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› Limited knowledge is available when repurposing batteries for second-life: each 

individual cell may exhibit varying degrees of degradation.

›Can we leverage field data to create individualized battery cell models and scale them 

up into a comprehensive system model?
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Main Findings

Methodology & Dataset

State-of-Health Estimation

›The capacity-based SOH and initial SOC can be estimated from 

the charge under the OCV curve of the reconstructed ECM.

›The cell SOH and SOC imbalance can be aggregated together 

to estimate the effective SOH of each module [3]. 

𝑄𝑐ℎ = min( 1 − 𝑠𝑜𝑐𝑖 ⋅ 𝑄𝑖) 𝑄𝑑𝑐 = min(𝑠𝑜𝑐𝑖 ⋅ 𝑄𝑖)

𝑆𝑂𝐻𝑄,𝑚𝑜𝑑𝑢𝑙𝑒 =
𝑄𝑐ℎ + 𝑄𝑑𝑐
𝑄𝐵𝑂𝐿

Exemplary dataset of 

one of the 27 battery modules

Cell voltage deviations result from 

SOC imbalance and 

inhomogeneous degradation.

Series connection: module voltage 

is the sum of all individual cell 

voltages.

Each module has a distinct current 

profile, as the MMC drives them 

individually.

Temperature increases affect the 

battery resistance, which is 

modeled through an Arrhenius 

equation.

›Case study: Second-life storage system comprising 

324 highly aged cells organized into 27 modules.

› Modules are connected to the grid via a 120 kW 

3-phase modular multilevel converter (MMC).

›Real operational data is used to fit cell-individual 

first-order equivalent circuit models (ECM).

›Recursive Gaussian Process Regression extracts the 

aged OCV curve and SOC-dependency of the 

battery’s internal resistance [1,2].

›An extended Kalman filter enables simultaneous 

state and parameter estimation.

›The capacity-based SOH of each individual cell can be accurately estimated by 

reconstructing its OCV curve using field data.

›The models reveal considerable cell-to-cell variations within the second-life system.

›Ignoring this inhomogeneity leads to an overestimation of SOH at the module level.

›Two kinds of battery models are reconstructed: 

using cell-level and module-level voltage data.

›Individual cells show significant capacity loss, 

resistance increase, and SOC imbalance.

›Cells that reach operational limits constrain the rest 

of the other cells in the module, preventing their full 

utilization.

›Module-level models cannot adequately capture 

hidden states associated with cell imbalance and 

weak cells.

›These battery models can be further used for SOC 

estimation, predictive simulations, and optimizing 

operational strategies.

Battery Models
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