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ABSTRACT: Industrial fault diagnosis is a critical challenge in complex systems, where sensor data is often noisy
and interdependencies between components are difficult to capture. Traditional methods struggle to effectively model
these complexities. This paper presents a novel approach by transforming fault diagnosis into a graph recognition
task, using sensor data represented as graph-structured data with the k-nearest neighbors (KNN) algorithm. A Graph
Transformer is applied to extract node and graph features, with a combined loss function of cross-entropy and weighted
consistency loss to stabilize graph representations. Experiments on the TFF dataset show that Graph Transformer
combined with consistency loss outperforms conventional methods in fault diagnosis accuracy, offering a promising
solution for enhancing fault detection in industrial systems.
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1 Introduction

With the rapid development of modern industry and manufacturing, the scale of industrial systems has
expanded, their structures have become increasingly complex, and the operation and maintenance costs have
risen sharply. In this context, effectively mitigating system performance degradation, avoiding productivity
loss, and preventing potential safety hazards have become critical issues that need to be addressed in the
industrial sector [1]. Timely and accurate identification of system operating conditions and fault diagnosis
are of great significance for ensuring the safe and stable operation of industrial production and extending
the lifespan of equipment [2-4].

Currently, modern industrial systems are typically equipped with large-scale monitoring networks
consisting of numerous sensors and measurement devices, generating data with high dimensionality and
strong coupling characteristics. Due to the complex interactions between components in industrial systems,
local faults often propagate through the process, causing multiple monitoring parameters to go abnormal [5].
This “one cause, multiple effects” fault propagation pattern results in highly nonlinear fault features [6].
Traditional detection methods, which rely on manual experience, are not only inefficient but also struggle to
handle increasingly complex industrial scenarios.

The rapid advancement of computer technology and real-time sensor monitoring techniques have
provided new technical pathways for automatic industrial fault diagnosis. The vast amount of data collected
by sensors provides strong support for fault diagnosis in industrial systems, leading to a growing demand for
data analysis. Currently, intelligent fault diagnosis methods can be broadly classified into three categories:
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model-based methods, knowledge-driven methods, and data-driven methods [7,8]. Model-based diagnostic
methods, although they have clear physical significance, heavily rely on precise system modeling. When
dealing with complex industrial systems, they face challenges in terms of modeling difficulty and high
costs. Knowledge-driven methods, such as expert systems, avoid complex modeling processes and offer
good interpretability, but their diagnostic performance is severely limited by the completeness of the expert
knowledge base. In contrast, data-driven methods, such as deep learning [9] and transfer learning,can
automatically extract fault features from massive monitoring data without requiring prior system knowledge.
These methods are efficient in modeling and highly adaptable, offering significant advantages. By utilizing
multi-layer nonlinear neural networks for feature learning from raw data, these methods transform the fault
diagnosis problem in complex industrial systems into a pattern recognition task for multi-source time-series
signals, which has attracted widespread attention in both academia and industry in recent years.

However, most existing data-driven methods focus on analyzing signals from individual sensors
and process structured data in Euclidean space, while neglecting the inherent topological structure and
dynamic coupling relationships between components in industrial systems [10,11]. This approach struggles
to accurately characterize the complex interaction mechanisms found in real-world industrial systems [12].
In fact, graph data is naturally suited for describing systems with topological relationships [13]—mapping
each sensor to a graph node and modeling the interactions between components as edges allows the
system’s operational state to be represented as a dynamic graph structure [14]. Graph-based algorithms
have demonstrated unique advantages in industrial fault diagnosis, with Graph Neural Networks (GNNs)
emerging as a research hotspot due to their excellent capability to extract topological features [6,15]. GNNs
can effectively capture spatial dependencies between components and construct diagnostic systems by
modeling graph data, thereby transforming fault diagnosis into a graph classification task [16,17].

