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▶ Lithium-ion batteries & Electric Vehicles (EV)

Lithium-ion batteries
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Energy Cost

Source:Re-examining rates of lithium-ion battery technology improvement and cost decline. Micah S. Ziegler and Jessika E. Trancik, Energy & Environmental Science March 2021
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▶ Lithium-ion batteries have a limited region of safe
operation (light blue area)

▶ Danger is mitigated by implementing functionally
safety concepts and by monitoring battery states

▶ Battery Management System (BMS) enables batteries
to operate safely while keeping high performance
and long lifetime.

▶ BMS contains algorithms to estimate batteries state
functions

Safety of Battery systems
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Source-https://www.mpoweruk.com/lithium_failures.htm
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▶ State of Charge (SOC), State of Health (SOH), State of Resistance (SoR) and 
Remaining useful life (RUL)

𝑆𝑆𝑆𝑆𝑆𝑆[%] = 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑜𝑜𝑜𝑜 𝑎𝑎 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑜𝑜𝑜𝑜 𝑎𝑎 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏

SOC, SOH, SOR and RUL
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SOC SOH



Berner Fachhochschule | Haute école spécialisée bernoise | Bern University of Applied Sciences

▶ SOH decline in lithium-ion batteries depends on operating conditions

▶ Operating conditions are monitored by Battery Management Systems(BMS) in EVs 
that generally contain simple SOH estimation algorithm 

▶ Goals of the project
▶ Analyze SOH estimation of batteries from E-bikes of users

▶ Understand relationship between SOH decrease and operating conditions

Project Introduction and goals
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▶ Models

▶ Equivalent Circuit Models (ECMs)

▶ Physics Based Models (PBMs)

▶ Data Driven Models (DDMs)

SOH Estimation
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▶ Machine Learning or Deep Learning models

▶ Use battery datasets to train models

▶ Use the model later to predict SOH of the same or similar batteries

▶ Understand effect of different battery operating conditions on battery life

Data Drive Models
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▶ Data from e-bikes sent through SUI devices to vendor portal

▶ One or more log file each day including log of all batteries

▶ Dataset – SUI message & position message
▶ SUI State message: energy consumption, total distance, SOH, etc.

▶ Position message:  altitude, latitude, longitude , etc.

▶ Multiple battery types with different total capacities and 
characteristics, numbered from 1 to 15 (only two battery types 
considered for the analysis)

▶ For each battery type, multiple batteries are monitored in the field

▶ Outliers in data
▶ Examples:

▶ Year in the log date as 1970 or 2050 

▶ SOH or SOC values as 255

E-bike Dataset
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Sample SUI message
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Previous Work
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▶ E-bikes dataset was used at BFH ESReC:

▶

▶

Previous Projects
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Project 2

Data engineering applied to Battery data
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▶ Preprocessing the raw SUI state messages

▶ Step1: Filtering
▶ Input: SUI state messages log

▶ Output: A CSV file for each battery – time series

▶ Step 2: Transformation
▶ Input: Time series of each battery

▶ Output: One battery log file for each battery type

▶ Battery log – Capacity matrix, Time matrix and SOH – Stefan Brönnimann

▶ Battery Types – 2 & 4

Project 2

Sno Battery Type No. of batteries No. of rows in 
battery log

1 2 13479 68699

2 4 7352 24840
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Capacity matrixTime matrix
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Data Engineering applied to battery data
▶ Input for ML : Battery log

▶ Features : Charge Matrix and Time matrix

▶ Target : SOH

▶ Dataset split : Train(60%), Test(10%), Validation (30%)

▶ ML models : Ridge, ElasticNet, SVR

▶ Hyper parameters : Grid Search Cross Validation

▶ Web app : UI for results

ML outcome:

▶ Best fitting : Ridge Regression

▶ Max error : between 9.0 to 17.0

▶ Max error at SOH : under 85%
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New Data Preprocessing concept
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▶ Monotonous decrease in SOC

▶ SOC increase >= 5% new drive cycle

▶ Discharge and Charge cycles

Drive Cycle
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▶ Time series to sequential Drive Cycles log

▶ Device Cycle log – cumulative and/or average of parameters in a cycle and SOH

Preprocessing

Drive Cycle
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▶ Calibrated parameters include DOD, Crate, battery capacity, etc.

