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Overview Proposed Approach
» Utilizing BESSs for grid services leads to degradation

Thrust 1 Thrust 2 Thrust 3
Develop Linear
Surrogate Model for
Degradation

Design degradation aware
frequency regulation
mechanism

* Grid services and controls need to be optimized

Analyze and quantify
techno-economic gains

Real Grid Duty Cycles
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Balance grid service requirements and degradation

Offline Simulations

*  Physics-based degradation models though accurate are
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computationally expensive for optimization and control Experiment - & ~
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Simplified models are unable to capture all relevant dynamics ' k ) " )\ J

Alternative approach is to apply conservative constraints Develop computationally tractable, data-driven surrogate

» Need to incorporate accurate models that capture the models that describe the degradation dynamics

degradation to balance the cost of battery degradation and * Incorporate battery degradation into optimization and control
optimal performance in real-time. design

Data Collection for Training Data-Driven Degradation Models
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Future Work

* Extend the existing work on data-driven modeling to incorporate battery degradation dynamics

*  Combine data-driven model into frequency regulation formulation

*  Show effectiveness of control performance and economic benefits of integrating degradation surrogate models.
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