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Abstract : This paper presents a Transformer-based State of Health(SoH) estimation algorithm that is applied to publicly
available NASA data. Data preprocessing involves the application of a moving average to reduce noise and utilize wavelet
transformers to extract features. The preprocessed data serves as input to the Transformer model in estimating SoH. Next, a
comparative analysis with an LSTM-based model is conducted by using the Root Mean Square Error(RMSE) metric. The
proposed model demonstrates a superior SoH estimation accuracy, surpassing the LSTM-based model by up to 39.58 %.
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Fig. 1 Flowchart of Transformer-based SoH estimation
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Data Preprocessing

Input : cuurent, voltage, SoH

Output : smoothed data

Load Data and Variable Initialization

dataset = Load the current and voltage, SoH data
smoothed data=Initialize empty lists for smoothed
current, voltage, and SoH

window_size = Set the window size for moving

[ N S

average
Calculate Moving Average

for sample in dataset :

Extract data from each sample data

smoothed data = Calculate moving average

O 0 9

Append smoothed data to list

10 Return the smoothed data

Fig. 2 Pseudo code of data preprocessing
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Feature Extraction
Input : smoothed_data
Output : vector_data
Load Data and Variable Initialization
1 smoothed data = Load smoothed current, voltage
2 and SoH (Output of Fig. 2)
3 features_data = Initialize empty list for
4 features _current, features voltage, features SoH
Feature Extraction
8 for sample in smoothed_data :
9 Extract features of current, voltage, and SoH from
10 smoothed data
11 Save features to features_data
Vectorization for Transformer Model
12 Create vectors representing three features (current,
13 voltage, SoH) for Transformer’s input
14 vector_current, vector voltage, vector SoH
15 Save vector_ data

Fig. 3 Pseudo code of feature extraction
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Train Model
Input : Load vetor data
Output : trained model
Load Data
1 Load vector data
Configure Model Architecture
2 Stack multiple transformer encoder layers
Add an ouput layer for SoH estimation
Set Training Parameter
4 Apply the Adam optimization algorithm
5 Set the batch size and number of epoch
Train Model
6 Split the data in to training data and test data
7 Train the model with the training data
Implement early stopping if validation loss does not
improve
Evaluate Performance
9 Evaluate the model performance using test data
10 Compute evaluation metrics such as RMSE
11 Save the trained model

Fig. 4 Pseudo code of model training
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Fig. 5 Transformer model used for SoH estimation
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