▶ One drive cycle log file for each battery type

▶ Battery types 2 & 4

Preprocessing
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Battery id : ID of the battery
Total charge duration : Duration of charge up to this drive cycle [h]
Total discharge duration : Duration of discharge up to this drive cycle [h]
Temp charge min : Minimum temperature during charge in the drive cycle [°C]
Temp charge max : Maximum temperature during charge in the drive cycle [°C]
Temp charge avg : Average temperature during charge in the drive cycle [°C]
Temp discharge min : Minimum temperature during discharge in the drive cycle [°C]
Temp discharge max          : Maximum temperature during discharge in the drive cycle [°C]
Temp discharge avg          : Average temperature during discharge in the drive cycle [°C]
Soc charge beg : SOC at the beginning of charge in the drive cycle [%]
dod charge : %charge in the drive cycle [%]
soc discharge beg : SOC at the beginning of discharge in the drive cycle [%]
dod discharge : Depth of Discharge in the drive cycle [%]
soc min : Minimum SOC in the drive cycle [%]
soc max : Maximum SOC in the drive cycle [%]
soc avg : Average SOC in the drive cycle [%]
crate charge avg : Crate Average during charging in the cycle [C]
crate discharge avg : Crate Average during discharging in the cycle [C]
Total capacity : Total amount of battery capacity up to this cycle [Ah]
Cycle energy consumption  : Amount of energy spent in the drive cycle [Wh]
Cycle distance : Distance travelled in the drive cycle [km]
Cycle avg_speed : Speed of the vehicle in this drive cycle [km/h]
soh bms : SOH of the battery at the drive cycle [%]

Battery 
Type

No. of 
batteries

No. of 
cycles

2 12778 1201717

4 6993 646601
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Data Analysis
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Data Visualization – SOH
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Battery Type 2 Battery Type 4

▶ SOH distribution in battery types 2 & 4

▶ Percentage of cycles at each SOH

▶ More drive cycles at high SOH
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Data Visualization – Calendric Age
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Battery Type 2 Battery Type 4

▶ Battery age distribution 

▶ Mostly young batteries, battery type 2 has more old batteries than battery type 4

▶ Impact the further analysis
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Data Visualization - DOD 
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Battery Type 2 Battery Type 4

▶ Similar DOD distribution in battery types 2 & 4 – follow gaussian trend

▶ More number of cycles with DOD between 35% to 60%
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Data Visualization – Total Capacity

Battery Type 2 Battery Type 4
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▶ Total capacity of batteries at final log

▶ Increase in the total capacity -> decrease in the battery SOH 

faster aging
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Data Visualization – SOC & DOD  
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Battery Type 2 Battery Type 4

▶ SOC-DOD distribution

▶ SOC at the beginning of discharge cycle

▶ More cycles with starting SOC 90%-100% and DOD 50%-60%
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Data Visualization – Discharge Temperature
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Battery Type 2 Battery Type 4

▶ Temperature distribution during discharge 

▶ Vehicles used between 15 °C and 35 °C

▶ Increase of temperature during operation about 5°C
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Machine Learning on Drive Cycle Dataset
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▶ Input: Drive Cycle log of a battery type

▶ Dataset split: Training (60%), Test (20%) and Validation(20%)

▶ Training set: Model training

▶ Validation set: Hyper parameters optimization

▶ Test set: Model evaluation

Data Preparation
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▶ Target: SOH of a battery

▶ Pearson co-relation coefficient – co-relation between features

▶ total capacity, charge duration, discharge duration

▶ Backward elimination – eliminate non-significant features in a loop

▶ 18 out of 21 features

▶ Recursive feature Elimination (RFE) – compare scores of all combination of features

▶ select features using recursive method 

Feature Selection
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▶ Machine Learning models 
▶ RandomForest regression 

▶ Ridge regression

▶ ElasticNet regression

▶ Support Vector Regression (SVR) – non-linear

▶ Evaluation metrics

▶ 𝑅𝑅2 Score – how well the dataset fits the trained model

▶ Mean Absolute Error (MAE) – mean of the absolute values of the errors in the dataset

