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IF4FD: Multiscale Information Fusion for
Zero-Shot Industrial Fault Diagnosis
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Abstracit—Fault diagnosis aims to identify faults occur-
ring in industrial production processes to prevent person-
nel injuries and economic losses. However, there are two
main challenges in solving fault diagnosis, i.e., extract-
ing discriminative features from limited sensor data and
recognizing new classes of faults. To fill these research
gaps, we propose a zero-shot fault diagnosis framework,
called IF4FD, based on multiscale information fusion. First,
we enhanced raw data from the perspectives of category
knowledge, attribute knowledge, and feature knowledge.
Then, by drawing on zero-shot learning (ZSL), we can trans-
fer knowledge of trained faults to new classes of faults,
enabling the classification of previously unknown faults.
The multiscale informative knowledge effectively facilitates
knowledge transfer and fault classification, thereby en-
hancing the accuracy of zero-shot fault diagnosis. Exten-
sive experiments on two industrial fault diagnosis datasets
validate the effectiveness of the proposed method, which
consistently achieves superior performance compared to
representative zero-shot fault diagnosis methods, general
ZSL baselines, and several supervised classifiers. A case
study on real industrial data from the Cranfield Multiphase
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Flow Facility also confirms the method’s effectiveness in
practical applications.

Index Terms—Fault diagnosis, multiscale information,
transfer learning, zero-shot learning.

[. INTRODUCTION

AULTS in industrial production processes are inevitable.

They are often caused by factors such as human error,
machine aging, and may result in severe consequences, includ-
ing economic losses and personnel injuries. Thus, intelligent
diagnosis of faults plays a crucial role in ensuring the safety
and improving efficiency of industrial production processes [1].
There are two main challenges in solving fault diagnosis: 1)
identifying new types of faults that have not been encountered
before in industrial production processes [2]; 2) extracting in-
formative knowledge from limited sensor data to differentiate
between diverse fault types [3]. First, industrial production
involves numerous machine components, each with multiple
potential fault conditions. However, due to the potentially severe
consequences of industrial faults, collecting data on them is
challenging. Traditional machine learning heavily relies on the
quality and quantity of data. In situations where data are lacking
for model training, accurately identifying novel faults becomes
acritical challenge in fault diagnosis [4]. Identifying novel faults
aims to answer: How to identify all potential fault conditions with
limited data? Second, data in industrial settings are primarily
collected from sensors, yet deploying a large number of sensors
to gather diverse machine data proves to be costly [5]. The
efficacy of machine learning is profoundly contingent on data.
Hence, extracting more informative knowledge from limited
data dimensions is important for enhancing machine learning
model performance [6]. Extracting informative knowledge aims
to answer: How to distinguish diverse faults with limited sensor
data? Supervised learning methods, widely used in traditional
classification tasks, have been applied in this field and partially
tackle these two challenges [7]. Due to insufficient data, they
struggle to handle previously unseen fault classes. To recognize
both seen and unseen faults, the method, called fault description
attribute transfer (FDAT), is first proposed to leverage zero-shot
learning (ZSL) [8] to solve the fault diagnosis task [9]. As
shown in Fig. 1, the zero-shot fault diagnosis (ZSFD) methods
extract attributes from the descriptions of fault samples, and then
construct an attribute space shared by all classes to achieve ZSFD
by transferring attribute knowledge from trained seen classes to

1941-0050 © 2026 IEEE. All rights reserved, including rights for text and data mining, and training of artificial intelligence and similar technologies.
Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html
for more information.


https://orcid.org/0000-0002-1749-986X
https://orcid.org/0009-0004-5206-7685
https://orcid.org/0009-0006-4534-8395
https://orcid.org/0000-0001-9657-951X
https://orcid.org/0000-0002-6408-9724
https://orcid.org/0000-0001-6551-3884
mailto:tangchenwei@scu.edu.cn
mailto:wangying2yvonne@stu.scu.edu.cn
mailto:juwei@scu.edu.cn
mailto:rxiao@scu.edu.cn
mailto:lvjiancheng@scu.edu.cn
mailto:2022141520173@stu.scu.edu.cn
mailto:wangyang.ying@asu.edu
mailto:nanxugong@asu.edu
mailto:liujie5@stu.scu.edu.cn
mailto:wangyong@alu.scu.edu.cn
mailto:wangyong@alu.scu.edu.cn

3228

Attribute
az

Temperature
is changed

\
\
\

a

1
Input is
changed

a"l
Related to
o pipe 1

a Unseen classes

Seen classes

Fault X*

Semantic Embedding Space Fault X*

Fault X?

Knowledge transfer

Fig. 1. Zero-shot fault diagnosis uses a shared attribute space to
transfer knowledge, enabling the recognition of unseen faults.

unseen test classes. Furthermore, the issue of semantic consis-
tency between the feature space and attribute space is overlooked
in FDAT, prompting the proposal of the SCE method [3] to estab-
lish a semantically consistent embedding space. By designing a
special Barlow matrix, SCE promotes consistency between fault
and attribute, and achieves competitive results. However, SCE
still fails to address the challenge of excessive fault categories,
making precise classification difficult. Therefore, we need a
novel perspective to effectively address fault diagnosis.

