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Overview

 Start: October 1, 2020
 End: September 30, 2022
 Percent Complete: 80%

Timeline

Budget
 Funding for FY22 – $1.35M

Barriers
 Time needed to predict life and understand failure 

modes
 Lack of tools and methods which readily cascade 

across programs
 Distinct need to link physics to enhance the 

technology development process

 Idaho National Laboratory
 National Renewable Energy Laboratory
 Close collaboration with Behind-the-meter-

storage, and Extreme Fast Charge and Cell 
Evaluation of Lithium-ion Batteries (XCEL)

Partners



Relevance
Objective: Accelerate transformative advancement by creating a robust, common framework

Materials 
Development, 

Understanding, 
and 

Manufacturing 

Cell design, 
Validation and 
Manufacturing 

System 
Integration and 

Deployment

Common Tools and Data  Storage

Develop methods and core 
tools to: 
•Reduced time to validate new 
materials, designs, 
manufacturing processes and 
use cases

•Access to large amounts of 
data to enable discovery and 
deployment

•Provide breadth spanning 
transportation and stationary 
storage to support electrified 
mobility

•Benefit across the storage 
ecosystem (research to 
industry and consumers)



Task milestones
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Milestone Due Status

Generate first reduced order synthetic data aligned with commercial cells 12/31/21 Complete

Post data on batterydata.energy.gov 3/31/22 Complete

Develop tools to predict life and energy based on cell design and limited 
characterization data

6/30/22 In process

Acquire and start test of cells from life and energy design matrix 9/30/22 In process

Use combined synthetic data and early laboratory assessment to classify and 
quantify failure modes for aged commercial cells.

9/30/22 In process



Approach 

Early Understanding of Failure Modes to Reduce Development and Deployment Cost

Accelerating innovation 
requires failure mode 

classification, projection and 
validation

Combination of high-quality 
data generation, assessment 

and analysis

Hierarchy of ML tools to use 
across many complex datasets

Automation of different 
analyses and model generation

Establish 
batterydata.energy.gov



Synthetic Data from Incremental Capacity (IC) model

Synthetic data generated by incremental capacity (IC) model
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Loss of Lithium Inventory (LLI) Loss of Active Material
in Negative Electrode (LAMNE)

Loss of Active Material 
in Positive Electrode (LAMPE)

Synthetic Data
from Incremental Capacity Model

Kim et al Energy Storage Materials (2021) 
https://doi.org/10.1016/j.ensm.2021.07.016 



Overview of the DL Modeling Framework

DL Regression 
Model 1

Synthetic Data 1
(SD - 1)

OFSini

LAMLLI + LAMPE
or LLI + LAMNE

Incremental Capacity
Model 2 (IC model -2)

Synthetic Data 2
(SD - 2)

DL Classification 
Model

DL Regression 
Model 2

Heuristic Model

LLI

Experiment

Input
Output
Training

2

3

4

5

6

7

8 10 12

9
11

3 7 9 9 11 11

1

Incremental Capacity
Model 1 (IC model -1)

Coin cell data

Finding initial conditions

Identification and Quantification

2 sets of IC model-based synthetic data & 3 deep learning & Heuristic Models

 Incremental Capacity (IC) Analysis
- Can sweep design and chemistry of batteries
- Requires extensive experimental data and subject 

matter experts (SMEs). Uniqueness to solutions is a 
key issue. 

 Deep Learning (DL)
- Efficient and does not require SME due to automatic 

classification
- Requires extensive experimental data for training

 Develop an efficient and systematic 
synthetic data framework to work 
together with DL algorithms. 

Kim et al Energy Storage Materials (Impact Factor 
17.78, 2021) https://doi.org/10.1016/j.ensm.2021.07.016 
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Successfully differentiates the dominant aging mode combination

Kim et al Energy Storage Materials (2021) 
https://doi.org/10.1016/j.ensm.2021.07.016 



Validation of Aging Constituents

DL framework successfully validated with experimental data

Kim et al Energy Storage Materials (2021) 
https://doi.org/10.1016/j.ensm.2021.07.016 



Performance and Failure Mode Prediction Frameworks

Needs of Experimental Data

Deep Learning (DL) 
Prediction

Curve Fitting (CF)
Prediction

Machine Learning (ML)
Prediction

Method Simulation + DL Curve Fitting ML (Random Forest)

