
Problem Description

Wind energy is becoming increasingly common in the

US electricity supply. In US electricity markets, wind

power producers (WPPs) submit generation offers in

the day-ahead (DA) bidding stage, 12-36 hours ahead

of scheduled power delivery. However, the forecast

error at this horizon may be up to 20% of the wind

farm’s capacity [1]. This causes reliability issues for

system operators. Also, WPPs may have to pay large

penalties in the real-time (RT) market for failing to

deliver the cleared DA offer.

Battery energy storage systems (BESSs) can be used

to compensate for wind power forecast errors. During

hours with high wind generation, the BESS is charged.

Then, if the WPP is at risk of defaulting on its cleared

DA offer, the BESS is discharged. This allows the

WPP to provide its entire cleared DA offer through a

combination of wind power and stored energy and

reduces the risk of paying large RT penalties.

The goal of this research is to develop a strategy to

strategically charge and discharge an on-site BESS,

such that the BESS can be discharged during hours

when the WPP has a high risk of default. It addresses

the following key challenges:

1) Can deep learning improve the hybrid system

operation compared to current state-of-the-art

methods such as stochastic optimization (SO)?

2) Can the likelihood of default on the WPP’s cleared

DA offer be modeled and incorporated into the

BESS control strategy?

Methodology

First, the likelihood of default on the WPP’s cleared DA offer is

calculated. For an 80 MW WPP without a BESS, the wind offers of

10,000 hours are simulated. Then, market price data [2] is used to find

the cleared offers, and real wind generation data [3] is used to determine

whether a default occurred. The DA offers are binned and the number of

defaults per bin is calculated. The resulting histogram is plotted and

normalized, and a Weibull distribution is fitted to model the probability of

default on the WPP’s cleared DA offer, as shown in Fig. 1.

The goal of the optimization problem is to maximize the WPP’s profit:
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This model is solved using SO. The problem is optimized for multiple

scenarios of prices and wind power (𝜔) and for one day at a time (𝑡).
The expected DA/RT electricity prices are λ𝜔𝑡

𝐷𝐴 /λ𝜔𝑡
𝑅𝑇 . The Conditional

Value at Risk (CVAR) is a risk management measure which gives the

profit in the 5% least profitable scenarios. We assume that the BESS

operation must be scheduled in the DA stage.

Afterward, a twin-delayed deep deterministic policy gradient (TD3) agent

is used to re-optimize the BESS strategy. Fig. 2 shows the state

(information the agent receives), action, and reward. The purpose of the

TD3 algorithm is to incorporate the likelihood of default into the BESS

strategy. The reward maximizes profit while minimizing defaults and

keeping the BESS state-of-charge (SOC) in the safe range (20-98%).

Conclusions

Using the SO-TD3 method increases profit compared

to the SO method. This is because the likelihood of

default on the cleared DA offer is incorporated into the

TD3 strategy, allowing the WPP to avoid defaults

during hours with high RT prices (Fig. 3). The SO-TD3

method also reduces the number of hours when the

BESS discharges to its minimum SOC and prevents

charging/discharging by large amounts (Fig. 4). These

improvements will extend the battery lifetime, resulting

in long-term cost savings [5].

Future work may include using the BESS to provide

system reserves, incorporating the BESS health into

the model, and testing the model for different likelihood

of default distributions.
Results

The proposed method is tested on an 80 MW wind

farm with a 20 MWh BESS. The BESS efficiency is

92.74% [4] and the maximum charge/discharge rate is

4 MW. The model is trained on 700 days using data

from [2]-[3] and tested on 100 days. The CVAR weight

is 0.01, which indicates mild risk aversion.
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Fig. 1: Likelihood of default on the WPP’s cleared 

DA offer.

Fig. 2: TD3 state, action, and reward.
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Fig. 3: Profit (left axis) and average difference in 

profit (right axis) for days with typical (top) and 

large (bottom) RT default penalties.

Method Wind BESS Total

SO: $2,366,300 -$97,259 $2,269,100

SO-TD3: $2,401,100 -$120,400 $2,280,700

Table I: Profit for test days.

Method Num. Hours

SO: 365

SO-TD3: 24

Table II: Frequency of BESS SOC < 21%.

Fig. 4: BESS SOC for days with typical (top) and 

large (bottom) RT default penalties.
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