In this article, we propose IF4FD, a novel ZSFD approach
based on multiscale information fusion. On the one hand,
through ZSL, the IF4FD method can leverage existing fault
information for transfer learning, enabling the identification
of unknown faults. To further enhance the structured exploita-
tion of fault attribute knowledge, this study introduces a novel
multimodal semantic encoding framework that seamlessly in-
tegrates textual descriptions of faults. On the other hand, we
employ data augmentation from three dimensions, i.e., category
knowledge, attribute knowledge, and feature knowledge, applied
to the original data. By incorporating multiscale information,
the IF4FD method can better articulate the knowledge within
high-dimensional data, thus facilitating transfer learning and im-
proving classification performance. Specifically, the multiscale
information consists of the following three components.

1) Category knowledge information: We establish a center
for each class within the embedding space, dynamically
updating these centers within each batch to foster a more
compact distribution of data belonging to the same class.

2) Attribute knowledge information: We utilize the mutual
information between features and attributes in a latent
space with the same dimensionality as the attributes to
guide the learning of semantic embeddings.

3) Feature knowledge information: We also use recon-
structed data to enrich the original dataset, providing more
detailed features. We simply combine the three types of
knowledge (category, attribute, and feature) into one rep-
resentation. This approach preserves each one’s strengths
while allowing them to work together, improving both
diagnosis performance and model interpretability.

Once information is aggregated at multiple scales, we train a
binary classifier for each attribute. The ZSFD task is construed
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as a constellation of binary classification tasks. Provided we can
anticipate the values of each attribute for unseen fault classes,
identification of such unseen classes can be facilitated through
the nearest neighbor search within the attribute space. The main
contributions can be summarized as follows.

1) Our proposed IF4FD leverages knowledge-enriched mul-
tiscale information extraction to capture highly discrim-
inative representations of sensor data across diverse per-
spectives, enabling effective diagnosis of unseen fault
classes in the ZSFD task.

2) To enhance class separability, we introduce and dynam-
ically update feature centers for each known class, min-
imizing intraclass variance. Moreover, we employ noise
contrastive estimation (NCE) to enforce precise align-
ment between the learned feature representations and the
semantic space, guiding the model toward more accurate
and generalizable semantic embeddings.

3) Extensive experiments on two public industrial fault di-
agnosis datasets demonstrate that IF4FD achieves state-
of-the-art performance, significantly outperforming ex-
isting zero-shot baselines. Furthermore, an in-depth case
study on a complex real-world industrial dataset vali-
dates IF4FD’s robustness and effectiveness in handling
dynamic, real-world scenarios.

Il. RELATED WORK

ZSL aims to recognize instances belonging to unseen cat-
egories that lack labeled data for training [10]. Existing ZSL
methods can be divided into two main streams, i.e., embedding-
based method and generative method [11]. Embedding-based
methods aim to uncover the correlations between features
and auxiliary semantic information [12], [13], [14]. Common
embedding-based approaches involve mapping features into a
semantic space or vice versa. Alternatively, both features and
semantics can be embedded into a shared space [15]. Learn-
ing a projection function within embedding-based methods
facilitates the acquisition of semantic embeddings for unseen
classes, subsequently employing the nearest neighbor search to
identify matching classes. However, embedding-based methods
are susceptible to biases and domain shift issues, where the
projection function may tend to predict attribute distributions for
seen classes, potentially impeding accurate mapping for unseen
classes. With the introduction of generative adversarial nets
(GANSs) and variational autoencoders (VAEs), the generative
methods have presented novel solutions for ZSL tasks [16].
These generative methods can learn mappings from attributes
to samples of seen classes, thereby enabling the generation
of samples for unseen classes based on their attributes. Con-
sequently, ZSL tasks can be construed as conventional clas-
sification tasks [17]. While generative methods offer certain
advantages over embedding-based approaches, their training
procedures and time requirements are more intricate. Building
upon embedding-based methodologies, our approach aims to
address the scarcity of raw sensor data in fault diagnosis tasks.
To address this, we propose a ZSFD method that leverages
multiscale information. This approach aims to improve the
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effectiveness of fault diagnosis even when confronted with
limited data availability.

