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Optimized Network Pruning Method for Li—-ion Batteries
State—-of-charge Estimation on Robot Embedded System
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Dong Hyun Park!, Hee-deok Jang', Dong Eui Chang'

Abstract: Lithium-ion batteries are actively used in various industrial sites such as field robots, drones,
and electric vehicles due to their high energy efficiency, light weight, long life span, and low self-discharge
rate. When using a lithium-ion battery in a field, it is important to accurately estimate the SoC (State of
Charge) of batteries to prevent damage. In recent years, SoC estimation using data-based artificial neural
networks has been in the spotlight, but it has been difficult to deploy in the embedded board environment
at the actual site because the computation is heavy and complex. To solve this problem, neural network
lightening technologies such as network pruning have recently attracted attention. When pruning a
neural network, the performance varies depending on which layer and how much pruning is performed.
In this paper, we introduce an optimized pruning technique by improving the existing pruning method,
and perform a comparative experiment to analyze the results.
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After Network Pruning

[Fig. 1] Schematic diagrams of networks before (left) and after
(right) pruning. By pruning useless weights, the size of the
neural networks can be reduced
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[Algorithm 1] Improved magnitude-based pruning algorithm

Input:
W e RM*N : Weight matrix of dimension M x N,
Msk € RM*N :weight mask of dimension M x N,
S;: Initial sparsity ratio
S¢: Final sparsity ratio
Npegin: Initial step
Nend: end step

1: while step n < ne,q do

2 if 7 > npegin then

3: St :Sf+(5, —Sﬁ(l—%):i

4 th = (S; x M x N)th largest element in [W/|
5: for 1 <m< M, 1<n<N do

6: if W, | < th then

7 Mk =0

8: else

9: Maky.n=1
10: end if
15 end for

1% W WQ Msk # & : Matrix element multiplication
13: end if
14: Train W

15: end while

16: Return W
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[Algorithm 2] Optimized layer sparsity searching algorithm

Input: T : Target sparsity(%) x Total Parameter

L=l ly---1,]) where l, is ny, layer paramter

D = {[s1 s2+++8,] | sn is Integer in [0,100]}

F, : Final Sparsity

K : Number of fold

f(z,i) : MAE of pruning model with layer sparsity = & i, Fold

: Let Search space = {L |z eD, leTfoTt < E}
i MAEyn =1
: for x in Search space do
MAE =0
for iin K do
MAE = MAE + 129
end for
if MAE < MAE,,;, then
Fs=«
end if
: end for
: Return Fg
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[Fig. 2] Baseline model architecture for Li-ion batteries state of
charge estimation
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[Table 1] Result of our experiment

Targf:t Final lz?yer RMSE NNZ Size
Sparsity | sparsity (Mb)
30% 0.0160 | 0.0188 | 624668 | 2.464
’ [31,33,17,0] | 0.0125 | 0.0150 | 624675 | 2.460
0% 0.0202 | 0.0260 | 447551 1.912
’ [51,53,31,32] | 0.0194 | 0.0236 | 447579 | 1.909
0.0673 | 0.0824 | 270432 | 1.303

70%

[72,76,32,34] | 0.0260 | 0.0345 | 270455 | 1.297
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[Fig. 3] Comparison between global pruning model and our
pruning model. It can be seen that the pruning performance of
our models is improved then global pruning model

-SoC true

Step
=Our pruning model

—Global pruning model

[Fig. 4] Results graph of comparison between global pruning
and our local pruning
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