a'/1Lb9 [9!wbLbD .!{095

{.{¢9a [9!'Y! D9 ¢ ,t9 59¢9w

1 {{9{{a9b¢

BY
Il al'5 Cliw®!{¢l [

A Thesis Presented to the
COLLEGE OF GRADUATE AND INTERDISCIPLINARY STUDIES

KING FAHD UNIVERSITY OF PETROLEUM & MINERALS

DHAHRAN, SAUDI ARABIA

In Partial Fulfillment of the
Requirements for the Degree of

MASTER OF SCIENCE

In

Lfb!
(N*

T T T S T T T

15

o - v z PN “ (.
e I AGAE YR 9YOANRBYYSYUl}!
"

s al & npH %
e K
i e
KL K
- Z
Byt >—e
R R T TR T T T T T T e T T T T T T T o T T T T T e e o
g A S A S A A S A A S S A S A T S S R S A N\

9y 3






KING FAHD UNIVERSITY OF PETROLEUM & MINERALS

DHAHRAN- 31261, SAUDI ARABIA
DEANSHIP OF GRADUATE STUDIES

This thesis, written by Ahmad Fares Al-Nouti under the direction of his thesis advisor and

approved by his thesis committee, has been presented and accepted by the Dean of Graduate

Studies, in partial fulfillment of the requirements for the degree of MASTER OF SCIENCE IN CIVIL

ENGINEERING.

e

Dr. Shamsad Ahmad
Department Chairman

-

Tl A

.

Dr. Suliman Al-Homidan

Dean of Graduate Studies
0 025
Date

\r\' ol
o,
%WM,:\\Q\ s

Dr. Zaher Mundher Yaseen
(Advisor)

———— e
g‘ﬁf

Dr. Muhammad Alsuwaiyan
(Member)

L1,

Dr. M:ataz A(mé

(Member)







6! KYI R @ N&Ra ! €

HAHP

AAA



aTcplOF pa8BCplIOF ah?d

Y UBp B @WvbaYETr LOTLNETUN oMy apliLRpOE ATH@pErY

O{ dzNEKULEQIH yHYcC

AO humanity! What has embol dened you against

created you, fashioned you, and perfected vy
form He willed?

To the One who created me, shaped me, and gu

j ourtnoe yAl Kah | mAIl t he Mdsits Geonme&r awss.sincerely

Your Nobl e Countenance, bl essed and exalted

%)



ACKNOWLEDGMENTS

First and foremost, I thank my Lord, AlIl a
every step of this journey smooth and man

none of this would have been possible.

My deepest gratitude goes to my beloved p

and belief in me have been my anchor. \
over whel med, or deeply discouraged. Than
strengtth. and | i gh

I would also |Iike to express my sincere a
Yaseen, for his invalwabl|l enlsypporingnady

throughout the entire course of my mast e

encouragement have made a | asting I mpact



TABLE OF CONTENTS

ACKNOWLEDGMENTS ...ttt me ettt eae e 1
TABLE OF CONTENTS ..ottt et e et et e e e e aanees DA
LIST OF TABLES ....ooiiiiiieieiiiiiee ettt eee ettt e e e e e e e e e e e e e e e e e e e mmm BAARA
LIST OF FIGURES .....ctitiiiiteieteie et eeme ettt ettt s mnme st ese e seese e eeesesmnaeens EAA
LIST OF ABBREVIATIONS ..ot e et aem e e e EJAARA
ABSTRACT ..ttt ittt e ee ettt ettt ettt eem ettt e ettt mnas e EE
W HOF JTEOTHBE. ... ettt ee e et e et eeteeae e enneeaeeae e EEAA
CHAPTER 1 INTRODUCTION ...ttt eemm et e s e e e e e e e een e e e ees M
= = Voo (01U o M
1.2 RESEAICH SCOPR... ittt e et eaaan s H
1.3 Research SIignifiCanCe. ..........ooiiiuiiiiiiiiiieee e Q
1.4 ReSEaArCh ODJECHIVES.....cccvi it p.
1.5 Need Of RESEAICKL ... ..t o
1.6 THESIS LAYOUL.....ccvuuiieiiiii et eee ettt e e e e nmm e y
CHAPTER 2 LITERATURE REVIEW .....cooiiiiiiiiiiiii et M M
AN R CTo1 ez To [ o0 o= o | SRR MM
2.2 SENSOr TAMEWOTKS......ceiiiie et e e e e M H
2.3 Distribution Nnetwork t0POI0gIES......covvuuiiieiiiiiis et Mp
2.4 Machine Learning emMpPlOYMENL..........ocuuiiiiiiieiiii e e e eeea e MT
2.5 Gap Recognition and MOTIVALION. ...........uuuiiiiiiiiee e een e H O
CHAPTER 3 MATERIALS AND METHODOLOGY ...iiiiiiiiiieiieeneseemm e O H
G TR R = 1 = D Lo 0] (0 o TP OH
3.2 Deep Learning AlQOrtNMS...........o oo cee e oo
3.2.1 Recurrendt..Neuwur.al..Networ.ks.....o0®
3.2.2 LO@OgMSHEMA.L.Y e nom
3.2.3 Gated..Recur.r.ent...Un.i. Lo no
3.3 Ensemble AlIQOrithmS........coooiei e np
3.3.1 Extreme..Gr.ad.i.ent..Bo.a.s.t.i.ng...... np
3.3.2 Light Grad..en.t...B.o.o.s.t.i.n.g...Ma.c.h.inmpe
3.3.3 RanNndAOm. . . FO. . 8.5t p. n
3.4 Models DeVvelopmMENL........couiii e pH

3.4.1 Leakage .Typ.e..Cl.as.s.i.f..cat.i.on..pn

3.4.2 Leakage Se.n.etr.l.t.y..As.s.e.s.s.me.n.t... pc

DA



3.4.3 Perfor.manc.e..Anal.y.s.i. .S ... py

CHAPTER 4 RESULTS AND DISCUSSION......iviiiiiiiiicin e c.n
4.1 Data PreprOCESSING......ociu et e et e et e e e e e emm e e e e e e e e c.n
4.2 BranChed TOPOIOGY......ccuuuuieiiiiiii et eee et e e e e e eeed T.C

4. 2.1 Wi thoUt. . OUL Ll i Bl S T.T
4 . 2.2 Wi.t.h Ut S MM d
ZA G oo o 1T B o] o 0] oo ) V2P Mp g
4. 3.1 WithouUt. . OUL . i Bl .S, Mp ¢
4. 3.2 Wi.t.ho Ut ]l S Hnc

CHAPTER 5 CONCLUSION ...t e mee e Hpn

RETEIENCES .....ee it et e e e Hpp

Y= T PP HCY

DA A



Tabl

Tabl

Tabl

Tabl

Tabl

Tabl

Tabl

Tabl

Tabl

LIST OF TABLES

eMR2h alsed |lawermrwitaw eof | eakage detection, I
assessment of WDS using different types of

ealBl. 1lpossible values of naming convention c
RAW files in the dataset.

eLSTM:stme formulations tabulated for three

and Output Gate) in addition to Cell St at ¢
eVal.ues used in the training process of the
both severity assessment and | eakage dete
eF@rmul ati ons used to calcul ate overall per

models evaluation process based on confus

eABbbeviations, and brief description of the
Bycl ass performance metrics

eF®@r ®ul ati ons used to calcul ate overall per
models evaluation process based on confus

eMdadurements of Leak flowrate based on den
| ooped and branched WDS

eOveral !l performbhasedmmbodeks bd &vabuate th
severity assessment task over branched ne

Tabl3By.class performance metrics of RF model s

Tabl

Tabl

Tabl

Tabl

Tabl

Tabl

Tabl

Tabl

Assessment over branched network after re

eBy.dl ass performance metrics of RF model s
Detection over branched network after rem

eBy.&l1 ass

performance metrics of LightGBM m
Severity As

Y

e

sessment over branched networKk

eBy.®&l ass

erformance metrics of LightGBM m
Leakage Det

ection over branched networ k a

eByw. @l ass performance metrics of XGB model
Severity Assessment over branched network

eBy. 8l ass performance metrics of XGB model
Leakage Detection over branched network a

eOveQall performance metrics of Deep | earni
in severity assessment task over. branched

eBy. tDass performance metrics of LSTM mode
Severity Assessment over branched network

eBy.dlLlass performance emeédruaseof hé&iST Me fmfoidcei
Leakage Detection over branched network a

DAAA



Tabl eBy.
Sev
TablleB ¢ .
Lea
Tabl eBy.
Sev
Tabl eBy.
Lea
Tabl eOve
sev
Tabl eBy.
Ass
Tabl eBy.
Det
Tabl eBy.
Sev
Tabl eBy.
Lea
Tabl eBy.
Sev
Tabl eBy.
Lea
Tabl eOve
i n
Tabl eBy.
Sev
Tabl eBy.
Lea
Tabl eBy.
Sev
Tabl eBy.
Lea
Tabl eBy.
Sev
Tabl eBy.
Lea
Tabl eOvde
sev
Tabl eBy.
As s

tPass performance metrics of RNN mo
erity Assessment over branched netw
class performance metrics of RNN mo
kage Detection over branched networ
thass performance metrics of GRU mo
erity Assessment over branched netw
tbass performance metrics of GRU mo
kage Detection over branched networ
L&l |l performbhasedmmodeks bd &vabuate
erity assessment task over br.anched
dl7ass performance metrics of RF mode
essment over Dbranched network befor
dBass performance metrics of RF mode
ection over branched network before
dQass performance metrics of Light GB
erity Assessment over branched netw
Q0ass performance metrics of Light GB
kage Detection over branched networ
lass performance metrics of XGB mo
erity Assessment over branched netw
2RPass performance metrics of XGB mo
kage Detection over branched networ
2811 performance metrics of Deep | ea
severity assessment task over.branch
hass performance metrics of LSTM m
erity Assessment over branched netw
bass performance metrics of LSTM m
kage Detection over branched networ
2bass performance metrics of RNN mo
erity Assessment over branched netw
2lass performance metrics of RNN mo
kage Detection over branched networ
2Bass performance metrics of GRU mo
erity Assessment over branched netw
2Pbass performance metrics of GRU mo
kage Detection over branched networ
Bl |l performhasedmmbodekcs bd @vabuate
erity assessment task over Jooped n
8llass performance metrics of RF mode
essment over | ooped network after r

AE



Tabl

Tabl

Tabl

Tabl

Tabl

Tabl

Tabl

Tabl

Tabl

Tabl

Tabl

Tabl

Tabl

Tabl

Tabl

Tabl

Tabl

Tabl

Tabl

Tabl

eBy.
Det

eBy.
Sev

eBy .
Lea

eBy.
Sev

eBy.
Lea

e:0Ov¥ e

eBy.
Sev

eBy.
Lea

eBy.
Sev

eBy.
Lea

eBy.
Sev

eBy.
Lea

e:O¢ e
sev

eBy.
As s

eBy.
Det

eBy.
Sev

eBy.
Lea

eBy.
Sev

eBy.
Lea

e:O¥ e

n

n

8l2ass performance metrics of RF model s
ection over |l ooped network after remov

8lB3ass

performance metrics of LightGBM m
erity As

p

e

sessment over |l ooped network a:

Bldas s

erformance metrics of LightGBM m
kage Det

ection over |l ooped network aft

8bass performance enedalru atse otfh eXGB emdd eli
erity Assessment over | ooped network af

8bass performance metrics of XGB model

kage Detection over | ooped network aft
Bd&ll performance metrics of Deep | earni
severity assessment task over | ooped n

8Bass performance metrics of LSTM mode
erity Assessment over | ooped network af

8bass performance metrics of LSTM mode
kage Detection over | ooped network aft

40Dass performance metrics of RNN model
erity Assessment over | ooped network af

dlass performance metrics of RNN model
kage Detection over | ooped network aft

4Pass performance metrics of GRU model
erity Assessment over | ooped network af

4Bass performance metrics of GRU model

kage Detection over | ooped network aft
Adl |l performbhasedmmodekcs bd dvabuate th
erity assessment task over l.ooped netw

dlbass performance metrics of RF model s
essment over | ooped net.work before rem

dl6ass performance metrics of RF model s
ection over | ooped network before remo

dl7ass perfor manmedaened rtiac sewd| watgd ttGBavi r
erity Assessment over | ooped network b

dlBass perfor manmedaened rtia sewd| Wwatgd ttGBaevVi r
kage Detection over | ooped network bef

4Pbass performance metrics of XGB model

erity Assessment over | ooped network b
Bbass performance metrics of XGB model
kage Detection over | ooped network bef
64l |1 performance metrics of Deep | earni

severity assessment task over. |l ooped ne



Tabl

Tabl

Tabl

Tabl

Tabl

Tabl

eBy. B6Rass performance metrics of LSTM m
Severity Assessment over | ooped networ

eBy. B&6Bass performance metrics of LSTM m
Leakage Detection over | ooped network

eBy. Blhass performance metrics of RNN mo
Severity Assessment over | ooped networ

eBy. Bbbass performance metrics of RNN mo
Leakage Detection over | ooped network

eBy. bBbbass performance metrics of GRU mo
Severity Assessment over | ooped networ

eBy. BlFass performance metrics of GRU mo
Leakage Detection over | ooped network

~

EA



Figur
Fi gur
Figur
Figur
Figur
Fi gur
Figur
Figur
Figur
Figur
Figur
Figur
Fi gur
Figur
Figur
Figure 4.4
Figure 4.5

LIST OF FIGURES

eOvierlvi ew of Proposed ML Mo d e | Architect
categorization and flow of 120 models for
assessment i n WDS.

eEx3Bp elr:i ment al | ayopmuol ofgyl ooptelle Wb&bor at ory
time perspective Vview, (b) schematic viev
eEx3p &r:i mental | ayout of branched -WDS topol c
time perspective vVview, (b) schematic vieyv
esydst3dematic presenting all possible pathwa)

each possible pat hway represents t wo C
corresponding sensors readings (Sensor 1,

escBhelmatic diagram showing the overall | e
which consists of I nput | ayer, Hidden Sim
|l ayer.

evi3swalization of the calculations occurr]
multilayer LSTM ML model

evidsuwal i zation of tihres icdael coufl ae a oims GRUOc bay
multilayer GRU ML model

ev i3s uwal presentation of the classification
model starting from the input of training

of training set.

eRaBndBam Forest classifier. prediction proce

eSt3r.u9cct ured workflow for processing and ane
to develop predictive models for | eak typ-
in a water distribution system
eSy3s.tleOmati c il lustration of the | eakage de
(after and before removing the outliers)
eVi3s.ulall: representation of the |l abeling pr
met hodol ogy and the relationships between
:eVids.ulal i zation of the impact of transient f
accuracy, demonstrating fluctuations acrc
eSdv.erity of |l eakage observed to increase
|l eakage flow rates for keraxrhcheak(bypkoompel
el dpa&ct of outlier removal on data scarcit
illTustrate the number of observations be
di fferent | eakage types (a) Effect on the
the traithing datase

Bar chart visualization of overall performance metric3@febased models to
visually compare their efficiency in severity assessment task over branched
network after removing the outliers

Confusion matrices for four Branched network RF models, providing a granular
view of classificationaccuracy in severity assessment (a) BR_CC (b) BR_GL (c)
BR_LC (d) BR_OL

EAA



Figure 4.6. Bar charts presenting classification performance of RF model across different
Leak types for severity assessment task after outliers removal of Branched
network dataset where (a) CC (b) LC (c) GL (d).OL

Figure 4.7 Radar charts illustrating RF model performance after removing outliers for
Leakage type determination task of Branched network across different leakage
classes in terms of accuracy metrics (a) Balanced Accuracy (b) F1 Score (c)
Recall (d) Precision

Figure 4.8 Confusion matrices for four Branched network LightGBM models, providing a
granular view of classification accuracy in severity assessment (a) BR_CC (b)
BR_GL (c) BR_LC (d) BR_OL

Figure 4.9 Bar charts presenting classification performance of LightGBM model across
different Leak types for severity assessment task after outliers removal of
Branched network dataset where (a) CC (b) LC (c) GL (d) OL

Figure 4.10 Radar charts illustrating LightGBM model performance after removing outliers
for Leakage type determination task of Branched network across different
leakage classes in terms of accuracy metrics (a) Balanced Accuracy (b) F1 Score
(c) Recall (d) Precision

Figure 4.11 Confusion matrices for four Branched network XGB models, providing a
granular view of classification accuracy in severity assessment (a) BR_CC (b)
BR_GL (c) BR_LC (d) BR_OL

Figure 4.12 Bar charts presenting classification performance of XGB model across different
Leak types for severity assessment task after outliers removal of Branched
network dataset where (a) CC (b) LC (c) GL (d).OL

Figure 4.13 Radar charts illustrating XGB model performance after removing outliers for
Leakage type determination task of Branched network across different leakage
classes in terms of accuracy metrics (a) Balanced Accuracy (b) F1 Score (c)
Recall (d) Precision

Figure 4.14 Bar chart visualization of overall performance metrics of Deep learning models
to visually compare their efficiency in severity assessment task over branched
network after removing the outliers

Figure 4.15 Confusion matrices for four Branched network LSTM models, providing a
granular view of classification accuracy in severity assessment (a) BR_CC (b)
BR_GL (c) BR_LC (d) BR_OL

Figure 4.16 Barcharts presenting classification performance of LSTM model across different
Leak types for severity assessment task after outliers removal of Branched
network dataset where (a) CC (b) LC (c) GL (d).OL

Figure 4.17 Radar charts illustrating LSTM model performance after removing outliers for
Leakage type determination task of Branched network across different leakage
classes in terms of accuracy metrics (a) Balanced Accuracy (b) F1 Score (c)
Recall (d) Precision

Figure 4.18 Confusion matrices for four Branched network RNN models, providing a
granular view of classification accuracy in severity assessment (a) BR_CC (b)
BR_GL (c) BR_LC (d) BR_OL

Figure 4.19 Bar charts presenting classification performance of RNN model across different
Leak types for severity assessment task after outliers removal of Branched
network dataset where (a) CC (b) LC (c) GL (d).OL

EAAA



Figure 4.20 Radar charts illustrating RNN model performance after removing outliers for
Leakage type determination task of Branched network across different leakage
classes in terms of accuracy metrics (a) Balanced Accuracy (b) F1 Score (c)
Recall (d) Precision

Figure 4.21 Confusion matrices for four Branched network GRU models, providing a
granular view of classification accuracy in severity assessment (a) BR_CC (b)
BR_GL (c) BR_LC (d) BR_OL

Figure 4.22 Bar charts presenting classification performance of GRU model across different
Leak types for severity assessment task after outliers removal of Branched
network dataset where (a) CC (b) LC (c) GL (d).OL

Figure 4.23 Radar charts illustrating GRU model performance after removing outliers for
Leakage type determination task of Branched network across different leakage
classes in terms of accuracy metrics (a) Balanced Accuracy (b) F1 Score (c)
Recall (d) Precision

Figure 4.24 Bar chart visualization of overall performance metrics of Tsaged models to
visually compare their efficiency in severity assessment task over branched
network before removing the outliers

Figure 4.25 Bar charts presenting classification performance of RF model across different
Leak types for severity assessment task before outliers removal of Branched
network dataset where (a) CC (b) LC (c) GL (d).OL

Figure 4.26 Radar charts illustrating RF model performance before removing outliers for
Leakage type determination task of Branched network across different leakage
classes in terms of accuracy metrics (a) Balanced Accuracy (b) F1 Score (c)
Recall (d) Precision

Figure 4.27: Bar charts presenting classification performance of LightGBM model across
different Leak types for severity assessment task before outliers removal of
Branched network dataset where (a) CC (b) LC (c) GL (d) OL

Figure 4.28 Bar charts presenting classification performance of XGB model across different
Leak types for severity assessment task before outliers removal of Branched
network dataset where (a) CC (b) LC (c) GL (d).OL

Figure 4.29 Radar charts illustrating XGB model performance before removing outliers for
Leakage type determination task of Branched network across different leakage
classes in terms of accuracy metrics (a) Balanced Accuracy (b) F1 Score (c)
Recall (d) Precision

Figure 4.3Q Bar chart visualization of overall performance metrics of Deep learning models
to visually compare their efficiency in severity assessment task over branched
network before removing the outliers

Figure 4.31 Barcharts presenting classification performance of LSTM model across different
Leak types for severity assessment task before outliers removal of Branched
network dataset where (a) CC (b) LC (c) GL (d).OL

Figure 4.32 Radar charts illustrating LSTM model performance before removing outliers for
Leakage type determination task of Branched network across different leakage
classes in terms of accuracy metrics (a) Balanced Accuracy (b) F1 Score (c)
Recall (d) Precision

EAD



Figure 4.33 Bar charts presenting classification performance of RNN model across different
Leak types for severity assessment task before outliers removal of Branched
network dataset where (a) CC (b) LC (c) GL (d).OL

Figure 4.34 Radar charts illustrating RNN model performance before removing outliers for
Leakage type determination task of Branched network across different leakage
classes in terms of accuracy metrics (a) Balanced Accuracy (b) F1 Score (c)
Recall (d) Precision

Figure 4.35 Bar charts presenting classification performance of GRU model across different
Leak types for severity assessment task before outliers removal of Branched
network dataset where (a) CC (b) LC (c) GL (d).OL

Figure 4.36 Radar charts illustrating GRU model performance before removing outliers for
Leakage type determination task of Branched network across different leakage
classes in terms of accuracy metrics (a) Balanced Accuracy (b) F1 Score (c)
Recall (d) Precision

Figure 4.37 Bar chart visualization of overall performance metrics of Tsaged models to
visually compare their efficiency in severity assessment task over looped
network after removing the outliers

Figure 4.38 Confusion matrices for four Looped network RF models, providing a granular
view of classificationaccuracy in severity assessment (a) LO_CC (b) LO_GL (c)
LO_LC (d) LO_OL

Figure 4.39 Bar charts presenting classification performance of RF model across different
Leak typesforseverity assessmenttask after outliers removal of Looped network
dataset where (a) CC (b) LC (c) GL (d) OL

Figure 4.40 Radar charts illustrating RF model performance after removing outliers for
Leakage type determination task of Looped network across different leakage
classes in terms of accuracy metrics (a) Balanced Accuracy (b) F1 Score (c)
Recall (d) Precision

Figure 4.41 Confusion matrices for four Looped network LightGBM models, providing a
granular view of classification accuracy in severity assessment (a) LO_CC (b)
LO_GL (c) LO_LC (d) LO_OL

Figure 4.42 Bar charts presenting classification performance of LightGBM model across
different Leak typesfor severity assessmenttask after outliersremoval of Looped
network dataset where (a) CC (b) LC (c) GL (d).OL

Figure 4.43 Radar charts illustrating LightGBM model performance after removing outliers
for Leakage type determination task of Looped network across different leakage
classes in terms of accuracy metrics (a) Balanced Accuracy (b) F1 Score (c)
Recall (d) Precision

Figure 4.44 Confusion matrices for four Looped network XGB models, providing a granular
view of classificationaccuracy in severity assessment (a) LO_CC (b) LO_GL (c)
LO_LC (d) LO_OL

Figure 4.45 Bar charts presenting classification performance of XGB model across different
Leak typesforseverity assessmenttask after outliers removal of Looped network
dataset where (a) CC (b) LC (c) GL (d) OL

Figure 4.46. Radar charts illustrating XGB model performance after removing outliers for
Leakage type determination task of Looped network across different leakage

.

EQ



classes in terms of accuracy metrics (a) Balanced Accuracy (b) F1 Score (c)
Recall (d) Precision

Figure 4.47 Bar chart visualization of overall performance metrics of Deep learning models
to visually compare their efficiency in severity assessment task over looped
network after removing the outliers

Figure 4.48 Confusion matrices for four Looped network LSTM models, providing a
granular view of classification accuracy in severity assessment (a) LO_CC (b)
LO_GL (c) LO_LC (d) LO_OL

Figure 4.49 Bar charts presenting classification performance of LSTM model across different
Leak typesforseverity assessmenttask after outliers removal of Looped network
dataset where (a) CC (b) LC (c) GL (d) OL

Figure 4.50 Radar charts illustrating LSTM model performance after removing outliers for
Leakage type determination task of Looped network across different leakage
classes in terms of accuracy metrics (a) Balanced Accuracy (b) F1 Score (c)
Recall (d) Precision

Figure 4.51 Confusion matrices for four Looped network RNN models, providing a granular
view of classificationaccuracy in severity assessment (a) LO_CC (b) LO_GL (c)
LO_LC (d) LO_OL

Figure 4.52 Bar charts presenting classification performance of RNN model across different
Leak types forseverity assessmenttask after outliers removal of Looped network
dataset where (a) CC (b) LC (c) GL (d) OL

Figure 4.53 Radar charts illustrating RNN model performance after removing outliers for
Leakage type determination task of Looped network across different leakage
classes in terms of accuracy metrics (a) Balanced Accuracy (b) F1 Score (c)
Recall (d) Precision

Figure 4.54 Confusion matrices for four Looped network GRU models, providing a granular
view of classificationaccuracy in severity assessment (a) LO_CC (b) LO_GL (c)
LO_LC (d) LO_OL

Figure 4.55 Bar charts presenting classification performance of GRU model across different
Leak typesforseverity assessmenttask after outliers removal of Looped network
dataset where (a) CC (b) LC (c) GL (d) OL

Figure 4.56 Radar charts illustrating GRU model performance after removing outliers for
Leakage type determination task of Looped network across different leakage
classes in terms of accuracy metrics (a) Balanced Accuracy (b) F1 Score (c)
Recall (d) Precision

Figure 4.57: Bar chart visualization of overall performance metrics of Isased models to
visually compare their efficiency in severity assessment task over looped
network before removing the outliers

Figure 4.58 Bar charts presenting classification performance of RF model across different
Leak types for severity assessment task before outliers removal of Looped
network dataset where (a) CC (b) LC (c) GL (d).OL

Figure 4.59 Radar charts illustrating RF model performance before removing outliers for
Leakage type determination task of Looped network across different leakage
classes in terms of accuracy metrics (a) Balanced Accuracy (b) F1 Score (c)
Recall (d) Precision

EJA
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Leak types for severity assessment task before outliers removal of Looped
network dataset where (a) CC (b) LC (c) GL (d).OL

Figure 4.70 Radar charts illustrating GRU model performance before removing outliers for
Leakage type determination task of Looped network across different leakage
classes in terms of accuracy metrics (a) Balanced Accuracy (b) F1 Score (c)
Recall (d) Precision.

Figure 5.1: visual presentation of the expected impact and outcomes of ML models of water
leakage type classification and severity assessment
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Pipeline |l eakages in water distribution syst
el evat ed coopsetrsa,ti @amaéal environment al damage, e
chall enges. This thesis addresses these i ssuU
(ML) techniques to automatically <classify |e
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gasket | eak,iadmdgomiiftihcel elackakseverity | abels
severe determined by | eak flow rate. Superyv
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CHAPTER 1

INTRODUCTION
1.1 Background
PP peline | eakages are a major concern acro
water distribution systems, significantly
heaLehks in oil and gas pipelines can | ead
soil and water pollution, which endangers e

i ncidents can cause significant e c oonsatmsi ¢ |
[1]., F&d instance, met hane |l eaks from natur

war ming but also pose risks of explosions,

economic efficiency.

Wastewater pipelines can also suffer f
contaminating surrounding soils and water |
it can |l ead to waterborne diseases earsd deg.]
| eakages are a critical Il ssue due to their
|l eaks exacerbates issues |ike water scarci
resoudrhdess i s particul arly pr ochiliaenaetcieadd isi &t

water a\ya&8ilability



Leaks in water distribution systems are ca
visible sur f acies ilbdaek sunadngdd gmn@mdcer glrecauknsd | eak's
particularly challenging to detect due to the
of theit 5hetowaursksng on | eak detection in water
directly affects the efficiency of water supp
uti I[i6t]i lelse ap pnlaicha nieo Mgfadémi mpgedi cting and det e
has emerged as a promising approach due to it
patterns, and provide predictive maintenance

l ocal [ Zat i on

1.2ResearchScope

Recent |l iterature has extensively studied th
hardiwased anbasedtwppeoalhesd mMHatrhlavdhs ei ncl ude

of sensors such as acousti eedetir@davehnigeihrfardared

physically interact wi t h [tlh]e, Smif3d]dvlaisrea t o de
approaches, on the other hand, | everage data f
techniques |i ke inverse transient analysis or

analyze pressure or fl ow]dat[a]t,o [ildoegnti fy pot

Several studies have explored the integrat.|
model s, suoalkuasal antit wiogikall ANN), support vecto
|l earning model §,1]f of.10Tehme&ks[ed @Mjececcedlisoncan aut omat
process, Il mproving the acdumacymonfi tdeati exayt.i oHwo w

some | imitations have been identified, such ac



and the challenge of achieving higH2dccur a
Whil e |l aboratory simulations can mimic | eal
by their abiliwtoy | docopepgditcane maneabrately.

simulations depends on how cl| ds ealcyt utal e ypi e

net wor ks, i ncluding variables[ 3] ke pressur

For the benchmarked dataset wused in thi
are split into two.( LCGnaek ,i sn sanbhoguatk ylder aokp hdoentee
data, where the ML models namely, Random F

accuracy of 0. 95[ 1la3n]ddha@vaS radssepoerce@tve | g ombi n
dat aPgmami ¢c Pressure transducers and Accel
detect | eakage usi ng[ 1AM ,wiat c laacscsurfaacyat o fon
adopted t o cdaetteegromiyn eo ft hleeak for the same |
model s were used such as Extra Trees (ET)
Branched and Looped networks respectively.
the best Oa®@®Bur afcoyr oefT and 0.934 for RF in

sel elcitbpn

1.3 Researcltignificance

The significance of this research | ies 1in
especially in regions where water | osses
countri,wdj clleRtWsr t hat i s produced but not

account for up to 30%39 fAdtdhree stsaotnagl |watker i

cruci al for i mproving water security and



devel oping more accurate and efficient | eak
reduce physical | osses in pipeline net wor ks,

managed and preserved.