Due to its success in addressing image classification tasks
with limited labeled samples, ZSL can be extended to various
industrial applications to tackle practical challenges [3], [9],
[18]. By leveraging the capabilities of ZSL, the limitations of
traditional supervised learning approaches can be overcome,
where obtaining labeled data for every possible category may
be impractical or infeasible [18]. Fault diagnosis, the focus
of this article, stands out as a critical industrial application
where ZSL can be applied. In order to tackle the challenges
in ZSFD, the FDAT method was proposed in 2021, which is
the first to leverage ZSL to transfer knowledge from seen fault
categories to accurately classify unseen fault categories [9].
FDAT constructs an attribute matrix for knowledge transfer
based on fault descriptions. Using extracted features, FDAT
trains attribute classifiers, inferring the fault class by obtaining
the attribute vector. Building upon FDAT, Hu et al. observed
the alignment between features and attributes [3]. They propose
the SCE method and introduce a specialized Barlow matrix to
enhance semantic consistency, employing two sets of aligned
encoders and decoders to guide the network in extracting more
reconstruction-friendly features. Besides, in [18], a generative
method based on GAN is proposed to solve the problem of
zero-shot and few-shot fault diagnosis. Following these insights,
zero-shot and few-shot learning approaches have emerged as
promising research trends for addressing the challenges in prac-
tical industrial fault diagnosis applications [19]. In contrast,
our work aims to improve the accuracy-efficiency tradeoff in
ZSFD by introducing a lightweight multiscale semantic fusion
strategy that facilitates effective attribute knowledge transfer
with reduced computational cost.

[ll. METHODOLOGY

Here, we first introduce some notations and the problem defi-
nition of ZSFD. During the training process, the seen class sam-
ples, denoted as S = {(x,y)|x € X®,y € Y7}, are available,
where X and Y° represent the dataset and label set of the seen
classes, respectively. Then, let U = {(z,y)|z € XY,y € YV}
denotes the unseen class samples, where X U is the dataset of
unseen classes and YU is the label set of unseen classes. We
define Ng and Ny as the number of categories for seen and
unseen classes, respectively. Note that in the definition of ZSL,
S and U are disjoint. The objective is to utilize the knowledge
learned from seen classes to enable the recognition of samples
belonging to unseen classes. To facilitate knowledge transfer
from the seen classes to the unseen classes, we introduce the
attribute matrix A = {ala € ASTU}, where a = {ay,...,a,}
represents an n-dimensional attribute vector, and ASTU ig the
attribute set encompassing seen and unseen classes. The attribute
matrix A can be used to construct a shared semantic space for
both seen and unseen classes. Thus, we can establish a rela-
tionship between data and attributes of seen classes by learning
the mapping f(z) : © — a. When discerning the class of an
unseen fault sample, we initially predict the attribute vector by
aggregating each mapped attribute from a = f(z). Thereafter,
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Fig. 2. Framework of IF4FD. Based on the original data, we enrich

data representation from three perspectives: category knowledge h.,
attribute knowledge h,, and feature knowledge h¢. Leveraging multi-
scale information, we train binary classifiers for attribute prediction. (a)
extraction of multi-scale information. (b) binary classification.

through the nearest neighbor search, we identify the fault class
with attributes most similar to the sample. Finally, we realize
the classification of fault samples of unknown class.

As shown in Fig. 2, the proposed IF4FD consists of two
steps. The first step is the extraction of multiscale information,
which focuses on extracting multiscale information to effec-
tively represent data from multiple perspectives. By doing so,
we gain valuable insights from low-dimensional data, which
greatly contributes to our classification. Specifically, we first
map the original data into an embedding space via an encoder £
and guide the generation of discriminative features through the
central loss L., thereby facilitating the extraction of category
knowledge information h.. Then, we employ a multilayer per-
ceptron (MLP) to embed the category knowledge information A,
into a space with the same dimensionality as the attribute through
the NCE [15] loss L,,c¢, guiding the representation of attribute
knowledge information h,, in the latent space. Finally, to enrich
the representation of the feature knowledge information Ay, we
reconstruct the category knowledge information /.. viaadecoder
D through the reconstructed loss L,... To integrate multiscale
semantic information, we fuse category h., attribute h,, and
feature hy knowledge by concatenating them along the channel
dimension. This approach preserves the unique characteristics
of each knowledge type while promoting beneficial interactions
between them. The resulting comprehensive representation is
then processed by multiple binary classifiers, and the final pre-
diction is made via nearest-neighbor search.

A. Multi-Modal Semantic Encoding for Data Processing

Attribute knowledge representation is fundamental to ZSFD,
as itencapsulates the essential information needed to distinguish
and identify various fault types. Therefore, the primary objective
of data processing is to extract and construct attribute knowledge
from diverse datasets. To address the unique characteristics of
different datasets, we employ customized processing strategies
that effectively capture and represent their attribute information.
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Datasets with attribute: Existing publicly available bench-
mark datasets for ZSFD, such as three-phase transmission sys-
tem (TPTS) [3] and Tennessee Eastman Process (TEP) [20],
provide precise and comprehensive fault-attribute relationship
matrices. These predefined attribute representations can be di-
rectly applied to ZSFD tasks. In this study, we utilize the
attribute matrices provided by these datasets and convert them
into a format suitable for model input, thereby ensuring both the
integrity and semantic consistency of the attribute knowledge
information.