Input Early cycle RPT data & SRE 
simulation data Early cycle RPT data

Training data includes 
experimental data with late life 

information

Output Capacity fade & LLI prediction Capacity fade & LLI prediction Capacity Fade & LLI & LAM 
prediction

Distinct Features A created model can work for all 
cells in the same group

Each cell needs a specific set of 
model parameters

All cells in different groups are 
used together

Comparison of different prediction framework for cells undergoing fast charge



Graphite/NMC
Gen 2 electrolyte
P462 low loading (2.0 mAh/cm2)
P492&533 moderate loading (3.0 mAh/cm2)Capacity Prediction

0

4

8
6C CCCV

6C-MS1

9C-MS5

7.5C MS5

4C CCCV

4C-MS1

DL CF ML

Capacity is successfully predicted based on limited cycling data with less than 4.63% error
* CF method in P492 requires 225 cycling data due to limited RPT data

Kim. et al, submitted



Loss of Lithium Inventory (LLI) Prediction

LLI is successfully predicted based on 125* cycling data with less than 4.28% error
* CF method in P492 requires 225 cycling data due to limited RPT data

Graphite/NMC
Gen 2 electrolyte
P462 low loading (2.0 mAh/cm2)
P492&533 moderate loading (3.0 mAh/cm2)

Kim. et al, submitted
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Machine-learned calendar life model (Gasper, JES, 2021)

𝜷𝜷1 𝜸𝜸,𝑻𝑻,𝑼𝑼𝒂𝒂 = 𝛾𝛾0ex p 𝛾𝛾1
1
𝑻𝑻

𝛾𝛾2 + 𝑒𝑒𝑒𝑒𝑒𝑒 𝛾𝛾3
𝑼𝑼𝒂𝒂

𝑻𝑻

𝜷𝜷1 𝜸𝜸,𝑻𝑻,𝑼𝑼𝒂𝒂 = 𝛾𝛾0ex p 𝛾𝛾1
1
𝑻𝑻

𝑒𝑒𝑒𝑒𝑒𝑒 𝛾𝛾2
𝑼𝑼𝒂𝒂

𝑻𝑻
• Physically informed, “ArrTfl”

LFP data
Schimpe, 2018

Local models… 

• Modified/empirical, “ArrTflmod” 

• Machine learned (symbolic regression)
Schimpe, 2018

Model 
selection 
using cross 
validation

w/ various rate laws



Combined calendar- and cycle-life model 
for LFP/Gr

New ML-assisted life model has 50% less error than previous human expert model

New ML-
assisted 
model

Previous 
human
expert 
model

Independent validation

Variable 
temperature

Combined 
cycling+storage

P. Gasper et al., “Machine-learning assisted identification of accurate battery lifetime models with uncertainty,” submitted.  
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Visualization
Deconvolute 
aging modes

ML modeling 
of aging rate

Model vs data 
w/ uncertainty Extrapolation

AI-Batt Tool
Reduced-order lifetime modeling

Lifetime = f(T,SOC,DOD,C-rate) 
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Lifetime Models of Various Li-ion Technologies

𝑞𝑞𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿,𝐶𝐶𝐶𝐶𝐶𝐶 = 2 � 𝒒𝒒𝟏𝟏 �
1
2 −

1
1 + 𝑒𝑒𝑒𝑒𝑒𝑒 𝑞𝑞2𝑡𝑡 𝑞𝑞3

𝑞𝑞 = 1 − 𝑞𝑞𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿,𝐶𝐶𝐶𝐶𝐶𝐶 − 𝑞𝑞𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿,𝐶𝐶𝐶𝐶𝐶𝐶 + 𝑞𝑞𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺

𝑞𝑞𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 = 2 � 𝑞𝑞4 �
1
2 −

1
1 + 𝑒𝑒𝑒𝑒𝑒𝑒 𝒒𝒒𝟓𝟓𝑡𝑡 𝑞𝑞6

Gr/NMC622

Gr/LFP

𝑞𝑞𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿,𝐶𝐶𝐶𝐶𝐶𝐶 = 𝒒𝒒𝟕𝟕 � 𝐸𝐸𝐸𝐸𝐸𝐸 𝑞𝑞8