I n devel oped countries, the emphasis is of
mai ntaining | arge water distribution systems.
down the resources spent on manuanlt einnasnpceect i 0on :

costs and more sustai nalbll]eT hwea tfeirn dnamgasg earfe ntt h ipsi

therefore, contribute to both improving the
networks in developing regions and optimizing
systems in developed countries.

The sel Mtmode@l so,f nameldiygh t)XGBBIVR NRN,, and

GRU,s grounded in theirwaorrlodvewatedrf edits tvreinlewstsi
for |l eakage detection and severity assessment
develop | eak detection models with high accur

economi qd lLbpRBEemodel s have demonstrated robust

dat aset s, making them suitable for identifyin
[ 1.7]LSTM networ ks, adept at processing sequen
|l eaks by aadiyegd ngensome dat a, capturing tempol
[ 18] The practical application of t hese mo d e |
suitability for enhancing | eak detection and

net wor ks.

The significance of this research extends

which lies in its potenti al to provide utilit



repair[ 1ofli artmany regi ons, particularly tho

mai ntenance resources, accurately assessin
resource [20l oc aB3%loje mdUL @lyg emrgi t h ms t his res
categorize |l eaks into seveniiny elneavbellisn g( eutgi

focus theirpreifdroirttys loma ks gthhat pose the gre
perfor[nmalnjc,ce TBR$ stratified approach not 0 n
o f mai ntenance workflows but al so ensures

reducing water | osses §di1d®]prd28rlving syste

This focus on severity assessment not o
but al so contributes to mor e sustainabl e

practices in both dev2ép,j np2Bphd devel oped

1.4 ResearchObjectives

The research was motivated by the necessity

for water distribution system monitoring ar

sources | iterature about waterf edriesnttritoyupeée ®
networks fAbranched and | oopedo. The | eaka
sensoragsckil ee ometer s, hydrophone)s., Hedcdynt

main research objectives were designed as

U A newly develMlneodeil 5t ewgarsatdeedvel oped for

system network | eakage,

0 For better understanding the behavior of

of networks were investigated including



U As the typpl anfisskeabkaberole in each water
net wor k, di fferentLotnygpdxudp€aitl euwhfagrée n(tii .ad .

CraGhlsketOrLiefa kgcNo nLieecaakke r e tested.

U Knowilm@akage severity in terms of | osses 1is
economikbat éelyowmreevdrity of | eakage i s assess
readi ngs tloe acklaagses iifnyt ot hseei vneorre , moder at e, or

U Due to the existence adMLmoHdel sncdrtéaenewnt i b\
associated wuncertainties were investigated

dat a.

Thel tionajteof i wdi si sremegeladkdyjc hanotdeed¢ cur at gl y <cl assi
| eakage data in water distributi osewegrsitteyns, p
when applicabl e. This wil |t iimev odatea uttoi |tirzdainrg

models for effective detection and prediction

of | eakage identification.

1.5Need of Research

Leakage in water distribution systems is a <cr
developing countries, with significant i mpact
infrastructure mai ntenance. Seveswnsbt efnasc,t or s
including internal pressures, pipeline mat er
movements and traffic | oads. Understanding th
strategies to reduce water |l os utainadn maenwwar Kk



Factors influencing |l eakage include Pressu

Aging, External Loads, and Environment al C

Hi gh pressures in pipelines can increas
smal | cracks or weak joints, as pressure f
| ost . Adjusting pressure | evels camarkéubd m

bal ance to maintain servide8]quaRRietl]y withou

Over ti me, pipeline materials |ike PVC

them more susceptible to cracks and bursts

conditions such as temperature changees, w h
pi pes, |l eading t¢3potenti al failure points
Factors I|like soil movement, vi brations

temperature variations can contribute to
conditions can introduce additional stres:

Sshjected to signizi]jJcant external | oads

Several solutions have been proposed tc
hardiwased anbdaseflt appeoaches. Hardware met
gropecdetrating radar , and pressur e sensor

Howevdédierse methods often come with high <co:

[1]. [ 3]

Soft-wased met hods, especially those wutil
tools for identifying | eaks. ML model s can
sensors to detect patterns indicative of



providemeealnsights i n[t3o] ,t hfEa6nehwom&r e, helaét hn
of these methods with hydraulic models can en

comparing simulated and obs[extvled data to pinp

Determining the type, |l ocati on, and size
management . Knowing the type of | eakage helop
strategy, while accurate | ocation identificat]
pinpointing and fixing | eaks. Further mor e, ur

prioritizing repairs blaz&]d on the severity of

These insights highlight the extensive nee
ML models that can accurately classify and | oc

Such models would enable more proacthieve manag ¢

sustainability of water resources, especially
where maintenance budgets are | imited. By foc!
fill existing gaps in predictiemehaonapeasbiwaitteires
utility managemeaevemmna wetdecekbonoas.

1.6 Thesis Layout

This thesis is structured into five comprehe
research, setting the stage with an overview
distribution system (WDS) | e ackuargrleasrii. te rlatt up ree s er

highlighting gaps and emphasizing the i mportar
and 1.5 delve into the significance of this r

management practices, advocaechgi ghhes needclf @3



bo

t

h the type and severity of |l eaks. This ¢

designed to fild]l those |literature gaps.

-

d

-

Chapter 2 expands the discussion by rev

rounding WDS | eakages. It di stingui she:c
nced t ask of | eakage type identificat
f iogidrraganched vs. obhaoadpeld soesweskexisting
alization, size estimation, and type cl
rning applications, p ar tsiecnusloarr | fy r atnheowsoer |
roved accuracy.

Chapter 3 is divided into four key sect
the research, explaining the experi men
evant features extracted. Secti-mans e3d 2 d
hine | earning models, while Section 3.3
the proposed deep |l earning model s. Sec

inning with model devel opamemg tflorrod gl ks d
essment (categorizing |l eaks as minor ,

formance evaluation and robustness anal

Chapter 4 constitutes the core of the t

ul t s. 't begins owintchl uddaitnag po wetplrioecre srsé mav
sor si gndadmsd bex psleavienrsi ttyhei r ned¢easstihtey .
formance of machine |l earning models acrc
without outliers, foll owed by | ooped s

e developed for severity assesakmarytp,e a

b



classification. Figure 1.1 visually summari zes

mo d e | design to final application.

120 ML models

(overall)

60 models

(Looped)

30 models 30 models
(With outliers) (Without outliers)

15 mod
(Deep learning)

5 models 5 models 5 models 5 models 5 models 5 models
[RMN) (LSTM) (GRU) (RF) (LightGBM)

4 models
(Severity assessment)

1 model 1 model 1 model 1 model

(OL) (GL) (LC) (CC)

Figurevéerxdtiew of Proposed ML Model Architect
categorization and flow of 120 models for |
assessment in WDS.

Finally, Chapter 5 wraps peprflobemthgsimopdbly,
supported by its key performance metrics. |t
applications of the findings, of ferirng a visu

concludes with future research directions, p |

advancing this vital area of study.



CHAPTER 2

LITERATURE REVIEW

2.1 Leakageconcept

Leakage in water distribution networks (WD
to significant water | osses and infrastruct
pipelines 126% ofougheéiyr 2Water thraoeghpstsue
and this figure can exceed 50% iSucdagilreaksy

only waste a precious resource but also cal

saf.etlFyor i nstance, pipelinetlrealus ec am nu radne
interrupt supply, incurring .biTlilmedrys diert ercd
control of leaks is therefore cruci al t o
reliability, and[ YledufckE6lecoh2dmj c | osses
Traditional | eak detection methods ofte
devices or visual i-inspexcdsi wveasanavhpcddla,r € o |
[29], [BOtontrast, modern approaches incre

data analytics to automatically3l]den[t3 2]y, |]
Physical sensors deployed on pipelines can
or other signals caused by |l eaks, whil e mac
to recognize patt[eXIn]s, i[nN3ddictatpop¥el oIfl | gakls

detect the presence of Tadelteakni bubhgaltée tec



crack or joint failure9go atnidata susteislsiitnygg d p er asteovre
repairs and|[ Bbl]i gdt3écAklho g88hg accurate detecti
and severity estimation of | eaks in real ti me
complex network dynanhi3®dJRasdamoheslys sanmnsotrheme:
exploring advanced sensing and ML techniques

di stri but[i2o7n] ., sy $#t0g ms

2.2 Sensorframeworks

The detection and assessment of WDS | eakages
their environment al and ecomngimil ¢ ghmgl itdheat il ot .
of muwelntsior f,roaomperwiosriknsgy pressur e, acouplted, and

with ML techniqgues to enhance the accuracy an
and severity assessment. Il slam et al. emphasi:

acoustic sensors--eifdedtivenehgt @ahldateiacsme,s bwi tih

al gorithms increasingly being employed to au
reliance on mabhuSilmidxapdryt i sReat hi underscores t
pl acement, especially pressure sensors, I n ac
challenges posed by variable operational C 0N
WDY 42]Additionally, Wan et al. qrowviede aadcomg
moderdsed methods for | eakage detecti on, advoce

and -triemeel analytics to handle data JJmEdrtainti e
The confluence of these studies suggests a |
management through t ke nsyme rdgabisas ieain da sMU v f i araull

framewor ks.



Many studies suggest that water distri b
e to pipeline | eaks, maki hglepar|[ 4Rpeaktl]
search shows that <continuous monitoring

i ndi spensabl e for[ 4t6ilmel [y4 7 ak[edi8densof i

]

respond to the primary indicators of a |
water pressure, acoustic sensors detect
d vibration sensor s ciadiesretdi flbyy pei spceca@walgl

searchers claim that these sensors pr ov

thodol ogies required for effective | eak

ter distrfid2atj ohd8lystleamg]

Many researchers ethphasnzapphaacmest f da

ilize continuous pressure readings, fl o
stead of relying on specialized sduerlwey t
ployed sensors | ike pressure gauges and
rm monitoring §d&6I00(ESi cexneassuggasteast hat

essure drops and wunusually strong acous

ndi tions,s emaskoirnsg vtihteasle f or [ bbA¢Reségrolpg a&

dicates that while methods based on acouc
d environmental -‘bhasese, mprecsdsreelandonl!| o&
mand p&RP{€Ehese findings underscore that
oustic sensors, |l eak detection .models ca



Reliable | eak detection in WDNs depends o

phenomena c¢cdqduwbs3dgd KyviHeaksy of sensors have be:

| een&l ated signal s, with a trend t cbwaasredd mi cr oe
devices for their |l ow cost, [8®8dl | [.5B1e, [ &6
Acoustic/vibrational sensors are among the mo
accelerometers, hydrophones, and piezoelectric

the sound or vibrati ¢b.7pThhasue ealc douys tlieca kmentgh owdas
portable noise loggers and dAlisteningodo device:
to the distinctive noise profil e[l 5l18¢aks[ 5Pener a

[ 60J]Recent studies have demonstrated that MEMS

pick dmdueak pipe vibrations i n both met al
detection with high accuracy. For i nstance,
dei sion tree, random forest, AdaBoost) on MEWNV

and found that a random forest|[ Aak]hSieniddartlye b

Yu et al. reported that <classifying pipe vVvibre:
distinguish leaking from nof®dl] conditions in
I n addition to vibration sensor s, pressur

hydrants or pipe nodes to monitor p68%sure dr
[ 63], p6dfien pressure fluctuations (e.g. nega
occurrence of a | eak, and networks of pressur
have been used to pinpoi nti nlceoarkp oervaetret sf.l oSw neee
(flow meters) to detect unexpected iIincreases

pressure and acoustic me3djods|[ GEENM@r § ®6 ¢ es enog @1



technol ogiesptiincc|l walel €9 banmd di stri buted acc
well #&senkighvity MEMS hydrophones placed i
[ 6.7]Overall, the trend i s -btaosweadr ds einnstoergsr atth :
depl oyed permanently in the wWa&t7igBynkewer &g,
the complementary strengths of di fferent

vi bration and a hydrophone for acoustic no
|l eak signatures, potentitkdwevarmprmostn gp adsett

only a single type of sensor at a ti-me, an

sensor configurafOéns [. 681 ,]| ¢&R] detection

2.3 Distribution network topologies

Water distribution networlkesopead (tmes hced) vyl
branched (tree) | ayout s, and this topolog
detectiohld4lraléfdoepédlhetworks feature int

that provide multiple paths for water flow

redundancy improves reliability and hydrau
down), bumnsithat sbhemeampact of a | eak can
the .melsth a | ooped system, a |l eakbdés effects
across several pat hs; t hus, the fiwaveo or
al onmgi caues, straightforward path as it would

of senpo2] dafdaBfranghépd net wor ks, oH itklee ot
hi erarchies where each downstream node has
systems, a |l eak typically causes a more |

upstreame(sisnae® taahéeéer nat[ilvle, r[o7uBgeec pfBoBre tohfe |

M p



di fferences, |l eak detection and |l ocalization |
topo[ D4V, [ 6 Flor [ek@mplasedt mee hloalsd using fl ow
pressure gradients can more easily bracket a

|l ooped networks may require more advanced pat

optimizati ometmauttht ef peets of | eaks

Experi ment al research has highlighted the
models on both topology types. A recent study
that could be reconfigured into | oospeidn and br
each configbeatiecmuml ts showed that <certain | es¢

pressure transients or the frequency content
| ooped vs. branched networ ks 766M@mi §o0of st lhecaas
| oops allow some flow diversion, dampening the
whereas branched sysfémp, chbn@€enspgdguént heg, emb e
|l earning models for |l eak det ecitainonal mwsti then r
trained on data from a branched network might
and vide 7yer d.a 8o, al[dtdFless this, researchers
topoilmdgdegpendent features or to include networ |
traini hgoOphafdad]i nclusion of both | ooped and |
detection studies is increasingly seen as nece

that can be depl oye[d7]i,n [dlid4]er se water systems



2.4 Machine Learning employment

A wide rangleeaofnimagc htiencehni ques have been e
classifying | eak [chlar akc.8 23y d riB\B8i$s eidn VN i 1
commonly trained on sensor data (pressur e,
and in some cases with specific |l eak types
and | eakin[g84clondli8®loms] 86] c-NaasekiemMsi ghhke
N N) and support vector machi nes (SVM) ha\v
detection tasks, especially when combined
frequency domai[B74f émMsex asmpdral $ eatures
entropy, or spectral peaks can be fed int
reading i ndi6dt, es| 8a8Hd vee\keY], recent studi es

complex models oflbha@asneloiutep éihé¢ @r MeBrOBlr es2d¢ B 1 |

ensemble models (e.g. RF, Gradient Boosting
high accuracy in | eak detection due to the
interactioph82]i,n [é&é] dtatal . compar@PUORFE ever a
Light GBM, XGB, CatBoost, etc.) on water p
ensembl e boosting mo d el ( XGB) achieved n e
di stinguishdegk ] e®&en&kar Iny, Ul'l ah et al . €
dei sion trees, -NBAndomat¢ouesites, eminslsikon dat

accuracy around 99% f-basdeakodel ®cpieomnor wi
These resul tembsluggrestthadadsat kynwsaggregating r

effective for capturing thlel6gJubt[l2z7]signatu



I n parallel, deep | earning approaches have

recent years, particularly -omepsiod@®8i dat aaw
[ 91], Ceayol utional neur al net works (CNNs) h ¢
transient patterns and acoustic spectrogr ams

featured 1f1¢r, [ &®Rs [.93Guyo [Ot4]al .[f9be g e OOy d a
CNN that operates on Il eak signal Sspectrogr a

performance on a datasdqdt9.70Reqpumpreéentihmhenawcmalst n:

(RNNs) and variants |ike LSTM and GRU have a
sequences of pressure data i ni nMDuNcsed ad 1 @mmwa Inige d
over [Bbine [®8yeneral, deep |l earning models ca
when | arge volumes of sensor data are availab
| eak signatures without manual feature engine

and fatreen ol ess[ 6 O}t er [p9 @foa bjlad ah]jce t hi s, some res
deep |l earning with ensemb[l30]me t[h9okdpsr o r@ 9u saen chey,
one study extracted features via wavelet tran
deep CNN classifier, whil e another used an LS
boostind 9@2¢t edE®®® mbl e | earning vs. deep |l earn
in the |iterature: tree ensembles are fast t
capture more [nuChBetdh papgpgroaches have achievec
( >0 %) , so current research evaluates them si

for a given | eak detection application.

I n addition to-ldatkgct ismme( IMdbalknod®l 30 ai m to

of leak or esf{ilmdte [ LO&&brsexampt e, researcher

MYy



di fferent | eak mechaadi s$tmisn gausi sshe pnagr alt een gciltaus
circular orifice |l eaks or jJoinrfts8da.s aa H]ai |
driven models including CNNs and ensembl e
types under controlled expkp88menifiBKwithe mul
severity (often <correlated with |l eak hole
classifieagtesosi8obdn ,.t dulkld3alh et al . consider e
sizes and demonstrated that ML classifiers
high confidence, effectively distinguishin

emi ssion 2ffdAnhatbker study applied an artifi

size from pressure sensor data in a simpl e
guantify | eak severity i nThaedsdei te fofnorttc duentdee
veratility of ML techniques in not only fin
which is valwuable for prioritizing repairs

deploying the rightOmpintenance response

Tabl er2sénts a comprehensive overview o
on WDS | eakage detection, | ocal i #zaatsieodn , i
met hodol ogi es. The studies summari zed I n

model s RSEUCGNM,s ANN, and Adaboost, among ot

advancements in the accuracy and efficienc
Forest achieved an impressive 100 %neatcaclur ac
pi pes ulsearnagt iaocnc ed at a, whil e Adaboost attail
acoustic emission signals. The integration



the use of Genetic Algorithms (GA) with ANN a

Forest, which substantially enhanced the mode

However, a critical analysis of the tabl e
accurately determining thegaskactrt htwrpset olfe d ksa)k ¢
than merely classifying |l eaks as present or al
the classification of speci fic |l eakage types
strategies and mini miuzritnhgerwatr €r, I|wdhd d ee ft fheec tuisve
data is prevalent, t hteirnee rdbanaaaofbutateabbke baak
controlled | aboratory experiments.tiAegdr essi ng
sensa@ased data and focusing on classifying spe

advance the practi doalseidmp ldehengttatoinons ysft evhls 1 n



Tabl eMLb.alsed | iterature overview of | eakage detection, | ocal i
Ref. Model Hybridized Input data Output Conclusion Remarks
. Achieved 100% accuracy for metj L
pipes and 94.93% fornemetal_| 554 MEStasec acoeoroeters: 4
56 Yes Leak/NoLeak | pipes. Random Forest outperform . ) o '
Forest MEMS-based used radial sensing direction; data
other models in detecting leaks g d ’
accelerometers effectively collected from 75 sites in Hong Kong
Pressure data Achieved 99% accuracy with Used pressure sensors; did not menti
[103] Random Yes transformed vig Leak/NoLeak precision of 0.99 ancecall of 1.0. | IQR for outliers removal; used wavele
Forest wavelet Wavelet decomposition significantl decomposition for feature extraction;
decomposition improved model performance. tested on ETown WDS simulation.
. . Achieved precision up to 98.9% ar e .
s e Leak locaion|  EC8l Up 7 % for nnoise | /561 MESEure sensor 0 not mert
[83] No i : scenario. CNN outperformed MLHR o .
Network from L-Town and size in all study cases, especially for measurement device imprecision and
(CNN) network noisy data hydraulic model uncertainties.
Convolutional Achieved 99% precision and 98.9{ Used pressure and flow sensors; did 1
Simulated . recall in nenoise cases. CNN mention IQR for outliers removal,
Neural Leak location
[105] Network No pressure and and size outperformed MLP in handling accounted for hydraulic model
(CNN) flow data noise and multiple leak scenario§ uncertainties and measurement devic
effectively. imprecision.
Artificial Achieved MAPE of 11.78% for | Used pressure sensors; did not menti
Neural Pressure data| Leakage leakage severity prediction with §  1QR for outliers removal; employed
[106] Network Yes from smart severity and | P e a r sareladia coefficient of genetic algorithms (GA) for
(ANN) meters location 0.9626. ANN integrated with GA| optimization; tested on Hanoi benchmg
outperformed other models. WDS.
. : Used pressure and flow sensors; did 1
Achieveddetection accuracy abov , . .
FuzzyBased Pressure and| Leak location 90% with effective location mention IQR for outliers removal;
[107] No utilized fuzzy set theory to handle
Methodology flow data and severity | identification using ILP (Index of y "y

Leakage Propensity).

uncertainties in data; implemented usi

MATLAB and EPANET.

z



Achieved Fiscore of 93.5% for

Used pressure sensors; did not menti

FeatureBased Recurring detecting recurring patterns with| [IQR for outliers removal; implemented
. o] ressure data]  pressure igh precision and recall. Featurg  unsupervised learning for proactive
108 Clusterin N P dat high isi d Il. Feat ised | ing f ti
9 anomalies based clustering outperformed | leakage control; applied to Dutch WD/
instancebased methods. data sets from 2013 and 2017.
Random 1D3 Achieved 99% classification Used pressure sensors; did not menti
Decision accuracy and 99% leak detectioff IQR for outliers removal; used Shuffle
[109] Forest Yes Pressure datal Leak/NoLeak| accuracy with reduced error rate ( Frog Leaping Optimization (SFLO) for
Classifier 1%. Outperformed 1ECNN-SVM sensor placement; tested on EPANE]
and ACO models. simulated WDS.
. 5 .
TDR-MI 'ggt]éec\:;crl] Q::]ds gﬁ;ﬂi@ﬁgkﬁ Used pressure sensors and hybrid TD|
Based Pressure | : e -O70 y MI system; did not mention IQR for
. , eak location localization using Kmeans : -
[110] Wireless Yes residuals and . . . outliersremoval; integrated atdoc
and severity clustering and classifiers. .
Sensor sensor data Outperformed linear and areed WSNs and Kmeans for clustering; teste
Network P . 9 y on underground pipelines.
algorithms.
Acoustic Achieved 95.8% validation . L .
o . Used acoustic sensors; did not mentig
emission accuracy, 92.8% precision, and . P
: 0 IQR for outliers removal; utilized MFCC
signals 99.52% recall. Adaboost
[17] Adaboost Yes Leak/NoLeak . spectral flatness, and ralff rate
(frequency and outperformed Decision Tree and i .
. features; data collected from multiple,
MFCC Random Forest with lowest false Chinese cities
features) positive rate of 7.35%. '
Achieved 97% localization accuraq Used pressure sensors; did not menti
ModelBased Pressure data| within candidate regions, with abo{ IQR for outliers removal; developed
[111] Method No from multiple | Leak location| 74.5% of leaks detected in the firy{ dominant sensor sequences for accur
sensors candidate region. Improved accurg localization; tested on a WDS in

by 50% using dominant sensors

Zhejiang, China.




2.5 Gap Recognition and Motivation

A recent study reveals that MEMS based te

met hods by -temaeblmonng troealng usinghydrecpghuoree

sengdd44MEMS accel erometers and hydrophones,

for

al o

suf

sen

Stu

t

ng

heir ability ttapdetreanty swdn | @i rvorbrladal
plilple2llReesar chers report t hat convent
r from high costs and false -abdaeds,

rs that can be integrated Iin3®] wilrkl 2]

ies also -sBhoevd thaessSMErMS and vibration

e detection ti mes and enhance |l ocali
ssingliéfhrei gweasensus in -hbaeedi peresasu
tic, and vibration sefnfsoatsi vag et ®anleg gfi «

detec{48n efficiency

ny studies report that vibration (acc
rs are the most commonly deployed for
of [iAB]tSaolnea trieosnear chers argue that tra

effective for detecting |l arge pipeli

i ficantly i[mplax]tn pcestsua et | evielb sati on

y sensitive to minor | eak signatures,
|l eaks that coulidelevhdewcee ajsounsngygi

i on of-bascecde |l eeakmetsemsor s due to their

iremeretfd,ecamdlenelses | i terature predicts



systems will heavily sehgoos pacoembi wat homaoh
and | oT technoliome esdéldrrdhedtlsliBé al

The consensus in the I|literature is that pr
essenti al for effective | eakliiefecbPi@f883ume wat
sensors provide broad coverage by detecting
unexpected flow increases, while acoustic an
phenomendthbhé& beaksd and vibrations pg&dded by w
[ 121]Research indicates that by |l everaging bot
detect | eaks more reliably and pl12adpbinfl23kir
Most studies cerreanlswde atphparto aa hmulctoimbi ni ng pre
vi bration dat a, i's fundamre retndlantco nmi ntihmi ziursg a
water supgdlly24net war2kbs , [ 12 6]

Despite subst aentailalg aprso carnede sogpieme vcrhat lengrefs
| eak det ecTo odfadrve ssetaurdcihetsy ptea cikd eentliefakcati on an
assessment toget herMoish @miont evpm kKtsed omodelo.n
|l eaks and perhaps classifying the, |bak bhgpe o0l
both simul ttFfomeo wmsltyance, experiments might <cl a
(longitudinal crack, hole,ctetlcegdk unnidze iomea f3i
scenario without distinguishing the failure ma
t hat -dee pflioeyledd system might detect a |l eak but n
ver sa. This i s a indoetaadb |lee arke sdeiaargcnho sg asp :s yasnt em !
determine if a leak 1is present, what type of
framewor k. Addressing this gap would signific



utilities, yet t he l'iterature so far of f e

classifi.cati on t asks

Another |l imitatisemsios tfhrea meavok kesf trhualtt if
of i nformation Mu$Srmnlseak Ddd tdehdetuissap oy i ty of
a single sensor-onlypeof(emlicypedaparsshea dev
model Whi | e tsheensseor sianpgplreoac hes have shown
compl ementary informati on Rehcaetn ta nmootrhke rh asse nr
the benefits ofi fa mbea xna mpl es e nussoirnsg bot h a
aclcer ometer toget hdbrornme @atowsme uld delabketfsli uginda
comprehensdmwsormudttudi es areda hsalv.d |r eslceaarsceed. aA
with synchronized pressur e, accelerometer,
scenari os, whi chseéessar staeapl yswar d Howkvwvier ,

in developing ML model sogbdmae¢owred feenhsoel yat

souwnwdpration, etc.) t o i mprove detection
opti mal sensor placement could greatly enh
few published workssdmyer veaadkrddt-galtéeo muli

net wor ks.

Leak detection datasets often contain s
faults, spurious events, or variability 1in
outlier removal techniques i n cuorvreernlto oskteudd,i
which can degrade model performance. Notab
outlieriafsl mptenget effective tethas gseeno

little application in | eak edestoeret iaount hrog se 8

HP



mention its use:ef aplpéxsampkeanBhil Q&KRdirluil es to

dataset, removing anomal ousSupbi pracbetese ame:
common, as many works either assume clean sim
potenti al i mp acrte noofv arl i goonr oluesa ko uptrl@ ceirct i on acc
well documented. This gap suggests an opportul
(l'tke ITTQR filtering) coul d iing ra vfee iMLe xmordeerhe r
samples from skePRwitnugr et hree sreeasruwclht sshoul d i nvest.i
(tncluding outlier removal, normalizati on, de

detectionipearbhepmahceutedntiiny tihhredeéntepat ur e.