Multimodal semantic construction: In real industrial settings,
fault datasets rarely come with predefined attributes. To solve
this problem, we introduce a multimodal semantic encoding
approach that builds semantic representations directly from
various unstructured text sources using pretrained language
models [21]. As shown in Fig. 3, our framework follows three
steps. 1) We collect text from multiple sources, including fault
descriptions, operating conditions, and maintenance records,
drawn from research papers, manuals, and open-source datasets.
All text is cleaned and standardized to ensure consistency. 2) A
pretrained BERT [22] encoder converts the text into contextual
embeddings. These are then projected from 768 to 64 dimensions
via a linear layer, making them compatible with our diagnosis
model:

Eext = ¢dim (EnCOdertext (T) ) (1)

where T represents the input text, and Encoder.y; denotes the
text encoder of the language model, which produces the final text
feature representation Fi.x, through a linear transformation. This
step reduces dimensionality, improves alignment with visual
features, and helps prevent overfitting. 3) When multiple text
sources describe the same fault, we average their embeddings
into a single attribute prototype:

K
) 1 ;
Fn = 76 > Fi )
k=1

where F}, denotes the fused feature representation of the
tth fault case, where K represents the number of information
sources associated with the fault, and F,ﬁ corresponds to the
feature representation of the kth information source. Finally, all
fault prototypes are then organized into an attribute knowledge
matrix:

A = [Fius Fau - - -5 Faa) (3
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where A € RM*64 represents the fault-attribute knowledge ma-
trix, M denotes the total number of fault types, and 64 is the di-
mensionality of the attribute features. These continuous-valued
attributes capture richer semantic relationships than traditional
binary attributes. During training, a cosine similarity loss aligns
sample features with their corresponding attribute prototypes in
a shared semantic space. Our method, IF4FD, converts unstruc-
tured industrial text into structured attribute representations. It
preserves nuanced fault relationships and supports more inter-
pretable diagnosis. In Section V, we demonstrate its applica-
tion to the Cranfield Multiphase Flow Facility (CMFF) [23], a
real-world dataset without predefined attributes, showing how
our approach automatically constructs attribute knowledge from
available text sources.

B. Multiscale Information Acquisition

Why acquire multiscale information? The faults encountered
in industrial settings are often diverse, implying a necessity to
address a variety of classification labels. However, limitations
in equipment make it challenging to acquire multidimensional
feature data, hindering our ability to describe a category from
various perspectives. Motivated by this challenge, we aim to
extract further informative knowledge from raw data to enhance
the performance of the classifier.

Category knowledge representation: For multiclass classifi-
cation tasks, imbuing the data distribution with discriminative
qualities is the key to enhancing the classification performance.
Thus, our first objective lies in acquiring category knowledge
information that aids in classification. Formally, for the raw data
x, we obtain its corresponding category knowledge embedding
h. through the encoder FE, i.e., h, = E(x). In this process, we
introduce the central loss £.; to minimize intraclass distances,
facilitating easier differentiation between embeddings of differ-
ent classes. The central loss is defined as

1 K
Lo=75 Il =[5 @)
k=1

where K is the number of categories in a batch. The h* and c* are
the category knowledge embedding and center feature of class
k, respectively. The center feature ¢* is randomly initialized and
updated in each batch.

Attribute knowledge representation: Maintaining the consis-
tency of data and attribute space is a nonnegligible problem
in ZSL [17]. Therefore, we aim to strengthen the alignment
between data and corresponding attributes to achieve more ef-
fective knowledge transfer. To achieve this, we map the category
knowledge embeddings £ to a latent space of equal dimension-
ality as the attributes using an MLP, which is well-suited for
industrial sensor data that lacks spatial locality and requires full
connectivity to capture global feature correlations. Compared
with sequential models such as LSTMs [24] or transformers [25],
the relatively simple structure of MLPs better satisfies the real-
time requirements of industrial intelligent applications and helps
mitigate the risk of overfitting to some extent. The NCE loss
Lce Which is introduced to maximize the mutual information
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between features and attributes:
exp (hy ® a')
> aicas exp (hi, ® a’)

where ® is matrix multiplication. For attribute knowledge
embedding h! of seen class i, the attribute a’ of the same
class 7 can be regarded as a positive sample. Correspondingly,
there are Ng — 1 negative samples. In this way, the NCE loss
can also be regarded as a contrastive loss, which guides the
model to distinguish between different classes while maintaining
the semantic consistency of the embedding [15]. We adopt
matrix multiplication instead of cosine similarity or Euclidean
distance because it retains magnitude information and shows
better empirical performance in our experiments. Furthermore,
InfoNCE-based loss provides a suitable inductive bias for in-
dustrial fault diagnosis, where the semantic differences between
fault types are often subtle. This contrastive learning framework
helps the model learn more discriminative and semantically
aligned representations, as supported by our ablation results in
Section IV-C.

Feature knowledge extension: In addition to diversifying
knowledge representation from various perspectives, we aim
to extend feature knowledge based on the original data, thus
expressing information within the data in higher dimensions.
Therefore, via the decoder, we reconstruct the data h ¢ from the
embedding h.. Throughout this process, we introduce cosine
similarity as a reconstruction loss L,... to guide the decoder
in generating diverse representations of the original data. This
choice is motivated by cosine similarity’s robustness to magni-
tude variations and its capacity to capture the directional consis-
tency of feature vectors, which is crucial for preserving semantic
content during reconstruction. Formally, the reconstruction loss
L. 18 represented by

Ence = log

®)

n
Lyoe = Z cos (z', hy) (6)
i=1
where n denotes the number of samples in a batch. Regarded as a
form of data augmentation, incorporating reconstructed data as
part of multiscale information fosters the expression of feature
knowledge.