It is worth noting that traditional GNNss still have significant limitations during application: Incon-
sistency in feature representation between layers during model training can negatively affect diagnostic
performance [18]. This issue manifests as inconsistent similarity patterns when graph representations evolve
through the network. For example, as shown in Fig. 1, although Graph 1 is more similar to Graph 2 than
to Graph 3 at the first layer, the relationship reverses at the second layer. This change in relative similarity
indicates that the internal feature hierarchy becomes unstable as depth increases, which is inconsistent with
the properties expected of a high-quality feature extractor—one that should maintain feature stability across
layers. To address the challenge, this paper proposes a graph Transformer-based fault diagnosis method
optimized for consistency. The proposed method provides a new technical approach for fault diagnosis in
complex industrial systems. The following sections will detail the methodology, experimental validation, and
result analysis. The main contributions of this paper are outlined as follows:

1. Graph-Based Modeling of Multi-Sensor Data: We model multi-sensor data as graph structures, treating
each sensor as a node and dynamically constructing edges based on inter-node similarity. A Graph
Transformer is then employed to extract graph features through attention mechanisms, enabling
adaptive modeling of complex inter-sensor relationships.

2. Consistency-Constrained Graph Representation Learning: To address the feature inconsistency issue
across different layers in graph neural networks (GNNs), we introduce a consistency-guided graph
representation learning strategy. By encouraging aligned representations across network layers, the
proposed method yields more stable graph representations.

3. Performance Verification on the TFF Dataset: Experimental results on the TFF dataset demonstrate
that our method achieves superior diagnostic performance compared with several existing GNN-based
approaches. Ablation studies further verify the effectiveness of the proposed consistency loss.
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Graph3
GNN layer 1 similarity: sim(G1, (-2) >sim(G1, G3)
GNN layer 2 similarity: sim(G 1, 2) <sim(G 1, G3)
GNN layer 3 similarity: sim(C: 1, ¢.2) >sim(C: 1, G3)

Figure 1: Example of inconsistency in Graph neural networks

2 Proposed Method

In this paper, we propose a novel method ConGTransformer to enhance the performance of Graph
Neural Networks (GNNs) by enforcing consistency in graph representations across different layers. We use
Graph Transformer [19] as the feature extraction backbone, leveraging a consistency loss to ensure the
relative similarities of graphs is preserved at each layer of the model. The core innovation in our method
is the introduction of consistency loss, which ensures that the relative similarities between graphs remain
consistent across layers.

2.1 Overview of Proposed Method

As shown in Fig. 2, we propose a novel method ConGTransformer for fault diagnosis in complex
industrial systems, leveraging the strengths of graph-based techniques and deep learning. Initially, sensor
measurements are modeled as graph-structured data using the k-nearest neighbors (KNN) algorithm [20,21].
Each sensor node is connected to its k most similar neighbors, forming a graph that represents the
relational structure of the sensor data. These graph representations are then passed through multiple
Graph Transformer layers, which aggregate neighboring node features using the multi-head self-attention
mechanism. Then we use a readout function to aggregate node-level features into graph-level features.
After that, the graph-level features are fed into a multilayer perceptron (MLP) for classification, where
the final diagnosis is made. To ensure the consistency of graph representations across Graph Transformer
layers, a consistency loss is introduced, in addition to the cross-entropy loss. This combined loss function
helps preserve the ranking of similarities between graphs across Graph Transformer layers and ensures
that the learned representations of the graphs remain stable and consistent, significantly improving fault
diagnosis accuracy.

2.2 Problem Formulation

Let the industrial system consist of n sensors. For each sensor v; (i =1,2,...,n), the raw time-series
signal generated during its operation is a long-span sequence, which is hard to perform real-time fault
diagnosis. To address this problem, we use a sliding window to extract stable short-term signal fragments
for characterizing the system state around a specific time: given a window size d, the signal fragment of the

i sensor component is a d-dimensional vector x; € R,
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Figure 2: Framework of the proposed fault diagnosis method

I

Due to the complex interactions among the sensors in the industrial system, we use an undirected input
graph G = (V, E) to model the system state, where each v; € V corresponds to a sensor in the industrial
system, the node feature matrix is X = [x}, x2, ..., x”]T e R"™4,

Then we use edges to represent the interactions between sensors, which are determined by the
similarity of node features. For a pair of distinct nodes (v;,v;), the similarity between them is defined as:
Sij = m Given a similarity threshold 0, an edge e; ; € E if and only if 5; ; > 6. The number of edges
connected to node v; is k; = 7, ;.; [ (si,; > 6), where I(-) denotes the indicator function. The adjacency
matrix A € R™", is defined such that A[i, j] =1 if and only if ¢; ; € E, otherwise A[i, j] = 0. The task of
industrial system fault diagnosis is to train a model f(-), which maps the current state G € G of the system

to alabel y € Y.