Additionally, a broader gap in the field I
water niestumcohr kas variable demand patterns, c h:
mul tiple si mwlhtiacnhe onwasn yl ecaukrsr ent ML model s do
Mots studies train and test model s wunder rel at
s i nlgd &k scenari os, known boundary <conditions)

consider s t hese uncertainties and assesses m

network conditions. This gap ties into the mot
|l eak detection framewor ks, as discussed next.
I n | i ght of the above gaps, current resear

i ntegr dtasdedMLeak detection systems for water

aim to design unified models that ,caandi mult a
estimate its severity. I nstead of tsrteogpting th
ML solution that takes sensor inputs and outpt

vs Aminor. jAchteviemkodhi £l assa-mus powutl d anboidred s mu



trained on richly | abeled data covering di
such models coul d ilfeovre reaxgeempsl hea r ecde rfteaaitnu r ferse
mi g ht indicate both the presencerd&f ia Iteal
direction S |l everaging datasets with mul

circumferential demafokiow ertact.e s )att ovatrriaiuns adv

assess how well a single model aman chiafrfaest &
This integrated approach is expected to fil
more actionable information to wutilities.
There is a strong mbabedtisemsbo-pswdis mat ¢
accelerometers, pressure sensor s, etc.) in
scenari os. Current research IS conducting

MEMSenssor arrays on test networks to gathe
OL, GL) wunder .valTtThe ufsoccwsndiig i®@mseval uating
sensors perform across different | eat moda
for better results. For instance, an accel
while a pressure transducer simultaneously
confidence in detection. St uadcieense natr es tarlastoe g
| ooped and branched networks so that ME M
signatures thr.oulghheouus e hef sMEM®&EmMt echnol ogy
depl oyment C¢ioomsselesansons enaobfl eT hcirnegast i (nlgo T
water pipes, where many nodes <coll ect dat a

motivation is -bhatdasdeeaee, nMMEMSB8rk can gre
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N e
det ec
envir
ML mo
|l evel
mo d e |
ma k e
aspec
Bayes
predi
predi
prior
ackno

i deal

Th
for I
out |l i

point

readi

conf i

and | abor, provided that the ML model s

ogeneous data generated.

w research is placing emphasis on quant.i
tion. This includes accounting for fluct
onment al noi se, and modeling eraricar s i n t

del s on datasets t hiaftori necxocarnppd rea t ea drdei anlgi sd
s of background noise or simulating dema
s to a wide range of condeseancshdrnscaivmi /i

|l eak detection algorithms more robust t o

t i S using probabilistic ML met hods or
i an neur al net wor ks or e nnsceemb b & Vaakanc
ctions. The motivati on behind this i s to

ction (Aleakd or fAno Tlsemakd)eybuwtangl $mrare xt

itize Il nvestigating adlRrtconftihcae nctehe Owoe
wl edging and modeling uncertainty is a ¢
ized |l ab studies and the messy reality o
e role of data preprocessing in enhancin

eak detection has attracted growing atte

ers. The interquartile range gl ®@&KRt)a met ho
s assumed to be anomali es. Whil e some pr
ring may enhance model generalization by
ngs, these conclusions iare ewvotdeynete dalfrirre
rms whether outlier removal via | QR cons

H'Y



perfor mance, especially in the context of ¢

event signatures mi st aken for outliers. M
filtering as a standard preprocensimadg sDegp,]
meani ngfulel héakagenfor mati on, pwottli @ ulwaartley
network scenarios. Therefore, further dedi
true I mp abcats edf oluU@QRi er remowval rehi anloidleil t ya
detection tasks. Unt il such studies are ¢

approached with <carefudf fc obnestivdeeermat hnonseofr

i nformation preservation.

Finally, an i mportant research thrust i
model s veased Eemsembl e model s for. lAsak d
di scussed, both approaches have merits, ar
beter suited wunder various conditions. For

LSTM, RNO\R Unadhell s against ensemMblan dmelLtihgohdtsG B

on the same | eak dat aseotfsf sMet misc®ssuperae
acauagy, false alarm rate, training time, ar
Early findings indicate that deep neur al

resolution raw sensor signals or when auto

ensembles can rival them on engineered feat
By systematically comparing these model c
strategies (e. g. using a deep modebstionge x
classifier) t hat capitalize on both. The
pragmati c: to guide water wutilities in cho

H



mo d e | for their |l eak detection system. Under s

ensemble methods wild.l help tailor solutions tc
a |lightweight edge device might dewaseeda si mp|
analytic platform could | everage a deeper n e

expected to continue as more advanced algoritth

adopts the best available tools for | eak mana

Il n summary, the recognized gaps can be draft e

1. There is a lack of unified models that can simultaneously detect leaks, classify their
type, and estimate their severity in an integrated framework.

2. Multi-sensor data fusion is underexplored, with most studies relying on-single
sensor inputs rather than combining complementary sensor data for improved
detection.

3. Outlier detection and data preprocessing practices are inconsistent, with limited
research on how techniques like IQR filtering impact model accuracy and
robustness.

4. Most machine learning models fail to quantify uncertainty in predictions, limiting
their reliability under realvorld, variable network conditions.

5. Leak detection models are rarely tested under realistic, dynamic scenarios such as
fluctuating demand, multiple leaks, or noisy environments.

6. There is a lack of systematic comparison between deep learningnaathble
based models for leak detection under various operational constraints.

7. The realworld performance and limitations of MEMS sensors across various leak

scenarios need further empirical validation.

on



8. Datasets with labels for both leak type and severity are rare, hindering the
development of comprehensive diagnostic models.
The application of -masé@dneehearndagat bsl
|l eak detection in water distribution netwo

various sensors and models are usedgtto det

|l eak severity. It i's ewiodndntni nigatmuil nt @g¢ reats
classifying both |l eak type andasevethiet yroa

of currentSirgmiefairccahnt gaps, Ilsaxkh alartadiet drai
studies and | imited attention to data prep
the community. By |l everaging advanced ML t

neur al networks) and focuseéesg@aromherosmpaietmen
I mprove the speed and accuracy of Il edlkedet e

continued devel odormevneen olfe atkh ecseet edcati @ n syst
reducing water | osses andwetnenransup@! vt hae

worl dwi de.

This study aims to address the identifi
and 6, by providing a comprehensive contr.i
primary objecMLmedadlss ttoh adte veilmwpl ate an int
of both determining the type of |l eakage
framework is intended-maki sgpmaordt ciomprowbed ec
environmental yi igpactceowaabkbreacesouve,est hdo
study also investigates the effectsemwmdsomnoutl

frameworks developed -$§caime aWdD&nexpllredehab



CHAPTER 3

MATERIALS AND METHODOLOGY

3.1 Data Description

Thieenchmhatkkaesdet comprises 280 sisgcnaalles watldrect
distribution system designed [t7T6] TWDPSi cate vV a
employs 152.4 mm (6 inches) di ameter PVC pi pe
under <controlled conditions. The diversity of

di fferent |l eakage types and characteristics i

1 Leak Types
The data includes five specific leak types induced in the system to simulate
common leak scenarios. Thengitudinal Crack (LC)nvolves a crack extending
along the pipe's length, which affects the pressure and flow in a distinct pattem
compared to other types. Ti@&rcumferential Crack (CG)encircling the pipe,
creates a different flow and pressure dynamic due to its shapesasiest Leak
(GL) simulates leaks at pipe connections or gaskets, representing one of the most
common realvorld issues in distibution systems. Additionally, th@rifice Leak
(OL) resembles a puncture or drilled hole, further diversifying the range of leakage
behaviors. For comparative purposégnleak (NL)cases are also included as

baseline scenarios, capturing system behavior in the absence of any leaks.



1 Network Architecture
Two different network architectur@gere used in this dataset namélgoped (LO)
and Branched (BR)each introducing unique characteristics to the flow and
pressure patterns. The Looped architecture offers a closed network where water
flows along multiple paths, creating a complex distribution system where leak
detection may be more challenging duethe redundancy in flow paths. The
Branched architecture, in contrast, consists of a single linear path to each endpoint,
which can provide simpler yet distitive patterns in pressure and flow behavior
when leaks occur. The combination of these architectures provides an opportunity
to examine how network design influences leak characteristics and detection.

1 Water Demand Flow
To simulate realistic variations in wateronsumption within a residential
distribution system, background flow rates were established based on a
hypothetical service to approximately 100 individuals. The total estimated water
demand under standard conditions was around 0.44 L/s. To reflectl typiczal
fluctuations in usage, two flow rates were selected: 0.18 L/s and 0.47 L/s. The 0.18
L/s condition corresponds to moderate demand, representative-péakfhours
(e.g., early morning around 1:00 AM) when household water usage is reduced, but
not entirely absent. In contrast, the 0.47 L/s rate simulates a higher demand
scenario, such as the early morning rush period around 5:00 AM, when water usage
typically increases due to morning routines. These demand levels were chosen not
only to capture r@-world variability but also to ensure that leak detection could be

evaluated under different flow dynamics and sigoatoise conditions.



Controlled water demand flow was implemented with two steady flow rates
of 0.18 L/sand0.47 L/s representing lower andigher flow levels within the
system. These flow rates provide data on how leaks manifest under various
conditions of water demand. Additionally transient conditionwas introduced,
where the flow rate abruptly changes frOm7 L/sto O L/s This sudden pressure
variation helps simulate relfle scenarios where leaks could exacerbate due to
abrupt changes in water usage or pressufferiog insights into the system's
response to such conditions.

Background Sound Conditions

Background sound conditions were varied to assess how ambient noise influences
the detection and characterization of leaks. Two settings were$sedd Present

(S) in which ambient noise is introduced to simulate -vealld environmental
conditions, such as urban or industrial background noise, which may mask subtle
acoustic leak signals; amtb Sound (NSwhere ambient noise is absent, providing

a controlled environment for detecting leak signatures with minimal interference.
This setup allows the daet to encompass both ideal conditions and realistic
scenarios with potential noise interference, reflecting the operational challenges of
leak detection.

Sensor Types and Data Acquisition

Data were collected through three sensor typeselerometergA), hydrophones

(H), and dynamic pressure transduce(R). Accelerometers measured vibration
data, capturing mechanical disturbances caused by leaks or pressure fluctuations.

Hydrophones recorded acoustic data, detecting sound variatiomsdicates leak



presence, with data stored in RAW format at an 8000 Hz sampling frequency to
preserve high fidelity in sound detail. Dynamic pressure transducers measured
fluctuations in pressure, providing direct insight into pressure anomalies caused by
leakinduced flav disturbances. Each sensor type was strategically positioned in
multiple locations across the looped and branched networks, capturing spatial
variations in data that enrich the dataset with localized leak insights.

Figure3.1 and Figure3.2 show the experimental layout of the tested WDS
networks. Figure3.1a presents the perspective view of looped network from the
laboratory proposed in the benchmark of the dataset while Fglbs@presents the
schematic view of looped topology highlighting the main components of WDS and

the location of the sensors.

(a) (b)

FigBLExperiment al | ayout of | ooped WDS t oj
r etailme perspective view (b) schema

Similarl32a d$hagws-eitme replementation of
network in the | aboratory of the used dat a
i n FBZ~uwehede mehefomse network are il lustr:

used in the WDS including the |l ocation, ty



FigB2ZExperi ment al |l ayout of branched WDS topo
r etailme perspective view (b) schematic

Each sensor signal-sevacsnd eicotre@rdalo,vepr av i3di
tempor al datastateapououdet sbopradyr transient e\
recording duration across varied conditions &
Sensor data were stored in diflhecehtr bmemat s
anddlynamic presdatr®@® tna@S®Wufter mat, of fering eas
ankbdydroplaeamae in RAW for mat, which can be conv
compat Fbg83veiys.ual |hye schoombsi ntati on of these wvari
network architecture, water demand, .backgroun

This ¢ onmbsitnaabtliiosnh e s a robust dataset- with diyv

depth analysis of |l eak characteristics under



Branched

Hydrophone Accelerometer

Nonleak Orifice Leak Longitudinal Circumferential  Gasket Leak

No Demand 0.18 LPS 0.47 LPS Transient

Without noise

FigB3eystematic presensomhgt md | awaislsa bllee WIE
where each possi IwOSpPAaARAWMalyatr eipmelsiedhd scorr
sensserad(i Srgrssor 1., Sensor 2)

The recorded signals encapsulated wvari a
background noi se, and |l eak types, -woaklidng t
|l eak detection scenarios. Each experiment

nami ng convention to encode key experiment e

|l eak type, background flow conditions, and
dynamic pressure sensor files followed the
represented topology, "L" denoted |l eak type
"S#" specified the sensor number. Hydr ophot



noise condition indicator (" B") to account f
organi zation of the dataset enhances its wusab
validate | eak debégti 8ed al gbeiarhmauu.mmary of al
for each of the specified naming convention ct
by hydrophones when there was a transient deme
l ayout with Rhaekgrtouredl noi stenhLe TR AW sfiielng _&s H1"™ |
for the first hydrophone and "LO_NHenfcensient

the features in | eakage type determination an:

naming pattern.

Tabl eAl3. pbossi ble values of naming convention
and RAW files in the dataset.

T L F SH B

BR ccC N D Al, A NS

L O GL 0.18 L P1, P S

- LC 0.47 L H1, H -

- N L Transi - -

- OL - - -

I n summary, the experimental -gpuraolcietdyu rdea tean s
suitable for benchmarking |l eak detection meth

of a meticul ous| yr edseosliugtn eodh tseesntsboerdsj,t haomgch a r ol
system contributed to the dataset's reliabili-

formats based on sensor type preserved data i

approaches. The systematic vaftigqurani oonffs,| eark
background noise |l evels provided a comprehens
range of aWLalpypticalti and in | eak detection and

oy



3.2 Deep Learning Algorithms

3221 Recurrent Neur al Net wor ks

In RoNNsed classification mechanism of this
| ayers stacked to extrgdt27hi,efédRlSB8hiet avior ke in
sequenti al i nput dat a, processes it t hrou
di stributi omhheovoevrercallds smeschani sm of standa

Fi g84.e

Hidden / Recurrent
Layer

Hidden Node /

Input Node rory UN Output Node

Hidden Node /

Input Node Recurrent Unit 3‘{put Node

Recurrent Unit

FigB4echematic diagvamabBhownggméebbani sm of
whiacdhnsoifsput | ayer, Hiddens Si mpl EBN&d by (

The input to the REKN achoBéi stwhefeaeselyu
Y represents a feattur@hecekit@demeatthbtmei nmd ep

computed Wsing Eq. (

M YQUWQ © 1)



wheWes the recurrlestt weiigmhputimaproikipcit s onhenatri

Rectified Linear [UN2%] activation function

Each SimpleRNN | ayer in our architecture f
|l ayers included Stoaakitng amel toivpelrd i RNNnlgayer s
to learn more complex hierarchikiasl croanprud ant a't
as pead): Eq. (
Q YQOWQ m 2
This formulation allows information to be

| aykeefsore classification.

After the final RNN | ayer, the | ast hi dder

computed3as in Eq. (

(:] 'YlQDJ)Gen"Qe Qiense (3)
wheries the featube am@pr eayeentl emirenmeat er s .

Finally, a softmax function is applied to ¢

Eq4d :(

G i 00 CHE G g @
wheyies the predicted clecasand raorbeabtiHe t qgu tdp wstt rli &

par anmel 20 ]s

The network is trained wusing the Adam opti

The | oss function emplewnwedopy, sddf:saeedataseg &gl

fl Wl T © (5)



Wheowes the groundi srubhdéd pabeilct aachdprobabili

The model i's trained for 15 epochs witt
mechanism in the RNN model empl oyed in tF
sequenti al feature extraction through stac
| ayaenrd, f i nal classification using a softmax
|l earn rich temporal -sepeedehoresegqmaktitngl i
[ 129]

322Long -BerromtMemor y

Long -Béoromt Memory (LSTM) networks are an ad
Net wor ksdesRiNgNnse)d t-oamgemdtiepéondgncies in sec
standard RNNs, LSTMs wutilize a gating mech

preventing issues | ike[] XtXle] . ,vanli3a]ling gradi

In our LSTM classification model, we U ¢
| ayers followed by f uplrleydiocan mecst e dT hliasy esrtsr
network to capture hierarchical tempor al d

from sequeln3t3i]al dat a

The input to the REKN choBéi stwheieaeselyu
Yrepresents a f eattTuree LvSTcM oma iantt atfdameed asat hei pd
cell Ostawahiech evol vEegqBoWrelri ke mei mpl e NRNNs, L

gates to control [A4Bd]flow of information

Qo 0 Y'YDRQ Ao (6)



At each ttitnee st TPM tcled | f clolmpwit@ga ba e Bb&Rael ed i
equations emeumwer k hatel ¢ebei vely remembers us e

forgetting [nB&llevant details

1 Forget Gate: Determines how much of the previous cell state should be forgotten.
1 Input Gate: Decides what new information to store in the cell state.
1 Cell State Update:Updates the cell state based on the forget and input gates.

9 Output Gate: Determines the new hidden state.

Tabl eLSBTM st emp f ornmbludtaiterds f or three gates (F

Gate, and Output Gate) in addition to
Forget G W, 0 0 0
l nput Ga N, 00 b o
W OR® Q hw o
Cell St a A /& A Es A
Output G € , 00 m o
Q €S 0WRW

Wheit#is the sigmoidt adhé¢ vahée omygamizdd iomm,t angen
represenwiss e | mml trii l@bwias w @ahi. zes the process of

i n LSTM model in each time step.

LSTM function of this study empl oys four
hierarchical featurlds. cbme ulijeddae m <Etgat g at | a;
Qo 0 YYIQ Fo 7)

WhefQeis the hidden statewfiemthlkre cpd évisawas el 4

previous | ayer. By stacking multipdlevelSTM | ay

and -lhegéel sequenti al features.



Similar to RNN, After the final LSTM | a\
a fully connected dense | ayer and a softm
probabilitiesOBasangbhicvne sipne cEBqg .v e(l vy. The netyv
the Adam optimizer with a |l earning rate of
Cresangropy, dibv. e nl hkey mog.el ( i s trained for 1

1500, ensuring stable convergence.

LSTM Recurrent Unit

Cell state

Hidden state

S aemeeee e e e o e i o o e e L e e e e R R AR « = = = = = = = = = *

Forget Input Output
gate gate gate

Figg@8%ei sualization of the calculations o0c«
mul tilayer LSTM ML model

323Gated Recurrent Unit
Gated Recurrent Units (GRUSs) are an impro
net works (RNNs), designed to address the v

the architectur e -Tceoonmp aMeendo rtyo (LLOSATgM)S hnoerttw o r k



Chet , aGRUs incorporate gating mechanisms that

net wor k, all owing thetnertno deefpfleahd@i®dmctileys captur e

At each ttianeGRU empai nt athasd aupdatdesn vechbased

previous hidden state and currenéet jabhuot. The
given as in the 8group of formulations (
i, 00 YQ
G , om0 YQ
0 OATdEL Yis 0 ®)
Q p asQ asQ

Wheakes the update gate deter mi AiQ nsgh orudwl rhwech o
carriedifier wered,reset gate controlling how mu.
contributes to tReepaadedbastetheticaadidate hid
using theQiresehe ghi eal hd ardppewnt esdt aad € art itntmer p
bet ween the past hidden .set@at eavmdrd tphe®jeandbda
matrices appo.ived, tdade er d mprurtent wei ght matric

previous ipdgteaa] state

Unl i ke LSTMs, GRUs use fewer gating me
computationally efficient wh-rhegetdepebéeéengi &
[137]., Th&88a4bsence of a separate memory cell

effectiveness [IB8B9%eqf&@BB0gptesansks the gating

of each time step in GRU model.



Figg@é6ei sualization of the calculations oc
multilayer GRU ML model

3.3 Ensemble Algorithms

33. Exreme Gradient Boosting
Extreme Gradient Boosting is a powerful en

classifier through iterat[ilvdel]i, mp[riocdvRegmema s e

gradient boosting, an optimization technigqg
sequentially adding decision trees. The p
training dat a, ensuring thatsi Bubdeqguerntant

depicted37] @48] gur e



@ instance () - Misclassified instances a‘u'-T«‘:stuiin.gTestdald L 1.t using Train dara f"-umwsdalase:wi:nnewwﬁgms

o

Train set
o . s Randam .D.. Random .o. o Randam Randarn
o.. : | %, [ I (ORPY
e @ 0 ¢© 9 o

® o0 T e e ! ® '.
ooee [%4, ¢ el Jogo 2 %e

e @ [ ] ™ L] bl [ ] OD. ® @
.....'

Test set

| Aggregate all predictions.

Final Prediction

FigBT.ei sual presentation of the classificati
classifier mo d e | starting from the input of
predictions of training set.

For -mbass <classification, XGB requires the

encoded starting fhomwede e@irveesrena sddthaes dteat ur e

the categorical target variablen ®He (arget |

d@ncode%AA@)TQ) (9)

where the factor function ensures <categorical

|l abels to start from 0. The dataset is then <c

DMat ri x, whi ch enhances computatiomala ef fici

compressed format. Mat hematically, the featur ¢
in EB, wheOreeperaeccshents the training, validation
[ 144]



y " N raion
Otrain Qr mcoded
Y " Wt e st
Qest QeMncoded (19)
y ~ v al
OvaI (’Q/a ncoded
XGB constructs an ensemble of deci Qidon tr eece

i's trained to correct errors made by the

optimizedEgsL @i ven by

O ® LONA @aux
whe®©é&is the finalhaoastdiincg i roonu @ d.¢ sE acrha i mesvd

to minimize the residual errors from the p

function. Giventdel opd i madicst irdeeet eEtml Ptéar atyi

Qo AOICET ' ®Fo0 & Q& 1y
whewes the true 'Qaba@®lddbfroaprienssetnatnsc et he pr e

previ oX&Bitrieleisz.elsagead doepnit mi zation to itera

To control mo d e | c omplreexg ulya rainzda tpiroenv etner nosv

objecti vaes fsuhnocw hi poinn Eq. (

fl D ORO & QW mQ @3
wher €Q i s t he regularization term t hat P

Hyperparameters sulth bsanpgois amaplep{danat e
feature s §mmlrien gc omdti @nudr etdh et omofdienle. The par

training prdabss 8s3listed in



Tabl evadl.u3es used in the training process of th

both severity assessment and | eakage d
Parameter [Val ue Description
d 10 Maxi mum depth of tr €
d 0.3 Stepsbiizmkage to reg
S 0. 8 Fraction of training
f 0.5 Fraction of features
Objective |[SoftmalSof tfmaxct i orclfasrs ntullg

A key aspect of XGB is weight adjustments

of i n@ttandeé&rsatuipodmt eldt:as in Eq. (
0 0 Q (O

wheor eis the instance 0W&itgh ilsefaor @ nidti erad toironf u
that equals 1 if theliinsthhemckeasnimgegcil assi t haea
much weight Il ncreases for mi sclassified sampl
weight s, compelling subsequent tOrnecees tthoe f oc u
ensemble is trained, predictions are made by

cl as sdfloab el given instance 1is determined using

sof tmax probBbgabi(l i ties

& AOICA®W 0 & & ohiQ 1%
whedr® WMQis the probabidbiyt ybrakdse gmefdt meaox cfl as s

ensures that outputasprpogbrabEd.i ties sum to 1

0D GO Q 1
B 1O (5

whe®eyis the accumul @a erdo sssc oalel floao sctliarsgs it er a

classification deci si on i s based on the ¢l ass

ny



The XGB algorithm enhances classificat

decision trees thfa@adgh tgroapdiiematl | § o d setairnngs

weighted instance adjustments, EhdaiTihneg i |
schematic effectively il lustrates how boo
mat hemati cal formul ati ons provide [d48ruct

XGB remains a powleadulchtaossi fiocatmiudsicjal ef f i ¢

data with high accuraclylda4hld computational

33. 2 Light Gradient Boosting Machine

Both Light Gradient Boosting Machine (Lig!

boosting frameworks designed to i mprove tr
[ 148], Théeé9] share sever al core similariti:e
models employ boosting, an ensemble | earni

trees to mininilzse0]ag ITdlesl |[opncmiae the obje
gr adbiaesnetd techniques, wher e¢i 4 hter amiewmed re@ @
resi dual errors [fIr5o2m .t hied to¥r¢emaita wsal iye e st he

function for both mbplelbut st they mdi &ated im

and handle data.

The primary difference betweermrloiwg migGBNM
strategies. XWiBs ¢ oy f owshasteaeéqgy, where al
expanded before moving to the next dept h.
increamestational cost. I n ~wiosng rgsowt Light
which grows the tree by expanding the | eaf

strudt urieght GBM Siel shosvnityh e hegafmaxi mi zes:

n o



« AOICAp W 7  wQ @y

N N

whefQan@are the first and second derivatives of
is a regularization parameter. This approach

can I mprove accuraclyld&jt, may¥y49] sk[ byvyerfitting

Another key distinction is in feature sele
al | possible feature splits to find the best
GradBasé¢d-SiOhee Sampling (GOSS) and Exclusive F
S peetdr auipni ng. GOSS retains instances with | arg
dowsnampling instances with small gradient s, e
whil e reduciOrge pdraetsae nstiszet.hel yradglin&EBMoseli et s
Ssub¥seuuch that lBatisfies Eq. (

Y Q0 t° random sQ@QDsé&t of 1B
wheties a predefined threshol d. This significa
| arge H&Baovet $.he other haneb,asreal isepsl inorfei nodni nk
does not i mplement aggressive sampling stratec
i's often faster X@GBnhgr pe odadaes edted,t ewhialce ur ac

structured datasets due to its exhaustive fea

3. 3 Random Forest

Random Forest I's a widely used ensemble | ear
decision trees to enhance classification accul
from individual trees, thus redweinng Jdarniasmede

oy, whee@eresents theéisnpbhe taagetesvaandbl e, t

pn



process foll ows a structured approach i n-

prediction, and evaluation.

The process begins wi t h dat a pieproces
transformed into a categorical factor to el
This step is essential in multiclass <cl assi
between distinct categoricads, otuheomeasai reifrf
employs the bootstrap aggregation (bagging
WhY are created by randomly sampling from
Each bootstrap sample serves as the traini
the model to |l earn different featurtetianter
obtrees, Qedach traened independently, incorrg

at each split to enhance model [dlLi5vegr,s i[tly5 6a

Once the ensemble of decision trees is
on majority voting to determibne Eabb fireal.
forest produces an independent prediction,
by selecting the most frequently predicte

predict(ﬁé@rcaagisven i npultY i s defined as per

S O ROd 0Qd @ 1y
whe®tei s an indicator function thatec®iune s
fromKddéei sion trees. This voting mechanism

and improves the generahr ga(mEalxonr tc afpoarbi "l arnt g

the maxi mum") I's an operation that returns

p ™M



function reachieg88i @assh owasx itnmuem.si mpl i fi ed over al
training mechanism of Random Forest.
Random Forest Simplified
Instance
Random Forest _— '(' L
4—’""3/’ Y e ~a
//O‘QE\ //%‘\ /R\\
DN N\ C om
Q/C</O‘ /\ /\ \ Q/% / \ '/\ ’ / \ /\ P \/\ \Q
60000000 J0Ed OO 6bd0 d0'd0
Tree-1 Tree-2 Tree-n
Class-A Class-B Class-B
Majority-Voting | l
Final-Class
FigB8&Random Forest classifier prediction
3.4 Models Development
This study pPpraeeemrids mnetmwldtoil ogy ai med at ut i i
controlled water distribution system to predi
analyzing dat a coll ected from dynamic press
hydrophones, we aim to tackle four main objec
|l eak severity for two types of net wor ks, Br a
di stinct approach in structuring aaddprocessi
optimization algorithms applied to enhance pr
To ensure the model generalizes well, the
for each objective, and Validation set when n
applied across alll objectives, if m©Imu deiancgh s el ¢

PH



sensor, removing outliers wusing the I nterqgl

where required by the ML algorithms.

Fi gB9per esents a structured workflow for
CSV and RAW files to develop predictive mo
assessment in a water distribution system.
datsaasethe Leak Type Dataset and the Severi:H
Each dataset i's split i nto training, val i d
monitoring model perform&éMhamedtdemm@ gine ave twia,t «
i ncluding LSTM, RNN, GRU, XGB, RF, and Ligh
sets and used for prediction on the test s

performance assessment metri detewhiof &aeak

and assessing severity. The evaluated res
I nterpretation and derive insights. The fi
for training, vMU moddaetlish gtha eaendde dale stdethgcti on
assessment in WDS.



