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Conclusions

Impact of Al-powered bidding optimization on storage
asset revenue: The results of these analyses on a range
of battery assets in California show that revenue uplift

Results
Revenue Uplift from Al-Powered Storage Bidding Optimization

Background

As portfolios of renewables and storage assets scale globally,
asset owners, investors, managers, and traders across the
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Objective

Artificial intelligence (Al) and machine learning (ML) can ingest,
identify trends within, and learn to anticipate future outputs
from large swaths of data that may be challenging for humans
to handle. We seek to investigate how advanced digital solutions
that leverage Al and ML can help renewable and storage asset
owners, operators, and traders collect, analyze, and optimize the
technical performance and financial returns of quickly scaling
portfolios.

Methods

Financial impact can be measured through revenue uplift
(additional revenue generated) or cost savings (avoided costs on
operations, maintenance, and more). To quantify each of these
metrics, we've run two analyses:

1.) Back-cast of Al-Based Storage Bidding Optimization: Year-
long back-cast in the California ISO (CAISO) that simulates
performance and market results from a manual trading method
VvS. an algorithmic trading solution that leverages Al-based price
forecasting

2.) Historical Study of Al-Based Predictive Maintenance Alerts:
Utilizing sample data from multiple real-world wind farms, we
utilize a novel ML-based approach for early fault detection of wind
turbine faults using alarms and warnings from the SCADA system.

FIGURE 1: Example analysis performed with actual Day Ahead Market,
Fitteen Minute Market, and Real Time Dispatch prices. Data covers pricing
for May 28, 2019 at HAAS_7_B11 price node and NP-15 AS trading zone;
50MW/200MWh; 1 cycle / day limit; 93% charge efficiency and 95%
discharge efficiency; regulation up & down cap of 50 MW.
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FIGURE 2: Example analysis performed with actual 2019 prices. Data
includes prices at HAAS_/_B11 price node and NP-15 AS trading
zone; 50MW/200MWh; 1 cycle / day limit; 93% charge efficiency and 95%

discharge efficiency; regulation up & down cap of 50 MW

Cost Savings from Al-Based Preventative Maintenance Analytics for Renewables

Fault Event

High Gearbox temperature

Alarm Description

1 Alarm that stopped the turbine
2 Alarm related to the oil pump (thermoerror)
Description

Feature from Alarm

A 1 Cumulated duration

B 2 NO. of occurrences

C 1 NoO. of consecutive occurrences
D 1 Median Inter-Arrival Time

E 2 Max duration

TABLE 1: Example of fault, main alarms, and extracted features from
the alarms.

For every alarm/warning that occurred in the

increasing or decreasing trend for the model’s
three weeks preceding historical fault events, we  training. We train a machine learning algorithm
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FIGURE 3: Example of fault detection on the test set.

3 illustrates an operational example of the model
applied to an unseen “high gear box temperature”

extracted features (examples in Tab.1). Among all  for unsupervised anomaly detection to recognize  fault, showing that the model delivers an alert 5

the extracted features, we select those with an

anomalous patterns of alarms and warnings. Fig.  days in advance of the fault.

plant, that would have been 3.4 GWh over six months and
translated to approximately $500,000 in saved costs.

In turn, digital applications that utilize Al can boost
revenue and reduce costs from utility-scale renewables
and storage assets, improving bottom-line and top-line
financial pertormance for asset owners and operators. As
portfolios scale, the value of these automated, advancead
solutions only become more critical to profitability.
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