2.3 Graph Transformer

In this work, we adopt Graph Transformer [19] as the feature extraction backbone. Similar to the
standard Transformer, it incorporates graph structure by restricting attention to node neighborhoods,
enabling the model to capture meaningful sensor interactions.

Specifically, we use a L-layer Graph Transformer to aggregate node features. Given the input features of
the I layer H(!) = [hfl), hgl), o> hgl)]T e R™4 (HM = X), We first project the features of the target node
i into query vectors qgll) € RP, and project the features of the source node j into key vectors kél]) e RP and
value vectors vgfj.) € R as follows:

g\ = wn" 4 b, (1)
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then, we compute multi-head attention weight for each directed edge from source node j to target node i as
follows:

() U ))
) B (qc,i’ c,j
c,ij (4)

2 ueN(i) (qglz)’k%),

T
where (g, k) = exp (?/—Bk) represents a scaled dot-product attention function with exponential normalization,

and D denotes the hidden dimensionality of each attention head. For the cth attention head, the targrt node

(l), key

features hfl) and the source node features h](.l) are independently projected into query vectors q_ ;

vectors kgl]) and value vectors vgl j) using distinct trainable parameters WC(,lq) e RPx4, WC( Q e RPx4, WC(,ZV) €
RP, b} e RP, b) e RP, b)) € RP.
Once the graph-based multi-head attention is computed, we perform message aggregation from source

node j to target node i. This process is illustrated as follows, where | denotes the concatenation of outputs
from all C attention heads.

W15 Y el ®)
jeN (i)
Then, a gated residual connection is used to prevent our model from oversmoothing as follows:
rD = wOp® 4, 6)
Bl = sigmoid(W{" A"V r(D D - r(D)), ?)
hfm) = ReLU(LayerNorm((1 - ﬁl(,l))flfm) + ﬂfl)rgl))). (8)

After L Graph Transformer layers, the output features H('+1) ¢ R"*¢ are subjected to global add pooling
to obtain the graph-level feature H**) € R¢. Subsequently, a multi-layer perceptron (MLP) is employed as
the classifier for the final fault diagnosis.

2.4 Consistency Loss

In this paper, a novel representation consistency loss is used to improve the stability and consistency
of graph representations across layers in Graph Neural Networks (GNNs). Our key idea is to encourage
the pairwise similarity ordering of graphs to remain consistent throughout the message-passing process. To
achieve this, we adopt a probabilistic framework [18], which allows us to define a differentiable objective
based on pairwise comparisons—thus avoiding the non-differentiability of direct ranking-based losses.

2.4.1 Problem Formulation

Let H) ¢ R”*? denote the graph-level embedding matrix at the /th Graph Transformer layer which is
obtained by performing global add pooling on H("), where m is the number of graphs in a batch, and d is
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the feature dimension. We define the cosine distance between two embeddings Hl(l) and HEI) as:

0, 10y
Df]l) =1- COS(HSI),HEZ)) =1- (l)—](l) (9)
[ G

This results in a symmetric distance matrix D() ¢ R™*"

For a centered triplet (hy, h;,h;), we define the predicted probability that hy is more similar to h; than
h; as:
30) (1) _ p 1
P;’(k)=0(D,; -D;/) = (10)
! ( k ki ) 1+ exp(D,(clj) - D](Cll,))

where o(-) denotes the sigmoid function.

