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 Using BESSs for high-power grid services, e.g., frequency regulation 
accelerates battery aging and can cause economic losses.

 Computationally efficient, control-friendly degradation models 
needed to enable real-time operational decisions 
- Balance grid performance, asset lifetime, and cost for grid security.

 Physics-based degradation models are computationally expensive:
- Simplified models often fails to capture key battery dynamics
- Heuristic approaches can impose overly conservative constraints
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 Develop a linear surrogate degradation model for BESS using grid duty 
cycles, simulations, and experimental data, and integrate it into a 
degradation-aware frequency regulation (FR) framework.

 Enable frequency regulation that balances grid performance and battery 
health, with improved asset lifetime, and cost-effectiveness.

Fig. 1. Flowchart for data generation

Fig. 2. Technical thrusts for degradation-aware battery control

Fig. 3. Proposed surrogate model blocks

Fig. 4. Predicted battery states for 0.1C (above) and 0.3C (below)

Fig. 5. True vs. predicted voltages

Cr Metric Linear 2nd order Improve

0.1
RMSE 0.005 0.0025 57.1%
MAE 0.004 0.0016 61.3%

R2 0.946 0.9897 4.6%

0.3
RMSE 0.049 0.0168 65.9%
MAE 0.027 0.0098 64.4%

R2 0.898 0.9913 10.3%

Table 1. Metrics indicating improved 
accuracy with second-order model

 Developed a data-driven surrogate model that reduced computation time 
compared to a physics-based model while achieving small optimality error.

 Degradation-aware control would have techno-economic benefits for 
ISOs/BESS operators and owners.

DATA-DRIVEN SURROGATE MODEL
 Build control-oriented surrogate models from high-fidelity battery 

data that approximate high-fidelity physics-based models with lower 
computational cost [1].

 Nonlinear battery dynamics for SPMe with SEI and li-plating degradation 
mechanisms are represented as linear models (Fig. 3):
− Dedicated surrogate blocks are developed for lithium-ion concentration, 

voltage, SoC, and degradation-driven capacity loss prediction using 
lifted-state representation.

− Capture both fast and slow dynamics through separate surrogate blocks 
for internal states, voltage/SoC, and degradation.

MPC for FR Market Economic Dispatch
 Maximize capacity (RCP) / service (RSP) payments, minimize degradation cost 

and tracking error, constrained by battery electrochemical limits.
 For 5-minute prediction horizon, the surrogate model achieves significant 

improvement in computation time while maintaining ≈ 10−6 optimality error.

max ∑k=1N ∑𝑗𝑗=1
𝐽𝐽 RCP/RSP payments− ∑k=1N ∑s=1S (degradation cost + tracking error) 

s.t xk,s+1 = φ1 xk,s, Ik,s , Ek,s, Ck,s
f , Vk,s = φ2(xk,s, Ik,s) (battery models)

Pk,s = Vk,sIk,s (battery power equation)
Pk,s
ref = αk,sFk (real-time market power demand)
ϵk,s = Pk,s − Pk,s

ref (tracking error)
�V ≤ Vk,s ≤ �V,  − ̲I ≤ uk,s ≤ ̅I (battery voltage/current constraints)
τl 1 − Ck,s

f �E ≤ Ek,s ≤ τu 1 − Ck,s
f �E (battery energy constraint)

−�P ≤ Pk,s ≤ �P, 0 ≤ Fk ≤ �P (battery power constraint)
�ϵk,s ≤ ϵk,s ≤ �ϵk,s (tracking error constraint)

where N, J, and S denote the step lengths for hourly, 5 min, and 4s real time dispatches.

FUTURE DIRECTIONS
 Integrate the surrogate model into an MPC-based FR framework.
 Improve its generalizability across a broader battery technologies.
 Incorporate experimental data to augment simulation-based datasets.

− The model is validated for two C-rates 0.1 and 0.3 (Fig. 4).
− The proposed surrogate models preserves the original SPMe dynamics.
− Leveraging second-order polynomial lifted space provides higher accuracy 

compared to linear space (Fig. 5, Table 1).

Physics-based Surrogate Improve
Total computation time [s] 1640.493 0.951 99.94% reduction in computation time

Optimal value 31.50000031 31.49999973 error ≈ 3.01 × 10−6
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