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UNICAMP

Given the wind speed, wind direction and localised
gas concentration, is it possible to identify the leak
location ?
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Neural network - basics "
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Methodology

Flowchart for neural network
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Table: Gas leak locations, wind directions and

Leak Location
x(m) y(m) z(m) Wind Direction Wind Velocity (m/s)
L1 7 -11 1
26 m _— L2 2 -3 1 . o »
- | N, S, E, W, NE, SE, SW and NW 2,4,6 and 8
: L3 28 -3 1
12"m 36m L4 20 -11 1

(a) (b)

4 Leak Locations x 8 wind directions x 4
wind velocities 128 simulations for
ventilation and dispersion

8 wind directions x 4 wind velocities
" simulations for ventilation

32

Figure: (a) Leak locations and (b) Monitoring points (MP)
and origin coordinate at module geometry. (c) x-y View
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«Use of Python programming language and libraries from TensorFlow and Keras
*Regularization tool: early-stopping
«Used during optimisation phase to avoid overfitting
«Hyperparameters Database LSTM development
Select
. hyperparameters
Determination of the Data pre-processing —> Ly >
plant geometry ¢ ; ; :
ormalisation o Conversipn of Set T ' > ' > '
l numonieal variables f::;%?;':?; * hyperparameters of R v R v R -
T ariables s ]
orD simulations \ s ] Y ) Train LSTM model g 1
Adjust the data g :\Ix m
structure o F
! ) e
v Split the database . |Test performance of Epoch
into training, the model
Data extraction from| - validation and test I R §
selected sensors ‘{ sets i .. -
Process Safety and Environmental Protection Concentration profile Selec't'i'%ré':'f o m. .

Confusion matrix

Volume 159, March 2022, Pages 757-767
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* The dataset included 128 cases for four leakage 19

sources and 32 cases without leakage
* Eight wind directions and four wind velocities

No leakage

0.8
* The data acquisition rate was setat5 s 3
S
- =
* Each dataset was 3 min long Z
o 0.6
Q
5 N
s
Stacked Training Test Number of = 3
LSTM-RNN Neurons Timesteps Epochs 23
LSTM accuracy accuracy — weights < 04
1 2 75 12 0.994  0.963 74,480 53 -
Q
2 3 100 8 0.987 0.960 209,705 69 =
o
3 3 125 12 0.993 0.958 324,630 55 7
0.2
4 3 100 6 0.985 0.956 209,705 71 -
5! 3 100 12 0.993 0.956 209,705 47 % 0.00 0.15 0.00 0.00 0.85
6 3 75 10 0.989 0954 119,780 34 A
7 3 150 12 0.992 0.954 464,555 47 No leakage Source 1 Source2 Source3 Source 4 0.0
8 2 150 12 0.986 0953 283955 43 Predicted source
9 3 100 12 0.990 0.953 209,705 33 . . .
o i 00 . 0w 095 200705 o Figure: Confusion matrix of LSTM-RNN

Table: Results of LSTM-RNN models model 1 for the test data base
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UNICAMP
o 1.0
=
. Weight Training Test Number of -
Neurons Time-steps  ale re . : >
initialization accuracy accuracy weights =
= 0.8
20 11 Random normal 0.985 0.962 2565 "
)
30 12 Random normal 0.989 0.959 4745 =
5! 0.6
40 10 Random normal 0.983 0.947 7525 S
@ O
20 12 Random normal 0.986 0.943 2565 E 2
J
45 12 Random normal 0.984 0.943 9140 : - 04
O -
10 10 Random uniform 0.980 0.943 985 =
7))
40 9 Random uniform 0.984 0.942 7525 - 0.2
L
30 12 Random uniform 0.986 0.941 4745 = 000 013 000 0.0l 0.84
N
30 12 Identity 0.974 0.941 4745 No leékage Source | Source2 Source3 Source 4 09
Predicted
50 7 Identity 0.972 0.939 10905 TOTIETEE SOTIEE

Table : Results of GRU models

Figure: Confusion matrix of the best GRU

model for the test data base.



Case study

Z(m)

MassFractionFuel_3D.METHANE (k
0.1500

MassFractionFuel_3D.METHANE (kg/kg)

60 A

40

20 A

-20 1

40

-60 4

- Lo O ::: o O * T
] j a 3 g g n 8 = Dg oooo
". - O 0B I g%l et oooo L 0.1000
ﬂ? g 3 : =Y ﬁill o .g0 o . g '
st Il |

.'“-4|
—_— -
e peeme!

OB

MoleFractionFuel. METHANE (m3/m3)

Upper view

0.200 1

0.175 4

0.150 4

0.125 4

0.100 4

0.075 1

0.050 1

0.025 4

0.000

MrF Ol

Run: 010100
Var: MoleFractionFuel. METHANE

80
TIME (s)

120

140

——MP 54 60
—MP 55
—MP 56
—MP 57
MP 58
MP 59
MP 60



Case study

UNICAMP

Al

| HP‘S P‘ﬂ g} MP 44 Dl

A2

57 5ar 35 =1M_P&}-:-—

"__ d

A3

A4

Actual source
Bl

B2

B3

B4

0.00 000 000 000 000 000 0.00 0.00

NL

-0.0

Al A2 A3 A4 Bl B2 B3 B4 NL
Predicted source




Closing remarks

NI A

. Leakage likelihood
D — B I:II..
\/l o

0.8

=
o)

Leakage likelihood
o
~

0.21

00—

n 4



OXOXOXS,

Physics informed neural network

Initial conditions
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Residuals of governing equations
Uger Unn
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