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Abstract: The state of health (SOH) estimation method for lithium batteries is crucial for battery management
systems used in electric vehicles. At present, most of the SOH estimation methods often require the charging and
discharging data during a long time, resulting in a poor real-time performance. To address thisissue, an SOH estimation
method based on random charging segments for feature extraction analysis is proposed. First, the complete constant
current (CC) charging process is divided into several fixed-length data segments according to voltage intervals. Then,
health indicators (HIs) are extracted for different voltage intervals. Finally, based on the characteristics of HIs, a back
propagation neural network (BPNN) optimized by the particle swarm optimization (PSO) algorithm is trained, which
can extract features from any CC charging segment to complete SOH estimation. NASA and Oxford datasets verify that
this method has high flexibility and accuracy.
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2. Initialize parameters:population_size, max_iter, c;, C5, W IR SHL

3: Initialize particle swarm: IR R

4:  population—random initial positions JEA=S

5. velocity«—random initial velocities 1

6: Initialize global best: gtk e Rt
7:  g_best_position<—None

8. g_best_score—w

9: Initialize personal best: e AR AR
10: p_best position<—copy of population

=
[N

. p_best_score<—array of oo with size population_size
: for item form 1 to max_iter do

=
N

//PSO-BPNN 553234 T4 72

13:  for each particlei in population do

14: Decode particle positon to BPNN weights and biases IPRERE 57 B RS BPNIN AN R F i &

15: Train BPNN model with (HI1, HI2, HI3) asinput and SOH as output

16: RMSE of the model as fitness /IBPNN I 258 RMSE 15 i b i
1

1r: ERMSE :{[(Séor—q - SéOHe)z teeet (S|50H - SiSOHe)Z] / k}zy i E[l,k]

18: Evaluate fitness of BPNN with these weights and biases JEEA, I N S

19: If fitness < p_best_scor€[i] then

20: p_best_scorei]«fitness

21: p_best_position[i]«—copy of population[i]

22: end if

23: If fitness <g_best_score then

24: g_best_score<fitness

25: g_best_position<—copy of population][i]

26 end if

27: end for
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28:  for eachparticlei in population do IR g A R A w10 4+
29: Update velocity[i] based on: Inertia(w), cognitive component(c,), social component(c,)
30: Updeate postion[i] with the new velocity[i]
31 Apply boundary constraints to position[i]
32:  endfor
33: end for

34: Decode g_best_position to final BPNN weights and biases, Train final BPNN

35: Test the model using battery data to be tested
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