Joint optimization: After combining the category knowledge
he, attribute knowledge h,, and feature knowledge hy with
the original sensor data x, we simply concatenate them into a
single 920-dimensional vector. This direct approach preserves
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TABLE |
FINE-GRAINED ATTRIBUTES OF THE TEP DATASET

No. | Attribute Description
Att#1 | Input A is changed.
Att#2 Input C is changed.
Att#3 | A/C ratio is changed.
Att#4 | Input B is changed.
Att#5 | Related with pipe 4.
Att#6 | Temperature of input D is changed.
Att#7 | Related with pipe 2.
Att#8 | Disturbance is step changing.
Att#9 | Input is changed.
Att#10 | Temperature of input is changed.
Att#11 | Occurred at reactor.
Att#12 | Temperature of cooling water is changed.
Att#13 | Occurred at condenser.
Att#14 | Related with pipe 1.
Att#15 | Disturbance is random varying.
Att#16 | Model parameters are changed.
Att#17 | Disturbance is slow drift.
Att#18 | Related with cooling water.
Att#19 | Related with valve.
Att#20 | Disturbance is sticking.
TABLE Il
DATA DIVISION OF THE TEP DATASET
Group Seen Classes Unseen Classes
A 2-4,7-13, 15 1,6, 14
B 1-3, 5,6, 8,9, 11-15 4,7, 10
C 1-7, 9, 10, 13-15 8, 11, 12
D 1, 4, 6-15 2,3,5

all original information from each source and lets the classifier
automatically learn which features are most useful. During
training, we optimize the model using the following joint loss
function L:

L= a»c'r‘ec + B‘Cnce + Afﬁct (7)

where «a, (3, and + are the tradeoff parameters.

IV. EXPERIMENT

A. Experimental Setup

Datasets: Our method is evaluated on two ZSFD benchmarks:
TEP [20] and TPTS [3]. The TEP simulates 21 common indus-
trial fault scenarios, of which the 15 well-documented faults are
selected for evaluation. Each fault class contains 480 samples
with 52 variables. Following FDAT [9], we adopt 20 fine-grained
attributes (see Table I) to construct the fault—attribute correlation
matrix (see Fig. 4). As shown in Table II, during the experiment,
12 of 15 fault classes are divided into training sets, and the
other three classes are divided into test sets. The TPTS models a
110 — kV power system with four generators, containing six
fault classes (one normal, five faulty) each described by six
sensor variables. We define four phase-related attributes: Att#1
(Phase A), Att#2 (Phase B), Att#3 (Phase C), and Att#4
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(c) (@ (e)

T-SNE visualization of feature embeddings of 15 fault classes on the TEP. Our full IF4FD framework produces tighter clusters with clearer

boundaries, demonstrating the effectiveness of our multiscale fusion strategy in enhancing both intraclass cohesion and interclass separation. (a)

FDAT [11]. (b) SCE [5]. (c) IF4FD (Ours).

(Ground). The fault-attribute relationships are defined as fol-
lows: Fault#]1 has no phase involvement [0,0,0,0]; Fault#2
involves Phase A and Ground [1,0,0,1]; Fault#3 involves
Phases B and C [0,1,1,0]; Fault#4 involves Phases A, C and
Ground [1,0,1,1]; Fault#5 involves Phases B, C and Ground
[0,1,1,1]; and Fault#6 involves all attributes [1,1,1,1]. Follow-
ing the SCE [3], Flaults #2,#5, and #6 are used as seen classes
during training, while faults #3 and #4 are held out as unseen
classes for testing.

Implementation details: Given the limited number of classes
in the TPTS, we primarily use it for basic accuracy compar-
ison, reserving more comprehensive evaluation for the richer
TEP. Our experimental setup follows established practices from
FDAT [9] and SCE [3]. For TPTS, models are trained on the
original data, while TEP data are preprocessed using the FDAT
before input. We set the loss weights in (7) as a = 0.05, § =
0.5, and v = 0.5. The reconstruction loss is lightly weighted
to avoid distracting from the main classification task, while
the central loss and NCE loss are balanced equally to jointly
promote class separation and attribute alignment. These values
were determined through empirical tuning and yielded stable
convergence and strong performance. Our implementation is
based on PyTorch.! The encoder and decoder each contain two
linear layers with ReLU, batch normalization, and dropout. The
encoder reduces a 400-D input to 100 dimensions, and the
decoder reverses this process. The MLP uses two linear layers
(100— 100— 20) with batch normalization, ReLU, and dropout.
All models are trained with RMSProp at a learning rate of 0.01.

