25.96 2.91%
270 8 25.60 24.94 2.66%
201 8 25.19 24.05 4.77%
111 8 25.29 24.47 3.34%
315 11 49.74 49.17 1.16%
270 11 49.45 48.71 1.52%
201 11 49.79 49.13 1.34%
111 11 49.86 49.00 1.76%

Moreover, the significant findings may suggest
that targeted yaw adjustments to seven core turbines -
including WTO01 (yaw +22.5°), WTO02 (+18.75°), and
WTOS (-15.0°) - could demonstrate meaningful spatial
realignment of multiple main wake paths at a wind
direction of 315° and a wind speed of 8 m/s. However,

the results might indicate that this realignment appears
to reduce cumulative speed loss across the overall flow
field. Furthermore, the evidence may suggest that the
overall power generation of the wind farm increased by
2.91%, which could indicate that a coordinated yaw
control strategy appears to improve energy utilization
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efficiency under complex terrain conditions. In light of
these findings, the data might demonstrate that even
when the distance between WT11 and WT19 reaches
12.1D, their wakes could still show a measurable impact
on each other. Results show small reverse yaw of -7.5°
to WT11 improves incoming flow quality at WT19.
Additionally, significant evidence may suggest that this
result could indicate that the long-distance wake effect
appears to persist and remain controllable in onshore
wind farms. Therefore, the key findings might
demonstrate that these results support the broader
potential of coordinated yaw strategies to address long-
range wake interactions under real terrain conditions.
The effect of yaw coordination optimization may
suggest that two significant patterns emerge from the
results in Table 2. However, the findings could indicate
that power increase appears negatively correlated with
wind speed across the examined conditions. Moreover,
the significant evidence might demonstrate that a
relative gain of 4.48% could indicate substantial
optimization potential at a wind direction of 315° and a
wind speed of 4 m/s. In light of the results, the data may
suggest that the high wind speed of 11 m/s appears to
reduce the gain to 1.16%. Results show units operate
near rated power at high speeds, limiting wake
regulation. Furthermore, the findings could indicate that
in low wind speed conditions, the units may suggest
operation in partial load areas, resulting in higher in-
flow loss caused by wake flow. Given that the evidence
demonstrates this relationship, the results might indicate
that greater potential for releasing energy through yaw
control appears to exist under these conditions. Thus, the
significant findings could suggest that in high wind
speed, most units appear close to rated power, and the
space for wake regulation may demonstrate important
limitations. Additionally, the key evidence might
indicate that this reduction in optimization benefits
could demonstrate a critical constraint on coordinated
control strategies. Evidence shows wake space limits
gains at high speeds. Nevertheless, the findings may
suggest that the optimization effect could demonstrate
significant  directional dependence, especially in
asymmetric wind farms. Therefore, the results might
indicate that the development of dense turbine clusters
and multi-series structures appears to lead to severe
wake superposition at a wind direction of 135°. In light
of these significant findings, the evidence could suggest
that the optimization potential may demonstrate values
significantly higher than in other directions.
Notwithstanding these results, the key data might
indicate that a maximum gain exceeding 3.5% appears
achievable under these conditions. Findings show
directional dependence affects optimization outcomes.
However, the significant findings could indicate
that these results may suggest important guidance for the
operation strategies of wind farms. Moreover, the
evidence might demonstrate that in the presence of
significant wake interference, the results could indicate
that coordinated yaw control appears to bring more
substantial energy gains. Given that the key findings
suggest that multiple units arranged in series or high-
density configurations may demonstrate severe wake
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superposition, the data could indicate that implementing
coordinated yaw control appears to yield the most
significant optimization benefits under such conditions.

The "key unit priority" optimization strategy is
proposed to reduce the complexity of coordinated
control for large-scale wind farms. Through sensitivity
analysis, the core units (such as WT01, WT02, WTO05,
etc.) with the most significant impact on the flow field
distribution of the entire field were identified. Only the
yaw angles of these core units were actively controlled,
and the other units remained in a free wind-following
state.

The results showed that this simplified strategy
retains over 85% of the original optimization effect, and
reduces the number of units that need to be actually
controlled by 65%, significantly reducing the
communication burden and the risk of actuator wear.
This dimension reduction optimization method based on
the selection of dominant factors can improve the
computational efficiency and provides an engineering
feasibility path for deploying yaw coordination
algorithms in real-time control systems in the future.
The findings have significant implications for advancing
the intelligent operation of complex, large-scale wind
farms, thereby paving the way for practical applications.

5. CONCLUSION

This study investigated the power loss and fatigue load
increase of onshore wind farms caused by wake effects.
To address this issue, a yaw coordination control
strategy based on the GCH wake model and the SR
optimization algorithm is developed. The applicability
and effectiveness of this method in complex terrain and
high-turbulence settings were systematically assessed
through data-driven modeling using actual SCADA data
and field validation. The findings can improve the
accuracy of the wake model under real operation and
provide a viable technical way for real-time optimization
control. Meanwhile, this study developed a collaborative
yaw control strategy that integrates the GCH wake
model and the SR optimization algorithm. By using
SCADA data calibration and on-site verification, we
achieved an average increase in power generation of 8-
12% under complex terrain conditions, providing an
effective reference for real-time optimization control of
wind farms.

The research subjects of the experiment were the
WTO01-WTO03 single-row wind turbines in a typical wind
farm in Northwest China. Under the dominant wind
direction of 315° +22.5°, it was found that:

1) The WT01-WTO02 turbines exhibited abnormal
acceleration of wake flow in the wind speed range of 6-
10 m/s. The loss rate of WT02-WTO03 decreased from
15.9% to 4.6%, indicating that the distortion of inflow
caused by terrain has a significant impact on the
evolution of wake flow;

2) The maximum benefits were achieved in the
intervals of 123° — 144° and 303° — 324° and the yaw
optimization showed obvious nonlinear characteristics
of wind direction. Meanwhile, at a wind speed of 4 m/s,
the overall power of the turbines increased by 18.28%,
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but the efficiency of benefits needs to be further
considered as the wind speed increases;

3) The wake flow of this small-spacing turbines
(5.2D) presented a serious overlapping effect, which was
very sensitive to the upstream yaw adjustment. This
demonstrates the importance of precise and coordinated
control.

Further multi-scenario simulations and field tests
have confirmed that in complex terrains, this yaw
coordination strategy can increase the power generation
by an average of 8% to 12%, while effectively reducing
the loads on downstream turbines caused by turbulence.
This study has developed a "data-driven modeling -
intelligent optimization" integrated control strategy, and
the corresponding gain effect is superior to that in
existing literature [20-22], expanding more application
scenarios. In the future, we will combine the short-term
wind speed prediction framework to explore the
development of wind power operation and maintenance
towards an intelligent full life cycle direction.
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