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ABSTRACT

The integration of Industry 4.0 technologics has transformed process industries by embed-
ding real-time analytics, automation, and data-driven decision-making into core operations.
Central to this transformation is the adoption of advanced fault detection and diagnosis
(FDD) systems and change point detection (CPD) methodologies; which are critical for en-
suring the safety, reliability, and cfficiency of industrial processes. In complex process units,
timely detection and isolation of faults arc paramount to prevent undesirable cvents that

could lead to operational downtime, financial losses, or catastrophic failures.

Traditional modeling approaches, such as First-Principles models and knowledge-based
techniques, often struggle to adapt to the dynamic and complex nature of modern industrial
processes. The variability and real-time updates inherent in these systems make it chal-
lenging for such models to provide accurate and timely insights. Data-driven approaches,
empowered by machine learning (ML) and deep learning (DL) algorithms, have emerged as
powerful tools to address these challenges by learning directly from process data. However,
conventional ML and DL methods may not fully capture the structural dependencies and

relational information present in industrial processes.

This thesis presents innovative solutions leveraging graph-based machine learning to en-
hance fault detection, change point detection, and multi-objective optimization in industrial
hydrocracking operations. Graph machine learning models offer significant advantages over
traditional methods by effectively handling structural data, capturing data dependencices,
cnabling enhanced representation learning through node embeddings, and improving gen-
cralization to new processes without extensive retraining. By representing process units as
nodes and their interactions as edges, graph-based models naturally encapsulate the complex

relationships within industrial systems.

Fault detection and diagnosis are addressed by developing a Spectral Weighted Graph
Auto-Encoder (SWGAE) framework that models multivariate time-series data as complete

graphs with weighted adjacency matrices. Training the model on normal operational data

iii
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allows for the establishment of thresholds to detect anomalies. This approach not only
identifies faults but also isolates the contributing variables by calculating their percentage
contributions, thereby pinpointing the source of anomalies within the process unit. Com-
parative studics demonstrate that the SWGAE method outperforms traditional techniques
such as Auto-Encoders (AE), Long Short-Term Memory networks (LSTM), and Dynamic

Principal Component Analysis (DPCA) in terms of accuracy and reliability.

To further enhance fault detection capabilities, a data-agnostic approach using Graph
Neural Differential Auto-Encoders (GNDAE) is introduced. This model integrates Graph
Convolutional Networks (GCNs) with a Graph Neural Differential Equation (GNDE) solver,
providing continuous paramecterization of hidden states. The GNDAE modcl treats the
necural network as a differential equation, allowing it to learn values at infinitesimal points
and capturc both spatial and temporal dependencices in the data. This continuous modeling
approach improves the understanding of underlying datascts and leads to highly accurate

fault detection results.

Change point detection is addressed by applying the GNDAE model within an unsu-
pervised learning framework. By modeling time-serics data as graphs and incorporating
contrastive learning techniques, the model effectively identifies significant changes in process
parameters, indicating the onset of faults or transitions in operational states. The model’s
ability to forecast feature values at subsequent time steps enhances its capability to detect
magnitude changes, outperforming traditional methods such as CUSUM and LSTM-based

approaches in chemical process case studies.

The importance of multi-objective optimization in industrial processes is emphasized,
particularly in hydrocracking operations—a critical process in petroleum refining that con-
verts heavy hydrocarbons into lighter, more valuable products like diesel, kerosene, and
aviation turbine fuel (ATF). Optimizing the hydrocracking process is essential for maximiz-
ing yields of desirable products while minimizing resource consumption, such as hydrogen,

thereby enhancing cconomic efficiency and contributing to sustainable resource utilization.

To address this, the thesis develops an Hydrocarbon Graph Neural Differential Equation
(HCGNDE) model that represents the hydrocracker unit by modeling the underlying partial
differential equations as graphs. Variables are represented as nodes, and their relationships

form the edges, capturing the axial dispersion of components through catalyst beds. The
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continuous parameterization inherent in the HCGNDE model allows for precise modeling
of concentration changes across the process. The model is then utilized for multi-objective
optimization to maximize the yields of ATF and diesel while minimizing hydrogen consump-
tion. Results demonstrate significant improvements, with hydrogen usage reduced by 25.5%
and yiclds of ATF and diescl maintained at high levels. This showcases the practical benefits

of applying graph-based machine learning to complex industrial optimization problems.

