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Introductory Summary
Operating a wind turbine at the optimal tip speed ratio (TSR) yields maximum power coefficient, a measure
of efficiency. Manufacturers measure optimal TSR for a single isolated unit, and wind farm operators ensure
every wind turbine within the farm runs at that TSR. This practice is wrong since it does not account for
the aerodynamic interactions of wind turbines. These interactions affect the optimal TSR. In other words,
every turbine’s optimal TSR depends on the site, wind direction, and farm’s layout and is not the same as
what the manufacturers measure for single isolated units. Applying a TSR optimization to the Lillgrund
wind farm with 48 2.3-MW turbines using the Jensen wake model and particle swarm optimization method
increased the annual energy production by approximately 4%.
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Introduction
The wind goes into a wind turbine. The turbine’s rotating blades extract the wind’s kinetic energy and
cause much chaos in it. Hence, the wind leaving the turbine forms a turbulent, low-speed region behind the
turbine. This region, which slightly expands as it flows further downstream, is called a ”wake.” It takes a long
distance for a wake to recover to the undisturbed, high-energy status it used to have upstream of the turbine
that causes the wake. Also, the wind direction changes; therefore, this wake region forms in every direction.
Hence, it is impossible to find a wake-free spot for any turbine within a utility-scale wind farm. Every turbine
gets some exposure to upstream wake, leading to a significant reduction in its energy production [1-2]. Wind
farm layout optimization means finding the spots with minimum exposure to upstream wakes as a whole.
Wind farm layout optimization is necessary but not enough. What needs to take place beyond that is active
wake control. Active wake control aims to actively alter the wake direction or strength as wind direction
and speed change in real-time [3]. Researchers have offered several active wake control strategies. One of the
most researched ones is yaw control [4-8]. The yaw control strategy proposed deviating a turbine from its
optimal yaw (zero degrees) in order to steer the wake away from downstream turbines. While this decreases
the power production of the yawed turbine, it increases the power production of the downstream turbines.
The gain appears to be more than the loss. This research proposes adjusting turbines’ TSR in real-time. The
deviation from the TSR value proposed by the manufacturer will decrease the production of the adjusted
turbine; however, it increases the power production of its downstream counterparts. This research shows
that similar to the yaw control strategy, the TSR control leads to an overall increase in the annual energy
production. We tested the idea by applying it to the Lillgrund wind farm. The layout, the Cp -TSR and
Ct -TSR curves, the power curve, and also the wind information used for this study are presented in Figure
1.
Methods The authors employed particle swarm optimization (PSO) technique to identify the optimal value
of TSR for every turbine in every wind direction. They employed the Ct -TSR curve provided by the turbine
manufacturer (Figure 1) to achieve this goal. PSO had an input vector of 48 TSRs. Every time that the PSO
updated the said input vector throughout its convergence journey to the optimal TSR values, the algorithm
used the data presented in Figure 1 to calculate the Ct and Cp associated with every TSR. The new Ct was
then inserted into the Jensen model as,
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to calculate the wind speed deficit caused by each turbine. In Equation 1, kw = 0.04 is the expansion
coefficient. The algorithm then corrected the wind speed deficit as [9],
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with A and Aoverlap being the rotor area and the fraction of the downstream rotor area covered by the wake
from the upstream turbine. The algorithm corrected the deficit for all upstream turbines that affected the
turbine of interest. The inlet wind speed into the turbine of interest was then calculated as,
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with N being the number of turbines upstream of turbine i. Knowing Uin allowed for calculating the turbine’s
power production using the power curve provided by the manufacturer (Figure ??). See [10] for detailed
explanation on PSO.
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Figure 1: (a) Lillgrund’s layout, (b) Cp -TSR and Ct -TSR curves, (c) power curves, (d) wind data.
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Results and Conclusions
Figure 2 shows the annual energy production (AEP) of the farm in every wind direction with and without the
implementation of an active TSR control. Total AEP increased by approximately 11 GWh. More detailed
results will be presented in the oral presentation, including TSR distribution and the change in AEP of every
wind turbine, at least in a couple of wind directions, including 150 degrees from the north.
Note that what makes the proposed active TSR control very unique is not just its significant impact on power
and energy production. This strategy brings several other benefits, making it more exciting and promising.
First, unlike yaw, pitch, and tilt control strategies, altering the TSR does not lead to any additional loading
on the blades since the rotor still operates under normal conditions and is not misaligned in any direction.
The proposed strategy appears to decrease the TSR overall. A reduced TSR is equivalent to a slower rotor,
and a slower rotor generates less noise. The proposed strategy enhances the performance of wind farms by
relaxing the leading-edge erosion phenomenon. It also decreases the chance of hurting bats and birds.

Figure 2: Wind farm’s total AEP (GWh) vs. wind direction
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