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Safety-critical process systems face challenges in fault diagnosis due to limited labeled failure data and complex non-
linear coupling between components. Purely data-driven Prognostics and Health Management (PHM) methods can
detect anomalies but often lack causal interpretability, limiting trust in safety-critical decision-making. This study
explores a knowledge-infused framework that integrates Multilevel Flow Modeling (MFM), a functional modeling
approach that encodes causal reasoning, into a Graph Neural Network (GNN) based diagnostic architecture. We
construct a multi-relational graph representation where nodes represent system components and edges capture phys-
ical connections (mass/energy flow/control logic) and causal relationships (means-end relations). MFM knowledge
is injected into the GNN through (1) differentiated graph structures reflecting physical and causal dependencies,
and (2) causality-aware loss functions enforcing consistency with MFM propagation paths. Preliminary validation
on a Minox deoxygenation system demonstrates that incorporating MFM-based functional constraints enhances
Top-1 diagnostic accuracy by 10.0% compared to standard physical-topology GNNs, achieving a Top-3 accuracy of
98.5%. The framework’s explainability is showcased through diagnostic heatmaps, providing a proof-of-concept for
traceable decision support. This study explores the potential of bridging symbolic functional reasoning and graph-
based deep learning, offering initial insights into enhancing the interpretability of safety-critical PHM.

Keywords:  Prognostics and Health Management (PHM); Causal reasoning; Graph Neural Network(GNN);
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1. Introduction to bridge this gap by representing industrial sys-
tems as structured graphs, where nodes symbolize

Prognostics and Health Management (PHM) is
sensors or components and edges capture the com-

an integrated framework combining monitoring,
diagnosis, and prognosis to support maintenance
decision-making in complex industrial systems
(Qiu et al., 2023). In recent years, data-driven
deep learning (DL) has become the cornerstone
of PHM due to its powerful feature representa-
tion capabilities (Yu and Zhang, 2023). However,

plex underlying dependencies or physical cou-
plings between them (Zhou et al., 2020). The
principle of GNN-based fault diagnosis is to learn
the high-dimensional topological representations
of a system by capturing the dependency patterns
between sensor nodes (Chen et al., 2021). Recent

standard DL models like CNNs or RNNs often
treat sensor data as independent streams, failing to
explicitly capture the structural interdependencies
and heterogeneous physical meanings of multi-
sensor measurements (Moradi and Groth, 2020;
Li et al., 2022). This "black-box” nature leads to
a lack of causal interpretability, which is critical
for trust in safety-critical decision-making (Taqvi
etal., 2021).

Graph Neural Networks (GNNs) have emerged

studies have applied Graph Convolutional Net-
works (GCNs) to learn topology-aware features
from vibration signals and process variables, im-
proving accuracy in system-level and component-
level health assessments (Ruiz-Tagle Palazuelos
et al., 2020). Furthermore, research by Nguyen
and Chioua (2024) has shown that embedding
fault propagation paths directly into GNN ar-
chitectures can enhance performance by captur-
ing how anomalies move through chemical pro-
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cess topologies. By analyzing node activations
within these graph-based paths, it becomes pos-
sible to verify diagnostic decisions and improve
system reliability. Studies on adaptive GNNs have
demonstrated the ability to dynamically construct
graph structures that reflect complex sensor rela-
tionships in three-phase flow systems, effectively
extracting fault features for multi-class diagnosis
(Ouyang and Jin, 2024). By integrating attention
mechanisms, GNNs can further isolate informa-
tive sensors and highlight suspicious fault prop-
agation paths, offering a degree of visual inter-
pretability (Lv et al., 2022).

Despite these advances, a significant challenge
remains: most GNN-based diagnostics rely on
data-driven graph construction (e.g., K-nearest
neighbors or similarity matrices). Such graphs
often capture statistical correlations rather than
true physical or functional causality, potentially
leading to misleading diagnostic results in safety-
critical systems. Furthermore, purely data-driven
models struggle when faced with the scarcity
of labeled failure samples common in high-
reliability processes. To ensure both robustness
and transparency, it is essential to incorporate do-
main knowledge into the network architecture or
loss functions (Dash et al., 2022).