• Results have supported DOE techno-
economics, application, and systems studies 
(XCEL, BTMS, Grid…)

LTO/LMO



High TRL

Low TRL
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Data capture and storage across 
organizations and programs

• Proprietary
• Public

Common analysis tools to 
enable rapid analysis, 

reporting, and transfer 
learning

Leverage existing and new activities to benefit development from low thru high TRL

Batterydata.energy.gov – Vision



• Support collaborative science through 
secure sharing of data among project 
team members.
• ‘Moderate’ datahub with two-factor 

authentication
• Suitable for DOE and other U.S. 

government R&D programs
• Make selected datasets publicly available 

when ready (e.g. upon publication).

• Search across all data for which you 
have permission using defined 
metadata.

• Access advanced data analysis tools.

Batterydata.energy.gov is being 
built on pre-existing Energy 

Materials Network (EMN) Platform
Other EMN sites: ElectroCat, HydroGen, HyMARC, ChemCatBio, DuraMAT

Developer site (Q2 milestone, shown) to be in production in Q4.



Remaining challenges and barriers

• Alignment of data quantity, quality and availability
−Not all data created equal

• Joint prediction of life and performance for both standard and non-typical use 
cases
−Based on accelerated cycle and calendar aging

• Continued expansion for other chemistries and cell design
• Expanded data needs and coordination of tools for data quality evaluation



Proposed Future Research

• Continued expansion and inclusion of additional failure modes and prediction 
schemes

• Expanded synthetic data generation
• Coordinated data sharing across multiple national laboratories and other 

institutions
• Aligned electrochemical and life models with incorporated failure mode analysis

Any proposed future work is subject to change based on funding levels



Response to previous years reviews

• The reviewer noted that the approach involves machine learning to accelerate the cycle 
life prediction of batteries including capturing degradation mechanisms through logistic 
regressions. The reviewer commented that the milestone lists “initiate Deep Learning 
related to electrochemical signatures”, while current models are mostly shallow learning 
models. The reviewer indicated that there may not be a need to do deep learning, but that 
it would be good to check and show that shallow learning models work well enough.
− The work described in the presentation includes a comparison of deep learning, 

traditional fitting and a ML model. Each of the methods has advantages as shown 
above

• The reviewer acknowledged that the proposed project plan is sound. The reviewer 
remarked that the process for collaboration of data will be a key development activity that 
will be broadly useful, and that setting the right practices in place would be crucial.
− The team has worked to establish batterydata.energy.gov to enhance the ability to 

share data. The team has also been involved in multiple collaborations and outreach 
events including through MRS tutorials and perspective articles to help establish 
practices across the community



Summary

• Auto-generation of life models reduces 
time for life predictions

• Early life prediction possible using 2 
weeks of cycling data

• Methods can be extended to non-training 
data streams

• Generated IC-based synthetic data and 
integrated into a deep learning model

• Established an ML classification 
framework that classifies aging modes 

• Compared multiple methods to identify 
both failure mode and performance

• Established and uploaded data to 
batterydata.energy.gov

22
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Deep Learning Models

1D Convolution
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Max Pooling
1D Convolution
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◦ IC curve
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◦ 1st peak height
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Synthetic Data (SD-2)

20,000 aging modes (~1GB)
LLI: 0 - 50%

LAMPE or NE: 0 - 50%

1D Convolutional Neural Network to classify and quantify aging modes

Synthetic Data (SD-2)

6000 initial conditions (~100MB)
OFSini: 0 - 15%

Synthetic Data (SD-1)

Synthetic data

Generation of 26,000 
synthetic datasets provides 

data that would take years to 
experimentally capture

Kim et al Energy Storage Materials (Impact Factor 
17.78, 2021) https://doi.org/10.1016/j.ensm.2021.07.016 



Curve Fitting (CF) Prediction

Data Cycle Capacity
1 0 0

2 25 12.78135
3 50 17.179
4 75 18.8563
5 100 19.61334
6 125 20.02941
7 175 20.49761
8 225 20.97087
9 275 21.36115
10 325 21.73976
11 375 22.03629
12 450 22.47789
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