Given the distance matrix from the previous layer, the target probability that graph hy is more similar
to graph h; than to graph h; is defined as:

(1-1) 1 . (1-1) (1-1)
P (k) = 5 (1+szgn(Dkl, -Dy; )) (11)

2.4.2 Consistency Loss

To enforce consistency of similarity orderings across layers, we minimize the cross-entropy between the
predicted and target probabilities for each triplet:

L8, k) = =P{ 7 (k) log P (k) - (1= PV (k) ) log (1 - £ (k) (12)

The overall consistency loss for layer [ is then obtained by summing over all valid triplets in the batch:

I L n,. .
L) oteney = 2 O LE (G0 ji k) (13)
k=11i,j=1
i*j

This loss encourages local relational consistency with respect to each anchor hy, maintaining the
semantic structure of representations across layers.

2.4.3 Final Objective

The total training loss combines the standard task-specific objective with our proposed consistency
constraint:

1
-Ltotal = £cross—entropy +A- Z 'Lgoglsistency (14)
1

where A is a hyperparameter controlling the strength of the consistency regularization.

3 Experimental Study
3.1 Data Description

In this study, we use the TFF dataset obtained from the Three-Phase Flow Facility at Cranfield University
to evaluate the performance of the proposed method. The experimental system has been described in detail
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in the work of Ruiz-Carcel et al. [22]. As shown in Fig. 3, the TFF system is equipped with 24 sensors that
measure temperature, pressure, and flow rates of air, water, and oil.
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Figure 3: Sketch of the three-phase flow facility

The dataset includes normal operation data as well as data corresponding to six fault types that may
arise in real-world operations, with the number of samples for each fault type provided in Table 1. The
data is collected under both steady-state and varying conditions, ensuring that it captures a wide range of
system behaviors. The sensors sample data at a frequency of 1 Hz, providing detailed information on system
performance over time. In this experiment, we segment 50 s of data for each sample.

Table 1: Sample distribution for the TFF dataset

Dataset Fault type Sample count
Fault 0 194
Fault 1 172
Fault 2 433
TFF Fault 3 226
Fault 4 106
Fault 5 96
Normal 667

For fault data collection, the TFF system initially operates in a normal state. Faults are then injected

into the system, and the faults develop progressively from minor to severe. Once the fault condition reaches
a predefined threshold, fault injection is stopped, and the system is allowed to gradually return to normal.
This process creates data that includes the transition from normal to fault states, as well as the recovery from
faults, providing valuable information for fault detection and diagnosis models.
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This fault injection strategy ensures that the dataset contains a variety of fault conditions and normal
operation data, allowing for a comprehensive evaluation of fault detection algorithms. The data is structured
in a way that supports training, validation, and testing of models that aim to detect and diagnose faults in
pressurized systems.

3.2 Experimental Setup
3.2.1 Baseline Methods

To comprehensively evaluate the effectiveness of the proposed method, we compare it against four
representative baseline methods, including GCN [16], GAT [23], IAGNN [24] and GraphSAGE [25]. The
selected methods are as follows:

1. GCN: GCN learns feature representations from graph-structured data, enabling effective processing of
data in non-Euclidean spaces.

2. GAT: GAT uses attention mechanisms to assign different weights to neighboring nodes, enabling
efficient and flexible feature aggregation on graph-structured data without requiring prior knowledge
of the graph topology.

3. IAGNN: IAGNN models sensor interactions as multiple edge types in a heterogeneous graph, extracts
features from each subgraph using separate GNNs, and fuses them via weighted summation to form the
final fault representation.

4.  GraphSAGE: GraphSAGE is an inductive framework that generates node embeddings by sampling and
aggregating features from local neighborhoods, enabling generalization to unseen nodes and graphs.

3.2.2 Experimental Setup and Evaluation Indicators

We adopt a 10-fold cross-validation strategy to ensure a more reliable and statistically robust evaluation
of the proposed method. Specifically, we first split 10% of the entire dataset as the fixed test set. The remaining
90% of the data is further partitioned into training and validation subsets with an 8:2 ratio under a 10-fold
cross-validation scheme. For each fold, the model is trained on the corresponding training subset and
validated on the associated validation subset. We repeat the complete training and evaluation process across
all 10 folds and report the averaged results in Table 2. All the visualizations of the experimental results
presented below, including Figs. 4-9, are based on the first fold of the 10-fold cross-validation.

