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Proposal of Evaluation Metric for Machine Learning Model
for Battery Voltage Estimation
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In order to evaluate a machine learning model
that estimates the voltage of a lithium-ion battery,
we built a new accuracy evaluation metric based on
the Arrhenius law, and tested it to see if it could be
used to judge the relative merits of machine learning
models. Two types of machine learning model were
selected. One was a type that performed discrete
estimates in regions where data are not available,
while the other was capable of performing continuous
estimation. Then, discrete temperature data based on
floating car data collected from electric vehicles were
generated, and the models were trained and evaluated.
The results confirmed that the commonly used
evaluation metric for evaluating deviation from test
data showed no clear differences in evaluation results
between the two model types. On the other hand, the
authors’ new evaluation metric based on the Arrhenius
law showed clearer differences in the evaluations of
the two models. Implementing this metric made it
possible to evaluate a machine learning model even
with limited collected data, thereby advancing the
practical application of battery voltage estimation
technology using machine learning models.
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- Random Forest Regressor (RF)

- K-Nearest Neighbors Regressor (KNN)

- Gaussian Process Regressor -RBF kernel (GP)

- Support Vector Regressor -RBF kernel (SVR)
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Fig. 1 Comparison of estimation results of machine
learning models when data are given
discretely
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Fig. 2 Flowchart of entire evaluation in this study
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Table 1 Optimized hyperparameters of machine
learning models
ML model Hyperparameters
RF n_estimators: 10; max_depth: 50
KNN n_neighbors: 6; weights: uniform
GP kernel function: RBF
length_scale: 200; length_scale_bounds: fixed
kernel function: RBF
SVR epsilon: 0.01
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Table 2  Evaluation results of machine learning models

ML model RMSE_test RMSE_arrhenius

RF Average: 20.8 Average: 12.3
KNN Standard deviation: 1.4 | Standard deviation: 1.1

GP Average: 20.4 Average: 1.2
SVR Standard deviation: 0.5 | Standard deviation: 0.5

(Unit: mV)
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