B. Comparative Results

Comparison with ZSFD methods: We compare IF4FD against
seven recent ZSFD techniques. On the TPTS dataset (see
Table III), IF4FD achieves top accuracy: 98.8% with Naive
Bayes and 92.4% with Random Forest. This outperforms the
strongest baseline (CycleGAN-SD) by 2.3% (NB) and 3.7%
(RF), demonstrating improved generalization across classifiers.
On the TEP dataset (Table IV), IF4FD consistently outperforms
all baselines when using Naive Bayes. Compared to SCE and
FDAT, it shows average accuracy gains of 5.1% and 13.0% ,
respectively, with a notable 12.5% improvement in Group B. To
further analyze feature quality, we visualize embeddings using
t-SNE (Fig. 5) for Group B, achallenging case with class overlap.

! Source code is available at https://anonymous.4open.science/t/ZSFD-
B5B9/our_project_page.

TABLE Il
COMPARATIVE RESULTS ON TPTS, WHERE NB AND RF MEAN THE
EMPLOYMENT OF NAIVE BAYES AND RANDOM FOREST CLASSIFIERS

Method Year NB (%) RF (%) Average (%)
FDAT [9] 2021 68.8 69.6 69.1
FREE [26] 2021 91.0 81.8 86.4

SCE [3] 2022 95.3 90.4 92.9

FAGAN [18] 2022 86.4 86.6 86.5
SRWGAN [27] 2022 77.9 79.1 78.5
VAEGAN-AR [28] 2024 87.8 79.5 83.7
CycleGAN-SD [29] 2025 96.5 88.7 92.6
Ours 2025 98.8 924 95.6
Bold values indicate the best results.
TABLE IV

COMPARATIVE RESULTS ON TEP, WHERE NB AND RF MEAN THE
EMPLOYMENT OF NAIVE BAYES AND RANDOM FOREST CLASSIFIERS

Classifier RF (%) NB (%)
Method FDAT SCE Ours | FDAT SCE Ours
Group A 88.9 90.9 90.4 80.3 89.5 94.2
Group B 52.0 57.3 69.6 62.6 78.1 90.6
Group C 48.8 55.6 57.5 59.0 62.4 65.3
Group D 66.3 67.1 66.9 72.4 76.0 76.3
Average 64.0 67.7 71.1 68.6 76.5 81.6
Bold values indicate the best results.
TABLE V

QUANTITATIVE EVALUATION OF EMBEDDING QUALITY USING SILHOUETTE,
DAVIES-BOULDIN, AND CALINSKI-HARABASZ SCORES.

Method Silhouette T DB | CH 1
FDAT 0.324 126  5.32x102
SCE 0.234 1.52  7.52x102
IF4FD(ours) 0.445 0.927 1.88x10°

Bold values indicate the best results.

While FDAT and SCE produce mixed clusters with weak sep-
aration, IF4FD forms compact, well-separated clusters. These
observations are quantified in Table V using three metrics: 1) Sil-
houette Score (higher = better separation), 2) Davies—Bouldin
Index (lower = tighter clusters), 3) Calinski—Harabasz Score
(higher = denser clustering). IF4FD achieves the best scores
across all metrics, confirming its ability to learn discriminative
embeddings that support robust zero-shot diagnosis.
Comparison with ZSL methods: We also compare our IF4FD
with various ZSL models on the TEP dataset. These include


https://anonymous.4open.science/r/ZSFD-B5B9/our_project_page
https://anonymous.4open.science/r/ZSFD-B5B9/our_project_page

TANG et al.: IFAFD: MULTISCALE INFORMATION FUSION FOR ZERO-SHOT INDUSTRIAL FAULT DIAGNOSIS

TABLE VI
COMPARATIVE RESULTS WITH ZSL METHODS ON TEP DATASET (% )

Method Year  Group A Group B Group C  Group D Average
DAP [30] 2009 54.2 62.6 40.1 55.5 53.1
IAP [30] 2009 55.5 60.7 45.0 36.6 495

DEVISE [31] 2013 50.6 742 329 51.5 523
ESZSL [32] 2015 572 333 39.5 39.7 424

SIE [33] 2016 74.6 33.1 34.0 63.9 514

SAE [34] 2017 45.7 74.3 335 65.6 54.8

FAGAN [18] 2021 84.5 76.9 62.5 74.6 75.0
FREE [26] 2021 81.0 75.6 71.5 78.8 76.3
SRWGAN [27] 2022 79.2 717.6 69.4 774 752
SSB-ZSL-1DCNN [35] 2023 84.3 76.9 62.1 59.7 70.8
AFT [36] 2023 66.8 41.4 40.7 36.8 46.4
GLA-ZSL [37] 2025 97.4 86.2 54.8 717 79.0
Ours 2025 94.2 90.6 65.3 76.3 81.6

Bold values indicate the best results.

classic embedding-based methods (DAP [30], IAP [30], DE-
VISE [31], ESZSL [32], SJE [33], SAE [34]) and newer gen-
erative approaches (FAGAN [18], FREE [26], SRWGAN [27],
AFT [36], GLA-ZSL [37]). As shown in Table VI, traditional
ZSL methods perform poorly on industrial fault data—ESZSL
and SJE achieve only 42.4% and 51.4% average accuracy, re-
spectively. Newer models like FREE (76.3% ) and SRWGAN
(75.2% ) perform better, with GLA-ZSL reaching the previous
state-of-the-art at 79.0% . Our method outperforms all others,
achieving 81.6% average accuracy and top results in Group B
(90.6% ). This shows that our multiscale fusion framework gen-
eralizes well, even with noisy industrial data. We also observe
that all methods struggle in Group C, where faults #8, #11, and
#12 are highly similar and exhibit complex coupling effects.
While our method (65.3% in Group C) still beats GLA-ZSL
(54.8% ), distinguishing such similar faults remains challenging.
Future work will focus on improving feature discrimination for
highly similar fault types.

