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NASA Prognostics Data Repository “Battery Data Set”
(2007) WA RERIE (Bit4wi% - BO0OS)

010

Current Folder
—hame

{171 BO00S.mat

{11 BO00O7.mat
{11 B0018.mat

Fields |4 type [ijambient temperature 5 time
43 ‘impedan... 24[20084,1...
44 ‘charge’ 24[2008,4,1...
45 'impedan... 24[20084,1...
46 'discharge’ 24[20084,1...
47 'impedan... 24[20084,1...
48 ‘charge’ 24[20084,1...
49 'impedan... 24[20084,1...
50 'discharge’ 24[20084,1...
51 'impedan... 24[20084,1...
52 ‘charge’ 24[20084,1...

|£ data

Field

| Voltage_measured
Current_measured

Ix1 struct
IxT struct

Ix1 struct

] Temperature_measured
I struet ] Current _load

Pt H Voltage load

Ix1 struct .

TxT struct -‘ Time .

TxT struct 5 CapaCIty

IxT struct

Value

1x192 double
1x192 double
1x192 double
1x192 double
1x192 double
1x192 double
1.9796
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Battery voltage
Battery current
Battery temperature
Charger voltage
Charger current

Cumulative time

Battery voltage
Battery current
Battery temperature
Load voltage

Load current

Cumulative time
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Cycle SOH

(121, 0.7191275088396454),
(122, 0.7086773587242763),
(123, 0,7034908318388216),
(124, 0.7006018891793813),
(125, 0.6983504116363164),
(126, 0.695642394426363),
(127, 0.6931143838989174),
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Data-Preprocessing
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def build dictionaries(mess):

discharge, charge, impedance = {}, {}, {}
for i, element in enumerate(mess):

step = element[@][@]

if step == ‘discharge
discharge[str(i)] = {}
discharge[str(i}1["anbient_temperasture”] = str(element[11[@1[21}
year = int{element[2][@][@])
manth = int(element[2]1[@][1])
day = int(element[2][@1[2])
hour = dint(element[2][@][3])
minute = int{element[2][@][4])
second = int(element[2][@][5])

.
millisecond = int({(second % 1)¥100@) 80005 h
date_time - datetime.dstetime(year, month, day, hour, minute, second, millisecond) [+] _C al’ge.JSOl'l

discharge[str{i}]["date_time"] = date_time.strftime{"%d %b v, ¥H:%H:%¥3")

“ B000Smat  =p £ 80005 _dischargejson

discharge[str{i)]["Voltage_measured"] = data[@][@][@][0].tolist() . \
discharge[str{i}]["Current_messured"] = data[@][@][1][@].tolist()

discharge[str{i)]["Temperature_measured”] = data[@][@][2]1[@].tolist() 5 80005 |mpedanceron
discharge[str{i)]["Current_load"] = data[@][@][3][@].tolist() L
discharge[str{i)]["Voltage load"] = data[@][@]1[4][@].tolist()

discharge[str{i)]["Time"] = data[@][@][5][@].tolist()

discharge[str{i)]["Capacity"] = float{data[@][@][&][@][2])

if step == ‘charge':
charge[str{i)] = {F
charge[str(i)]["ambient_temperature"] = strielement[1][@1[@])
year = int{element[2][@][@])
month = int(element[2]1[@][11)
day = int(element[2][@][2])
hour = int{element[21[21[31)
minute = int(element[2][@][4])
second = int{element[2][@][5])
millisecond = int({({second % 1)*1000)
date_time = datetime.datetime(year, month, day, hour, minute, second, millisecond)

charge[str(i)]["date_time"] - date_time.strftime("%d Wb %Y, S%H:%Mi%s")

data = element[3]
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1 Charge Voltage_ Measured

2 Charge_Voltage_Measured_Time
3 Charge_Current_Measured

4 Charge Current Measured _Time
5 Charge_Temperature_Measured

6 Charge_Temperature Measured _Time
7 Charge_Current_Charger

8 Charge_Current_Charger_Time

9 Charge Voltage_Charger

10 Charge_Voltage Charger Time
11 Discharge_Voltage_Measured

12 Discharge Voltage_Measured Time
13 Discharge_Current Measured

14 Discharge_Current_Measured_Time
15 Discharge_Temperature Measured
16 Discharge_Temperature Measured Time
17 Discharge_Current_Load

