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ELM- and MCSCKF-based state of charge estimation for lithium-ion batteries
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ABSTRACT Lithium-ion batteries are widely used in electric vehicles and energy storage systems. As a prerequisite for the safe and
efficient application of lithium-ion batteries, battery management systems have received extensive attention worldwide. Among these
prerequisites, the state of charge (SOC), as the basic parameter of battery management system online application, is crucial for the safe
and efficient operation of battery management systems. However, measurement noise decreases the accuracy and robustness of the state
of charge estimation. To reduce the impact of noise on the state of charge estimation of lithium-ion batteries, a novel SOC estimation
method based on an extreme learning machine and a maximum correlation entropy square root volumetric Kalman filter is proposed in
this paper. First, the extreme learning machine is used as the measurement equations of the Kalman filter because of its good
generalization and fast running speed, and the voltage and current are selected as the model input; second, on the basis of the gray wolf
optimization algorithm, the extreme learning machine hyperparameters are thoroughly optimized to improve the accuracy of the state of
charge estimation for lithium-ion batteries; finally, on the basis of the framework of the maximum correlation entropy square root
volumetric Kalman filter, a closed-loop estimation is realized to further reduce the state of charge estimation error caused by the
measurement noise of voltage and current. The proposed method can simplify the time-consuming parameter adjustment of an extreme
learning machine and show superior robustness under low-quality measurement. The proposed method is validated under multiple drive

cycles and a wide temperature range to verify its generalization performance. The test results show that the proposed method
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substantially improves the accuracy of lithium-ion battery state of charge estimation. At the same time, the average running time of the

proposed method is only one-third of that of long short memory neural networks and gate recurrent unit neural networks. Under complex

driving conditions and a large temperature range, the root mean square error of the proposed method is less than 1%, and the maximum

error is less than 3%. Furthermore, two case experiments are performed to evaluate the robustness of the proposed closed-loop estimation

approach, and the results obtained when data have an initial state of charge error and measurement noise verify the superior robustness of

the proposed approach compared with long short memory neural networks and gate recurrent unit neural networks.

KEY WORDS lithium-ion battery; state of charge; extreme learning machine; grey wolf optimizer; Kalman filter; closed-loop

estimation
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Fig.1 Topology of an extreme learning machine
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Table 1 Main procedure of MCSCKF

Main procedure of MCSCKF

Step 1: Set the initial value and the corresponding square root covariance matrix and set /=1.

Step 2: Calculate the cubature points and propagation cubature points of the state equation.

Step 3: Calculate the prior estimate and square the root covariance.

Step 4: Evaluate the cubature points and the propagation cubature points of the measurement equation.

Step 5: Define the square root covariance matrix of the updated measurement value with MCC, calculate the average value of the prior

measurement, and get the updated square root covariance matrix.

Step 6: Compare the matrix transformation of the measured value with the threshold: If it is greater than the threshold, return to step 2;

otherwise, go to the next step.

Step 7: Calculate the posterior state estimate and the corresponding square root covariance matrix, /=¢+1 and return to step 2.
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Fig.2 Closed-loop SOC estimation realized by MCSCKF
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Fig.3 Experimental test platform
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Table 2 Detailed parameters of tested battery
Test sample Parameters Value
Normal capacity/( mA-h) 2200
Normal voltage/V 3.7
Weight/g 43.8
Internal impedance/ mQ <50

156 0 30k 717 25 3 4 2 ( Federal urban driving schedule,
FUDS) . 3§ 1718 [ 1§ 1 (Urban dynamometer driving
schedule, UDDS) il 2 fif: i if 5 Fift 18 5 Bifi 1L 25 18 1)
AT5E T, A AR DL S 50 2 Ui A vl A T AR
HEE, 7350 R H 25 °C Fl—> B\ 10 °C 2] 40 °C BAL
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Fig.4 Current and voltage curves of the tested samples under partial cycles: (a) DST cycle; (b) US06 cycle; (c) FUDS cycle; (d) Mix-1
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Fig.5 SOC estimation results under a mixed drive cycle: (a) results under mix-1 cycle; (b) results under mix-2 cycle
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Table 3 SOC estimation results under a mixed drive cycle

Methods Drive Max RMSE/ Average running
cycle error/% % time/s
Mix-1 80.442 1.86 3201.34
LSTM .
Mix-2 59.279 1.45 3371.71
Mix-1 24.204 1.08 2993.41
GRU .
Mix-2 24.355 1.11 3227.93
Proposed Mix-1 2.299 0.92 970.54
method Mix-2 3.054 0.61 1027.67
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Fig.6 Initial SOC error correction test results: (a) results under mix-1 cycle; (b) results under mix-2 cycle
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