Comparison with supervised classification methods: We also
compare our model with supervised classifiers, including linear
support vector machine (LSVM), RF, NB, XGBoost, AdaBoost,
K-nearest neighbor (KNN), gradient boosting machine (GBM),
and Light GBM (LGBM), on TEP Groups A and C. Each
classifier was trained using 1, 10, 50, 200, and 500 labeled
samples per class (k-shot). For comparison, our results are
obtained with zero-shot. As shown in Fig. 6, our zero-shot
model achieves 94.2% accuracy on Group A, outperforming all
supervised methods trained with 200 samples and matching their
average performance with 500 samples. On the more challenging
Group C, we reach 65.3% , surpassing most 200-shot models
and even exceeding several 500-shot classifiers such as LSVM,
AdaBoost, and KNN. These results show that IF4FD performs
strongly under realistic low-data conditions, often matching or
exceeding conventional supervised methods without using any
labeled samples from target classes.

C. Ablation Experiment

We conduct ablation studies to evaluate three components:
loss functions, fusion strategy, and knowledge integration.

Loss function: Table VII shows the impact of removing indi-
vidual loss terms on TEP performance. Removing L.; or L.
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Fig. 6.  Comparison of results with the supervised classification meth-
ods, k-shot means there are k samples available for training. (a) Group
A. (b) Group C.

yields similar results except in Group B, where data distribu-
tion is more compact. We also compare reconstruction losses:
cosine similarity outperforms both MSE and L1 loss. While
MSE and L1 minimize numerical deviations, cosine similarity
maintains directional consistency in high-dimensional spaces,
better preserving semantic relationships. Gradient analysis (see
Fig. 7) also reveals that Lct and Lnce cooperate to enhance dis-
crimination, while £,... operates independently to refine feature
details. Furthermore, visualization [see Fig. 5(a)] confirms that
L. enhances interclass separation. Removing L,... causes the
most significant performance drop [see Fig. 5(b)]. This comple-
mentary interaction supports effective multiscale optimization.

Fusion strategy: We also evaluate our concatenation-based
multiscale fusion strategy against alternatives in Table VII,
which shows that all alternative strategies yield inferior over-
all performance on the TEP dataset. Among them, weighted
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TABLE VI
ABLATION STUDY OF LOSS FUNCTIONS AND FUSION STRATEGIES (% )

Component Group A Group B Group C  Group D  Average
Ours (Full) 94.2 90.6 65.3 76.3 81.6
Loss Function Ablation:

w/o Let 87.4 58.6 62.2 74.9 70.8
w/o Lyce 87.2 83.8 63.8 76.9 77.8
w/o Lrec 82.0 70.3 63.2 74.4 72.5
Lyec W/ MSE 93.6 61.2 62.3 72.8 72.5
Lyec W/ L1 92.4 67.5 65.1 75.6 752
Lyec W/ Cosine Sim. 94.2 90.6 65.3 76.3 81.6
Fusion Strategy Ablation:

Weighted Concat. 87.4 74.3 63.7 74.6 75.0
Attention Fusion 68.4 76.1 574 69.1 67.8
Element-wise Add. 69.2 41.7 56.7 63.3 57.7
Knowledge Ablation:

w/o hq 80.4 78.0 61.4 71.3 72.7
w/o hy 88.9 64.0 62.9 74.0 72.3
w/o he 86.7 69.9 64.6 69.5 72.7
w/o hy&he 91.0 413 60.8 724 63.4
w/o ha&he 80.4 70.8 61.3 68.3 70.2
w/o hy&hq 80.3 62.6 59.0 724 68.6

Bold values indicate the best results.
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Fig. 7. Gradient similarity among loss terms L.¢, L,,ce and L,.... Red
indicates cooperative optimization and blue indicates gradient conflict.

concatenation exhibits a slightly smaller performance drop with
75.0% , which indirectly indicates that preserving the original
feature representations during fusion is beneficial. In contrast,
attention-based fusion and elementwise addition introduce ad-
ditional feature rescaling or aggregation operations, which may
suppress fine-grained fault-relevant information and lead to
noticeable performance degradation. These results demonstrate
that the direct concatenation strategy effectively retains the
complementary characteristics across different scales, thereby
achieving superior diagnostic performance.