In this study, we propose an exploratory
knowledge-augmented GNN framework designed
for explainable root cause analysis. By leveraging
Multilevel Flow Modeling (MFM), a functional
modeling approach that encodes causal reason-
ing between system goals and component func-
tions, we define a causal topology to guide the
representation learning within the GNN. Moving
beyond purely data-driven pattern matching, our
approach incorporates MFM-derived constraints
to guide the network toward physically consis-
tent reasoning, potentially enabling the inference
of faults in components with limited sensor cov-
erage. The primary contributions of this paper
are: (1) knowledge-infused graph construction,
which integrates MFM functional logic with phys-
ical mass/energy flows to build a multi-relational
graph representation that captures both struc-
tural and causal dependencies; and (2) explain-
able root cause localization by generating node-

level anomaly scores, visualized as diagnostic
heatmaps, to trace failure origins. This provides
a proof-of-concept for achieving transparency in
safety-critical PHM and establishes a method-
ological foundation for integrating functional rea-
soning into deep learning-based diagnosis.

2. Background
2.1. Multilevel Flow Modelling (MFM)

MFM is ontology-based qualitative reasoning in
the field of explainable Al methods (Lind, 2011).
It represents the goals and functions of com-
plex industrial processes through a hierarchical
abstraction. Unlike purely physical schematics,
MFM deconstructs a system into three distinct
layers: objectives (goals), functional flows (mass,
energy, and control information), and physical
components. Objectives or goals define the de-
sired operational states (e.g., maintaining reactor
temperature). Functional Flows model the move-
ment of mass, energy, and information using stan-
dardized functions such as Source, Sink, Trans-
port, and Storage. The core strength of MFM
lies in its means-end hierarchy, which explicitly
defines the causal dependencies, linking a phys-
ical component’s behavior to the fulfillment of a
higher-level function, and subsequently to the sys-
tem’s goals. By utilizing standardized flow struc-
tures, MFM provides a robust semantic backbone
for diagnosing fault propagation paths, moving
beyond simple connectivity to functional causality
(Song et al., 2023; Lind and Zhang, 2014). Fig.
1 shows how MFM models are constructed and
applied.

2.2. Graph Neural Network (GNN)

GNNSs are suitable for reliability engineering ap-
plications, as industrial systems are inherently
structured as networks of interdependent com-
ponents, forming non-Euclidean graph topolo-
gies that conventional machine learning methods
struggle to represent. A Graph G is a mathemat-
ical structure used to model pairwise relations
between objects. It is formally defined as a tuple
G = (V,€&), where: (1) Nodes (Vertices): V =
{v1,v2,...,v,} represents the set of n entities
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Fig. 1. MFM method for process knowledge manage-
ment using MFM workbench. (Li et al., 2025)

within the system. Each node v; is typically as-
sociated with a feature vector x; € RY, which
encapsulates its local attributes. The collective
features are represented by the matrix X € R™*<,
(2) Edges: £ C V x V denotes the set of links
between nodes. An edge ¢; ; € £ indicates a de-
pendency or relationship between node v; and v;.
(3) Adjacency Matrix: The topological structure
is encoded in a matrix A € {0,1}"*", where
A;j = 1if (v5,v;) € €, and 0 otherwise.

At the core of a GNN is the message-passing
mechanism (Gilmer et al., 2017), which iteratively
aggregates information from a node’s neighbors
to update its latent representation. Formally, for a
node v;, the hidden state hl(-lH) at layer [ + 1 is
updated as:

p{* — UPDATE® (hEl),AGGREGATE(” ({n,

vj EN()}))
(D)

where N(7) denotes the set of adjacent nodes. In
a standard Graph Convolutional Network (GCN),
this simplifies to a weighted sum of neighbor fea-
tures followed by a non-linear transformation:

1
ht — g w0 ) @

dud;

>

JeN (i)ufi}

where d represents the node degree and W is
a learnable weight matrix, and o is a non-linear
activation function.
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3. Proposed methodology
3.1. Multi-relational graph construction

Industrial process systems are essentially a com-
posite of physical entities and logical rules, mod-
eled as a multi-relational heterogeneous graph.
Rather than a single homogeneous connectivity
matrix, the system topology is decoupled into
several functional domains based on physical and
logical principles:

e Physical flow layers (A,nys): Represent
the directional transport of mass and en-
ergy, governed by conservation laws.

e Control & Information layers (A tr1):
Map non-physical feedback loops and
signal dependencies between sensors and
actuators.

e Functional hierarchy layers (A, fn,):
Represent the Means-End causality, link-
ing low-level components to functions
and to high-level system goals.

