In this work we explored the expected benefit from utilizing the flexibility of wind
resources. This work was funded by PSERC. We should also acknowledge the Lawrence
Livermore National Laboratory for providing the computational resources to run all our
simulations.
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Renewable energy, such as wind generation, has been traditionally treated as a must‐take
resource. That means that, unless operational feasibility issues arise in the power system,
all of the wind generation will be integrated into the power system. Prioritizing wind
resources against conventional generation, for example, is enforced in Europe by law
(European directive). However, many current wind turbines have the ability to control their
power output essentially at any point between zero and their maximum power output.
What we are interested in is the benefit from mobilizing that flexibility.
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The typical modeling for wind turbine torque (which translates to wind power output) is
given by this formula. Note that the output depends on
‐the wind speed v_w
‐the rotor radius R
‐the air density rho
‐and an efficiency coefficient Cq. This coefficient depends on the pitch angle beta and the
tip speed ratio lambda, which depends on the wind speed v_w and the rotational speed
omega_rot.
Most of the current wind turbines have what we call “pitch control”. That is, we can
control the angle beta and “destroy” the aerodynamics of the wind turbine, through the
coefficient Cq. That way, we can reduce the wind power output up to practically zero.
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The plot on the right shows the maximum available wind generation for given wind speeds.
This is a typical curve. After a wind speed of 14m/s in this plot, the rated output power of
the generator is reached. After that, pitch control is used to destroy the aerodynamics and
keep the power within its limits. By controlling the pitch angle, however, we can also reach
most of the points within the curve, instead of always trying to maximize the wind turbine
output. This is the flexibility that we are examining in this work.
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We make the case that wind not be treated as a must take resource in general, which
essentially means that we should actively spill wind energy. However, wind is free. So it is
not straightforward that we could have a benefit by spilling it and utilizing costly
conventional generation instead. We will initially try to motivate how such a benefit could
arise by a few small and intuitive examples.
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As a first example, say we have two conventional generators, a cheap one with high
technical minimum and an expensive one with a low technical minimum. Say at some point
demand is at 60MW and the available wind generation is at 40MW. If wind is treated as a
must‐take resource, we need to satisfy 60‐40=20MW of net demand, therefore due to the
technical minimum of the cheap generator, we will have to use the expensive one. If we
spill 20MW of the wind generation instead, we can use the cheap generator instead.
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As a second example, consider three time periods in this small system, with demand
100MW for all of them. Wind generation for these time periods is 80,100 and 80, which
means that the wind can fully cover the demand for time period 2, whereas conventional
generation has to be used at time 2. In this case, if no wind is spilled, the generator has to
restart at time period 3, which will impose the high startup cost twice. For that purpose, it
is preferable to spill 20MW of wind at time 2, to allow the conventional generator to stay
online.
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In this third example we introduce reserves for N‐1 security. In the first case, where all of
the 50MW of wind are integrated, we essentially need to satisfy a load of 180‐50=130MW.
we would like to do that with G1 and G3 that have lower startup cost. However, assume we
let G1 produce 70 and G2 60. If G1 fails we are helpless, because of the ramping rate of G2
(which is 60). Even in the case where we let both produce 65, again if one fails the other
one can not fully cover the failure. So we must use G3, in combination with one of G1 or
G2.
Now if we keep reserve 10MW from the wind, we can use G1 and G3 both producing 70. If
G1 goes out, we get 60 from G2 and 10 from the wind reserve, which is fast due to the high
ramping rate of wind controls, so we are good. And it is cheaper
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As a fourth and final example, consider this small power system. For the purposes of this
example, we will use dc analysis. In the case where the 10pu of wind power are