18 Discharge Current Load _Time
19 Discharge Voltage Load
20 Discharge Voltage_Load_Time
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X=X, . 20 Features
Xnom :m €01 . Range fromQOto1l

[ = e

: Charge Voltage measured Time Charge Voltage measured Charge_Current measured Time Charge Voltage measured Discharge Voltage charge Time Discharge Voltage charge Capacity Residual
I ° 0000000 0435521 0.000000 0364366 1000000 0550562 0899706
| 0430930 0951665 0356960 0357478 0082418 0460674 0009003
: 2 0467502 1000000 1000000 0334085 0963578 0764045 1000000
I 0423650 0898847 0383559 030083 s T I
: 4 0444554 0338645 03744e4 0324410 — — 0090583
I - 00

: ) 0006054 0086706 008424 007633 - - .
I 164 0050286 0026810 0.082707 0338012 0001137 042696 0.000987
: 165 0.0471151 0025505 0.078238 0.652572 0000000 0325843 0001758
I 166 0032086 0016743 0.075610 0320273 0037545 0415730 0002742
: 167 0005554 0047570 0091502 0295710 P Qo e
b o o o e o e e e e e e e S R R R R N RS N R R S RN N RN R S R N R S R
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Grayidataset):

gray=dataset

gray=(gray - gray.min{}} / (gray.ma<() -

gray=gray.ftillna{method="bfi11")
gray=gray.fillna{method="fil11"}

std=gray.iloc[:,za]ssF
ce=gray.iloc[:,0: 20]# 48

n=ce.shape[a]
m=ce.shape[1]

a=zeros{[m,n]}
for 1 in rangeim):
for j im range{n):
al[i,j]l=abs{ce.iloc[j,i]-std[]]}

C=ama{a)
d=amin{a)

result=zeros{[m,n]}
for 1 in rangeim):
for j im range(n):

result[i,j]=(cha.5%c)/ (a[i,j]+8.5%C)

A EER R ERRE

resultz=zeros{m)

for 1 in rangeim):
resultz[i]=mean{result[i,:]}

RT=pd.DataFrame{resultz)

gray.min (i}

4515

hhs

B 22

#7(Grey Relational Analysis, GRA)¥#E1T
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& 5% f8 28 88 485 (Recurrent neural network, RNN)
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RFHAECIE (Long short-term memory, LSTM)
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Adam
MSE

RelLU, Softmax, Leaky RelLU
10, 16, 32

500
0.00, 0.01, 0.02, ..., 0.20

e 16, 32, 48, 64, 80, 96,

112, 128, 144, 160, 176,
192, 208, 224, 240, 256

1,23

Learning rate
0.01, 0.001, 0.0001
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c0— batch size = 10

&

[ )1 FERSEWMA - ENEUTH E—EMLITE =64
111011 %:EW%‘E‘E%& =128
FE =B ITE = 256

: n_batch = 10

I model RNN 81 = Sequential()
I model RNN_01,add(SimpleRNN(64, batch_input_shape=(n_batch, X_traind,shape[1], X_train@.shape[2])))

: model ANN_B1.add(Dense(128, activation='relu'))

| model RNN_01.add(Dropout (.02))

I model RNN 01.add(Dense(256, activation='relu')) . A A =

| i et 9 Activation Function = ReLU
: model_RWN_01.add (Dense(1)))

| 2dam = keras.optimizers.Adan(lr=0.001)
|
|
|
L

model RNN_01.compile(loss="mean_squared_error', optimizer = adam) Optimizer = Adam
history = model RNN 81.fit(X_train@, y train@,epochs=500,validation_data=(X_valid, y valid), verbose=2, shuffle=False)

Learning rate = 0.001
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Hyperparameter
Tuning
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Activation Function

Softmax

RMSE
0.0175

{E3

MAPE
1.81%

JEEE &

A
1| 4 ) # AR [E Activation Function 2R 1

MAE Selection
0.0143

RelLU

0.0043

0.45%

0.0038 Vv

Leaky RelLU

0.0078

0.78%

0.0067

B0005 SOH Degradation Plot (RNN)

100
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0.90

085

SOH

080

075

070

065 -—

SOH

100

0395

0.90

0.85

0.80

075

070

0.65

B0005 SOH Degradation Plot (RNN)

— True values
=== Predicted values
s+ Prediction SP

B0005 SOH Degradation Plot (RNN)