The system topology is no longer defined by a
single matrix, but rather by a tensor representation
composed of a set of heterogeneous relationship
matrices:

A= {AT}E:D Ar e {Oal}NXN
where A is the adjacency matrix. For each rela-

tionship 7 € {mass, energy, control, means-end},
the matrix element is defined as:

1, if a directional r-type influence

(Ar)ij = exists from 7 to j

0, otherwise

The significance of this multi-relational graph
construction lies in its ability to translate domain-
specific engineering knowledge into a machine-
readable topological prior. By decoupling the
complex interdependencies of industrial processes
into specialized relational domains, the frame-
work provides a robust foundation for explainable
graph reasoning, moving beyond simple correla-
tion to causal-aware fault localization.
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3.2. Feature matrix construction

To represent the comprehensive state of the indus-
trial system, a multi-dimensional feature matrix
X e RNVN*D i constructed, where N is the num-
ber of nodes and D is the total feature dimension.
The feature vector for each node ¢ is formulated
as a concatenation of four distinct information
modalities:

X; =[S || T3] 3)

where S; represents sensor data, 7; represents
node type.

3.2.1. Observation features: Sensor data

The sensor data (S;) component captures real-time
physical observations from sensors (e.g., temper-
ature, pressure, and flow rate). For each node 7 in
the GNN-MFM graph, a fixed-length observation
vector Si € R¥ (where k is the maximum feature
slots) is constructed to maintain a uniform input
tensor shape for the GNN:

S; = [norm(s;,1),norm(s;2), ..., norm(s; x)| € RF

e Normalization: All raw readings (e.g.,
pressure, temperature) are scaled to a
[0, 1] range to eliminate unit discrepan-
cies.

e Feature alignment: For nodes with fewer
than k sensors, a zero-padding is applied.

3.2.2. Semantic features: Node type

To bridge the gap between raw data and phys-
ical meaning, node type (7;) is proposed as a
functional semantic mapping layer. Components
are grouped into broader functional classes (e.g.,
flow control, energy transformation, or material
separation). Physical laws that apply to a class
of devices regardless of their specific location in
the plant. This categorical identity is encoded as a
One-hot vector:

T =[ti1,ti2, ... tim] € {0, 1}M

where t; ; = 1 if node i belongs to category
7. This encoding serves as a structural prior, al-
lowing the GCN layers to distinguish between dif-
ferent types of message passing, for instance, pri-

oritizing energy-related features when traversing
nodes of heat devices. By fusing these static func-
tional semantics with dynamic physical states, the
model achieves a deeper understanding of the
heterogeneous nature of the complex engineering
system.

3.3. Multi-relational GNN architecture

The proposed multi-relational GNN architecture
is designed to perform root cause localization
by integrating multi-relational physical topolo-
gies with MFM-informed causal constraints. The
framework consists of six stages as illustrated in
Fig. 2. The contribution of this architecture can be
found in Table 1.

Multi-relational topology and feature fusion
can be found in Section 3.1 and 3.2. The core
of the model is an n-layer Graph Convolution
Network (GCN). Each layer performs message
passing where node features X are updated by
aggregating information from neighbors across all
relational graphs. The transformed graph is fed
into a classification layer (MLP Scorer). The MLP
maps the high-dimensional latent features of each
node to a scalar score S € [0,1]. These scores
are visualized as a diagnostic heatmap, where the
node with the highest score is identified as the
most probable root cause (Top-1).

3.4. MFM-guided causal constraints

To ensure the diagnosis aligns with physical logic,
edge-level causal constraints based on MFM are
implemented. This mechanism penalizes anomaly
scores that violate the established means-end
paths, A, s, enabling the model to distinguish
between the actual source of a fault and its down-
stream symptomatic neighbors. Since neural net-
works are probabilistic models prone to logical
errors, by incorporating pred[dst] — pred|[src]
into the loss function, we enforce the industrial
principle that upstream fault scores must exceed
downstream ones. The total loss represents as fol-
lows:

Liotar = LBCE+/\'7|8 |
MFM
(u,v)EEMFM

“
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Fig. 2. Multi-relational GNN architecture.
Table 1. Comparison of GNN and proposed GNN-MFM method.
Component Baseline GNN (Ruiz-Tagle Palazuelos et al., 2020) GNN-MFM

Graph Structure Single graph
Number of the graph 1 (physical connection)
Domain knowledge X
Output Binary classification (healthy/unhealthy)
Extra constraint method X

Multi-relational
5 (liquid/gas/energy/control/means-end)
MFM-guided constraints
Heat map (anomaly score for each node)
Edge-level causal constraints

where (u,v) € Enpa represents a causal edge
in the means-end diagram, where « is the means
(cause) and v is the end (effect). |Enpas| repre-
sents the total number of edges in the MFM causal
graph. S,, and S,, are the anomaly scores output by
the model. ~ is the margin parameter.