In summary, this thesis provides comprchensive solutions for enhancing the safety, re-
liability, and efficiency of industrial process units through advanced graph-based machine
learning techniques. By focusing on data-driven approaches aligned with Industry 4.0 ob-
jeetives, the rescarch addresses critical challenges in fault detection, change point detection,
and multi-objective optimization. The proposed methodologies leverage the structural and
relational properties inherent in industrial processes, offering robust, accurate, and scalable
solutions that outperform traditional methods. The findings have practical implications for
improving operational performance, reducing risks, and optimizing resource utilization in

critical industrial processes like hydrocracking.

KEYWORDS: Data-Driven Approaches; Industry 4.0; Fault Detection and
Diagnosis; Change Point Detection; Process Monitoring;
Graph Machine Learning; Machine Learning; Deep Learning;
Graph Representation Learning; Multi-Objective Optimiza-

tion; Hydrocracking Opecration; Industrial Processes
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AR

IR 4.0 Ui dl & U ihRul 4 aRdfdd IHY [aeyUl, IadiaH 3R Sel-ddiferd ol
o I 7 HdTaH | TS b Uldhar ST &l sad 161§ 1 59 URdd- &1 $g 3ad
aIY ugdH 3{R (&M (FDD) WUnieri $iR uRacdH [€g ugdH (CPD) USIddl &1 (UM 8,
S 3iTeNfiTep ufcharait 1 Re, faaRrdr 3R e YR o & fiu Asauut ¢ | Sifed
Uichar shrgdl ¥, 99 W GINT T Udl @HT 3R 3 S{e BT AiS-1 ge-rsil dl
R+ & [T GaUR g Sil uRdreaH sr3-ergd, [a<ii 96 a1 Yarag [dhadrs &1 aRul
CEREXS k]

yRuRe wisfein e, O & uya-Rigid disd 3R JH-31Rd dabdld, iRR
sirelfrer SNt ufdharsi &t Afaeid ok Sifed usHfa & srdpd g & fag Joy Sl
B | s gunfer § [Afgd uRada=iiddr 3R aRdfdd 9 & 3fdsc Uy Hisdl & fau 9cid
3R I R THBRI UG HIAT AU §91d © 1 A= @1 (ML) 3R S @ (DL)
UGENRGH RT IEd Scl-gdidd ¥, Uihar ser I g drRgadr g gHifadr &1
I B & U fdaene IUH0 & ¥g H IW g1 gldild, GRUR$ ML 3R DL
ATl sl uldsarsi ¥ Hise WA HriRdrsi iR 84RS STHHRI @ 9Ll dRe
I HER ol IR IHhdl o |

I IR SRR BI5S b idT IdIa- | &Y UgdM, URddH f6g UgdH 3R 9g-3e=01™
DA bl dgH & (AT ATH- SR HRAH Al BT A I8 ared 3 JHTeH Udd
AT B 1 TTH AR AT ATST IRFATHS Sl I UHIAT 63T J IHTAH, ST HyRaraif &
HER B, A6 WAIST & MerT ¥ I9d ufaFida dIRa & Gt d 3R A®
UTURIeor & faqr 93 uldharsi & o ImrdiaRor § UR dd URURS dRid] IR
Hg@UU] dH UGH &R g | UishaT 313l bl 4154 3R 39b Sear’ @l [G-RI & &g o
SRR, APH-3HTETRT Aied WiHfd® & U I {ieifie yunfedi & iR Sfed ddsl &l
FHIfRd HRA T

WA 4¢S UMW 3HIC-UADISR (SWGAE) hHdd [dbRId HRb &l UgdH 3R FgH oI
a1 faoaT ST § ol SgREReU! THI-4AdT Sel &l HIRT 3T-d D™ & A1 Yol Uik
& ¥ H Hlsd Hdl ¢ | GHRT IRETAE Sl R Alsd S Ufiféd H3- 3 faufaai & uar
T & QU ABIeS &1 RN I A el 61 98 PP 9 6Had Nl S ygdH
Hdl g, Sich 3% UfA=Id TRTGH B UM Hb TRTGH & aTdd <RI &1 Ui 3/e Hdl 6,
SRR Ul AT 3dbTs o HIaR ARl & Hid &1 udr dedl ¢ | Ja-IeTD =1 & udl dedl
? [ SWGAE 3 ¥ dr SR Y- & AMd § 3{lel-TAdIeR (AE), A1 Qic-cH
TRT Head (LSTM) 3R SH-fTe fifma due TR (DpcA) oRit YRuR$
ddb-11h| I dgdR U= HRdl g