Table 2: Performance comparison of different methods on the fault diagnosis task

Method Accuracy (%) Recall (%) Precision (%) Macro-F1 (%)
ConGTransformer 96.83 +1.09 94.74 + 1.82 95.25 + 2.58 94.56 + 1.91
GCN 94.87 + 1.41 92.92 + 2.08 91.93 + 2.45 92.10 + 2.19
GAT 95.82 + 1.26 94.72 + 2.26 93.03 + 3.00 93.43 + 2.26
IAGNN 94.18 +1.78 91.86 + 2.62 91.08 £ 2.76 90.97 + 2.46
GraphSAGE 95.93 +£ 1.41 94.00 £ 1.99 93.45 + 2.63 93.30 + 2.25

To evaluate model performance, we adopted standard metrics including Accuracy, Recall, Precision,
Macro-F1 and the confusion matrix. In addition to comparative analysis, an ablation experiment was
conducted to assess the impact of the consistency loss.

To determine the optimal hyperparameters for achieving the best performance, we conducted extensive
experiments on the proposed ConGTransformer model as well as various baseline methods. As a result,
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during training, the learning rate was set to 0.001, the hidden dimension to 128, the batch size to 128, the
number of layers to 3, and the maximum number of epochs to 200. The dropout rate was fixed at 0.2, and
the consistency loss weight A was set to 0.2.

All experiments were performed on a high-performance computing platform equipped with an AMD
EPYC 7763 CPU running at 2.45 GHz (128 cores, 256 threads), an NVIDIA GeForce RTX 4090 GPU with
24 GB memory, and the Ubuntu 20.04.6 LTS operating system.

Training and Validation Accuracy on TFF Dataset

1.0
0.9
>
E 0.8 A
3
o
|}
<
0.7
0.6
—— Train Accuracy
—— Validation Accuracy

T T T T

T T T T
0 25 50 75 100 125 150 175
Epoch

Figure 4: Training and validation accuracy on TFF dataset

Training and Validation Loss on TFF Dataset
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Figure 5: Training and validation loss on TFF dataset
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Figure 8: t-SNE visualizations of the feature space for original data and different methods. (a) Original features.
(b) ConGTransformer. (¢c) GCN. (d) GAT. (e) IAGNN. (f) GraphSAGE
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Figure 9: Graph topologies of sensor interactions under the normal condition and six different fault types. Each graph
consists of 24 sensor nodes with varying edge structures reflecting different operating or fault conditions: (a) fault type 0;
(b) fault type 1; (c) fault type 2; (d) fault type 3; (e) fault type 4; (f) fault type 5; (g) normal condition

3.3 Fault Classification Performance

Figs. 4 and 5 show the training and validation accuracy and loss trajectories of the ConGTransformer
model on the TFF dataset, respectively. From these plots, we can observe that the model rapidly improves its
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performance during the initial epochs and continues to converge, indicating a stable learning process. Table 2
provides a comparison of the classification performance of various models on the TFF dataset. Among the
key performance metrics, the Macro-F1 score stands out as an important indicator of classification accuracy.
It ensures a balanced evaluation by accounting for all categories, including those with fewer samples,
and helps identify areas where the model may perform less effectively. Additionally, Fig. 6 compares the
accuracy of different methods across various fault types. This comparison highlights how each model handles
different fault categories, providing a clearer picture of their robustness. To further analyze the fault diagnosis
performance, we also utilize the confusion matrices obtained during the testing phase. By visualizing these
matrices, as shown in Fig. 7, we can gain an intuitive understanding of each model’s performance on fault
samples from different categories. This visualization allows for a deeper insight into how well each model
distinguishes between different types of faults.

When examining the results, ConGTransformer consistently outperforms all other models in terms
of accuracy (96.83 + 1.09%), recall (94.74 + 1.82%), precision (95.25 + 2.58%), and Macro-FI1 score (94.56
+ 1.91%). The 10-fold cross-validation results indicate that the proposed method not only achieves the
highest accuracy but also exhibits the smallest variability, reflecting its robustness and strong generalization
capability.