4. Case study
4.1. Process description

The Minox system deoxygenates seawater for oil
and gas platforms through a gas-stripping cycle,
shown in Fig. 3. Seawater is mixed with stripping
gas in separators (SP1/SP2) to remove oxygen; the
rich gas is then heated and reacted with methanol
in a deoxidizer (DeoX) to catalytically remove the
captured oxygen. This exothermic process purifies
the gas for continuous reuse in the stripping loop.
Table 2 lists the components with related sensors.

4.2. Feature matrix

Each node is characterized by a 10-dimensional
feature vector x; € R, Nodes of the GNN-
MFM graph can be found in Fig. 4, including
all the component nodes and the goal node. 2
types of features are included in the X matrix, the
first 4 dimensions store the sensor data. Dim 4-

0!

Fig. 3. The Minox system in a water injection system
flow chart. (Li et al., 2026)

9 represents the node type, listed as follows. The
feature matrix X matrix is shown in Eq. 5.

Valve: [0, 6, 7]
Mizxer: [1, 8]
Separator: [2, 9]
Heat device: [3, 4, 5]
Driver: [10]

Goal: [11]

4.3. Multi-relational graph design

The goal of the Minox system is to decrease the
oxygen content realized by the separation function
and the effectiveness of the reaction. Based on the
MFM knowledge and the physical layout of the
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Table 2. Component of the system and related sensors

Component ID  Related sensor  Type (units) Node Sensors (Dim 0-3) Type (Dim 4-9)
LCVO01 (0,0,0,0] [1,0,0,0,0,0]
Separator I 2 ;8811 1&“‘“'1 (%>kp Mixerl [0,0,0,0] [0,1,0,0,0,0]
ressure (kPa o o
TTO06 Temperat(ure ) Sepl [LCy1, PCo1,TT06,0] [0,0,1,0,0,0]
°C) HE  [T'Tus, TTo3, TTor, TTog] [0,0,0,1,0,0]
Heat exchanger 4  TT06, TTO03, Temperature Diox [TTo1,TTo3,TTo7, TToe] [0,0,0,1,0,0]
TTO07, TT09 (°O) X = | Heater [0,0,0,0] [0,0,0,1,0,0]
Dioxidizer 4 TTO1, TTO03, Temperature TCV [0.0.0 O] [1 0.0 0.0.0]
TT07, TT02 (°C) T o
Blower 10  Pp2 Power (%) LC.VOZ [U’O’O’O] [1’0’ 0, 0"0’0]
Separator 2 9 LCO02 Level (%) Mixer2 [0,0,0,0] [0,1,0,0,0,0]
PCO7 Pressure (kPa) Sep2 [LC[)27 PCyz, FTyy, OTOl] [07 0,1,0,0, 0}
FTO1 Flow rate Blower [PP,,0,0,0] [0,0,0,0,1,0]
(m®/h) Goal [0Tp1,0,0,0] [0,0,0,0,0,1]
OTO01 Oxygen - (5) -

content (ppb)

components, the relations represented in the adja-
cency matrix are listed in terms of mass, energy,
control, and means-end edges guided by MFM, as
shown in Fig. 4.

e Energy edge: (5, 4), (4, 3),(3,4), (10, 1)

e Mass edge: Liquid: (0, 1), (1, 2), (2, 7), (7, 8);
Gas: (2, 3), (3, 4), (4, 3), (3, 8), (8,9), (9, 10),
(10, 1), (1, 2), (6, 8)

e Control edge: (2, 0), (9, 7), (4, 6)

e Means-end edge: Function-goal edge: (4, 11),
(5, 11), (2, 11), (9, 11); Component-function
edge: (5, 4), (10, 4), (0,2),(7,9), (6, 4)

According to the relations listed above, the
multi-relational adjacency matrix A € R5*12x10
is defined as:

A= {Aliqu Agas-, Aengv A(:t'rlv Amfm}

where the definition of each submatrix A, fol-
lows:

1, ifedge (i, 7) exists in relation r
(Ar)ij = .
0, otherwise

The submatrix A, is shown as follow:

4.4. Dataset generation

The experimental dataset is generated from a
semi-physical simulation of a typical industrial
Minox process, comprising 12 key functional
units such as the LCVO1 valve, heater, blower,
and separators. We simulated three representative
fault scenarios: blower failure, heater failure, and
LCVOI1 failure. A total of 1,200 samples were
generated. To replicate real-world industrial envi-
ronments, Gaussian noise A/(0, 0.05) was injected
into all sensor readings to simulate measurement
uncertainty. The three failures are injected based
on the failure propagation paths identified by
MFM to mimic the failure fingerprint.

4.5. Experiment setup

The proposed model employs a GCN architecture
consisting of 3 layers to capture long-range fault
propagation, which captures diverse physical de-
pendencies (mass, energy, and control). To miti-
gate the over-smoothing problem in deep GNNs,
aresidual link is integrated to preserve the original
sensor fingerprints from the input stage. The final
classification is performed by a single-layer MLP
with a Sigmoid activation, yielding a root-cause

0000---0 probability for each component.
0010---0
Ages = 000L---0 4.6. Results and discussion
R As shown in Table 3, the performance gain from
0100---0/ 5 10 Model A to Model B suggests that integrating
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Fig. 4. GNN-MFM multi-relational graph of the Minox system

multi-domain layers (energy and control) helps
resolve diagnostic ambiguities that mass-flow data
alone cannot capture. The final improvement to
74.0% in Model C confirms that incorporating
MFM-defined causality, specifically, Means-End
logic, effectively guides the GNN from identi-
fying mere statistical correlations toward inter-
pretable, physics-based reasoning.

MPM-GNN Disgrostic Heatmap

Fig. 5.
tecture

Heat map for the multi-relational GNN archi-

While the MFM-GNN achieves higher overall
performance, we observe confusion between TCV
and Heater failures, as shown in Fig. 5. This
is physically justified, as both faults manifest as
temperature anomalies in the heat exchange zone,
making them inherently coupled. The high score
of the TCV (0.735) is physically consistent with

MEFM functional dependencies, as the TCV regu-
lates the flow directly impacting the deoxidizer’s
performance. This demonstrates the model’s abil-
ity to identify the causal chain rather than just
isolated anomalies, validating the effectiveness of
the knowledge-infused constraints. While finer-
grained features or relations may be required to
decouple these specific mechanisms to allow for a
clear distinction, the 98.5% Top-3 accuracy holds
significant practical value. In real-world opera-
tions, this allows maintenance teams to focus on
only 3 candidate components instead of 12, ef-
fectively reducing the diagnostic search space by
75% for the vast majority of cases.

5. Conclusion

In conclusion, this study demonstrates the fea-
sibility of the MFM-GNN framework in bridg-
ing the gap between data-driven graph networks
and knowledge-based functional modeling. By
embedding physical constraints and MFM causal
logic into the message-passing mechanism, the
model learns to identify anomalous propaga-
tion patterns rather than relying on static feature
matching. This enables the framework to localize
root causes that follow the underlying physical
laws defined in the MFM graphs, even with lim-
ited historical data.

Although the high Top-3 accuracy confirms the
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Table 3. Comparison of the experiment results of different model
Model Graph Type MFM-based constraint  Top-1 Acc ~ Top-3 Acc
A: Physical-GNN Ajigs Agas X 64.0 93.5
B: Multi Physics-GNN Ajigs Agass Acirl, Aeng X 68.5 96.0
C: MFM-GNN (Proposed)  Ay;q, Agas, Acirls Aeng v 74.0 98.5

model’s ability to narrow down the diagnostic
search space, the current Top-1 performance re-
veals challenges in definitively distinguishing be-
tween functionally coupled root causes, such as
TCV versus heater failures, which exhibit nearly
identical sensor signatures. To move beyond these
ambiguities, future work will focus on enrich-
ing the model’s knowledge base by incorporat-
ing more granular functional relationships and
domain-specific approaches. This includes de-
signing a refined architecture capable of capturing
multimodal process data (like actuator feedback)
to better isolate specific component signatures
within functionally similar failure clusters.
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