Predict ASSEss

performance
Leak Type Watchlist
Dataset

Severity
Dataset

Visualization

Assess
performance

Predict

FigB8®a®tructured workflow for processing and a
files to develop predictive models for leak t
water distribution system

3.4ebkage Type Classification

The | eakage detection precensssori sdadtarsiedt ufrreadme
integrating data from Pressure Transducers (8
Accelerometers (8 variabl es), ressal tiTrhg si n a
i ntegrated approach enhances <classification a
distribution networks (WDS) by Il everaging the
Pressure Transdiucckuse dc aprnteais ®*urlee akédhet ea¢ti ons,

acoustic signatures of | eaks, and Accel er omet

pn



water flow disturbanc

a mor-eidlaatand precise

To ensur e robust c
ML models are trained
Branched WD S . The ML

Light GBM,RNINSTM,nd GRU

es. The fusion of t he

classification appro

|l assificat

for each

i on across

al gorithm,

model s empl oyed i n

, each trai

ned on str

varying flow and tr 8afiilelnustcandst itome . e nkti

i ntegrating sensensdrataramewot ke whelt@iling

are combirmed tumiffi ed

structur e.

perspective on the devel opment

combined sensor frame

Tthesdvi sue

pipeline,

wor ks effectiveness

o d

0.47 LPS

0.18 LPS
Dataset

Hydrophone

Branched

No Demand

Transient

Accelerometer

0 BE HE B

Circumferential g& CC (250,000)

Gasket Leak
Labeling

Longitudinal

LC (250,000)

Nonleak

Orifice Leak

OL (250,000)

GL (250,000) 1,250,000 Rows
iy 696,096 Rows (Branched)
NL (250,000) Delete outliers g

With noise

Without noise

M 474,515 Rows (Looped)

29 Columns

Normalization

Leakage
Detection
Dataset

FigBt@Systematic illceakkagattdedacetfi diiod lhct ur e
cases (after and b eufsoerdeo dreelnso vd envge |t ochpemeonut

PP



34. 2 Leakage Severity Assessment

This study aims to assess | eakage severity by
moder at e, or minor based on sensor readings.

the dataset according MLoanotdbkesetoatded®rcite sme ae
patterns for severity assessment. The |l abelin
t hat service demand i s i nverasse |dye nparnadp oirntci roenaasl €
|l eakage flow rate decs ewbtbh. z &€oon swdagt oearn tu sfa g es)c
are | abeled as severe, while 0.18 LPS demand
moder at e and minor, respectivel y. The transi
bet ween 0 and 0.47 LPS, preseretd eakuwmgieq e veelrdll
may be severe, gradually decreasing to minor

variations ar e unpredictabl e, |l abeling t he

i napplicabl e. This systemBimadalasbeéf hegc taipypealoy

|l earn and differentiate | eakage severity | eve

FigBXx®l |l ustrates the data processing pipel

Assessment Dat aset from sensor data <collecte
measurements from | ooped and branched network
pressurelseBR28pyrshy@®rophones (H1, H2) , and ac
capture different |l eak types (CC, GL, L C, oL

categorized by demand |l evels (0.47 LPS, O0.18

I nst anaiemsi ncgopndtackground noise in the case of h
the data into seven col umns, a nbbkmaseadaati on
severity assessment. A key step in this proces



is categorized as sever e, 0.18 LPS as mod
accounting for noise variations (neglectinc
into two sets: one keeping outliers wiTho, C
separate distributions for | ooped and br anct
type vary based on network topology, I nfl
processed and normalized datasbatasetf,i nahi

serves as aMLlfbcaawsredla tainoanl yfsars of | eak severit

|

—

Circumferential

_,m_ Gasket Leak 0.47 LPS
yivaiopcns Longitudinal 0.18LPS m
m Nonleak No Demand With noise

Dataset

Branched

Orifice Leak

Accelerometer

K Linrs R R——— 750,000 R

674,541 Rows

389,928 Rows

600,058 Rows

Severity

0.47 LPS i
i S 606,202 Rows Assessment

0.18 LPS Sa:  moderate Delete outliers Dataset

562,891 Rows

No Demand With noise ¢ severe
588,957 Rows
Branched
604,933 Rows

594,361 Rows

FiggB8r®/i sual representation of the | abelin
met hodol ogy and the relationships betwee

The process is repeated independently for |

capture potenti al di fferences 1in sensor re

pT



scenari o with background noise is also teste:
accounted for. By combining and | abeling meth

identifies the opti mal ML model , cembgenati on,

severitworilm mweadaler distribution systems.

34. 3 Performance Analysis

Uncertainty analysis plays a critical role in
ML models for classification tasks such as | ec¢
systems. Unl i ke regression t astkisf,i ewhetrher owmgde
metrics |ike prediction intervals, correlatio
require specialized approaches to account f
systematic methodology i1 s i mplaggmenmgt epdr otba ba d d &
out puts-baseadr ongyasures, and visualization tec
i nsights into model reliability.

The first step in uncertainty analysis inv
appropriate classification metrics. Model s su

LSTM are trained on preprocessed datasets tha
| ointgudi nal crack, circumferent ilad a kc rsaccekn,a rg aossk. ¢
These models are configured to output probabi
nuanced under st amaikng go fprtolceisrs edeeiSdnacirdac g, pe
i ncluding accur aey,ofggbkepir8sdntsrelkal for mAl at i c
compute overall classifier performance metric
ML models. These overall metrics provide insic¢

relative to altertnmadsitwepeaxlpgdpsswacnheds.c cbrp, sairc h

Py



recal |, precision, and balanced accuracy,
i ndependently within the target variable.
classifier struggles with dernrmandea gdaf ipaird
across all cl asses. This distinction offer
refinement and optimization, guiding targc¢

effectiveness.

Tabl eFo3rrmul ati ons used to calcul ate over al
ML models evaluation process based o

Metric For mul a
B0
Accuracy -
0
_ _ ., wher e
Kapﬁ&t(at st Brow toohiUmn al
Confidence 1| nt " Accurackccuracy
Bound) Accur acy

Accur acgccuracy

Confidence I nte Accur acy

| A ow totals
3]

No I nformatior

The evaluadl @asis o€l anuditfii cati on model s r
derived fsein tcloemf tebobn matri x, providing

performanaecuOaey aimeasures the proportion

across all cl asses, of fering a direct but
when c¢class i mbalances exist. I't i s comput e
each, cdassded by the total number of insta

p



To address potenti al [di)sat saetsi sitn ca d csu reancpyl, 0 yte

measure of agreement between predicted and act

The kappa statistic accounts for cl ass i mb a
cl 4dssiati on agreement based on marginal di stri
avalue indicates stronger <classification relie
the model is performing only slightly better
Statistical confidence I n classification
interval s, which define a range within which 1
The | ower and upper confidence bounds are co
accuracy, providing a means to evaluate the st
are particularly wuseful when comparing mul tip

di fferent dat aset s.

The No I nformation Rate (NI R) serves as a
classifier significantly outperforms a naive
the dataset. I't is calculated as the proportd.i
actual cl ass. I f a model 6s accuracy does not
the classifier may Elaadk meits c¢rci misn actoinvpeu t gaw ere.r
the confusion matri x. Shewieabmar @s@définedhast

fol lidimdbl e 3.5



Tabl

eA b3b.r5e v i

calcula&ztdiamg Berformance

ati

ons

and

bri

ef

description
metrics

Term Sy mb Description
True Pq TP The number of <Ccostaeotky
True Ne TN The number o.f i nstances
bel onging to the
False H FP [The number of instances
Fal se The number obeliosganocesh
| FN , 7.
Negat. mi sclassified.
Positiwv P The actual Il nstance
Negatiwv N The actual I nstances n
Certain classification metrics ar e con
reflecting thei role in different analyti
known as sensitivity or true positive rat:
correctly identify positi vefeirnsetda ntcoe sas Stihte
predictive value (PPV), as it measures the
among all instances classified as positive.
negative rate (TNR),camacictayt i n@ d h@eu rnaotdeelly
i nstances. These terminologies emphasize
which classification performance can be ev




Tabl eFo3r.nbul ati ons wused to calculate overall p
ML models evaluation process based on ¢

Metri|Formula (Per CI Descriptiu
Specif Yo cl\gerarseucrtelsy tchlE
( TNR) Yo 00 instances o0
Negat. NG I ndi cates h
. ) )
Predic —_— negative pr
Val ue | Yo "Ovu correct.
v R HHSHEE
(PPNVDS Yo "Ou class are ac
Recal l 5 Measures how
Sensit —_— i nstances of
[ 157] Yo "Ov correctly i
FiScor ¢ Preci sReocnal | Har monic mear
_ and recall,
[ 157] Preci sReocnal |

positives anc

Bal and Sensitispecyfi| Adiusts for
A . by averaging
ccur e C g9

speci fici

By integrating thesepeehénsastvenumderstandi

perfor mance is achieved, ensuring that cl assi
simple accuracy measurements. These metrics g

reliability and wuncaeaif toaimetdymaéd&a linlgo winmagsmsi lotri mo

classification tasks.

Vi sualization plays an integral role 1 n un
to interpret mo d e | performance effectively. C
the distribution of prediction cohnefriedetnhcee acr

mo d e | exhibits consistent accuracy or variab



matrices are employed for Severity Assess me

of mi sclassification patterns and model r
charts are utilized to il lustratievekean gleydi
mo d el effectiveness across different confi
removal is systematically analyzed, assess
and robustness. These viidwaln gt ocsoylsst eanrad iicn set
further data collection, and informing mod

By systematically addressing uncertaint:
applicability of ML models for | eaktaglet sdet
and visualizations ensures t hat predictio

i nf or med-madkeicnigs.i od hese advancements provid
i mproving the efficiency of -wavenuadaiwatrebult
and prioritizing maintenance efforts. Thi's
the iIimportance of reliabl e -wareldd cthaél enyg:

infrastructur e management .



CHAPTER 4

RESULTS AND DISCUSSION

4.1 Data Preprocessing

WDS are integral to urban i nfrapdtralktitaurwat eerns
Leakage in these systems results in substanti
potenti al struchasad rmamatger.i ngge ncfor WDS enabl e
anomalies indicative of | eakssen sko wenveears,u rdeaneanst
of ten contain noise and outliers due to wvari
environment al di sturbances, and dat a transmi
particularly outlier det ectiingn tdared acemowaly, oif
detection algorithms. The Q1 met hod, al so kno
statistical approach for identifying and elim

OQutliers are data ©points that significant
majority of the dataset. They can be caused by

changes, or errors iBmasckat aMeltdhgogdi nfgo.wi TGhet | Quearr tl

be used as a part of the study to eliminate t
met hod, a component of the interquartile rar
statistical data preprocessitnhge flitr sits qgbuaasretd | cel

percentil e, Q1) and third quartile (75th perc:

(IQR) is E@4 gLl ated in



00°Y 70 @)

The | ower bound and wupper bound for det
|l ocated 1.5 times |I QR below Q1 and 1.5 tinm
These boundaries sé402bandledi ded as in Eqg

D& 0QEO6EQOIDG pdZO0 'Y @)
YA OEOEQOHIDW pdZ) 12 @)

This study -dperpavhi daensa laynsiisn of the |1 mpact

|l QR met hod on sensor reabldsngd Mmppogadidc tiinor

| e akdeeggeect i on. The study involved training
of outliers. The effect of outlier removal
these ML model s, focusing on theireoceegrall
i n classifying di fferent | eak conditions.

understanding of how dabasepdepeakedstagtiaoi

Figdrpsresents boxplots of sensor reading

across branched network at transfkiegsir @ e man

(ahyhi ghlight the significant i mpact of out
This discrepancy can | ead to data scarcity
the classifierdéds ability to diTéei meumoslal be

extreme values may enhancecaowldee !l alaca uirratcryo ¢

i mbal ance, necessitating careful handling
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Sensor reading

0 | Distribution of BR_CC_Transient_A1_Value across Leak Types O O Distribution of BR_CC_Transient_A2_Value across Leak Types

0.041
0.006
0.02
0.003
o
£
o
(o]
L
w0
[ =
[}
0}
-0.021 -0.003
-0.04 1 . . . i . -0.006 . : : I I
cc GL Lc NL oL cc GL LC NL oL
Leakage type Leakage type
6 Qnistribution of BR_CC_Transient_NS_H1 across Leak Types 0 RDistribution of BR_CC_Transient_NS_H2 across Leak Types
0.6
021
0.3
0.11
o
£
e
(o]
[ ]
[=]
n
=
[\
0
-0.1
-0.3
-0.21
0.6
CIC GIL LIC NIL dL cc GL LC NL oL
Leakage type Leakage type



&0 Distribution of BR_CC_Transient_P1_Value across Leak Types

o

Sensor reading
o

Sensor reading
o

o

500+

-500 1

Ol Distribution of BR_CC_Transient_P2_Value across Leak Types

10000
2501
5000 1
-5000 1 2504
~10000
cc oL Lc NL oL

ki

CC GL

Leakage type Leakage type
& Distribution of BR_CC_Transient_S_H1 across Leak Types &V Distribution of BR_CC_Transient_S_H2 across Leak Types
0.3
06 .
0.2
0.3
0.1
o o
£ £
=l el
© ©
2] 5]
: " : - - -
o o
(%2} (%]
c c
(8] [ 5]
w w
-0.1
-0.3
0.2
-0.8
. . - - - 0.3 T T - . .
CcC GL LC NL oL CcC GL LC NL oL
Leakage type Leakage type

Fi gurBeo x4 .plsatal v z actu tolnit eagdsn giileent dfah@awodemand ffeorenBr d realkkead yrpetsved rek c

(b) Accelerometer 2 (c) No sound

Hydrophone 1

CT

Hydrophone 1 (d) Nog)lsosSmundypmn
(h) Sound present Hydrophone 2



The preprocessing stage also involves dat a
varying ranges of sensor readings. For i nstat
betw2B6OG and 250, while P2 exhibibt0sO, dO0Di gmoi fi c
500, 000. These discrepancies necessitate scal
Additionally, hydrophone readdDngstbabl 3wi fhrhn
highlighting the i mportance of nwirtmalli arademn
magni tudes i n sSucbasleignuge nit\L amraul ayilsaels eft wvror Kk mo de | s
as LSTM, GRU, and RNN, as these models are se
it 1is |less bagedf moaret sf 6fr ker X&B, RF, and Li gt
oMf eature scaling for performance. For deep | e

using the base function O6scal eGbasedR. mAd ¢ Iho,ugh

It was still perfor med to ensure doaonsigstency
validation.

Foll owing the preprocessing steps of scali
stage in preparing the dataset for ML model s i
detection involves adding a descygndaeéed eot uyn
based on the type of |l eak. This classificati

abbreviations (CC, LC, GL, OL, NL) or numeric
of the ML algorithm being empl dyeidnpuRqgr tahlegsoer
categories can be encoded using numeric value

from O to 4 or from 1 to 5, depending on the

The choice of encoding ishdidMLatedmbébwot kei hou

cy



For i nstance, i n R, t he XGB adlgms st hm

classification wher e t he target variabl e

abbreviations such as CC, LC, etc.). I n cor
requiier et atrget variable to be converted 1intc
val ues must be transformed into numerical
proper |l abeling is essential for tnhge oerf f ec
i nconsistencies in encoding may | ead to el
careful attention to the formatting and cor
i's cruci al for achieving acdurmate and reldi

The | eakage detection dataset for each
consists of 29 wvariables, including the tart

from accel erometer sreenlsaotresd aatpa . ur8ngawvi ab
transdeaswumsriensgs ur e WHarcd ubadtitonar e recorded
|l eyvelasnd 12 variables from hydrophones, Co
noi se scenari os t o analyze acoustic si gt

copr ehensive representation of sensor me a s

robMismodel s for | eak detection across diffe
Labeling for Sevecomgs Aacsessdieng dattbke
vol ume | ostpeduant o nit étahlees | aboratory experir

measured as t he di fference bet ween t he S
(demand) . The diffeeeprpoaerwptesentstheédeWDS]

there are no Croimnmeed cli@ad s o vAhuitchlto means i n t

c o



i's entirely of physical phgsse.dlagheaalkovise speci

the cal cul at isonbse ncfh ntalr&k efdl dwBritaht et he dat aset

Tabl eMedaslur ement s of Leak flowrate based on d
both |l ooped and branched WDS

Design . Measured
Network _II__eak Demand Sup;?_ly Flow lSerwc/e Leak Flow Leal;
ype (L/s) (L/s) Flow (L/s) (L/s) Rate (%)
0.00 0.047 0 0.049 -
oL 0.18 0.237 0.193 0.044 19
0.47 0.512 0.472 0.04 8
0.00 0.032 0 0.032 -
LC 0.18 0.222 0.196 0.026 12
Looped 0.47 0.497 0.473 0.024 5
0.00 0.026 0 0.026 -
CcC 0.18 0.214 0.189 0.025 12
0.47 0.498 0.475 0.023 5
0.00 0.053 0 0.053 -
GL 0.18 0.24 0.191 0.049 20
0.47 0.524 0.476 0.048 9
0.00 0.042 0 0.042 -
oL 0.18 0.239 0.199 0.04 17
0.47 0.51 0.475 0.035 7
0.00 0.03 0 0.03 -
LC 0.18 0.222 0.198 0.024 11
Branched 0.47 0.495 0.475 0.02 4
0.00 0.024 0 0.024 -
CcC 0.18 0.216 0.193 0.023 11
0.47 0.494 0.476 0.018 4
0.00 0.075 0 0.075 -
GL 0.18 0.265 0.194 0.071 27
0.47 0.541 0.475 0.066 12

The severiwasbsferlveealk age i ncrease as demand

i Figur.e The2 figure visualizes the |l eakage fl o
branched and | ooped networ ks, highlighting a
decrease as demand |l evels increase across all
cantheiduted to several factors. One possible



the internal pressure within the WDS incre

to the greater force exerted on pipeline w
reduced overal/l flow velocity, eaklapwi ngr ma
|l eaks, thereby increasing |l eakage severity.
system pressure IS | ower , reducing t he d
subsequently decreasing the severity of |I|e

(@) Measured leak flowrate in Branched network
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Therefore, sensor signal s corresponding t

categorized as minor | eakage severity, as the
pressur e, reducing the driving force for | eak
as moderate | eakage severity, representing an

I's higher than at 0.47 LPS but | ower than at G
Finally, sensor signals associiaftieedd waist hs envoe r
| eakage, as the absence of outflow causes a
maxi mizing the force exerted on existing pipel
|l eakage rates. Thi's cl assifi chaatnidonv airs aesseasat
influence | eak severity, all owing for a struc

di fferent operating conditions.

To facilitate a focused evaluation of | e ak
eight separate subsets. Speci fically, the dat.
Looped WDSrreapbnding to a different l eak typ

No-heak (NL) case being excluded from this <cl a

created for the Branched WDS, mirroring the <c
WD S. dhivssion ensures t hat the datasets ma i
configurations while allowing for an indepen
specific | eak type. By structuring the data ir
toecrogni ze the severity of Il eaks under differe

the devel opment of predictive and diagnostic t

and management .



The final step in the preprocessing pi

Leakage Detection datasets involves applyi
splitting is a data partitioning hecthari gaite
variable remains proportional in both the
I mportant in classification probl ems, as |
from random splitting. Byl masnt ahei gt ket y
the training set includes adequate represe
types, which is cMluncoidaell sf.or training robus

Stratified splitting helps mitigate <cl a

to biased model predictions. I f the datasel
|l eakage severity Il evels or | eak itryipregs 9 tg,l
|l eading the model to favor more frequently
underrepresented ones. By ensuring that e e
sampl es, this approach enhancersevtemea sgenerfa
di sproportionately favoring certain cl as:
preprocessing step is fundament al i n mainte
i n wemrld applications wherk heakraypes!| asadi
i's essenti al for effective water distribut.i

For the Leak Detection task, 50% of 't he
speci fi calalsyedf arl gtomre ¢ h ms, using a stratifi

necessary because models such as XGB and
watchl i st to monitor and optimize ©perfor ma

finene hyperparameters and assess model g ¢



ensure that the model does not unintentionally
validation set is generated, reinforcing the

Looped WDS dat as dtbefoaunt éli eea)ki t cestoencatiisotns of 1, 2°

observations (where each signal contains 250, (
dat aset I's then split i nto 875,000 observat.i
validati on, and 185, 000tabseéngata omal afnccre dt erset
across |l eak types to enhance model robustness

The issue of imbalanced cl asses, which was
splitting technique, can also arfrigaerdudi Bg t |
Il lustrates the difference in the number of o
the Looped network dataset. |t iI's evident t he

classes experience a significantt hreerdutchirieoen i |
cl asses, |l eading to data scapecsey anclsplelcerge,
i nsufficient training data for certMbin cl asse
model s, making them | ess effective at predict

of class imbalance on model accuracy and gene



(a) Impact of outliers removal on Looped data scarcity
(Validation + Test)
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4.2 Branched Topology

I n practical applications iorfvdlevaks deitreedt lon, i n
raw sensor readings into a ML trained model,
a Branched net wor k topol ogy. The objective |
correspond to a | eakage Isec epraersieon coer oaf NaL |ceoankd,i
its specific type among the four possible cate
i's a cruci al step in |leak detection, as it pr
within the WDS. iHomwealeone l eakidetketitcient for
mitigati on; it is also essential to quantify t
of water |l oss. To achieve this, the ML model
the dedkaged ULeder the assumption that the WI
condition with a constant demand | evel acros
simplifies the estimation process and all ows
severity.

Despite thiswaskdmWbDiSomet weaks do not oper
steatdygte conditions, as water demand |l evels c
usage patterns. Such wvariations insrotiece com
s ame | eakage ma y exhibit di fferent signal C
conditions. Consequently, a direct assessment
these wvariations would |l ead to wunrelTioabl e c |
overcome this challenge, transient signals pr
dynamic demand scenari os. Transient signal s 1
periods of demand fluctuation, irepoerseahange s



over time. These signals inherently contair

t o varying conditions, making them valua
environment s. By carefully analyzing tran:¢
recognize | eakage patterns under fluctuat
accuracy of |l eak detection and severity es

To make transient Mlcogmdlext mondeys ablee die
sudbi gnal s, each representing an approxi mat
transient signal i signai ded veii gincaé¢ e achot nispillset

1,000 observati onsse adoaiprntugredalwi t hhins as 68d@dme nt

approximation of steady demand |l evels with
to assess | eakage characteristics -sithatae ma
condition. By employing this approach, It
from transient conditions while p#dmaserdvi ng
classification. The subdivisisomgmnal st easuire

the dataset can si mudraltde @p ewmiadtei ornaan g ec oonfd i
trained models more robust and generalizat
met hodol ogy enhancebsastehde | permakc tgiyed deleintsy by f b M
gap between stdeté¢i asdumpeandygs and the inher
net wor ks, ul ti mately |l eading to mor e rel.i

strategies.

4. 2.1 Without outliers
The performance metrics presented in this ¢

Trdased ML models to classify | eakage seve



LC, GL, and OL) in a Branched WDS. Al model s

t hat had been preprocessed through the |1 QR oLl
and more representative dataset. Xhiremereproc
val ues t hat could skew model predictions an
identifying subtle or severe | eaks.

42 . 1. bakreede model s
Tabl @rés2nts a comparat i-lvaes eedv arhawddlioon( GB,t hRFE

LightGBM) across four different |l eak types in
i nclude Accuracy, Kappa, and Confidence I nter\

robassessment of madcelnedf foenctd veakeaset subj ec

removalcross all |l eak types, Light GBM consiste
Kappa scores, particularly for BR_CC and BR
performance compared to RF and XGB. RF foll ows
capabilities wi t h slightly | ower Accuracy a

consistently outperforming XGB. XGB, while pe

shows tthepelrofwersmance for BR_GL and BR_OL, indi
these specific l eak typkeashl elTih4et 2Ceornf i dlemster altne
reliability of these model s, with tighter int
varcieamnand higher stability in predictions.

Figurei sduadl |y reinforces these trends by

Accuracy, Kappa, and Confidence Intervals acr
for LightGBM remain consistently higher, part|
its swolpassioffi cation capabilities. RF maintain

Ty



BR_GL and BR_CC, while
BR_OL, where its Accuracy
with LightGBM and RF
hadling varying | eak

XGB

types.

and

exhibiting

exhibits

Kappa
tighter
Overall

Assessment

effecthaeedr medel or Severity
by RF, with XGB showing more performance
Tabl eOvde.r2a:l | performhased membdets 00O
i n severity assessment task over
model Metric BR_CC BR LC BR_GL BR_OL
Accuracy | 0.9010722| 0.8774559 | 0.8117497 | 0.7751952
Kappa 0.8403608 | 0.8095885 | 0.7015737 | 0.6424472
XGB Cl Lower 0.8993133| 0.875595 | 0.8095054 | 0.7728112
Cl Upper | 0.9028103| 0.8792987 | 0.8139787 | 0.7775657
No Info Rate| 0.4278227| 0.3944952 | 0.3962306 | 0.40674
Accuracy | 0.9083649 | 0.8773402 | 0.8516003 | 0.8206979
Kappa 0.8520877 | 0.8091487 | 0.7649749 | 0.7147129
RF Cl Lower 0.9066646 | 0.8754785 | 0.8495573 | 0.8185052
Cl Upper | 0.9100442| 0.8791837 | 0.853626 | 0.8228749
No Info Rate| 0.4278227| 0.3944952 | 0.3962306 | 0.40674
Accuracy | 0.9312471| 0.9091623 | 0.8581968 | 0.830818
Kappa 0.8892368 | 0.8590528 | 0.7759076 | 0.7317566
LightGBM | CI Lower 0.9297534 | 0.907529 | 0.8561915| 0.8286745
Cl Upper | 0.9327185| 0.9107759 | 0.8601844 | 0.8329454
No Info Rate| 0.4278227| 0.3944952 | 0.3962306 | 0.40674

val ues

gvaktuat
branche




Overall Performance metric (THeased models)
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FigurBad.dhart visualization obaeedr amoldepsrfo
to visually compare their efficiency in sever
after removiing the outliers

The evalfuaalilonproposed ML S&vperirfygpr  Masmsees sn
focuses on key classification metrics, includi
Negative Predictive Value (Neg Pred Value), P
Accuracy, across three severity eragsegyg: mi n
stratified splitting and an optimized ML fran
assessment of | eakage severity, ensuring bal
cdsses and |l eak types. The following discussi
model s’ strengths and l i mitations i n addr es:

assessment .