▶ Max Error – maximum error in the dataset

Train and Evaluate ML model

29



Berner Fachhochschule | Haute école spécialisée bernoise | Bern University of Applied Sciences

▶ Best fitting : RandomForest regressor

▶ Hyper Parameter optimization : Grid search Cross Validation

ML Experiments & Results
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Model Validation Test

R2 MAE Max 
Error

R2 MAE Max 
Error

Ridge 
Regression

0.86 0.84 27.49 0.91 0.85 10.78

SVR -0.01 3.47 14.5 0.0 3.60 14.5

Random 
Forest

0.95 0.55 13.58 0.92 0.76 11.67

Model Validation Test

R2 MAE Max 
Error

R2 MAE Max 
Error

Ridge 
Regression

0.40 1.53 19.3 0.45 1.45 19.48

SVR 0.01 2.11 17.5 0.0 2.11 15.5

Random 
Forest

0.64 1.15 14.13 0.47 1.39 13.36

Battery Type  2 Battery Type 4
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Model weights – RandomForest
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Battery Type 2 Battery Type 4

▶ Plots with feature importance in the randomforest model

▶ In battery type 2, total capacity feature has importance value of 0.9 –high influence

▶ In battery type 4, feature importance of total capacity is 0.3 followed by discharge
duration which is ~0.2
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Model weights – Ridge regression
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Battery Type 2 Battery Type 4

▶ Plots with feature importance in the ridge regression

▶ In battery type 2, average crate during discharge cycle has more weight

▶ In battery type 4, both soc at beginning of charge cycle and temperature during the
charge cycle has more and approximately same weight
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Deep Learning on Drive Cycle Dataset
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▶ Reasons:
▶ Diverse dataset (high variance of operating condition and SOH in the dataset)

▶ Non-linear relationships

▶ Computational power availability 

▶ Advantages:
▶ Decrease in error rates 

▶ Complex models 

From ML to DL
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▶ Deep Neural Network

▶ Fully connected

▶ Forward & Backward propagation

▶ Recurrent Neural Network

▶ Long Short Term Memory (LSTM)

▶ Gated Recurrent Unit (GRU)

▶ Datasets

▶ Mostly on Laboratory environment

▶ Few on Real-time

Literature
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LSTM Architecture
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▶ Model architecture

▶ Sequential

▶ LSTM : 50 units

▶ Dense : 1 unit

▶ Optimization : Adam optimizer

▶ Metrics : Mean Absolute Error (MAE)

Model on Drive Cycle data
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▶ 13 batteries - Battery type 2 - 200 cycles each

▶ LSTM input format

▶ n_samples – number of cycles

▶ timesteps – number of previous cycles that effect the SOH in the current cycle

▶ n_features – number of features (18 features as before)

▶ With timestep as 5, battery with 200 cycles will have 195 rows in the input for LSTM

Data preparation
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Experiments & Results
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▶ Dataset split : Training(70%) and Test set (30%)

▶ Batch size : 195, 190, 185, 180

▶ Timesteps : 5,10,15,20

▶ Epochs : 300

Experiments
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▶ Error metrics for different timesteps

▶ SOH true & predicted values for 3 test batteries with 

timestep as 5

Results

40

Timesteps Batch 
size

MAE RMSE Max 
Error

5 195 0.442 0.482 1.459

10 190 0.882 1.188 3.127

15 185 0.818 1.153 3.047

20 180 0.984 1.386 3.647

Lowest error
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Conclusion

41



Berner Fachhochschule | Haute école spécialisée bernoise | Bern University of Applied Sciences

▶ Understanding behavior of batteries with charge/discharge cycles

▶ Estimation of SOH in lithium-ion batteries and understand degradation mechanism 

w.r.t to operating conditions

▶ Using linear regression models

▶ Using Non-linear regression models

▶ Using Neural Networks

▶ Propose operating strategies to improve battery lifetime and performance

Conclusion
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▶ Understand the impact of features in LSTM

▶ Use classification techniques instead of regression in deep learning

Next steps
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Thank you for your attention!
Questions?
prathyusha.nerella@bfh.ch

▶ BFH-Zentrum Energiespeicherung: www.bfh.ch/energy

http://www.bfh.ch/energy
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