—— True values
=== Predicted values
==+ Prediction 5P

) 0 a0 &0 a0 00 120
Cycle

( LeakyReLU)
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10

0.0043

0.45%

0.0038

16

0.0050

0.51%

0.0040

32

0.0020

0.28%

0.0020 \%

B0005 SOH Degradation Plot (RNN)

True values
095 === Predicted values
v Prediction 5P

090 H

0.85

0.80

0.75

070

0.65 :

o 20 40 B0 B0 100 120
Cycle

(' Batch Size = 19

BO005 SOH Degradation Plot (RNN)
True values

095 === Predicted values
=+ Prediction SP
090 H
0.85
0.80
075
070
0.65 -
o 20 40 &0 B0 100 120
Cycle

( Batch Size =3)
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:MAX_TRIALS = 108

| gl R

I EXECUTIONS_PER_TRIAL = 3

tunerl = BayesianOptimization(
model®,
objective="val_loss',
max_trials=MAX_TRIALS,
executions_per_trial=EXECUTIONS_PER_TRIAL,
directory='test_dir’,
project_name='BayesianOptimizationB62_valid3_e7e4',

1)

I tunerl.search_space_summary()

ta

SR E(E

Trial summary

Hyperparameters:
-dropout_2: 0.01
-units1; 224

-units3:; 16
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Activation Function RelLU RelLU RelLU

__Batchsze | 2 [ 2 [ 2

FE— B TTE 224 128 80

F_ B ITTE 224 240 96

B EMATTE 16 96 224

% —IE Dropout 0.08 0.07 0.02

5 __E Dropout 0.01 0.09 0.01

BEX 0.001 0.001 ERIFHAI3BHET - EEK

JCEE2 Dropout rate [
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BO0O0S SOH Degradation Plot (RMM)

—— True values

=== Predictad values

----- Prediction SP

120
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RMSE 0.0019
MAPE 0.19%
MAE 0.0016
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Activation Function RMSE MAPE MAE Selection

Softmax 0.0124 | 1.63% [ 0.0227
RelLU 0.0019 | 0.25% | 0.0035 \
Leaky RelLU 0.0054 | 0.71% | 0.0099
10 0.0019 | 0.25% [ 0.0035
16 0.0048 | 0.65% | 0.0047
32 0.001 | 0.13% | 0.0009 \
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RMSE 0.0004
MAPE 0.05%
MAE 0.0004
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Activation Function RMSE MAPE MAE Selection

Softmax 0.0192 | 1.92% | 0.0192
RelLU 0.0068 | 0.68% | 0.0068 \
Leaky ReLU 0.0124 | 1.24% | 0.0124
10 0.0068 | 0.68% | 0.0068
16 0.0051 | 0.59% | 0.0043
32 0.0029 | 0.40% | 0.0029 Vv
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RMSE
MAPE
4 MAE

0.0009

0.13%

0.0009
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Loo B0OOO0S5 SOH Degradation Plot (RNN) o0 BODOS SOH Degradation Plot (LSTM) BOO0S S0H Degradation Plot IGRU)
T 100
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n.as5 === Predicted values 085 === Predicted values nas === Predicted values
----- Prediction 5P =+ Prediction SP Prediction SP
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0.85 0.85 085
- I
0.50 % 0.80 \Jj % os0
075 075 \,\ : 075
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RMSE 0.0019 0.0004 0.0009
MAPE 0.19% 0.05% 0.13%
MAE 0.0016 0.0004 0.0009

JEEEER

0.0025

0.002

0.0015

0.001

0.0005

0

RNN vs. MAPE vs. MAE

LSTM

uRMSE wMAPE smMAE
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RMSE 0.0082 0.001 0.0029
MAPE 1.11% 0.13% 0.4%
MAE 0.008 0.0009 | 0.0029

JEEEER

EEHERREERZER

0.012

001

0.008

0.006

0.004

0.002

RNN vs. LSTM vs. GRU (without BO)

LSTM
nRMSE nMAPE wMAE

GRU
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001z

0.01

0.008

0.006

0.004

0.002

1]

RNN, LSTM, GRU (BO) vs. RNN, LSTM, GRU (without BO)

III ‘l mm - I. .I.
RNM L5TM

GRU

mRMSE (BO) m MAPE(BO) w MAE(BO) RMSE (without BO)  m MAPE (without BO)  m MAE {without BO)
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