Tabl prds&8nts a detailed performance assesst

di fferent |l eak types in a Branched WDS, highl

yn



evaluating |l eakage severity. For each | ea

demonstrate t hat t he RF model s achieve st

detection. For instance, in the CC dredak ty
a Recall of 0.9757 for the severe cl ass,

| eaks. However, the performance shows var.i
types. For exampl e, i n the GL depaktdaypPpe638§
i ndicating t hat the model struggl es to re

variations underscore the need for further

|l evel s with distinct sensor signal charact

Figurpredsents the confusion matrices f

BR GL, BR_LC, and BR_OL), offering a granu

key observation across al/l matrices i's thi
mi nor ore. mdacdoer agxampl e, in the BR_CC mod:¢
mi sclassified as minor, while in BR_GL, 45

This trend suggests overlapping sensor S i
partliyulanr severe | eaks, which complicate
moderate c¢class consistently achieves high
number of <correctly <classified moder ate ca
ablity to capture features associated witdl
reveal t hat while RF models perform relia
enhanced feature extraction and addi toinonal

of severe |l eaks and i mprove overall classi:



Tabl eByd .c3l:as s

performance

metrics

of RF

Severity Assessment over branched
RF Model | Class Specificity Nslglltj(raed Precision | Recall F1 E?g;ggg
minor 0.9864 0.9657 0.9240 | 0.8246| 0.8715 0.9055
BR_CC | moderate 0.9503 0.9156 0.9229 | 0.8717| 0.8965 0.9110
severe 0.9112 0.9805 0.8915 | 0.9757| 0.9317 0.9435
minor 0.9709 0.9166 0.8774 | 0.7026| 0.7803 0.8367
BR_LC | moderate 0.9215 0.9278 0.8715 | 0.8812| 0.8763 0.9013
severe 0.9154 0.9826 0.8824 | 0.9751| 0.9265 0.9452
minor 0.9816 0.8962 0.8954 | 0.5803| 0.7042 0.7810
BR_GL | moderate 0.8726 0.9209 0.8163 | 0.8831| 0.8483 0.8778
severe 0.9068 0.9764 0.8718 | 0.9665| 0.9167 0.9366
minor 0.9776 0.8791 0.8605 | 0.5069| 0.6380 0.7423
BR_OL | moderate 0.8626 0.8855 0.7840 | 0.8172| 0.8003 0.8399
severe 0.8713 0.9916 0.8405 | 0.9892| 0.9088 0.9302

granul ar
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The visual iFziagtuijoenf dgrbehpehs i(l l ustrate thes

corresponding to a spéecpglure Hedphk esempmei nFol

bal anced performance across al/l severity
above 0.9, reflecting stronki gave,r adwihei qrer
corresponds to GL, highlights a more notic
cl asses, with minor class metrics significeé
i's more adept savedetéetaks but faces challe
| eaks under certain conditions. Addition

demonstrates consistent performance acr os s

highlightseepport umpr ovement . OvEeallé, 41t Be
ankli guruenderedcore the RF model 6s capabilitie
identifying areas requiring additional ref
In the | eak detection task for a Branch
model, asTpbétaeedtddsbaburzedémidnstrate its ¢
TablprdviAddes detailed metrics for Precisior
across the training, testing, and validati
across all datasets and | eak ‘types (CC, (
approaching 1.000 for each metric. T-hi s in
perfect accuracy and reliability i n i dent
classifying |leak types within the Brasched
high across all datasets and <cl asses, und e
handle class imbalances effectively.
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FigurBa#k. 6harts presenting classification performance of RF
after outliers removal of Branched network dataset



The radafFi gbhpaertalv.ildne a compl ementary Vvisua
Figurae 4epresenting Balanced Accuracy, sho
the maximum value of 1.000 across all/l | eak
model ' s perfofFmgmude.aFhiSg/uncd a4l g strate stron:
perfor mance, with only minor deviations fo

LC andFiNl.rde 4dwh7d ch visuali zesmpRrmreadil i omes

i ndicating the model 6s reliability in pre
positives. These visualizat iToanbsl ec etbiéct mv e
the RF model's capability in achieving hig

datasets and | eak types for Branched WDS |
specific metrics for theréemainsaernscsepti ohmnal

the effectivenedsmodelpreptiomiesatiingn atnec hni

Tabl eByd .c4dltass performance metrics of RF mo
Leakage Detection over branched networ

Pos Pred| Neg Pred Precision | Recall E1 Balanced

dataset | Class Value Value Accuracy

CC 0.9996 1.0000 0.9996 | 0.9998| 0.9997 | 0.9999
GL 1.0000 0.9999 1.0000 | 0.9998| 0.9999 | 0.9999
Validation| LC 0.9999 0.9999 0.9999 | 0.9997| 0.9998 | 0.9999
NL 0.9996 1.0000 0.9996 | 1.0000| 0.9998 | 0.9999
OL 1.0000 1.0000 1.0000 | 0.9997| 0.9999| 0.9999

CC 0.9999 1.0000 0.9999 | 0.9998| 0.9999 | 0.9999
GL 1.0000 0.9999 1.0000 | 0.9995| 0.9997 | 0.9997
Test LC 0.9998 1.0000 0.9998 | 0.9999| 0.9998 | 0.9999
NL 0.9994 1.0000 0.9994 | 1.0000| 0.9997 | 0.9999
OL 1.0000 1.0000 1.0000 | 0.9999| 0.9999| 0.9999

CC 1.0000 1.0000 1.0000 | 1.0000| 1.0000| 1.0000
GL 1.0000 1.0000 1.0000 | 1.0000| 1.0000| 1.0000
Train LC 1.0000 1.0000 1.0000 | 1.0000| 1.0000 | 1.0000
NL 1.0000 1.0000 1.0000 | 1.0000| 1.0000 | 1.0000
OL 1.0000 1.0000 1.0000 | 1.0000| 1.0000| 1.0000

yp
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FigurRadawvw: charts illustrating RF model perfo
Leakage type determination task of Branched n
terms of accuracy metrics (a) Balanced Accur ¢

The classification performance of Light GBM mo
evaluated using multiphabl eneBadlt smo daesl 'ssu mefafra zt

in predicting minor, moderate, and severe cas

predictive valuscoprecianidom,almecaldl ,acElracy.
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Among the model s, BR_CC demonstrated hi
with values of 0.99 (minor), 0.97 (moderat
strong, particularly for moderate cases (0O

for severe cases (0.82) suggests that a co

were misclassified. These trends i mpacted
high at 0.93 but was slightly | owdrar f or
classification trends, with specificity va
(severe). While its precision for severe ¢
severe cases (0.78) indicatedeshablreegéesbsyi
scores remained high across all cl asses, p
to an overall balanced accuracy of 0. 88.
The BR_GL model , whi | e mai ntaining goo
moderate (0.88) cases, showed a | ower preci
| ower recall for severe cases (B8BchHT7r). (Dhird
for severe cases and an overall bal anced a
tendency for severe cases. Similarly, BR_O
(0.98), which contrasted with aintcse dl oawcecru rpar

(0.91) suggestsoffa, rbasomakel eni schdesificati

evident.

The confusiBingunbaur4 b& s 1 hlustrate the cl
these moidepdmse 4mh&re were 47,312 misclassifi
had a significant i mpact on the recall S (

observwvwaeaduibe 4dwh&re 44,698 severe cases wer

yT



resulting in a seéeVviegruececrléavsgsa lreedc a4, 811 Omi57c.l as
cases into the minor cl ass, reinforcing the |
Fin&lilgwyde sho®ed the highest misclassification

emphasizing the difficulty of distinguishing

The barFcpampesodiile a visual representation
metrics dTasklussdeébnfnor ci ng the observed <cl as
Light GBM model s. The charts il 1| ustsrcaotree,t he di
recal |, and precision across different severi:
validat iergi ctahle fniunmdi ngs from theFtghhkte 4n8 t he
These figures collectively valinfdarm wéalel cilmi

distinguishing mi nor and moder at e cases but

necessitating refinements in decision thresho
representation techniques to Iimprove predicti!

In the | eak detection task for a Branched
ne-aerfect accuracy across all datasets and | e
i Mmabl.e Balbanced Accuracy remains exceptionally
with only slight variations in specific | eak

Bal anced Accuracy of 0.99982397 for CC and O0.
strgegeralization. Similarly, F1 S®®MWes remai
across all categories, reinforcing the model

effectively.
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Tabl eByd.chl:tass performance metrics of Ligh
efficiency in Severity Assessment over br
ng'\?é(églM Class Specificity Ns/%lsged Precision | Recall F1 E?&Tgig
minor 0.9926 0.9769 0.9599 | 0.8828 | 0.9197 0.9377
BR_CC moderate| 0.9665 0.9324 0.9481 | 0.8973 | 0.9220 0.9319
severe 0.9254 0.9859 0.9078 | 0.9823 | 0.9436 0.9538
minor 0.9797 0.9377 0.9195 | 0.7808 | 0.8445 0.8803
BR_LC moderate| 0.9450 0.9469 0.9093 | 0.9122 | 0.9107 0.9286
severe 0.9324 0.9868 0.9044 | 0.9808 | 0.9410 0.9566
minor 0.9833 0.9056 0.9095 | 0.6217 | 0.7385 0.8025
BR_GL moderate| 0.8787 0.9234 0.8240 | 0.8863 | 0.8540 0.8825
severe 0.9094 0.9704 0.8740 | 0.9577 | 0.9140 0.9336
minor 0.9825 0.8977 0.9019 | 0.5891 | 0.7127 0.7858
BR_OL moderate| 0.8842 0.8846 0.8104 | 0.8110 | 0.8107 0.8476
severe 0.8592 0.9817 0.8262 | 0.9766 | 0.8951 0.9179
O | 1Confusion Matrix of (BR_CC) O O |Confusion Matrix of (BR_GL)
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FigurBad. ®harts presenting classification performance of Lig
taakter outliers removal of Branched network dataset
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Recal l

radaFi ghreitdu dldi ze

validati on

f odatl®@ni ni sval.i99991111,

sensitivity.

| ower

Despi
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than t

t e

h e

test

t hese

t hese

dat aset s.
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negligible

metrics, r e

Prec

dat aset 6s

slightly

consi stency, hi ghl i gwarilndy |ietask
refi neméntass, opu i mi zing thresholds for
even further.
Tabl eByd . .c6l:tass performance metrics of
efficiency in Leakage Detection over
dataset | Class| Specificity Neg Pred Precision | Recall F1 Balanced
Value Accuracy
CC | 0.999965 1 0.99984 1 0.99992 | 0.99998
GL 1 0.9999754 1 0.99991 | 0.99995 | 0.99995
Validation| LC 1 1 1 1 1 1
NL 1 1 1 1 1 1
OL 1 0.999989 1 0.99992 | 0.99996 | 0.99996
CC | 0.999965 1 0.99984 1 0.99992 | 0.99998
GL 1 0.99997564 1 0.99991 | 0.99995 | 0.99995
Test LC 1 0.999987 1 0.99996 | 0.99998 | 0.99998
NL 1 1 1 1 1 1
OL | 0.999989| 0.999989| 0.99992 | 0.99993 | 0.99992 | 0.99996
CC 1 1 1 1 1 1
GL 1 1 1 1 1 1
Train LC 1 1 1 1 1 1
NL 1 1 1 1 1 1
OL 1 1 1 1 1 1

be

var

r doebtuescttnieosns 4

LC

Ligh
br an



6 I LightGBM- Balanced Accuracy | ®0 LightGBM FL Score

emoms\/alidation eme=msTest e=e==Train emoms \/glidation eme=sTest e=e==Train

& LightGBM- Recall RO LightGBM- Percision

e=om=\/aglidation e=e==TesSt e=e==Train e=om=\/glidation eme==Test e=eo==Train

Figur eRadd.alrO:charts i |Irhaucselr age mfgo rLmagnhcteGBaM t e r

outliers for Leakage type determination tassk

|l eakage classes in terms of accuracy metrics
Recall (d) Precision

The evalX@Bnode|Tabilm®m ed4dedals that they gener;
wel | in distinguishing between moderate and s
case classification.Figdgheénodntaseomnm hambt cieceamai m
cl asses, particularly minor cases, suffer frot

scarcity in those <classes.



Among the model s, BR_CC shows strong
severity |l evel s. Flihgeureo ndinulslic@an e mattrhiax i1/, &
39,344 moderate cases, and 46,516 severe ¢
with the high recaTé&blaen dd4 opweevce rs,i oan msoctoa kelse
mi nor cases were misclassified as moder at ¢
di stinguishing minor cases from more sever

Similarly, BR LC exhibits good <cl assi f|
severe cases, with 40,038 moderate cases a
showkRi gare. 4Hdwever, minor cases have a | o0\
19,921 minor cases being correctly <classi:H
mi sclassified as moderate. This suggests t
mi nor odedaime cases, potentially due to cl a
Tabl eByd .c7l:tass performance metrics of XGB m

Severity Assessment over branched net wc
XGB .. .| Neg Pred - Balanced
Model Class | Specificity Value Precision | Recall F1 Accuracy

minor 0.9868 0.9669 0.9265 0.8309 |0.8761] 0.9089
BR_CC| moderatg 0.9445 0.9091 0.9137 0.8616 | 0.8869] 0.9030
severe 0.9040 0.9725 0.8826 0.9658 | 0.9223| 0.9349
minor 0.9687 0.9207 0.8721 0.7190 |0.7882| 0.8439
BR_LC| moderatg 0.9223 0.9266 0.8722 0.8790 | 0.8756| 0.9006
severe 0.9175 0.9778 0.8844 0.9680 |0.9243| 0.9428
minor 0.9700 0.8822 0.8250 0.5216 | 0.6391| 0.7458
BR_GL| moderatg 0.8407 0.8894 0.7711 0.8370 | 0.8027| 0.8388
severe 0.8880 0.9595 0.8468 0.9429 |0.8923] 0.9155
minor 0.9666 0.8730 0.7980 0.4843 | 0.6028| 0.7255
BR_OL| moderatg 0.8450 0.8423 0.7447 0.7408 | 0.7428| 0.7929
severe 0.8276 0.9682 0.7925 0.9604 | 0.8684| 0.8940
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Figur eCodn.fluls:i on matrices for four Branched ne
granular view of classification accuracy i n ¢
(c) BR_LC.(d) BR_OL
The BR_GL model further highlights this ¢

classificatFiilgmu.rbe Adl3d@a4 imi nor cases were coOfrr
high number (9,017) were confused with moder at
minor casdabl(®.BR2Ycomtrast, moderate (38,514
severe (44,008 <correctly classified) cases s

model 6s tendency to favor highefryisregeemibhgr | ev

cases.



A similar trend i s Folauedevetdolwls BMRatOLl 2 wd
cases were correctly classified, but a su
moder at e, explaining the | dablrec  WleEnWDI. 146,
moderate and severe cases demonstrate bet:H
moderate and 46, 435 severe cases correctly

model favors higher severity classes over

The bar Fclgart®su dii i @ u 4 threastee Bti rgeurnr des h4o.wls?2
relatibvalwnwedl preci-s¢comes reacradds saavde rFilty
that BR_CC maintains sol iFd govdhridglhll 2 pgehrtfso rams:

in recall for minor cases, aligning with t

The most significant Fidgs ceaengda ig@uy éki & . 4 B s
where recalll for minor cases is notably | ov
the substanti al mi sclassification of minor
supports tX@Bnodeienatrkati ased towards <cl as
sever e, potentially due to an uneven distri

mi nor cases.
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FigureBaa. Iccharts presenting classification performance of XGI
after outliers removal of Branched network dataset
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Th¥GBnodel s demonstrate strong classific

severe cases but struggle with minor case ¢

and substanti al mi sclassification of minor
mo s t i mpacted models appear to be BR_GL a
particularly l ow (0.52 and 0. 48, respect.i
identifying these cases <correctly. This in

comins significantly fewer minor cases cor
the models to favor higher severity classif
augmentation -wdirqahlteggd ed,earcrdiars@ appuroeac hes
representation for minor cases to ensure a

al | severity level s.

For the leak detectionXGBnoldein dem8nsantc
exceptional accuracy acTadseaBhBamdcadeAs ¢
remains consistently high, surpassing 0.99
validation and 0.9997 in the test dataset.
for CC and GL across aldedas aadtid,itni glol in

precisiorfFi@gmudweredadldi ze the perf orramhanrc ec haarr tc

i ndicating mini mal deviation between valic
precision i-sal0i @8®0i5on()NL while recall scor e
mi ni mal false negatives. XGBMoldesuehkhec 6ns$ B s ts
generalization and reliability in |l eak <cl a

robust chaccerbtoy Hhiegkcti on



Tabl eByd .c8l:as s

perfor mance

metrics

of

Leakage Detection over branched
dataset | Class| Specificity Nslg Pred Precision| Recall F1 Balanced
alue Accuracy
CC 0.99938 0.99995 | 0.999® | 0.998B |0.9994 | 0.99986
GL 0.99997 0.99938 0.9999 | 0.9997 | 0.9998 | 0.99985
Validation| LC 0.99987 0.9998 0.99961 | 0.9996 | 0.9996| 0.999%
NL 0.9999 1 0.9996 1 0.9998 | 0.99995
OL 0.999%8 0.9999 0.9998% | 0.9993 | 0.9996 0.999
CC | 0.999988| 0.9999 0.999% | 0.99974 | 0.9998| 0.999%
GL 0.99995 0.99996 0.9998 | 0.999F | 0.9998 0.9999
Test LC 0.99992 0.9999 0.9998 | 0.9998 | 0.9998| 0.999%
NL 0.99995 1 0.9998 1 0.99991| 0.99997
OL | 0.9999% 0.99993 0.9997 | 0.99% | 0.9996| 0.99976
CcC 1 1 1 1 1 1
GL 1 1 1 1 1 1
Train LC 1 1 1 1 1 1
NL 1 1 1 1 1 1
OL 1 1 1 1 1 1

pby

XGB mode

net wor k
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Figur eRadd.ar3:charts

illustrating XGB mod

outliers for Leakage type determination t
|l eakage classes in terms of accuracy metr
Recall (d) Precision
42 2Deep Lenddreilsg

Tabl @ré4v9des a comparative analysis of thr

and GRU) across four | eak types in a Branc
by I QR outlier removal The evaluation met
I nte¢ChIl £ ower and ClI Upper), of fering a c

predictive performance. Among the model s,
in terms of Accuracy and Kappa for most I e
I ndiioneg i1 ts effectiveness in detecting | ea

eed



closely following GRU, especially in BR_CC a
decrease in performance for BR_OL, suggesting
the other hand, di splays balanced performance

bet ween those of LSTM and GRU, showing relati

Confidence Intervals further highlight the r
i ntervals for GRU, suggesting more 8Mtable and
and RNN.

Figurerdvildes a visual comparison of the pe

models (LSTM, RNN, and GRU) across various | e
foll owibrag eldQR Ut |l i er removal. The bar heights,
Confi dernvcael sl,nthei ghl i ght the effectiveness of
GRU consistently achieves higher Accuracy and
and BR_LC, suggesting its superior capability

performance, especially for BR_CC and BR_LC,

BR_OL, indicating a sensitivity to certain I
bal anced performance, with moderate Accuracy
suggting a stable but |l ess dominant predictiyv
narrower bounds for GRU, i mplying more relial
exhibit slightly wider intervals, stuggggesti ng
that GRU is the most reliable model for | eak

LSTM and RNN, with distinct performance vari a

Mnan



Tabl eOvde.r9 | | performance metrics of Deep
efficiency in severity assessment task ove
M odel Metric BR_CC BR_LC BR_GL BR_OL
Accuracy 0.8512955| 0.8330069| 0.7460014| 0.6821314
Kappa 0.7598312 | 0.7398513| 0.5939791| 0.4860092
LSTM Cl Lower 0.8492037 | 0.8308931| 0.7435053| 0.6794757
Cl Upper 0.8533693 | 0.8351046| 0.7484854| 0.6847782
No Info Rate] 0.4278151| 0.3944969| 0.3962239| 0.4067366
Accuracy 0.8516864 | 0.8351972| 0.744295 | 0.6878686
Kappa 0.7592895 | 0.7428387| 0.586176 | 0.4914454
RNN Cl Lower 0.8495968 | 0.8330945| 0.7417935| 0.6852257
Cl Upper 0.8537578 | 0.8372838| 0.7467846| 0.6905022
No Info Rate] 0.4278151| 0.3944969| 0.3962239| 0.4067366
Accuracy 0.8519706 | 0.834007 | 0.7490577| 0.6895174
Kappa 0.7606271 | 0.7414128| 0.5983085| 0.5014325
GRU Cl Lower 0.8498826 | 0.8318983| 0.7465714| 0.6868783
Cl Upper 0.8540404 | 0.8360996| 0.7515317| 0.6921472
No Info Rate] 0.4278151| 0.3944969| 0.3962239| 0.4067366
Overall Performance metric (Deep learning models)
0.9
0.8
0.7
8
[
® 06
0]
Qo5
0.4
0.3 1
B Accuracy ®Kappa ®ECl Lower ®Cl| Upper
FigureBa4. Icdshart visualization of overall p
models to visually compare their efficien:t
network after removing the outld]
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Tabl eBg. tDass

perfor mance

metrics

of

Severity Assessment over branched
k/ISoT(-jl\éll Class | Specificity N\e/%IE(reed Precision | Recall F1 E?(I;?;ES
minor 0.9741 0.9535 0.8548 | 0.7621 | 0.8058] 0.8681

BR_CC| moderatqg 0.9179 0.8642 0.8676 | 0.7886 | 0.8262| 0.8532
severe 0.8631 0.9549 0.8378 | 0.9455 | 0.8884| 0.9043

minor 0.9560 0.8968 0.8095 | 0.6295 [ 0.7082] 0.7927

BR_LC| moderatg 0.8865 0.9002 0.8167 | 0.8373 | 0.8269| 0.8619
severe 0.8971 0.9630 0.8570 | 0.9471 | 0.8998| 0.9221

minor 0.9622 0.8464 0.7182 | 0.3555 | 0.4756] 0.6589

BR_GL| moderatqg 0.7746 0.8516 0.6919 | 0.7894 | 0.7374| 0.7820
severe 0.8560 0.9377 0.8063 | 0.9133 | 0.8565| 0.8846

minor 0.9680 0.8196 0.6500 | 0.2183 | 0.3268| 0.5931

BR_OL| moderatg 0.7504 0.7882 0.6209 | 0.6697 | 0.6443| 0.7100
severe 0.7679 0.9476 0.7348 | 0.9380 | 0.8241| 0.8530
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The LSTM model ,Tadd ge vihdlmdarn tdr aitres vary.i
effectiveness across severity classes, wi tl
The confusi olRi gwoartef u¢ ed=ri nhi ghl i ght t he m ¢
tendenci es, whi Fiegurhger dvwaird ec haar v 5 s u al repr ¢

model ' s overall performance across differe

The BR_CC model achieves high specifici
mi nor , 0.91 for moder at e, and 0.86 for S e
negative cases with strong reliabilhtys Ho
| ower compared to moderate (0T&@8)eadilhli&eve
suggests that while the model C a pptruercdeisc tmo ¢

mi nor Fegueax.ohfiFms this by showemeg ddrante cdtd

classified, whil e 3,181 were mi scl assi fied
mi sclassification rate for mi nor cases i nd
dat a. The BR_LC model foll owal la fsami $ av e rpe

(0.94) but a significantly | oweFigeca,l U. L&
where 17,522 minor cases were <correctly c
moderate and 3, 358 as gsueivsehrienng Trhien odri fda<ald
the model has a bias toward classifying in:

uneven distribution of training data.

The BR_GL model struggles more signific
seeffabhe 4.hkeO0Orecall for minor cases drops
model s. Thiki gaurileg néw Avwdirteh only 8, 683 minor

classified, while 12,572 were misclassifie

Mno



drop in recall indicates that the model | acks
for mi nor cases, |l eading to frequent mi scl as:¢
BR_OL model performs the worst omlgl &8s ilf yiamsg
seeMabhe 4.hliG i sFirgaifrtee cAwdld5r enonly 6, 381 mi nor
correctly <c¢classified, while 14,693 were miscl
and severe cases show bettceirngcltahsesimhd cdealtd sont epn

to favor higher severity levels at the expens

The bar FEihaunepré4nlae additional i nsights

classificat Fogurtaeednedneobnésitersa.t e s relatively bal a

across all metrics, although recall for minor
Figurbhi4g.hlé ghts a sharper drop in recall for
matrix trends. The most p r o n oFui ngcuerdea p4d.rif6o r ma n c
Figure 4whk6G e recall for minor cases ainsgl subst:
severe cases. This confirms that LSTM model s
mi nor severity | evel s, further supporting t
significantly fewer minor instances compared

MAan
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FigureBad. Icbharts presenting classification performance of LST
after outliers removal of Branched network dataset

M p



The LSTM models show strong performance in
cases, but their effectiveness in identifying
by poor recall scores aMmidg thri.egg hAhnel Sntolsat s sii mhp aatt
model s appear to bwéheBR_@&L naoamd cBReOlk ecal l IS
and 0.21, respectively), suggesting a major d
This 1 mbalance |ikely stems from an uneven di

cases are urmdenprae grde steont madder ate and severe

performance of the LSTM model s, future work
weighting | oss functions, and incorporating a
ensure bett earl acnlcaes saicfriocsast ialnl bseverity | evel s.

For the | eak detection task in a Branched

performance across Taabll el ekl Hryqgped , Aacursehownr @
for CC (0.9773) and GL (0.9740) in the test da
(0.9353), i ndicating moderate difficulty in cl
strong across meatueatabovieed, 9w t-mMfsSuring a

bet ween precision and recall

Figurei4uhtTi ze the model 6s performance, [

bet ween training and test dataset s. Precision
values remain above 0.95 for most <cl asses, e X
whil e MhmodeIT generalizes well, minor misclas
types, whi ch coul d be I mproved through add]
demonstrates a reliable capability for Il eak d

MncC



TableBy. tlLass performance metrics of LSTM
Leakage Detection over branched networ

dataset| Class| Specificity Neg Pred Precision Recall F1 Balanced
Value Accuracy

CC 0.9865 0.9925 0.94181 0.968 0.9545 | 0.977Z

GL 0.991% 0.988 0.96991 0.9561/ 0.9630 0.970

Test LC 0.9826 0.98953 | 0.9468F | 0.968% 0.9575 0.973
NL 0.99389 0.99859 0.9788 0.9951 0.98638 0.99%6

OL 0.99421 0.9814 0.95&% 0.8760 | 0.9156 | 0.935%

CC 0.9869 0.993 0.943% 0.96B 0.9565 0.978L

GL | 0.99257 0.988% 0.9726 0.9596 | 0.966( 0.976l

Train LC 0.983®% 0.990 0.94% 0.9699F | 0.95% 0.976
NL 0.994% 0.9985 0.98108 | 0.995@ 0.988 0.995®

OL 0.99456 0.98238 0.9612 0.882%® | 0.9204 0.938

0 I LSTM Balanced Accuracy @L LSTM FL Score
ccC
1
0.9
oL _GL
NLMLC
e=om= TSt eme==Train e=om== TSt eme== Train
a LSTM Recall RO LSTM Percision

e=oms ToSt emem=Train

e=omm Tosteme=s Train
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metrics (a)
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Br a
Bal.anced

of



The RNN model Tadsd ee veaxlhi@abtietds ian perf or mance

to that observed in other deep |l earning model .
cases but a noticeable decline inVFiagaualel for
4. 18rther il lTustrate thefegurendsil@evhal @i sbheal
representation of how the model performs acro

The BR_CC model achieves relatively high s
for minor, 0.91 for moderate, and O0.85 for se
identifies negative instances. Howeveaermh,anr ecal
for moderate (0. 78) andlashd vee rdehlicza sé&lisigg(me 9vbi)t, h
4.d,8 which reveals that 13,862 minor cases we

mi sclassified as moderate and 1,480 as severe

that the model i s biased toward cyl adsusea ftya ng i
class i mbalance in the training dataset. The
strong recall for severe cases (0.96) but sig

This is Fiedgulecse,t éwdheérne 17, 55¢6omreaot!| yxaskassiefriee
6,395 were misclassified as moderate and 3,6
misclassify minor cases as moderate indicates

minor severity, possibbfy thueotoi ast amsesfiaiel

My



TableBy. tRPass performance metrics of RNN m
Severity Assessment over branched net wc
I\I/Tol\(ljl\ell Class | Specificity Ns:/%IE(reed Precision Recall F1 E?é%r;gis
minor 0.9814 0.9478 0.8867 0.7296 | 0.8005 0.8555
BR_CC | moderatg 0.9199 0.8643 0.8704 0.7884 | 0.8274 0.8542
severe 0.8512 0.9654 0.8281 0.9592 | 0.8888 0.9052
minor 0.9609 0.8951 0.8249 0.6207 | 0.7084 0.7908
BR_LC | moderatg 0.8928 0.8978 0.8242 0.8316 | 0.8279 0.8622
severe 0.8880 0.9736 0.8485 0.9631 | 0.9022 0.9255
minor 0.9871 0.8284 0.8369 0.2452 | 0.3793 0.6162
BR_GL | moderatg 0.7425 0.8756 0.6753 0.8355 | 0.7469 0.7890
severe 0.8533 0.9440 0.8050 0.9228 | 0.8599 0.8880
minor 0.9860 0.8113 0.7557 0.1585 | 0.2621 0.5723
BR_OL | moderatg 0.7403 0.8035 0.6231 0.7034 | 0.6608 0.7219
severe 0.7642 0.9588 0.7346 0.9521 | 0.8294 0.8582
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The BR_GL model performs the worst for min:i
call (0.25) amonDamll@F idgoudréel $4urlé8e es hownf i n ms

sue, with only 6,628 minor cases <correctly

i sclassified as moder at e and 4, 003 as sever
ignificantly in distinguesiineg, ml hkel gadas f

Il stribution of training data. absei BRc®tLi ono de

ith recall dropping to -lWDasléed mddelldowlk.sI 8 amo
nfirms this poor performance, as only 3,692
, 200 were misclassified as moderate. Il n cont
assification performance, withsdasg, 8868rmotbky
enti fied. Thi's highlights t he model 6s ten
assifications, reinforcingsdrmtted diem theatt ma

The bar EhgutevisnBhd | y hedseepi Ritgewnrdes . 4. 19

monstrates relatively balanced performance,

an moderate Famgdresehoewls® ac astesr.per decline in
ses, aligning with confusion matrix trends.
igurecanidi g9rdk whk9e recall for minor cases |
r moderate and severe cases, confirming tha

assificationhe Thhatsassaitggesntsaitrhsaatsubstanti all
mpared to moderate and severe cases, l eadir

verity levels.
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FigureBad. Ichharts presenting classification performance of RN
after outliers removal of Branched network dataset



The RNN models exhibit strong classificatio
cases, but they fail to effectively distingui s
and frequent nhisgcUd raes siFdl 8 mao $ oni mpnacted model s
BR_GL and BR_OL, where minor case recall i's cr
i ndicating a systemic chall enge I n identify
di screpancy suggesteg rtetpate sminn @rd atas d chaea stignagi md
the model to favor moderate and severe classi
i nvolve data augmwepighied tesBnifawmed, ons, or
extraction methods to enhancecades camdsenscnei

more equitable distribution of classification

For t he | eak detection t ask i n a Branched

excell ent predictiveTprldddoBmadrmrneedasdccafheygt @

high across all cl asses, exceeding 0.995 for
score of 0.9909 in the test dataset. The F1 S
above 0.99, bhbaldace®@inbeadeehnh| precision and r e
Figureiduabize these metrics, showing mini
and test results. Precision and Recall val ues
achieving 0.9961 precision but slightly | ower
mi nfolructuati ons, the RNN model proves to be a
a Branched WDS, offering robust generalizati ol



Tablle3B¢. cl ass performance metrics of RNN
Leakage Detection over branched networ
i Neg Pred - Balanced
dataset| Class| Specificity Value Precision | Recall F1 Accuracy
CC | 0.99919 0.99968 0.99641 | 0.99859| 0.99750, 0.99889
GL 0.99984 0.99871 0.99943 | 0.99530| 0.99736| 0.99757
Test | LC 0.99707 0.99987 0.99116 | 0.99959| 0.99536] 0.99833
NL 0.99904 0.99997 0.99663 | 0.99990| 0.99826| 0.99947
OL 0.99994 0.99725 0.99961 | 0.98192| 0.99069| 0.99093
CC 0.99931 0.99974 0.99696 | 0.99885| 0.99790] 0.99908
GL 0.99993 0.99913 0.99974 | 0.99682| 0.99828] 0.99837
Train | LC 0.99774 0.99993 0.99315 | 0.99979| 0.99646| 0.99876
NL 0.99946 0.99999 0.99810 | 0.99997| 0.99903] 0.99971
oL 0.99996 0.99791 0.99975 | 0.98628| 0.99297| 0.99312
0 I RNN-Balanced Accuracy ®U RNN- FL Score
emoms TSt emems Train emoms TESt emems Train
[i8)) RNN- Recall RO RNN- Percision
cC
N@‘_!LC
emomm TSt emem=Train emoms TesSt emems Train
Figur eRad.aa0:charts illustrating RNN model
for Leakage type determination task of Br a
in terms of accuracy metrics (a) Bal.anced



For the GRU model, the peTé&blr eamdiécdameet ri cs
strong <classification capabilities, particul a
relatively high across al/l configurations, su
cases. The balanced accur@c®62 o0rBBRGICCi 3 sO.07 8"
BR_OL is 0.8514, showing a consistent trend ac
However, the recall for minorcatass pastaoaokar
in BR_GL and BR_OL, where recall drops to 0.3
i ndicative of data scarcity for this ¢l ass, (I

frequentl y.