treated as a must‐take resource, in the optimum they all pass through branch 2‐3 to
satisfy the load of bus 3, binding the phase angle difference between buses 2 and 3
as well. That means the flow of branch 2‐3 is at its capacity, so the flow on the line
1‐2 must be zero, leading to a total cost of $130000/h by utilizing both the
expensive and the local generator. If we instead dispatch wind at 8pu, we can satisfy
the load without using the expensive generator at all, by generating 32pu with G_1
and the remaining 8pu through wind, leading to a lower total cost of $128000/h.
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As in the slide text
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The developed model comprises of two basic components, the Uncertainty Module
and the the Optimization Module. The Uncertainty Module tries to capture the
underlying uncertainty of the system, which in our case is assumed to come from
wind generation and line or generator faults. The module is trained based on a data
set and then used to generate scenarios whenever these are necessary. The
Optimization Module, on the other hand, takes as input a set of scenarios and
solves or heuristically approximates the solution of a stochastic unit commitment
problem, providing in its output a commitment schedule of the slow generators for
the next day. The Optimization Module can be treated as a black box that a system
operator uses to make the day ahead scheduling based on a set of available
scenarios. Based on these modules, the testing process is the following: initially, the
Uncertainty Module generates a set of scenarios. These scenarios are treated as the
uncertainty information the system operator utilizes to make the scheduling
decision. Based on this information, the Optimization Module makes one
scheduling decision for each of two cases: the one in which wind is a must‐take
resource, and the one that it is not. In the final step, we wish to evaluate the
difference between the costs associated with each case. To that end, we generate a
new set of scenarios from the Uncertainty Module, representing possible actual
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realizations of the uncertainty the next day, and compare the expected costs of each
of the two cases (Test Optimal Commitment Block).
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The procedure we utilize to model wind generation is depicted in this slide. The wind
model is trained based on wind speed measurements in a few locations. We use a
standardized procedure that tries to extract a stationary Gaussian process from the data, by
first removing diurnal and seasonal effects and then utilizing a transformation based on the
empirical cdf of the data. The special correlations are taken into account via a principal
component analysis decomposition scheme, as in [2]. An Arma model is then fit to the data
and used for sampling, and the reverse transformations gives us wind speed sample time
series. A wind power model that takes wind speed as input and outputs a corresponding
available power output is also trained and used to transform the sample wind speeds to
available wind generation.

17

18

19

The problem of interest is the stochastic unit commitment. The Unit Commitment

problem is a widely studied mixed integer program that determines the set of
generators, among all the available ones, that will be committed to satisfy the load
during the following day. The two stage Stochastic Unit Commitment problem
formulates the same decision in the presence of uncertainty (renewable generation,
faults, load), captured by a finite set of possible realizations (scenarios).
The generating units available to the system operator are divided into slow and fast,
based on how long prior to operation a commitment decision for that unit has to be
made. The output of the SUC problem is the commitment of slow generating units
into the grid. The challenge is that the commitment decision for slow units has to
be made a day before operation, when the underlying uncertainty is still unknown,
i.e. the commitment decisions (binary variables) for these units have to be the same
across all scenarios (first stage variables). On the other hand, the other variables of
the problem, such as the commitment of fast generating units and the generation
levels, are allowed to vary depending on which scenario of nature was realized (the
decision for them is made with knowledge of the uncertainty), hence the value that
they are assigned can be different for every scenario (second stage variables).
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around 20000 variables per scenario, and constraints in the same order per scenario.. around
6000 binaries.
Say 1000000 for that reduced system
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For a set of scenarios S={1,2,..N}, a stochastic program with first stage variables has the
form:
Min{sum pi * fi(x)}, where fi(x) is a function that evaluates the cost of scenario i for first
stage variables fixed at x (i.e. fi(x) solves an optimization problem with respect to the
second stage variables).