As shown in Fig. 6, the bar chart clearly indicates that ConGTransformer achieves high accuracy across
a wide range of fault types, including faults 1 to 6, as well as the normal condition. This consistency highlights
the model’s effectiveness in distinguishing between various fault categories, even those with fewer samples.

The confusion matrices in Fig. 7 illustrate the performance of different methods across fault types.
Darker colors indicate higher accuracy: diagonal elements with deeper colors correspond to more accurate
predictions, while darker off-diagonal elements reflect higher misclassification rates, indicating that a
method struggles to distinguish certain fault types. The proposed ConGTransformer shows deep-colored
diagonal elements and light-colored oft-diagonal elements, demonstrating its ability to effectively separate
fault types and achieve high identification accuracy. In contrast, other methods perform less effectively; for
example, GAT performs poorly on fault type 5, achieving only 58% accuracy, with the remaining 42% of
samples misclassified as fault type 6.

In Fig. 8, points of the same color represent the same fault type. The original feature space shows
scattered distributions, while the proposed ConGTransformer forms well-separated clusters, indicating
effective classification. In contrast, baseline methods exhibit overlapping clusters; for instance, IAGNN
performs poorly for fault 1, and GAT shows mixed distributions for faults 0, 1, 2 and 3, making it difficult to
distinguish between different fault types.

Fig. 9 illustrates the effectiveness of the graph construction method presented in Section 2.2. Although
a separate graph is constructed for each sample, the graph structures of samples belonging to the same class
exhibit similarity, while significant differences exist between the graph structures of different classes. This
provides distinguishable information for fault pattern recognition.

Overall, the results indicate that the consistency loss significantly enhances the model’s ability to
generalize, particularly in terms of recall and precision. This underscores the importance of maintaining
feature consistency during training to optimize diagnostic performance.

3.4 Ablation Experiment

To evaluate the impact of the consistency loss, we conducted an ablation experiment comparing two
versions of the model: GTransformer and ConGTransformer. The results, shown in Table 3, highlight the
performance gains achieved by incorporating the consistency loss term.
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Table 3: Comparison results of the ablation experiment

Method Accuracy (%) Recall (%) Precision (%)  Macro-F1 (%)
ConGTransformer 96.83 + 1.09 94.74 + 1.82 95.25 + 2.58 94.56 + 1.91
GTransformer 95.87 +1.88 93.96 + 2.90 92.99 + 3.72 93.04 + 3.33

The ConGTransformer model outperforms the baseline GTransformer by enhancing generalization
and stability. The introduction of the consistency loss helps maintain feature stability throughout training,
leading to improved classification performance and a more balanced precision-recall trade-off. These
improvements are reflected in higher evaluation scores, including accuracy, recall, precision, and Macro-F1,
further demonstrating the effectiveness of the consistency loss in achieving better fault diagnosis.

4 Conclusions

In this work, we introduced a novel method ConGTransformer for fault diagnosis in complex industrial
systems by transforming sensor data into graph-structured representations and applying a Graph Trans-
former. The method efficiently captures both numerical and relational characteristics of sensor data to
provide more accurate and robust fault diagnosis. By incorporating a consistency loss function along with
cross-entropy loss, the model ensures that graph representations remain stable across layers while preserving
the underlying structural relationships. This approach addresses the challenge of distinguishing between
subtle fault types, which is crucial for real-world industrial applications.

Experimental results on the TFF dataset show that the proposed method, ConGTransformer,
significantly outperforms existing models in terms of accuracy, recall, precision, and Macro-F1 score. The
incorporation of the consistency loss ensures stable and coherent graph representations across layers, which
substantially strengthens the reliability of the proposed method for practical industrial fault detection.

We note that there are some limitations in our work. For instance, the current formulation of the
consistency loss involves summing over all triplets in the batch, resulting in a computational complexity of
O(n?) per layer. While this does not affect inference speed, it increases training overhead, which could be
mitigated in future work through more efficient sampling strategies.
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