The confusi ofi gmatefrusacteBerinil |l ustrate the m
tendencies.Fi gora@&R4C&1Il(arge number of severe
correctly <classified, but mi sclassification (o
BR_GEi qurke) 4eXHi bits a high number of correct
(43,628) but misclassifies a significant porti

continues Fi guB&®R)_BLRd BRUIE) (4. BHer e m®minor case

often confused with moderate ones, suggesting
handle the | ower severity |l evels.
Figureprdbwviade a visual representation of
performance. The precision values remain rela
recall shows a drop for minor <cases, aligning
matri csess.ugileists that the GRU model i's better
severe cases, but Its ability to accurately ¢
to an i mbalance in the datase$ ©Dor amiack o0&ss:



TableBy. thass performance metrics of
Severity Assessment over branched
MGolzgl Class | Specificity Ns%IELEd Precision| Recall F1 iilsjr:;is
minor 0.9766 0.9517 0.8650 0.7520 | 0.8046 0.8643
BR_C({ moderate| 0.9103 0.8700 0.8589 0.8006 | 0.8287 0.8554
severe 0.8687 0.9506 0.8425 0.9396 | 0.8884 0.9041
minor 0.9563 0.8972 | 0.8109 0.6310 | 0.7097| 0.7937
BR_LC| moderate| 0.8876 0.9002 0.8181 0.8371 | 0.8275 0.8623
severe 0.8973 0.9642 | 0.8575 0.9489 | 0.9009| 0.9231
minor 0.9662 0.8455 0.7360 0.3483 | 0.4728 0.6572
BR_GL moderate| 0.7793 0.8533 0.6967 0.7909 | 0.7409 0.7851
severe 0.8512 0.9442 | 0.8029 0.9234 | 0.8589| 0.8873
minor 0.9556 0.8309 0.6376 0.2869 | 0.3957 0.6212
BR_OL moderate| 0.7667 0.7866 | 0.6330 0.6594 | 0.6459| 0.7130
severe 0.7797 0.9418 0.7432 0.9297 | 0.8260 0.8547
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FigureBad. 2c2harts presenting classification performance of GRI
after outliers removal of Branched network dataset

MMC



The performance of the GRU model i n Bre

detai Tadl eaadd 18i sufilg wreed 7hn@ 3 mod el demonst
specificity, with values exceeding 0.99 fo
mi ni mal false positives. The precision sco
GL, and LC, all abdesvea 0s.199Q,htwlyi Il eo w&L r0e.c909r3
values indicate effective detecthooh oiops
to 0.9301, reflecting a minor wsecaokrneess sf oilnl ¢
similar trends, reaching 0.9970 for CC anc

bet ween precision and recall

The radarFicghuaret s4tiBndr t hekes BRirgetnedas . 4. 2 3

highlights balanced accuracy, consistently
aligning withiigwuste| glweseadeseasF,1 .wher e all c |
well, though OL shows a minoFi daceedesRi3c trse |
recall val ues, emphasizing the 0.9301 recal
FinaRilgyr d do@Bir ms precision stability,

demonstrating nstrreolnigabdllagsyi.f iQ@vaerial | t he C

though its sensitivity to detecting OL cas



Tabl eByg. tbass

perfor mance

metr.i

CcSs of

Leakage Detection over branched

dataset| Class| Specificity N\e/%IIZ;ed Precision | Recall F1 E?éi?;gs
CC | 0.99209 | 0.99808 | 0.96579 | 0.99152| 0.97849 0.99181

GL 0.99807 | 0.99390 | 0.99286 | 0.97770| 0.98522| 0.98788

Test | LC 0.99083 | 0.99673 | 0.97258 | 0.99009| 0.98126/ 0.99046
NL 0.99637 | 0.99937 | 0.98733 | 0.99779| 0.99253| 0.99708

OL 0.99903 | 0.98945 | 0.99322 | 0.93013| 0.96064] 0.96458

CC | 0.99294 | 0.99810 | 0.96936 | 0.99161| 0.98036| 0.99227

GL 0.99835 | 0.99488 | 0.99390 | 0.98130] 0.98756| 0.98982

Train | LC 0.99187 | 0.99710 | 0.97565 | 0.99122) 0.98338| 0.99155
NL 0.99702 | 0.99948 | 0.98959 | 0.99819) 0.99387| 0.99760

oL 0.99914 | 0.99074 | 0.99404 | 0.93877| 0.96561] 0.96896

GRU mode
net wor k a

ol
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422Wi t h outliers

422. 1 -hmased model s
The compar iTsacdbn aebnd@iaWwé emedv. elabl s-b & head madckel s (D

RF, and LigbkbnéBMI |y perform better before
removal. For instance, Light GBM sochuotwsi ea s
removal, with Accuracy for BR_CC decreasing
from 0.89@1 tSo mbl 881 vy, RF's Accuracy and k
highdabiae(®..4853 Accuracy, 0. BB KaPH&g c
Accuracy, 0.8521 Kappa). XGB also displays
with AccurCa ydefcoreaBR nfaldlregmt 01 @AdBIOEA {an@

Kappa falling from 0.8784 to O0.Belf0dlr.e | autelri
remoavrael sl ightlyafttghtreemdvnhiasmg gé®tsiengr ©1i ghe
stability. This trend across all model s an:¢
valuable information that enhances the mocu

accurately, chall eéngundg¢i ehse assumptriedty hba

Analyzing t he Random Forest (RF) mo d e

configuiMatbil efhmo.dleil s trained wilTahl émédaius |

trained without outliers) reveals notabl e
the most significant observations is the v
network configurations. Fro rmii mosrt alnecak s i inmpBr

0. 47T&bi @€0403T4d4BRei "deimbnstratingcameminsi de

detecting minor | eaks when training with ot



highl |

dat aset

dvaktuat

|l eaks increases from 0.5719 to 0.7196,
smaller |l eaks when including the full
Tabl eO¢etlal | performhasedmmbdiets bO
efficiency in severity assessment task
outliers
Model Metric BR_CC BR LC BR_GL BR_OL
Accuracy 0.91896 | 0.89197333| 0.83687333| 0.80223333
Kappa 0.87844 0.83796 0.75531 0.70335
XGB Cl Lower | 0.91756753| 0.89039153| 0.83499369| 0.80020845
Cl Upper | 0.92033625| 0.89353996| 0.83873994| 0.80424653
No Info Rate| 0.33333333| 0.33333333| 0.33333333| 0.33333333
Accuracy 0.92532 | 0.89342667| 0.87604 0.84336
Kappa 0.88798 0.84014 0.81406 0.76504
RF Cl Lower | 0.92397813| 0.89185417| 0.87436174] 0.8415107
Cl Upper | 0.92664541| 0.89498394| 0.87770371| 0.84519602
No Info Rate| 0.33333333| 0.33333333| 0.33333333| 0.33333333
Accuracy | 0.93100667[ 0.91758 | 0.87318667| 0.83547333
Kappa 0.89651 0.87637 0.80978 0.75321
LightGBM | CI Lower | 0.92971241| 0.9161769 | 0.87149213| 0.83358729
Cl Upper | 0.93228423| 0.91896694| 0.87486676[ 0.8373464
No Info Rate| 0.33333333| 0.33333333| 0.33333333| 0.33333333
Overall Performance metric (THeased models)
1
0.95
0.9 -
0 0.85 1
© i
£ oo 1111
5 i
o 0.7
o 1 1
0.65 1 i i
0.6 T I I
0.55 1 I I
0.5
LightGBM
B Accuracy ®Kappa B CI Lower = Cl Upper

FigureBad. 2cdhart
compare

t

0

visually

before

vi sualizati on

t hei

removing t

MH N

he

i n

over

obaeedr amoldepsr f o
r efficiency
outliers

sever



However

i ndi cate

0. 65aD I

) ot

poof tfesn t i lan

4o 3Dabbéd 44 (sufggesting

her

BR aldE,

metrics S

uch

precision f

as precisi
or mi r
t hat whil e 7

mo d el i's also generating more false positi)\
mi nor |l eaks in BR_OL sees an improvement, f
including datdsetr shasn Itk t o cad ansosrief i efafta otni
Tabl eBg. tVass performance metrics of RF mc
Severity Assessment over branched netwo

RF I Neg Pred . Balanced

Model Class | Specificity Value Precision| Recall| F1 Accuracy

minor 0.9819 0.9654 0.9624 | 0.9297| 0.9458] 0.9558

BR_CC | moderatg 0.9649 0.9374 0.9253 | 0.8711| 0.8974| 0.9180

severe 0.9413 0.9870 0.8925 | 0.9752| 0.9320] 0.9582

minor 0.9636 0.9188 0.9193 | 0.8296| 0.8722| 0.8966

BR_LC | moderatg 0.9398 0.9369 0.8789 | 0.8735| 0.8761] 0.9066

severe 0.9367 0.9880 0.8854 | 0.9772| 0.9290| 0.9570

minor 0.9703 0.9020 0.9301 | 0.7892| 0.8539] 0.8798

BR_GL | moderatg 0.9083 0.9336 0.8260 | 0.8709| 0.8479| 0.8896

severe 0.9354 0.9832 0.8823 | 0.9680| 0.9232| 0.9517

minor 0.9606 0.8841 0.9047 | 0.7482| 0.8191] 0.8544

BR_OL | moderatg 0.8970 0.8973 0.7942 | 0.7946| 0.7944| 0.8458

severe 0.9074 0.9930 0.8421 | 0.9872| 0.9089| 0.9473
Figuriel [4dutr ate these changes across sever.i

on the 1 mpact of outliers. Whil e balanced
high in both datasets, the i mpact 0 mi n o
pronounced. The improved recal/l f oFi gnurneor |
4. 25suggests that training on the full dat 8
i n small | eak patterns that wéehe precisush
minor | eaks has seen some reductions, i mp |y
| eaks, it also introduces a higher number

MHM



Conversely, for moderate | eaks, performanc

variations across different configurations. F
BR LC remains similar in both dataseits laegsD. 8"
affected by the presence of outliers. This col
sensor signal patterns, making them easier t
strategies. For severe |l eadasroddhebaontoldedatmas et
demonstrate@dnhiing uri,eg U4ne2BR_CC, recall for sever

0.97%2bie £1DbBdely matdhbhg Hh@Bg s 9i7rbg/r timat t h
magnitude events are | ess susceptible to mis

i ncluded.
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mo d

enh

dat

The i mprovements in recall for minor | eaks

attributed to the fact that outliers ofter
tle signal fluctuations caused sbyt rsariandd | e ¢
bl emagy. Bave inadvertently |l ost <critical i nf
ks from nor mal operating conditions. Thi s
al |l was siTganbilfa ncda.n8tavw cpooncse MieenmTalollre dnlianc

the same ti me, the reduction in precision

rfitting to noise when trained with outlie

gns with ew@rlcd aapplhisc atni cenass,lorwheartea aocuwtnl iaert

m pressure fluctuations, temporary system
|l 1l enging to distinguish between genuine |e
ks remai n -cloansssnsftnemrd,l lye akesl lare more vulne
ctuations, making the choice of preproces s
ection.

The fact t hat moder at e | eaks remai n rel at
gests that their classification is based o
easily influenced by transientt asreoumaliites.

sses require different data treat ment stra:
actful for minor | eaks than for moderate o
els trained with and wi tshoand-odtdrsa.d esTrhse hi g
anced recall for minor |l eaks in BR_GL and |
aset allows the model to better identify s



However, the reduced precision in certain

prone to false positives when trained on n

Given these findings, an opti mal approa
strategy t hat does not fully di scard outl
di fferently. One pwesghbhtedsobdblearinomg, s wbhat
emtrely removed but assigned | ower signific
decision boundaries. Anot her alternative
classification rules are applied dmempreendi ng
reawadr|l d deployment of these models shoul d
where models are per-iiome cdbhltgp, updadowdnagst hi
patterns rather than relying gsonlebuwystonarmnsdm

detection techniques with the <classificati

outlier inclusion (improved recall for min
precision and increased false positives).

Ulti mately, the choice between training
operational priorities of the | eak detecti
minor | eaks is the key objective, ciaigni ng
false alarms is more important, some | evel
approach that combines both strategi-es s
world applications.

The performance evaluation of the RF mo
WDS before removing Tabt eiacdrBsibunes db@&al s

consistently high accuracy, but with some

MHDP



outl i er Teaebnloey a4 he8 Bal anced Accar abey tonrniail hgl
reaches 1. 000, indicating perfect classificat
and test sets, slight deviations appear. For
set is 0.9999, while f®999C armdpHciivelys 0Vh¢
while stildl high, indicate marginal variation

Tablaf#ted removing outl owsst h&imamartyené#&]l @ct

values at 1.000 and minor reductions in valid:
0.9997 for NL in the test set. These differen
slightly aff ecpger ftdhremagnecnee, r ad d rztaitd wlnar |y i n t he
while the training set remains unaffected.

TableBy. tBass performance metrics of RF model
Leakage Detection over branched network be

dataset | Class| Specificity N\e/g Pred Precision| Recall F1 Balanced
alue Accuracy

CC nodppd ndhpa ndPhPI N Phhp| 1 DPhPdg 1 Ddhdd

GL MO ndpdpd mdnnfnddp|nddhd n ddhdd
Validation| LC nopdd nddhdpq nPhbl A dhh|nPhd nPhodd
NL nodpdpd mdnng nodppimednn|(ndpd n ddhdd

OL MO ndpdhdg md®annfnddhd|lnddd N1 Phdd

CcC nodpdpd ndbdhq ndPhPI N Phhp|n Phdg n Pdhdd

GL nodpdpd ndhdhq n PPN Phhp|n Phdg N DPdhdd

Test LC | nPdpdpd ndpdpq n Ppp(nPhp nPhpd nPphd
NL nodpdpd mednng noddppimedan|{ndpd n dPddd

OL MO ndpdpg mPnanf ndPpdp|ndhd n P

CC MO medanng medanfmedanan|mdnan md®nannan

GL Mdnnnq meanng mennfmedénn|{mdnn mdnnn

Train LC MO medanng medanfmedanan|mdnn md®nnan
NL Mmdnnnq meanng mennfmedann|{mdnn mdnnn

OL MmOnnannq modédnng mdnnfmdnnanlmdnnag mdnnn

The radafighaétwustti B6wudthresstee sdi s cHiegpuarneci e s .
4. 826 Balanced Accuracy remains c¢close to 1.000
visible in the validation and testFigatre compa

MHC



4 . . @2KBi gurlke (4F126SEpbgejce a(dRde2c6al | ) exhi bit si mil
data showing slight drops in LC andaBbNLecat e
4..18The most noticeabil g@urdd f(4PRer2eBenicsei oanp p e aw hse
and validation curves show slightly more v
consistently hiRihguRdeecAI sl ® nss@eeastisn t hat w

remains highly effective b erfsor en toruotdluiceers r

i nconsistencies in test and wvalidation pe
removal appears to enhance the model s r ob
across datasets while maintmaiadilngcexaepbiso
ol RF-Balanced Accuracy 00 RF-FL Score

CcC CC

emomm\/glidation eme==Test e=e==Train emoms \/glidation eme==Test e=e==Train
00 RF- Recall oR RF- Percision
cc A

=¥ C

NE
emom=\/alidation eme==Test e=e==Train emeom=\/glidation e=e==Test e=e==Train
Figur eRadd.aza6:charts illustrating RF model p

for Leakage type determination task of Br a
in terms of accuracy metrics (a) Bal.anced



Tabl eprde.sle9nt s the classification performanc
the full dataset, including outliers, for br
compari sfarb|l wi thbch represents models trained
noticeable variations in key metrics. The mo:
recall val ues, particularly fTamh!|l mi B&Rki5GLeaks i
had a recall of 0. 5Talblferd4dm hocréabdsl, y 7whoIl &5
BR_OL showed an i mprovement from 0.477 to O.
suggests that including outliers helped the m
that were previously misclassifilkidgh Hroemeavlelr ,
val uBEabli,em Memained relatively stable, with onl

Tabl eBy. tbass performance metrics of Light GI
efficiency in Severity Assessment owver branch
LightGBM i Neg Pred . Balanced
Model Class | Specificity Value Precision | Recall F1 Accuracy
minor 0.9851 0.9695 0.9692 0.9381 | 0.9534| 0.9616
BR_CC | moderatg 0.9694 0.9455 0.9356 0.8883 | 0.9113| 0.9289
severe 0.9447 0.9855 0.8979 0.9722 | 0.9335| 0.9584
minor 0.9751 0.9365 0.9458 0.8677 | 0.9050{ 0.9214
BR_LC | moderatq 0.9533 0.9529 0.9064 0.9058 | 0.9061| 0.9295
severe 0.9480 0.9892 0.9040 0.9793 | 0.9401] 0.9636
minor 0.9728 0.9024 0.9356 0.7897 | 0.8565| 0.8813
BR_GL | moderatg 0.9033 0.9335 0.8184 0.8712 | 0.8440[ 0.8873
severe 0.9336 0.9783 0.8783 0.9587 | 0.9167| 0.9461
minor 0.9631 0.8892 0.9115 0.7599 | 0.8288| 0.8615
BR_OL | moderatg 0.8984 0.8879 0.7919 0.7731 | 0.7824| 0.8357
severe 0.8927 0.9864 0.8197 0.9754 | 0.8908] 0.9341

I n contrast, specificity values remained c
i ndicating that Light GBM continued to effecti
presence of outliers. For instancdeke,severBR_CC,

| eaks

remai ned abovEalbll.e 8Br &ccliossieolny anhastoc hri enrga i

MHY



across all severity Il evel s, with only sli:
influenced the recalll of minor | eaks, they

correctly classify true positives.

The bar Fchartesdt Réer illustrate the 1 mpa
Light GBMésssi ficati on performance. The i mpr.
BR_GL and BR_OL is evident, as the recall
Figurel 4. @ontrast, the precision bars rema
model' s confidence in its predictions did

bal anced accuracy metric also saw aimgder at
t hat t he mo d e | became mor e adept at hanc

conopmi sing classification performance in ot

However, for BR_LC and BR_CC, the change

values for severe | eakd abkPkewhinleaed baabloavnec e@.
hovered around O0.96. This indicates that t
effect on cases where recall was initially
BR_OL. Meanwhil e, dat acsaeltls atnhda tb aallarnecaeddy ahcac
i mpact, confirming -makaitn gt hgr omoedses 05 e ndaei cni esdi
cases.

MH g
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FigureBad. 27tharts presenting classification performance of Lioc
task befoemovalt |l oerBranched network dataset where (a
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The findings suggest that the inclusior

subtle patterns in minor | eaks, |l eading to
aligns with the expectation that outeliers,
cases that were previously overlooked. Th
beneficial for minor | eaks,TawhecHoWadet het
absence of significant changes idelpraicd smao't
become overly sensitive to noise, which is

These results -wodidatappt hattiong,ealtr ain

someti mes improve performance, particul ar |l
iI's not always the case, as oObserved in BR.
m ni mal i mpact. This suggests that the eff

severity class and the network <conf-igurat

bal anced and already performing well, out |

The results highlight that including ou
mo d e | struggles with |l ow recall, particul a
uni form across all network confi gumandens.
further i s t eweiingphlteende nite aorwntilnigesr where out| |

training but do not overwhelm the decisior

techniqgues could be explored tal bétuetudif

Overall, while LightGBM performs well in b
consideration should be given to outlier heé
al |l severity |l evel s.



The performance comparison of the LightGBM

Branched WDS before and after removing outlier
i fabl e 4.h20 model achieves perfect <classificat
(CcC, GL, L C, NL, oL) , with Balanced Accuracy
reaching 1.000 for every instance. This is 1in

inTabl,e Wwhére Balanced Accuracy ean0Othe®982337 dat
for CC and 0.999980634 for LC and NL, indicati
| ower yet still exceptiTarmdle phe lifoor nthenwieat i ®inm
Precision and Recall were recorded, with OL p
LC recall in validatidablag @03 UThlilviar i hdwe®wne

I mplying that retaining outliers in this case

Given theabla¢ u4 b20bbsence of radar charts i
are consistently at 1.000, | eaving no room f
suggests that for the Branched WDS, the Light
outliers wi tthioan amypeegormamance.TaWHiel e4.®Gut | i
i ntroduced negligibl e Teblieaddmfai®r msn tshpaadc ikia ep
outliers did not i mpair classificatobon capab

LightGBM in Branched WDS |l eak detection, t he

necessary, as it does not provide any appare
considerations such as model interprldtabil ity
warrant outlier removal in certain scenari os.



Tabl eBgy. 20Dass performanmedelesrtosevédl Lagt

efficiency in Leakage Detection over bran
dataset | Class| Specificity Neg Pred Precision | Recall F1 Balanced
Value Accuracy
CC 1 1 1 1 1 1
GL 1 1 1 1 1 1
Validation| LC 1 1 1 1 1 1
NL 1 1 1 1 1 1
OL 1 1 1 1 1 1
CC 1 1 1 1 1 1
GL 1 1 1 1 1 1
Test LC 1 1 1 1 1 1
NL 1 1 1 1 1 1
OL 1 1 1 1 1 1
CC 1 1 1 1 1 1
GL 1 1 1 1 1 1
Train LC 1 1 1 1 1 1
NL 1 1 1 1 1 1
OL 1 1 1 1 1 1

The resthbseifmMbifrlat e t XaGBndadalisni wgth hteh.

dat aset, including outliers, |l ed to signif]
al | branched network configurations (BR_CC
remained high for all srevreri egkd,evehsre paz

from 0.9489 (BR_OL) to 0.9830 (BR_CC). How
compafTat!| eoH¥Mhe most substanti al i mprovement
for BR_GL ,anwhiB&Rh OLhcreased from 0.519 to
to 0.719 for BR_OL. This suggests that 1inc

diverse minor | eak patterns that were prev

For moderate and severe cases, recall \Y;
The severe class recalll in BR_CC rose from

ability to detect <critical failuredowewmat n:



the precision values saw a slight decrease in
which dropped from 0.886 to 0.868. This sugg
sensitive to severe cases, it also generated

Tabd4d.eBly class performance metrics of XGB mode
Severity Assessment over branched network
I\)/I(cc)deel Class | Specificity N\e/%lﬁéed Precision | Recall F1 Esclir;ggs
minor 0.9830 0.9659 0.9648 0.9307 | 0.9474| 0.9569
BR_CC| moderatd 0.9600 0.9327 0.9151 0.8615 | 0.8875] 0.9108
severe 0.9354 0.9815 0.8819 0.9647 | 0.9214| 0.9500
minor 0.9623 0.9225 0.9175 0.8383 | 0.8761| 0.9003
BR_LC| moderatg 0.9377 0.9360 0.8748 0.8717 | 0.8733| 0.9047
severe 0.9380 0.9821 0.8862 0.9659 | 0.9244| 0.9520
minor 0.9580 0.8822 0.8985 0.7441 | 0.8140[ 0.8510
BR_GL| moderatd 0.8786 0.9079 0.7720 0.8218 | 0.7961| 0.8502
severe 0.9187 0.9708 0.8532 0.9448 | 0.8966] 0.9317
minor 0.9490 0.8756 0.8773 0.7303 | 0.7971] 0.8396
BR_OL| moderatg 0.8803 0.8624 0.7502 0.7191 | 0.7343| 0.7997
severe 0.8741 0.9761 0.7917 0.9573 | 0.8667| 0.9157
The bar Feclgartws duc®Bilfyi henwse findings. The mo.
I mprovement i S observed I n BR _GL and BR_OL,
increased significantly. Previously, BR_GL&6s |

configuratiToarbs ( G.b%M2 9 iitn i mplTraobvleed 4% ia2nliOl.a7r3I0y ,i n
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HoweV¥egural ¢do0 2Bi ghbifght $hae baddeced acc
cases remained consistently high, but prec
reflecting an increase in false positives.
wher esiparecfior the severe class droppdd fron
I's expected when including outliers, as th

may also introduce noise that affects cl as.
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FigureBa&. 2c8harts presenting classification performance of XGI
before outliers removal of Branched .network dataset



The observed performancMLbehavges a&hiegnd
with-worlad dat a, wher e outliers -todhaeéel car |
i nfor mat omt€me Idmtraeaslcenari os, outliers can

pressure fluctuations, eorenacst.uallheriar e nkcdtus

can help the model generalize better and d
i mprovement in minor class recal/l for BR_G
However, the | mpaecedie peefndeuwmt ! i elrfs oiust | a emts

extreme cases rather t han sensor noi se, il
robustness, as seen in the improvedI|Iminor

represent sensor errors or measur ement no

classification precision, as observed in t|
Thus, whether outliers shoul d bae ai nscoluurdceed a
t he inteonfdfe db ettrwaedeen sensi tivity and preci si

Overall XGBnadelinngwi th the full dataset,
substanti al i mprovements in minor <c¢class re
moderate and severe cases. The most signif
BR_OL, wher & nmairnecars erde cbhayl lover 20 %. However,
precision, particularly for severe cases i
outlier inclusion can be beneficial, but a

The same recommendations proposed for t
her e. Techni quweei gshuucehd alse ag wntilniger I mproved

clasd ghted training cobfd hbédlspgrmiedi ga&tdae i t h



out measur ement noi se while retaining meaning

performance, particularly for minor |l eaks, wi

The perforxé@boeedbf fohel eak detection in a
removing outli &@€abl ecaai J2 I e smde @d0emds imonsi stent|

but exhibits minor deviations whenTalbimpared t

4. 22Bal anced Accupecyembi vediurs wnwneaoss all d e
0.9999 in validation and 0.9999 in test, GL r
test, and OL achieving 0.9996 inolesaé¢igdabl ogna

with thaolslege imh8re Balanced Accuracy exceeded

Similarly, Ttahbel eFddl.IRc20 6 et he same trend, exceedi

GL acr oss al |l dat aset s, whil e NL and LC show
However, whemalkloempa.mBod tveari ati ons are visible
such as a recal/l score of 0 T8 nfdloBalNkEdi m t h

slightly more consistaéht | eakaktlypdsstiTihlestei oon n
suggest that outlier removal has a negligible

cases, but it may help stabilize small variat

The radarFighiaret s4 ni2r®r ce t hese observation:
il nconsistencies in test andFwvagurada(4B adlBa nsceetds b ¢
Accuracwyn,i faormeadri stri bution is evident, but N
when compared to the nfoirgeur@o ndsSiilsdi ¢ mdrbl ¢ | s tFi ighuu
(F1 Scoirbe)( Reencdal | ) maintain exceptionally hig
di splays slightly more wvariation in the NL an

outl i ercatoengHirnyaesse (4P r2e9c i si on) presents a si mi/l
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demonstrating

a minor

precisionfFigalreesdiTii8s e

generalization

enhances

Tabl eandla®l er eemai2n

contributes

reinforcing i

Tabl eByg. 2RPass

t

fluctuati on,

findKGGsai stgqggast

preprocess:|

unsi,f or m

capabilities wi t h or
classification stability
mi ni mal , t he
o a marginally mor e
s role in optimizing
performance metrics of