The SUC is a large scale MIP, so decomposition methods are usually employed to
handle it. The algorithm that was used to solve the problem, based on a paper by
Shabbir Ahmed, has two phases: a LB phase and an UB phase. In the LB phase a
problem is solved for each scenario and candidate first stage solutions are identified.
The rest as in slide.
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Here is the behavior for a small test case of 5 scenarios in the case where the Lagrangian
penalties are not used and we only utilize NoGoodCuts. The UB is going down and the LB
up, however the duality gap does not close fast enough.
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Each scenario has a penalty in the objective that penalizes the deviation from other
scenarios, so that hopefully the solutions we get from isolated scenarios can perform
well for all other senarios.
In practice, the LB phase is executed multiple times at the beginning of the
algorithm. This essentially leads to a projected subgradient descent method.
Following that, the UB phase is executed one time, and the whole process is repeated
2-3 times.
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Here is the behavior for different values of the parameter rho of the altorithm for the same
example.
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A heuristic scenario reduction technique was also used in conjunction with PH. The goal is
to make the problem more tractable by eliminating scenarios that are similar to others. To
evaluate similarity of scenarios, we evaluate how different the impacts of scenarios are
upon the power system. In the context of PH, at every iteration we solve a problem for
every scenario. We use the states (flows) of the system for every scenario to calculate
distances between scenarios and then eliminate scenarios that are close. That way we
gradually decrease the number of scenarios at every iteration, while simultaneously
execute Progressive Hedging.
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For the SUC formulation, we consider a reduced model of the Western Electricity
Coordinating Council (WECC) system with 225 buses, 371 lines and 130
conventional generators. A typical winter weekday is simulated for three different
integration cases: high, medium and low. High integration corresponds to 33% wind
energy penetration, the medium integration corresponds to 19 % penetration and
the low integration to 13 %. The average load is 28056MW, with a minimum of
21438MW and a maximum of 32300MW. The capacity of thermal generation is
31281MW and the total generating capacity, not including wind resources, is
51402MW. The cost of load shedding is assumed 5000$/MW‐h.
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This is a time simulation for one scenario and 24 hourly time instances, in a way that
congestion in the system is shown. Wind generation is depicted with squares, whereas
circles indicate other types of generation.

31

Here are some out of sample‐testing results for the SUC. The problem was solved with a
2%optimality guarantee in each case. The costs include a load shed cost of 5000$/MW‐h.

In the next slide, the results without load shedding will be shown.
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In this slide the results without the cost of load shedding are shown for the test set. Note
that there is no significant difference between the two cases; must take and wind spill, for
the low and medium integration scenarios. However, for the high integration case, there is
a significant difference; we get more than 15% better objective by allowing wind to be
spilled.

33

These are some results for the decomposition&reduction algorithm. The initial set of 160
scenarios is reduced to a smaller set of 10 or 30 scenarios after 5 or 10 steps (iterations) of
PH. After that, the cost is reported and compared with the full set solution we found using
the pure decomposition algorithm. Note that, for the 2% accuracy that the problem was
solved, the decomposition algorithm performs quite well.
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This is an interesting observation from the groups formed after the reduction takes place.
The plot shows the probabilities of each one of the remaining clusters. Note that a few
scenarios (“base scenarios”) seem to have high probabilities, whereas most of the other
clusters are “extreme cases” that stay with their initial small probability in the set of
scenarios.
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As a future direction, we wish to develop, if possible, a theoretical guarantee for the
heuristic, since it seems to perform quite well in practice. Also, the nature of this work did
not require a very high precision in the SUC simulations. However, the construction of the
algorithm is ideal to help calculate better guarantees, since the algorithm by construction is
guaranteed to eventually converge to the optimal solution and is not bound by the possible
duality gap between the primal and dual (as a typical projected subgradient method would
be).
It is still in question whether we actually need very small gaps for the SUC problem.
Certainly, for the type of work presented here, we recognize that the lack of precision of
the wind model would probably make it futile or at least unimformative to try and solve the
SUC with a higher precision than what we used. However, if the solution of the SUC is to
be used as an actual tool with economic implications, a standardized procedure with high
precision could be more motivated, since the commitment of small conventional
generation units could be very different in similar solutions.
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