QY Ugd &Hdisl &l 3R 4R 99 & o0, A% R [SHIR™E Hel-Tadhiex
(GNDAE) &I 3G b Scl-3311 €8 PIUN U] fdd] 741 5| 95 Hisd U b-alcgLd
ead (GON) DI ATH XA FSHIRMT THYF (GNDE) TiedR & 1Y Thidd Hdl o, ol




Ul g3 Ul & FRAR IRIHICRISSIRM UGH ®Rdl 6 | GNDAE HISd -Rd edd &l Udb
3R FHIHU & FY H AT 5, oR™ 98 3d fdgail )R 719 dRg 9&d1 © 3R Ser i
A® 3R dlfbd -l RRdrel &l ubs daodl g1 gg FRAR drsfen el siafifgd
STRIT B 9U ¥ GUR FT § 3R AAYP Jeldb Iy UgdH RO $i 3R o SIdl g
Uqd f§g UgdM & GNDAE Hisd @l Udh URIER fRreor gid & iR any @b
&I fda1 STl 81 9H3-9%adT Sl &1 A% & &Y H AT dray SR [AuRid fRrefor
ddb-ilab! &1 e dXds, AIS Ufshdl AIUCS| H HE@yUl YR &l YHTd! &7 1 ggdrdl
. ol Uiara (Ryfal # <INl a1 AebHUl ] Yo T &1 Udhd &dl 5 | AlSd bl &G & 0
RO T [GRYAT AT ST YA TR S &1, GRATT YRG! BT Gl T S 5!
AT B Gl B, S IS Ufham 37 1&gl § CUSUM 3R LSTM-3THTRd eff i
S URUR® dfld] A dgaR YaRH drdl g1

SEfd Ulcharsil § 98-3e=dd 3G & Hgd R SR &ar Ordm g, [dvy &g 4
BISSIbIhT FdIaH ¥ - UcIierad Qe ¥ Ush Hg vl Ulchar Sl HR1 g3 gidTad ol Slord,
PRIRF 3R [GHFA A9 34 (ATF) S G, 3Hi¥9@® dE Idral U giRkafdd adl
81 8IggIchidhi Ul @1 3ddhdd difedd Sdial &l UadR &l 3fdbdi &4 & v
ARG § olaid AT Y Dl HH F HH BRI, ol [ IS ioH, R e garar o
gi Bidl g 3R JURUY JA1eH IULRT H ARIGH A g

o e FRA & [T, RN U g5sIdbe Ah R [ShHR™A $$HRH (HCGNDE)
Tisd fa®Rid @dl § of siafifea sifres siar Tefieon &1 a% & =0 7 ArsfeiT s
BISSIch R 3BIs DI U@ BRI 5 | TR BT g o U H S=IAT I 5, 3R 3 dae
BRI BT ([T Hd §, SARD 86 & H1HH Y ITh] b ey bhad Bl hER dd o
HCGNDE Hisd # [fgd FRaR IReflerrgsie uishar & digdr uRad4l & dcia Arsfe
&1 3ufd <dr g1 fthy Hisd &1 IudlvT dg-3edlg srbad & fou feur Sidr ¢ dife
gISSIoH &I @Ud hl HH B gU ATF 3R Siold &l UGHR &1 i &A1 o I |
YR Ag@yU] IR UG RId B &, BIeSIoH & SULNT H 25.5% B dHI 315 o 3R ATF
3R SIod &I UGMaR 3o WR W &1 §% 6| 98 slicd i 3w Juars & iy
A%-ATETRA TR @11 bl A v & ATagIRe A1l &l gRidT g1

e ¥, gg SR 3d arb-sneia T=ii9 af+f ae-iiel & dreaa 9 siienfiie ufdan
SISl DI AR, [AYF-RIAT 3R &l de & (U ATUD JHTEH UGH Bl o1 I
4.0 Il & A1y ARId ScI-HTerd eFHIVI GR A dHigd B, ST QY BT Ydl
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