Leakage Detection over branched
dataset | Class| Specificity N\e/g Pred Precision | Recall F1 Balanced
alue Accuracy
CC 0.99998 | 0.99997 | 0.99992 | 0.99989 | 0.99991| 0.99994
GL 0.99999 | 0.99998 | 0.99995 | 0.99992 | 0.99993 0.99995
Validation| LC 0.99997 | 0.99998 | 0.99987 | 0.99992 | 0.99989| 0.99994
NL 0.99997 | 0.99999 | 0.99989 | 0.99997 | 0.99993 0.99997
oL 1.00000 | 0.99998 | 1.00000 | 0.99992 | 0.99996| 0.99996
CC 0.99997 | 0.99999 | 0.99987 | 0.99995 | 0.99991] 0.99996
GL 0.99998 | 0.99999 | 0.99992 | 0.99995 | 0.99993 0.99996
Test LC 0.99999 | 0.99997 | 0.99997 | 0.99989 | 0.99993] 0.99994
NL 0.99997 | 1.00000 | 0.99989 | 1.00000 | 0.99995/ 0.99999
oL 1.00000 | 0.99997 | 1.00000 | 0.99987 | 0.99993 0.99993
CC 1.00000 | 1.00000 | 1.00000 | 1.00000| 1.00000f 1.00000
GL 1.00000 | 1.00000 | 1.00000 | 0.99999 | 1.00000/ 1.00000
Train LC 1.00000 | 1.00000 | 1.00000 | 1.00000| 1.00000/ 1.00000
NL 1.00000 | 1.00000 | 0.99999 | 1.00000 | 1.00000/ 1.00000
oL 1.00000 | 1.00000 | 1.00000 | 1.00000] 1.00000f 1.00000

particu

witho

acr oss

mo d e |

net wor k
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Figur eRadd.aza9:charts illustrating XGB model pertf

for Leakage type determination task of Branch
in terms of accuracy metrics (a) Bal.anced Acc

4222Deep Lenondreil sg
Based on the comparisonTabl a@am@a plee f 4 thdinsce mi

evident that outlier removal has a noticeabl e
scores across LSTM, RNN, and GRU architectur
LSTM model for the BR_CC metriTabdec dtec8ed sl
0.85172abbg,(4a®d a similar reduction is obser\
dropped from 0.81487 to 0.7598312. The i mpac
metric,LSWMeseaccuracy fell from ®Kapdph346G7DoDmto

0.58202 to 0. 486009 2. The c o mfuitd @ ead e riemtoevravi a

Mnn



i ndi cat.i

metrics. A

accuracy

ng

0. 7592895. I n

and

Kappa

significant

dipsoportionatedegrfatftmeogs meaweepr esTelinet agg i @p
Figureal4.030reinforce

performanomathaes

| ess

dropped

from O.

simil ar

t he

or

case

trend

from O.

of

81565 t

metrics

pesnto v al

t hese

variability in

i s

Thi s

t he

observed

87804667 to

GRU, he
o 0.7606271.
wi th |l ower

findings,

suggests

consistency and reduces variance, it
the model s
Tabl eO¢eddl|l performance metrics of
efficiency in severity assessment
outliers

Model Metric BR_CC BR_LC BR_GL BR_OL
Accuracy 0.87658 0.85052 | 0.77721333| 0.72134667

Kappa 0.81487 0.77578 0.66582 0.58202
LSTM Cl Lower | 0.87490486| 0.84870548| 0.77509885| 0.71907022
Cl Upper | 0.87824057| 0.85232096| 0.77931709| 0.72361456
No Info Rate] 0.33333333| 0.33333333| 0.33333333| 0.33333333

Accuracy | 0.87804667| 0.85119333| 0.78013333| 0.72378

Kappa 0.81707 0.77679 0.6702 0.58567
RNN Cl Lower | 0.87638003| 0.84938216| 0.77802872| 0.72150962
Cl Upper | 0.87969867| 0.85299092| 0.78222712| 0.72604172
No Info Rate] 0.33333333| 0.33333333| 0.33333333| 0.33333333

Accuracy 0.8771 0.85066 | 0.78004667| 0.72622

Kappa 0.81565 0.77599 0.67007 0.58933
GRU Cl Lower | 0.87542787| 0.84884617| 0.77794175| 0.7239558
Cl Upper | 0.87875754| 0.85246026| 0.78214075| 0.72847545
No Info Rate] 0.33333333| 0.33333333| 0.33333333| 0.33333333

predict

BR CC
Not al

origin

t ask




Overall Performance metric (Deep learning models)

B Accuracy ®Kappa BCl Lower ®Cl Upper

FigureBa4a. 3cohart visualization of overal/ perf
models to visually compare their efficiency
network before removing the outlier

The restablse(fwdidazhd outl i ers) i ndicate that t
with the full dataset, including outliers, |
performance. Across al/l branched network conf
BR_OL), speci fgihcidaqgr orsesmas enveedr iltiy | evel s, part

where values ranged from 0.9288 (BR_OL) to 0.
showed significahablsfhwi.tl®fOoobompatédet ) . The m
i mprovement occurred in the minor class recal
from DalBl5e) (4t.o0l O0a 6l1ley 4.024 BR_GL and from 0. 21
BR_OL. For moderate and severe cases, recall

i mproved. The severe clasdabbteahlolWabIB® GC r o

4.)24 indicating that the model 6s ability to di
the presence erf, ourtddiesison Hwoadewes saw a slight
as for BR_GL6s moderate <cl ass, which dropped



while the model became more sensitive to m
false positives.
Tabl eByg. 2#hass performance metrics of LSTM
Severity Assessment over branched netwo
LSTM .. .| Neg Pred - Balanced
Model Class | Specificity Value Precision| Recall F1 Accuracy
minor 0.9687 0.9462 0.9342 | 0.8898 | 0.9115| 0.9292
BR_CC| moderatg 0.9305 0.9030 0.8520 | 0.8000 | 0.8252| 0.8653
severe 0.9157 0.9682 0.8478 | 0.9399 | 0.8915| 0.9278
minor 0.9390 0.8990 0.8662 | 0.7890 | 0.8258| 0.8640
BR_LC| moderatg 0.9119 0.9068 0.8218 | 0.8125 | 0.8171| 0.8622
severe 0.9244 0.9732 0.8625 | 0.9490 | 0.9037| 0.9367
minor 0.9322 0.8498 0.8318 | 0.6706 | 0.7425| 0.8014
BR_GL| moderatg 0.8387 0.8681 0.6978 | 0.7452 | 0.7207| 0.7919
severe 0.8965 0.9568 0.8162 | 0.9190 | 0.8645| 0.9077
minor 0.9284 0.8275 0.8106 | 0.6129 | 0.6980| 0.7707
BR_OL| moderatg 0.8181 0.8107 0.6294 | 0.6180 | 0.6237| 0.7180
severe 0.8365 0.9626 0.7409 | 0.9350 | 0.8267| 0.8858
The bar Feclgartws duc@llnfyi hense findings. The
I mprovement i s observed i n BR GL and BR _ C
increased significantly. Previously, BR_GL

conf i gur atHiognusr @&(,04. b3L56

BR_OL6s minor recall
model 6s ability to
i mprovements suggesd
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i nf or matmeondatlan srcealari os, outliers can
nt pressure fluctuations, or actual rar e
ing can help the model generalize Dbette

i ns the i mprovement i n minor c¢class recal

However, the | mpaecdtepefndeuwntl i elrfs oiust | d ®@mtse xrt

extre

robus

-

epr e
cl ass
sever

dat a

Ov
Ssubst

moder

me cases rather than sensor noi se, i ncl
tness, as seen in the improvedlminor rec
sent sensor errors or measur ement noi se
ification precision, as observed in the

e classes. Thus, whether outitegerofshbeld

source andffthbetweendednsradeity and pre

erall, training L&dMagmtd,el snaonliudi ntgh eo U tul
anti al i mprovements in minor <class recal

ate and severe cases. The most significa

BR_OL, where minor redaweviem¢cr ¢ehsasdchmeoaer a2

preci

t hat

sion, particularly for moderate cases in

outlier inclusion can be beneficial, but

Mnn



ol LSTM- Branched network- CC 00 LSTM- Branched network- LC

1.0000 1.0000
[d)
o 0.8000 % 0.8000
s s
= 0.6000 = 0.6000
() ()
© 0.4000 © 0.4000
(@) (@)
Q- 0.2000 Q- 0.2000

0.0000 0.0000

minor moderate severe minor moderate severe
Severity Class Severity Class
B Balanced Accuracy® F1 & Recall B Precision B Balanced Accuracy® F1 & Recall ® Precision

0 O LSTM Branched network- GL 0 R LSTM Branched network- OL

1.0000 1.0000
(0]
ey 0.8000 % 0.8000
s s
= 0.6000 = 0.6000
() ()
© 0.4000 © 0.4000
(@) (@)
Q- 0.2000 Q- 0.2000

0.0000 0.0000

minor moderate severe minor moderate severe
Severity Class Severity Class
B Balanced Accuracy® F1 & Recall ® Precision B Balanced Accuracy® F1 & Recall ® Precision

FigureBad. clharts presenting classification performance of LST
before outliers removal of Branched .network dataset
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The performance evalwuation of the LSTM mod
WDS before removing oTlabl eanddi 5 s,e didnmiBiksd trag e d
robust <classification <capabilities but with s
after outlier removal. Balanced Accuracy remai
with CC achieving 0.9886 aiimitnlge stedast wsheatl earcd
0.9867 in the test and 0. 98740 bisnertvhaeb Iter ad end Inign
for LC (0.9850 in test, 0.9862 in training)
suggesting that these classes experience mor e
present . Campar évlher @ Bal anced Accuracy for OL
0. 9353, t MablIr eismd iRSatien some | mprovement, t hou
datasets remains a Talldf @h.4225v Bhei MLl Scopast il
maintaining O0.9783 ign twehsitl ean@lL O0a.coh7 X5 eisn Ot. r9abi
0.9675 in training. These values, while stil
slightly benefits frdmbbagt Wihdedr er eFmio v&acl o r eass esxe
0.95 across all <classes.

The radarFighapwtrdvBlde a visual representat.

reinforcing the minbDablfdFudgtdraet docm3s2b obsenveaedirif

di stribution across most | eak types, but with
numeri cal val uedgB &mBhinhaairnitya i nFihgiugrhe sper f or manc
recall for OL is slightly | ower at 0.9425 1in

0. 876&bli@a 4hlks suggests thatssodtliciaen ome nmoowmdli ds
particularly Figrur@®@L dd8®atsi drm.at CC and GL ma

above 0.99, but LC and OL show slight vari al



removing outliers improves classification

mo d e | still demonstrates strong generaliza
while outlier removal contri but ensa ntcoe, mitnhoer
overall i mpact remains moderat e, particul al

Table 4.25:By class performance metrics of LSTM models to evaluate their efficiency in
Leakage Detection over branched network before removing the autliers

dataset| Class| Specificity N{a/%llj(reed Precision| Recall F1 Egé%r;ggs
CC 0.99306 | 0.99602 | 0.97257 | 0.98414| 0.97832| 0.98860
GL 0.99480 | 0.99469 | 0.97919 | 0.97874| 0.97897| 0.98677
Test LC 0.98811 | 0.99547 | 0.95379 | 0.98200( 0.96769| 0.98505
NL 0.99698 | 0.99891 | 0.98799 | 0.99566| 0.99181| 0.99632
oL 0.99783 | 0.98581 | 0.99087 | 0.94254| 0.96610| 0.97019
CC 0.99313 | 0.99656 | 0.97288 | 0.98630| 0.97954| 0.98971
GL 0.99519 | 0.99492 | 0.98074 | 0.97969| 0.98021| 0.98744
Train LC 0.98874 | 0.99588 | 0.95621 | 0.98364| 0.96973| 0.98619
NL 0.99723 | 0.99904 | 0.98899 | 0.99616| 0.99256| 0.99669
oL 0.99816 | 0.98616 | 0.99226 | 0.94398| 0.96752| 0.97107
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Figure 4.32: Radar charts illustrating LSTM model performance before removing

outliers for Leakage type determination task of Branched network across different

leakage classes in terms of accuracy metrics (a) Balanced Accuracy (b) F1 Score (c)
Recall (d) Precision

The restdhbhbseifmdifcbat e that training the RNN

dataset, including outliers, |l ed to notable p
ComparTeadb Iteo 4v.hlex e outliers were removed, t he
show noticeable shifts. This suggests that in
more diverse minor case patterns, which were

For the BR_CC model, specificity remained |

minor, 0.9372 for moddmdil &, 4 DG elv.ex(0 7 6 efcarl | s d v
cases droppeldabflreood . A.ZBABIiennbs.uyzygggesting that th

|l earned additional patterns bufFi qqusa 4.n33 odu
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illTustrates these changes, showing i mprove

cases CcoFnpgauresd 4t.019

The BR_LC model fol Tawbe a4 Ilcilll arf otr r em d
was O0.62, Tavlhleg edadd26imcreased toFiOgurm® 84. I N
where recall and F1 scores Ffigrurmi nkboriv@cvaesre, s
precision slightly decTableed s4f.0ol2T8BBEerId&d. 26&s
i ndicating an increased number of false p
i mproved in detecting minor casespmet nahso

severe cases as severe.

The BR_GL model experienced a siTgbl i car
4.12it had the | owest minor cadsadlmrectad2ialam

i mproved RioguOre6i04.833 |y confirms this 1 mpro

recall percentage foFignmer HolwBesr compaceke
moderate cases decreased slightly, reflect
that i ncluding outliers hel pede tchoes tmoodfe ls Id

reducing precision.

The BR_OL model demonstrated the most S
recalTdbl d nthke2recall for mi Tablecada 6wmas el.
to O.Fi4HguGcdkhid4qg.hd3d ghts this i mprovement, wi t |

cases showing consi der &hlgeasr@n BHaorid®evneern, t sd am
ot her model s, precision for s eovf & r e b ect anseeesn

I mproving recall and increasing false posi:
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Tabl eBy. 2bass performance metrics of RNN mode
Severity Assessment over branched network

RNN
Model

Neg Pred Precision| Recall F1 Balanced

Class | Specificity Value Accuracy

minor 0.9731 0.9442 0.9428 | 0.8851 | 0.9130] 0.9291
BR_CC| moderatg 0.9373 0.9010 0.8635 | 0.7940 | 0.8273| 0.8657
severe 0.9076 0.9768 0.8382 | 0.9570 | 0.8937| 0.9323

minor 0.9519 0.8909 0.8885 | 0.7668 | 0.8232| 0.8594
BR_LC| moderatg 0.9054 0.9146 0.8144 | 0.8308 | 0.8226| 0.8681
severe 0.9214 0.9785 0.8591 | 0.9595 | 0.9065| 0.9404

minor 0.9644 0.8303 0.8949 | 0.6059 | 0.7226] 0.7851
BR_GL| moderatg 0.8197 0.8867 0.6867 | 0.7905 | 0.7349| 0.8051
severe 0.8854 0.9686 0.8044 | 0.9426 | 0.8680] 0.9140

minor 0.9608 0.8094 0.8748 | 0.5476 | 0.6736] 0.7542
BR_OL| moderatg 0.7979 0.8286 0.6236 | 0.6698 | 0.6459| 0.7338
severe 0.8282 0.9744 0.7357 | 0.9564 | 0.8317] 0.8923

Overall, training thelaRNB doe@&| tso ws u lhs toauntt
I mprovements i n minor case recall, particul al
I ncreased by over 20 %. However, this i mprove
precision, particularly for severe cases in B
i ncilnugd outl i er s hel ped the models better recoa
mi nor severity |levels, but at the cost of inc

Mp N
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pr e

Rec

For t he | eak detection t ask i n a Branched
standing classification per f olrathdreced . 2dr o0s s

anced Accuracy remains exceptionally high

t dataset fOGC (I®.a%k9 18 )p,esGlsu(cth. BX65) , and L

trong generalization ability. The OL <cl ass,
er model s, mai ntains a Balanced Accuracy o
viouslwenm epalries flor this cl ass. F1 Scores
98 for all categories, reinforcing the mod:¢
al |l across different |l eak types.

The radarFighadtusit Bedr confirm this trend,
iation bet ween training and test dataset:
eptionally high across the board, with NL

uring mini mal mi sclassification.

Tabl eBy. 2Vass performance metrics of RNN mode

Leakage Detection over br anuwthleidernset wor k b e

dataset | Class | Specificity

Neg Pred Precision | Recall F1 Balanced
Value Accuracy

CC 0.99985 | 0.99993 | 0.99938 | 0.99972| 0.99955| 0.99978
GL 0.99996 | 0.99984 | 0.99982 | 0.99934 | 0.99958| 0.99965

Test | LC 0.99939 | 0.99996 | 0.99755| 0.99984 | 0.99869| 0.99961
NL 0.99981 | 1.00000 | 0.99922 | 1.00000 | 0.99961] 0.99990
OL 0.99998 | 0.99924 | 0.99990 | 0.99696 | 0.99843| 0.99847
CcC 0.99986 | 0.99995 | 0.99943 | 0.99980| 0.99961| 0.99983
GL 0.99997 | 0.99989 | 0.99988 | 0.99956 | 0.99972| 0.99976
Train | LC 0.99940 | 0.99999 | 0.99761 | 0.99996 | 0.99878| 0.99968

NL 0.99985 | 1.00000 | 0.99941 | 0.99999| 0.99970| 0.99992
OL 0.99999 | 0.99924 | 0.99994 | 0.99698 | 0.99846| 0.99848
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Figur eRadd.a¥4:charts illustrating RNN model
for Leakage type determination task of Br a
in terms of accuracy metrics (a) Bal.anced

The restabbefdvdm®& e outliers are include
the classification perfor mancTeabd fe tMleledrGeR U
outliers were removed. Across all branchec
BR_GL, and BR_OL), speci ficity remai ned h
specificity ranged from 0.926 for BR_OL to
mo d e | iI's still effectively identifying negsé
sassome variation after incorporating outlie

MPp O



One of the most noti cdalbll @ a Mig2b8loer e e b 4 s b
occurred in BR_GL and BR_OL, where minor <cl as

in BR_GL and from 0.286 to 0.606 in BR_OL. TI

hel ped the model capture more diverse minor
corrctly <classify such cases. I n contrast, re
remained relatively stable, with minor fluct
BR C@Gngled slightly from 0.946 to 0.944, indic
performance in detecting critical failures d
precision values exhibited slight degclines 1in

where precision dropped from 0.857 to 0.856.
in sensitivity for minor cases, it generated

cases.

The bar FeclgpartsudciBé&rfi hemse trends. The most

i mprovements can be observed in BR_GL and BR_
i ncreased significantly. Previously, BR_GLO6s
0. 34Bablne 4b.ult4 it incTebhlseddsuygygy@és6Bgi hhe mod
Il dentifies a more diverse range of minor | eak

0.286 to 0.606, demonstrating improbaedddetect

with minor | eaks. These results suggest that

Howewergur e@al do3M%i ghloifgith.t sWha | ter abdael anced ac«

severe cases remained consistently high, pr e
i ndicating an increase in false positives. Th
where prebessemeferclass decreased slightly fr

Mp n



iI's an expéct evhhetnrachel uding outliers, as th

but also introduces potenti al noi se affect

Tabl eBy. 2Bass performance metrics of GRU
Severity Assessment over branched netwo

GRU I Neg Pred " Balanced
Model Class | Specificity Value Precision | Recall F1 Accuracy

minor 0.9662 0.9487 0.9298 | 0.8954| 0.9123| 0.9308
BR_CC| moderatg 0.9368 0.8989 0.8619 | 0.7894 | 0.8240| 0.8631
severe 0.9125 0.9713 0.8439 | 0.9461| 0.8921| 0.9293

minor 0.9426 0.8975 0.8723 | 0.7847]0.8262| 0.8636
BR_LC| moderatg 0.9146 0.9064 0.8261 | 0.8111| 0.8186| 0.8629
severe 0.9200 0.9780 0.8570 | 0.9585| 0.9049| 0.9393

minor 0.9400 0.8479 0.8467 | 0.6627|0.7435| 0.8013
BR_GL| moderatg 0.8439 0.8685 0.7046 | 0.7445| 0.7240f 0.7942
severe 0.8875 0.9651 0.8062 | 0.9358| 0.8662| 0.9117

minor 0.9256 0.8330 0.8085 | 0.6288| 0.7074| 0.7772
BR_OL| moderatg 0.8313 0.8088 0.6427 | 0.6070| 0.6243| 0.7191
severe 0.8334 0.9679 0.7393 | 0.9448| 0.8295| 0.8891

Mpp
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Figdr@&mr charts presenting classification performance of GRI
before outliers removal of Branched .network dataset
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The perfor mance changes aligwor Mdth e X

applications, where outlit@erogdedf tiennf ocranrartyi ows
ti me applications, outliers can emer ge f
fluctuations, Oor genuine rare buitnisnggnecdanc
I mprove the model 6s generalizability, expl

BR_GL and BR_OL.

However, the i mpact -defp eonudtelnite.r sl fr etnhad nosu

genuine extreme cases rather than sensor n c

in the improved minor <class recarller r@onsv ea
measurement Iinconsistencies, they may intr.
as oObserved in the slight drop Iin severe ¢

outliers should consi derd tthhee rienloidéafbdidd ttiyre aah

sensitivity and precision.

For the | eak detection task in a Branc
classification performance Tabl es gHoawelv elre ak
compari $ah!l erietvhelabl s t hat outlier removal h a
areas while slightly reducing pé&abbemance®
remains consistently strong, exceeding 0.9

in the test ddanaset B.al ;b nacerdt rAacsctu,r aicry f or C

at 0.9992, indicating a minor iIimproakiment
4. Zhows a slightly | ower Tavlallay edi . 0F5w@s9 D8 H,
suggeatiinrog aecline in classification accur

MPpT



we-bhl anced-r epaealclo sft o a€e mprarbd teihvaledl ly§1 i ght |l vy

variati on, with CC
outliers marginally
change in overall

The radarFighiaretws4 tiBer

Accuracy,

Th

e F1

Scores

foMbesiww B1lssmbDl es

scoring

0.9987

i mproved cons

classificati on

FagusEpwnedmai ns hi

gh for

patéeednD. 99

and GL a

mor

t O

i stency acro

qguality.

al |l cl ass

winteh a s |

slight decr eRisgeu red g alrde d cda Bf6i ra s ohiegh EWLos
mirroring Balanced Accuracy, but
outl i ersFigiutreeat4de®BBal s t hat recall

wh eraefatse r

that whil e
recall for
aligned ac

Tabl eBg. 2Bbass

outlier

dFa rgtuarden Mi. 8Bk i g hpespreci sion

ross al

removal

I cl asses,

performance

remai ns

enhanced precisi

reinf

metrics

highlight these dif

es,
ely
i gh

abo

removirmgaobult lfioer OL wasisl|l isglytgleystbi gt

on,

stabili

orcing stron

of GRU m

Leakage Detection over branched network
dataset| Class| Specificity Neg Pred Precision Recall F1 Balanced
Value Accuracy
CcC 0.99839 0.99899 0.99356 0.99598 | 0.99477 0.99718
GL 0.99947 0.99840 0.99785 0.99360 | 0.99572 0.99653
Test LC 0.99653 0.99949 0.98626 0.99796 | 0.99208 0.99724
NL 0.99894 0.99993 0.99578 0.99972 | 0.99774 0.99933
oL 0.99973 0.99624 0.99890 0.98492 | 0.99186 0.99233
CcC 0.99858 0.99920 0.99434 0.99680 | 0.99557 0.99769
GL 0.99958 0.99856 0.99830 0.99422 | 0.99625 0.99690
Train LC 0.99692 0.99962 0.98782 0.99848 | 0.99312 0.99770
NL 0.99896 0.99995 0.99586 0.99979 | 0.99782 0.99937
OL 0.99978 0.99651 0.99910 0.98600 | 0.99251 0.99289
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Figur eRadd.a¥6:charts illustrating GRU model
for Leakage type determination task of Br a
in terms of accuracy metrics (a) Bal.anced
4.3 Looped Topology

43.1 Without outliers

431. 1 bHased model s

Tabl eprdaV3i0)des a compar at-haseedanmddeaslis OXGRB,h
Light)GBakross four different |l eak types in
processed by | QR outlier removal The eval

Mp ¢



Confidence Intervals (CI Lower and ClI Upper),

t he model s effectiveness. Among the model s,
Accuracy and Kappa scores, particularly for
per frooemain classifying leak severity in the Lc
closely, demonstrating strong predictive <capsé

Kappa values t han RF but consistently outpe

reasonarbrhaencpeerffor LO_GL, has the | owest Accur g
LO_LC, suggesting difficulties in handling t
I nt er vialbd ef dr. t30er emphasize the reliability

narrower intervals compared to XGB, i ndicatin
predictions. Overall, the analysis suggests t

assessmemtpedn WBS,Lofoll owed by Light GBM, wi t h

variabiliteyntadremks tdipfefser

FigurerdviBddes a visual compar i shoans eaf t he p
models (XGB, RF, and Light GBM) across differer
using a dataset processed by I QR outlier remo:
Kappa, nadmdefoe I|Interval s, highlight di stinct
demonstrates consistently hi gher bar heights
superior capability in classifying | eak sever
competeéerti @emamece across mo st |l eak types, sho
Accuracy and Kappa values compared t o RF.
performance for LO_GL, exhibits more variabil]

for LO CC ameér eOi L€, Awcuracy and Kappa value



Confidence Intervals in the figure further

wi t h narrower i ntervals suggesting | ower
contrast, XGB displays wider intdarnwdli®onsin
Overall, the figure illustbhatsed mhadaal RfFori s
assessment i n a Looped WDS, closely follow
fluctuations and |l ess consistest perfor man:
The performance of the RF model on | oop

(WDS) has been assessed across four differ

and LO_OL). The rTeasll gFs4dg Bslemeia fBi8zse dni mat r i

Figurdbdar3%harts), of fer i nsight into how
severity level s.
Tabl eeO¢eBAl | performhasedmmbdets Db &vacb
efficiency in severity assessment task ove
Model Metric LO CC| LO L LO GLU LO OL
Accuracy |0. 7338/ 0. 747|0.863|0. 785
Kappa 0.59620.599(0.699|0.669
XGB Cl Lower 0.73150.745({0.861(0. 783
ClUpper |0. 7362 0. 750/ 0.865(0. 788
NoInfoRate| 0. 3615/ 0. 414| 0. 630|0. 403
Accuracy 0. 8190[{ 0. 780| 0. 871/ 0. 864
Kappa 0. 7255/0.651|]0.7127]0.790
RF Cl Lower 0.8169/ 0. 778 0.869/0.862
ClUpper |[0.8210[{0.782[0.874| 0.866
NoIlnfoRate| 0. 3615/ 0.414/0.630/0.403
Accuracy 0. 7779 0. 785 0.8730.8414
Kappa 0.6630/0.659|0.725]0.7509
LightGBM Cl Lower 0. 7757,0.783|0.871]0.842
ClUpper |0. 7801 0.787[0.876/0.846
NoIlnfoRate| 0. 3615/ 0.414/0.630/0.403




Overall Performance metric (THeased models)
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FigureBa4. 3cthart visualization obaeedr amloldepesr f o
to visually compare their efficiency in sever
removing .the outliers

Tabl eBy. 8lLass performance metrics of RF model

Severity Assessment over | ooped network a
RF I Neg Pred . Balanced
Model Class | Specificity Value Precision | Recall| F1 Accuracy

minor 0.9433 0.8790 0.8263 | 0.6750| 0.7430] 0.8091
LO_CC| moderatg 0.8788 0.8970 0.7858 | 0.8151] 0.8002] 0.8469
severe 0.9028 0.9618 0.8452 | 0.9366| 0.8885] 0.9197

minor 0.9513 0.8814 0.7359 | 0.5144| 0.6055| 0.7329
LO_LC | moderatg 0.8555 0.8383 0.7525 | 0.7270] 0.7395| 0.7912
severe 0.8447 0.9700 0.8146 | 0.9631] 0.8827] 0.9039

minor 0.9732 0.8598 0.9310 | 0.6947| 0.7957| 0.8340
LO_GL | moderatg 0.9989 0.9898 0.9435 | 0.6308| 0.7561] 0.8149
severe 0.7035 0.9501 0.8493 | 0.9784| 0.9093| 0.8409

minor 0.9720 0.9002 0.9039 | 0.7094] 0.7949| 0.8407
LO_OL| moderatg 0.9307 0.9218 0.8535 | 0.8365| 0.8449| 0.8836
severe 0.8848 0.9925 0.8534 | 0.9901| 0.9167[ 0.9375
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granular view of classification accuracy i

(c) LO_LC.(d) LO_oOL

ThBRF model exhibits strong perfor ma

nce

values consistently exceeding 0.93 across

ensures that severe | eaks are reliably ide
critical situations. Additionally, the mod
moderate |l eaks, with balanced accuracy sco
an effecdfifve beatrwmaen precision angls frudd ayl |
di fferentiates moderate |l eaks from severe
in cruci al | eak assessment scenarios. Furt
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mul tiple configurations highlighmattclihe ngoodel 6

categories, thereby preventing swhviecehea icsases f
error t hat could otherwise result i n an under

Despite these strengths, the RF model Str uc
of mi nor | eaks. The recall for mi nor | eaks i s

meaning that nearly half of the m{Fnagrurleeaks a
4.)38reveal a frequent mi sclassification of mi
LO _CC, where 25,989 minor cases were predictec

specificity remains relati veoldyelhiigh,betthteerl cawt

out -nmm oror cases than <correctly identifying mi
moderate | eaks is inconsistent across configur
emphasi zinegetpleen dreenttwovrbkor mbnktety in per

This systematic mi sclassification of mi nor
l i mitations and model constraints. The RF mod
based on feature I mportance, may sttrwngdgl e whe
pressur e or flow rate variations from nor ma
exacerbated in | ooped networks, where pressur.
to the presence of multiple altetrmatdevectf.]l ow
Further mor e, the poor recall for mi nor cases
dataset, where minor |l eaks are underrepresent
favor moderate and severe crhayssrnddgueiate omes a nmpdl

techniques (e.g., over sampling minor l eaks o



modeling approaches that account for subt/l

net wor ks.

In the | eak detection task for a Loope
exhibits strong performance Tablk es 4B a3hzasntc elde
Accuracy remains high for CC (0.9943) and
validation, 0.6333 in test), indicating ch
Scores exceed 0.99 for mo s t cOQlas(s®.s5 36wt i

validation, 0.4211 in test), reflecting re

MC p
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FigureBasa. cSharts presenting classification performance of

after outliers removal of Looped network dataset
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The radaFi ghraeitghl4idght these variations,
scores or OL showing the most significant
mai ntain consistently high metrics
mo d e | de mpmwsdtr ageserral i zation to unseen
affecting OL detection. Further refinement
feature selection, could enhance detection

Tabl eByg. 8Rass

performance

metrics

of

Leakage Detection over | ooped
dataset | Class| Specificity Neg Pred Precision| Recall F1 Balanced
Value Accuracy
CC 0.99718 | 0.99671 | 0.99268 | 0.99148 | 0.99208| 0.99433
GL 0.99693 | 0.99870 | 0.99455| 0.99769 | 0.99612| 0.99731
Validation| LC 0.99636 | 0.99605 | 0.99351| 0.99297 | 0.99324| 0.99466
NL 0.99993 | 0.99959 | 0.94949| 0.76423 | 0.84685| 0.88208
OL 1.00000 | 0.99973 | 1.00000 | 0.36667 | 0.53659| 0.68333
CcC 0.99725 | 0.99698 | 0.99289| 0.99219 | 0.99254| 0.99472
GL 0.99750 | 0.99870 | 0.99555| 0.99769 | 0.99662| 0.99760
Test LC 0.99636 | 0.99666 | 0.99352| 0.99406 | 0.99379| 0.99521
NL 0.99993 | 0.99947 | 0.94382| 0.68852 | 0.79621| 0.84423
OL 1.00000 | 0.99969 | 1.00000 | 0.26667 | 0.42105| 0.63333
CC 1.00000 | 1.00000 | 1.00000 | 1.00000 | 1.00000| 1.00000
GL 1.00000 | 1.00000 | 1.00000 | 1.00000 | 1.00000| 1.00000
Train LC 1.00000 | 1.00000 | 1.00000| 1.00000 | 1.00000| 1.00000
NL 1.00000 | 1.00000 | 1.00000 | 1.00000 | 1.00000| 1.00000
OL 1.00000 | 1.00000 | 1.00000| 1.00000 | 1.00000] 1.00000

acr oss

net wor Kk
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Figur eRadd.a&rO0O:charts illustrating RF model per fc
Leakage type determination task of Looped net
terms of accuracy metrics (a) Balanced Accur &

Tabl eprdawBi3des a detailed breakdown of Ligl

di fferent severities of |l eaks in |l ooped water
strengths of this model is its ability to det e
i mul tiple configurations. This indicates that
highly reliable in identifying it, significani

| eak detection scenari os.kslhree mail msan ceadn saicctua mtc

reaching up to 0.92 in LO_OL, suggesting that

MCy



severe -saenvderreoncases. Additionally, the hig

severe leaks) confirm that theswmoeéelk |1l ®akae
severe, which is crucial for preventing un

However, Light GBM demonstrates noticeal
|l eaks. The recall values for minor classif]
(0.57) and LO_CC (0.66), indicating a subs
specificity for minor |l eaks is high (often
model frequently fails to correctly identi
moder ate or severe. This resuWwhschni anf owt

confirmed by moderate precision values (rar

suggests that t he mo deni nios beaksr rat hewul it

classifying minor ones. Adtodiwtsi smanlel y ,nsmadbde
recall values dropping as low as 0.63 in L
mo d e | struggles-otb batwepea phecisiade and r
classifications, | i Kegl yofduwda stta ntghue sihn mgr em

network configurations.

The confusi é&mgumaet r ipcrebsy i de deeper i nsi

mi sclassification Tapbatet ed4ThBe8 onbossetr vedi diennt

mi sclassification of minor | eaks, which ar
For instance, in LO_CC, 25,533 minor cases
were | abeled as seveerde.i NnA sOmMiCarwhereendl 4 ,s:
were classified as moderat e, and 3,299 wer

MC P



systematic bias in LightGBM6és classification,
i n cases where the distinction between minor

Moderate | eaks also exhibit classification
where only 1,446 of the actual moder ate | eaks
number were misclassified as minor not severe
effectively capture the distinguishing featur
overlapping pressure and flow rate character:i
the other hand, severe | eaks sthhhev majromigt ycl afs
true severe cases correctly identified. For e
correctly <classified, while only 203 were mis
This highlights the modseskdwreveardti slewbiel e nstdreu
with -sleoweerri ty distinctions.

The misclassification patterns in the con
networks pose unique <challenges for Light GBN
systems di stribute water through mul tiple al
di sti ngfuriosnh anbd rema | operational fluctuations. i
contributes to the model s overestimati on of
sufficiently distinct pressure dropsd to be co
distribution of | eak severities in the traini
the model appears to favor moderate and sever

MT N



Tabl eBg. 8Bass

performanmedeles rtosevédl Lagt

efficiency in Severity Assessment. over

L'gl\;]é%ZM Class | Specificity Ns/%lljged Precision| Recall F1 E?éi?gig
minor 0.9448 0.8753 | 0.8275 | 0.6631 [ 0.7363] 0.8040

LO_CC | moderatg 0.8524 0.8797 0.7440 | 0.7863 | 0.7646/ 0.8194
severe 0.8635 0.9162 | 0.7813 | 0.8605 | 0.8190| 0.8620

minor 0.9560 0.8941 | 0.7737 | 0.5704 | 0.6567| 0.7632

LO LC moderatg  0.8711 0.8389 | 0.7723 | 0.7233 | 0.7470[ 0.7972
severe 0.8321 0.9614 | 0.8008 | 0.9528 | 0.8702| 0.8925

minor 0.9687 0.8627 | 0.9212 | 0.7036 | 0.7978| 0.8362

LO_GL |[moderatg 0.9959 0.9912 | 0.8235 | 0.6827 | 0.7465] 0.8393
severe 0.7177 0.9338 | 0.8545 | 0.9702 | 0.9087| 0.8440

minor 0.9739 0.8941 | 0.9074 | 0.6891 | 0.7833] 0.8315

LO_OL | moderatd 0.9185 0.9108 | 0.8282 | 0.8136 | 0.8208| 0.8661
severe 0.8628 0.9792 | 0.8277 | 0.9729 | 0.8944| 0.9178

O |- (Confusion Matrix of (LO_CC)

minor
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severe

0 O | confusion Matrix of (LO_LC)
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Figurei dusdlhiezekey performance metrics acros

network configurations, Talbhéaomd BtBlge tcdaen foubssi eor
matrices. The balanced accuracy scores remali
confirming t he model 06s reliability I n detec
performance gap i s evident whetni croampafThaeagr enc ak
values for minor |l eaks exhibit significant vV a
This suggests that LightGBMbé6s ability to corr

i kely dependent on net wor kC tcoopnofliogguyr.at Tlo@ s L

particul ar, show the | owest recall scores for
trends observed in the confusion matrices.
Precision values, while relatively stable
moder at e classifications. I n LO_GL, for i nst
approximately 0.82, while recall fore the same
the model I's confident i n its moderate | eak
moderate cases correctly, |l eading to | ower r
remains high across all/l severitueisng rreomf or ci
matching classifications. However, specificity
in minor | eak detection, as high specificity
a certain <clasgsr,atihteri st hlaink eelnysuec ® nmge catl | I nst e

detected.
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FigureBad. 4czharts presenting classification performance of Lic
task after outliers removal of Looped network datas
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The i nconsistencies observed i n t he bar C

Light GBM struggles with minor |l eak detection
i nherent pressur e stabilization mechani s ms.
redi stlrow,utesducing the i mpact of minor | eaks
I i mit the model s ability to differentiate th
chall enges, sever al strategies could be explo
tonheance sensitivity to subtle | eak signatur e
dataset, and integrating temporal dependenci e
over ti me. Overall, while LightGBM excels in
performance in minor and moderate | eak cl assi
refinements to Iimprove its reliability in |l oo

In the |l eak detection task for a Looped WD
strong performance across all datasets and | e
Table Baddanced Accuracy remains high, with mo

OL in the wvalidation (0.69988) and test dat e
detecting this specific | eak type. Similarly,
0. 9912-v@€CCdation) -vteol i0d.a%x9 0& )(, Glbut ®©Odap shows a

(0.4068 in validation, 0.8558 in test), sugge



Tabl eBy. 8hass performance metrics of Ligt
efficiency in Leakage Detection over | ooj

dataset | Class| Specificity Neg Pred Precision | Recall F1 Balanced

Value Accuracy

CC 0.99747 | 0.99646 | 0.99343 | 0.99083| 0.99213 | 0.99415

GL 0.99785 | 0.99976 | 0.99618 | 0.99957| 0.99787 | 0.99871

Validation| LC 0.99680 | 0.99634 | 0.99429 | 0.99348| 0.99388 | 0.99514

NL 0.99994 | 0.99976 | 0.96364 | 0.86179| 0.90987 | 0.93087

oL 0.99976 | 0.99975| 0.41379 | 0.40000| 0.40678 | 0.69988

CC 0.99690 | 0.99640 | 0.99198 | 0.99068| 0.99133 | 0.99379

GL 0.99820 | 0.99971 | 0.99680 | 0.99949| 0.99815 | 0.99885

Test LC 0.99660 | 0.99623 | 0.99394 | 0.99328| 0.99361 | 0.99494

NL 0.99993 | 0.99962 | 0.95000 | 0.77869| 0.85586 | 0.88931

oL 0.99969 | 0.99963 | 0.15385 | 0.13333| 0.14286 | 0.56651

CC 0.99864 | 0.99825 | 0.99649 | 0.99548| 0.99598 | 0.99706

GL 0.99960 | 0.99992 | 0.99928 | 0.99987| 0.99957 | 0.99973

Train LC 0.99814 | 0.99825 | 0.99669 | 0.99689| 0.99679 | 0.99751

NL 1.00000 | 1.00000 | 1.00000 | 1.00000| 1.00000 | 1.00000

oL 1.00000 | 1.00000 | 1.00000 | 1.00000| 1.00000 | 1.00000
The radamrigbhadgtusitB8rthésesvaaiati ons. f
Recal l scores for OL are significantly | ow
0.1333 (Recall), i ndicating a higher rate ¢
ccC, GL, and L@egdtai stares naaross all metr |
i nconsistenci es, the overall mo d e | perform
unseen dat a. Further I mprovements, such a

optimizing det®©dti cmoutl dr esshalndse Mmodel rel i

MTDP
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indicating that while the model can gener

I mprovement i n distinguishing them from mi:H
high for minor | eaks, often sur ptaiswelny rul9e
out -mommr cases, though its ability to corr
Despite its strengths, the model strugg
by recall values as |l ow as 0.51 in LO_LC.
|l eaks is misclassified as moder atceororel avers
with | ower balanced accuracy scores in the
the notion that the model favors moderate
all severity |l evels are gefabomvel $9btdadc@c
t hat when the model does <classify an inst
reliabl e. The F1 scores mirror this trend,

reflecting a balancal bbptwbBenepsemi sponl| anl

F1 score due to reduced recall

The confusion matrices for the XGB model

(Figure @grdvide further i nsight into its ¢
striking patterns is the consistent miscl act
categories. In LO_CC, for instance, d24, 140
6,468 were even misidentified as severe. S
| abeled as moderate, with onlyoa $makl . f Té&
mi sclassification pattern i s prsoebvermatty cl, ea
whil e underestimating minor {issues.



di spl ays

t

sgwnherae sanag ¢ s

For moderate | eaks, he model
of misclassification into either minor
were misclassified as minor whil e 8,
mo d e | struggles to draw a clear disti
|l eaks, the model performs well, with
For exampl e, in LO_OL, 46, 313
proportion was missecvliearsistiyf i €Ida sisnetso.

mod el

and

moder at e

prioritizes

cases.

identifying

critical

Tabl eBy. 8bass performance metrics of
Severity Assessment over | oo.ped
I\)/|<§;dBel Class | Specificity Ns/%ﬁéed Precision| Recall F1 E?&?ggj
minor 0.9295 0.8618 0.7803 0.6269 | 0.6953 0.7782
LO_CC | moderatg 0.8251 0.8557 0.6992 0.7449 | 0.7213 0.7850
severe 0.8393 0.8851 0.7400 0.8076 | 0.7723 0.8234
minor 0.9459 0.8801 0.7135 0.5112 | 0.5956 0.7285
LO LC | moderatqg 0.8381 0.8130 0.7176 0.6810 | 0.6988 0.7595
severe 0.8146 0.9406 0.7799 0.9274 | 0.8473 0.8710
minor 0.9651 0.8547 0.9107 0.6844 | 0.7815 0.8248
LO_GL | moderatg 0.9989 0.9909 0.9456 0.6723 | 0.7859 0.8356
severe 0.6952 0.9287 0.8445 0.9687 | 0.9023 0.8320
minor 0.9511 0.8671 0.8215 0.6068 | 0.6980 0.7790
LO_OL | moderatg 0.8847 0.8740 0.7549 0.7357 | 0.7452 0.8102
severe 0.8309 0.9577 0.7912 0.9458 | 0.8616 0.8883
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Figur eCodn.fduds:i on matrices for four Looped n
granular view of <classification accuracy i
(c) LO_LC.(d) LO_OL

The bar FcharesdidMér il lustrate the perf
the previous analyses. Severe |l eaks consi ¢
recal |, and F1 scores across all | ooped n
reliabilitycriinti cdé&ntliefaykiangge s . Precision V &
relatively high, ensuring that most <cl assi
I n contrast, mi nor |l eaks consi sttheentrhogded h &
difficulty in identifying these | eaks accu
and LO_GL, where recall values for mi nor ¢

moderate and severe categories.
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| e

| o

A possible explanation for this trend is t
aks in looped networks due to pressure stab

oped configurations distribute flow throu

fuctuations that could serve asbaisneddi clae arrmsi nogf

st

en

op

pr

ne

t h

c h

mo

ructure may also be contributing to this i s
ough feature variations for t her meold e | t o

erational noi se. The persistent misclassifi
eprocessing steps, such as synthetic data a
cessary to enhance model perafnorimebnde nice t mi
e dataset di stribution, where minor | eaks

del to favor moder at e and severe <classific
ersampling minor cases, couflodr mihtel gnaitneo rt hcil sa
Overall, the XGB model performs robustly f
gnificant i mprovements in minor and moder at
allenges posed by |l ooped networksern | eak d
del refinements to achieve a more balanced
verity levels.
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FigureBa4&. 4cbharts presenting classification performance of XG|
after outliers removal of Looped network dataset w
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For the | eak detectioXGBmwmdlk|li mchi Eovepedt W
performance across mo STta b | e a KB aBlgapnecse,d aAsc csilhh awy
consistently high or CC (0.9925
test), whil ecOlaspi ésemats oromédhal |l enges,
both validation and test datasets. F1
above 0.995 for CC, GL, and LC, whereas
test dataset.

Tabl eByg. 8bass

performance

metrics

validati on,

of

Leakage Detection over | ooped
dataset | Class| Specificity Neg Pred Precision| Recall F1 Balanced
Value Accuracy
CC 0.99961 | 0.99957 | 0.99899 | 0.99889 | 0.99894| 0.99925
GL 0.99890 | 0.99989 | 0.99805| 0.99980| 0.99893] 0.99935
Validation| LC 0.99978 | 0.99928 | 0.99961 | 0.99871| 0.99916| 0.99925
NL 0.99999 | 0.99986 | 0.99123| 0.91870]| 0.95359 0.95934
oL 1.00000 | 0.99985 | 1.00000 | 0.63333| 0.77551] 0.81667
CC 0.99953 | 0.99938 | 0.99879 | 0.99839| 0.99859| 0.99896
GL 0.99893 | 0.99993 | 0.99809 | 0.99988]| 0.99898| 0.99940
Test LC 0.99967 | 0.99930 | 0.99941 | 0.99875| 0.99908| 0.99921
NL 0.99994 | 0.99979 | 0.96396 | 0.87705] 0.91845| 0.93850
oL 0.99999 | 0.99985 | 0.95000 | 0.63333| 0.76000[ 0.81666
CC 1.00000 | 1.00000 | 1.00000 | 1.00000| 1.00000[ 1.00000
GL 1.00000 | 1.00000 | 0.99999 | 1.00000]| 1.00000] 1.00000
Train LC 1.00000 | 1.00000 | 0.99999 | 0.99999| 0.99999| 0.99999
NL 1.00000 | 1.00000 [ 1.00000 | 1.00000| 1.00000| 1.00000
oL 1.00000 | 1.00000 | 1.00000 | 0.99301] 0.99649 0.99650
The radaFighaeltgudtbhrate these
and recall for most | eak types while
The recall for OL reaches only 0.6333
hi gher numbegatafvesalfsor 1t hi s cl ass.
demonstrates excellent generalizati on,
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4312Deep Lenndreilsg

Tabl eprdoVv3it7des a comparative analysis of three

and GRU) across four different |l eak types in
processed by | QR outlier removal. The perform
and Caref ildretner val s (CI Lower and CI Upper), 0
model s’ predictive capabilities. GRU demonstr .
for mo st | eak types, particularly for LO_GL
ef fectidethestsi nign |l eaks in the Looped WDS netw

performance but exhibits a noticeable decreas
LO_LC, suggesting <challenges in handling the
mai ntainingraobmbhaoneegdfplls slightly behind GI
but di spl ays comparabl e resul ts for LO_ GL,

performance. T he Cloanbfliedhedgcd7i gmt e rtvhael sr eiln abi |

model s, wi telr vrad rsr oowbesre rivretd f or GRU, suggesting
variance in predictions compared to LSTM and
GRU is the most reliable model for | eak detec
and RNN, eaicsht isnhcotwisntgr edhgt hs across different

Figurerdsdnts a visual comparison of the pe¢

models (LSTM, RNN, and GRU) across various | e
foll owibrag eldQR Ut |l i er removal. The bar heights,
Confidemdes , | mtigrhy i ght di stinct trends in mode
the highest bar heights for LO_GL and LO_OL

capability for these | eak types. LSTM exhibit

My n



shows reduced Accuracy and Kappa for LO_C
detecting certain |l eak types effectively. I
|l eak types, with moderate Accuracy atnd Kap
predictive capabilities compared to GRU. T
for GRU, indicating higher reliability and
RNN display wider interval s, suggfeisg ume I
highlights GRU as the most reliable model

by LSTM and RNN, each exhibiting unique st

Tabl eOg¢eB@l | performance metrics of Deep

efficiency in severity assessment task ove

Model Metric LO CC/l LO LQ LO _GL LO_OL
Accuracy |0. 6788/ 0. 690 0.840|[0. 702
Kappa 0.5125 0.504]0.645|0.539

LSTM ClLower |0. 6763 0.688(0.837[0.700
ClUpper |[0. 6813 0.693|]0.842|0.705
NoInfoRate)0 . 3615 0. 414(0.630]0.403
Accuracy |0. 6837/ 0.68410.841| 0. 706
Kappa 0.5182 0.491{0.646|0.541

RNN ClLower |0. 6812 0.681(0.839[0.703
ClUpper | 0. 6864 0.68710.844| 0. 708
NoInfoRate)0 . 3615 0. 414(0.630]0.403
Accuracy |0. 6810/ 0. 692{0.841[0. 705
Kappa 0.5153 0.509|/ 0.646| 0. 5414

GRU ClLower |0. 6785 0.689{0.838|0.703
ClUpper |0.683950.695{0.843|]0.708
NoInfoRate)0. 3615 0. 414({0.630]0.403

MYy p



Overall Performance metric (Deep learning models)
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FigureBa4a. &cthart visualization of overal/l perf
models to visually compare their efficiency
network after removing the outlier:

The sysdde comparison(Fopgpdtdeéarniaori dunds
reveals a noticeable difference in the perfor
and GRU) between branched and | ooped WDS net\
model s exhibit higher Accuracy and Kappa val ue

adheve consistently strong performance across

are also narrower, indicating more reliable a
Several factors coul d contribute to t he
performance in | ooped networks compared to br
hydraulic redundancy and complexity in | oope
di sperateidonvsariin sensor readings (acoustic, pr
harder for models to accurately <classify | eak
The overlapping paths for water flow in | oop

MYy C
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nals captured by these sensors, reducin

y on for severity <classification. Addi t
roduce more noise into therdanaeeti,n pm
dictions and wider Confidence Intervals
ssure drops, acoustic signatures, and
ther complicate the extrgctfioon acfcumaadmi
essment . The observed performance degr
ineering or specialized mo d e | architec

endenciesensnora fmwalmeiwor k arehessenmterat

ssification accuracy in | ooped networks
The LSTM model exhibits i nconsi stent p
sses and | ooped net wor kTianoIndoif4 .us3edvteiroen sl.e
ws the highest effectiveness, with rec

roxi mately 0.912 in LO_LC and LO_OL, re:

ntifying severe | eak event s.ashHHoswerveema i n
atively | ower, ranging between 0.63 and
erate |l eak detection aplpesaad moddles ,wewik!

ues fluctuating between 0.57 and 0.70 a

di stinguishing moderate | eaksor Theahkno,d:
re recall is particularly | ow, reaching
rall bal anced accuracy values range bet
LO LC for minor | eaks. This sSuggesttso ttht
erlying network topology, possibly due
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t han

exceeding 0.90, indicati

t o

static

correctly

deci si on

classify

ng

boundari es.

t hat

them when
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Tabl eBg¢. 8Bass performance metrics of
Severity Assessment over | oo.ped
II(/ISo-Ic-jI\e/II Class | Specificity Ns/%lllj;ed Precision | Recall F1 ABSST;(ES
minor 0.9167 0.8446 0.7347 0.5777 |0.6468] 0.7472
LO_CC| moderatg 0.7867 0.8282 0.6419 0.7009 | 0.6701] 0.7438
severe | 0.8064 0.8442 0.6832 0.7372 | 0.7092] 0.7718
minor 0.9510 0.8548 0.6758 0.3870 | 0.4922] 0.6690
LO_LC | moderatg 0.7693 0.7783 0.6255 0.6374 |0.6314| 0.7034
severe | 0.7834 0.9110 0.7447 0.8919 |0.8117] 0.8377
minor 0.9581 0.8348 0.8875 0.6354 | 0.7406| 0.7967
LO_GL | moderatg 0.9985 0.9882 0.9120 0.5720 [ 0.7030] 0.7852
severe | 0.6460 0.9107 0.8229 0.9629 |0.8874| 0.8045
minor 0.9285 0.8221 0.7039 0.4582 | 0.5551] 0.6934
LO_OL | moderatg 0.8207 0.8292 0.6363 0.6497 | 0.6429| 0.7352
severe | 0.7916 0.9279 0.7472 0.9092 |0.8203] 0.8504
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classify minor |l eaks correctly can be attr

pressure changes, which may not be sufficie
variations are more stabilized.
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For the |l eak detection task in a Looped WD
accuracy across mostTalbd &k 4B.ad@ersg e da sA cdceutraai clye dr
consistently strong, exceeding 0.995 for CC,
However, LC exhibits a slightly |l ower Bal ance
i ndicating minor cl| asciofriecsatailsm diefffliect | ttiha s.
0.99 for most classeg,ecahd$urbianganecfef.ecti ve pre
TableBy. 8bass performance metrics of LSTM mod

Leakage Detection over | ooped network aft
dataset| Class| Specificity Neg Pred Precision | Recall F1 Balanced
Value Accuracy
CC 0.99658 | 0.99855 | 0.98641 | 0.99420| 0.99029| 0.99539
GL 0.99950 | 0.99951 | 0.99800 | 0.99804| 0.99802| 0.99877
Test LC 0.99836 | 0.99678 | 0.99340 | 0.98710| 0.99024| 0.99273
NL 0.99953 | 0.99973 | 0.99812 | 0.99892| 0.99852| 0.99923
OL 0.99985 | 0.99925 | 0.99938 | 0.99698| 0.99818| 0.99841
CC 0.99691 | 0.99867 | 0.98773 | 0.99468| 0.99119| 0.99580
GL 0.99967 | 0.99961 | 0.99867 | 0.99843| 0.99855| 0.99905
Train | LC 0.99846 | 0.99708 | 0.99380 | 0.98829| 0.99104| 0.99337
NL 0.99965 | 0.99982 | 0.99861 | 0.99928| 0.99894| 0.99946
OL 0.99991 | 0.99943 | 0.99962 | 0.99770| 0.99866| 0.99880

The radaKi glhragot®f. i5Mdm t hese findings, i1l ust
between train and test results. Precision and
mai ntaining 0.998 or hi gher across al |l metr
generalization,atwobnhh brit wiemanl ddhdaset s. These r
model 6s robustness in |l eak detection for Loorg
minor room for i mprovement in LC classificati
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TableBg. 40ass performance metrics of RNN
Severity Assessment over | ooped networ

RNN . .| Neg Pred - Balanced
Model Class | Specificity Value Precision| Recall F1 Accuracy

minor 0.9424 0.8344 0.7865 | 0.5316 | 0.6344| 0.7370
LO_CC| moderatg 0.7864 0.8337 0.6454 | 0.7125 | 0.6773| 0.7495

severe 0.7857 0.8609 0.6721 | 0.7758 | 0.7203| 0.7807

minor 0.9555 0.8522 0.6876 | 0.3717 | 0.4826| 0.6636
LO_LC| moderatg 0.8251 0.7552 0.6583 | 0.5574 | 0.6037| 0.6913

severe 0.7072 0.9587 0.6984 | 0.9570 | 0.8075| 0.8321

minor 0.9651 0.8324 0.9032 | 0.6262 | 0.7396| 0.7956
LO_GL| moderatg 0.9990 0.9884 0.9402 | 0.5790 | 0.7167| 0.7890

severe 0.6367 0.9259 0.8202 | 0.9702 | 0.8889| 0.8034

minor 0.9581 0.8094 0.7761 | 0.3916 | 0.5206| 0.6749
LO_OL| moderatg 0.8254 0.8365 0.6480 | 0.6659 | 0.6568| 0.7456

severe 0.7557 0.9562 0.7246 | 0.9490 | 0.8217| 0.8523
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The bar charts representing key performan
classes further rei nfTarbdeeamd elPp gt tBaad msncehdser

accuracy remains consistently high for severe

model 6s strong ability tosdoséeésngorsmi oortilea
considerably | ower compareccihbdl sevesues!| ealkant.i
the confusion matrices. Preci sli osne vvearliuteys |reevneal
i ndicating t hat when the model predicts a g
confidence. However, the recall valwues for mirt

in LO_LC and LO_GL, underscopti mgi ndremicrhaarl | e@zs
patterns. This suggests that further refinemei

technigues