Knowledge integration: We conduct an ablation study on three
knowledge (hg, hy, and h.), comparing the performance when
using each type individually, in pairwise combinations, and
jointly. As shown in Table VII, the joint utilization of all three
knowledge types achieves the best performance, indicating that
their contributions are not merely additive. Specifically, category
knowledge provides global discriminative cues, attribute knowl-
edge introduces transferable semantic structure, and feature
knowledge supplements fine-grained representations. Together,
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Fig. 9. Robustness experimental results of the proposed model.

80
70 A
)
g
=
8
< 50
40 4
—&— Attribute Missing
04| #—  Attribute Noise
—&— Attribute Flip
(’) 1‘0 2‘0 3‘0 4‘0 5‘0
Distortion Level (%)
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these three knowledge types form a complementary synergy in
industrial fault diagnosis scenarios.

D. Parameter Sensitivity Analysis

As shown in Fig. 8, we performed a parameter sensitivity
analysis on the TEP dataset under different combinations of
a € {0.01,0.05,0.1} and 3,~v € {0.1,0.3,0.5,0.7,0.9}, eval-
uating model performance under different combinations of «,
B, and ~ in (7). Average accuracy across groups A-D is used
as the evaluation metric. The model achieved optimal and most
stable performance when o = 0.05, 5 = 0.5, and v = 0.5. In
this configuration, the reconstruction loss (o = 0.05) acts as
a lightweight regularizer, while the central loss and NCE loss
(B =~ = 0.5) are balanced to jointly promote category discrim-
ination and semantic alignment. These values were determined
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Fig. 11.  Schematic of the process flow and fault distribution in the sys-
tem of the Cranfield Multiphase Flow Facility dataset. Red circles (F1—
F6) indicate the locations where faults occur, while the shaded areas
represent the corresponding regions affected by each fault. Specifically,
F1 corresponds to Air line blockage, F2 to Water line blockage, F3 to
Top separator input blockage, F4 to Open direct bypass, F5 to Slugging
conditions, and F6 to Pressurization of the 2-in line. This diagram is
adapted from the original publication [23], with unrelated system com-
ponents omitted to improve clarity and highlight the six primary fault

types.

TABLE VIII
COMPUTATIONAL COMPLEXITY COMPARISON OF METHODS

Method Parameter FLOPs Model Inference  Average

Complexity  (Relative) Size Time(ms)  (TEP %)
SCE 1k Ix 4 KB 0.05 76.5
AFT 2k 3x 8 KB 0.3 46.4
FDAT 37k 78% 148 KB 35 68.6
IFAFD (80-d) 271k 578x 1.08MB 2.7 69.4
IF4FD (920-d) 271k 580x 1.08MB 2.1 81.6
FREE 1.22M 19,877x 4.88MB 13.0 76.3

Bold values highlight the proposed method.

through empirical tuning and consistently delivered strong con-
vergence and classification results.

E. Comparison of Model Complexity

As shown in Table VIII, we systematically evaluate the com-
putational efficiency of IF4FD in terms of parameter count,
FLOPs, model size, and inference time. While SCE, AFT,
and FDAT maintain compact parameter sizes, their diagnos-
tic accuracy remains limited. FREE, originally designed for
image classification, incurs substantially higher computational
costs. To preserve complete information from all knowledge
sources, we concatenate the original sensor data (x, 400-d)
with category (h., 100-d), attribute (h,, 20-d), and feature
(h, 400-d) representations, forming a 920-D fused vector (see
Fig. 2). We also test a compressed version where x, h., and hs
are reduced to 20 dimensions each and concatenated with h,
(20-d), yielding an 80-D input. This compressed model shows
similar computational costs but suffers a 12.2% accuracy drop
on the TEP dataset, confirming that high-dimensional fusion
better preserves discriminative information. Overall, the full
IF4FD model achieves the highest accuracy (81.6% ) with
moderate resource requirements: 2.1-ms inference time and
1.08 MB model size. Compared to FDAT, IF4FD improves
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accuracy by 5.1% while maintaining lower latency and memory
usage than larger models like FREE, demonstrating an effec-
tive balance between performance and efficiency for industrial
deployment.

F. Robustness Check

Industrial sensor data often contains noise and uncertainty,
making model robustness critical. We evaluate IF4FD under
both Gaussian noise and semantic attribute perturbations. We firs
test with additive Gaussian noise with mean of 0 and a variance
ofn (0.1,0.3,0.5,0.7,1.0,2.0,5.0, 10.0, 15.0) on TEP Groups
A and C (see Fig. 9). FDAT and SCE degrade significantly
at G(0.7) and G(2.0), respectively, while IF4FD maintains
stable performance until G(10.0). Even at G(15.0), IF4FD
achieves 84.0% accuracy on Group A versus 48.7% for FDAT
and SCE, demonstrating superior noise resistance through mul-
tiscale feature fusion. As shown in Fig. 10, we further evaluate
model robustness under three types of semantic uncertainty, with
perturbation levels ranging from 0 to 50% in 5% increments.

1) Attribute missing: Performance remains stable up to 20%
missing ratio; maintains 65% accuracy even with 50% missing
attributes.

2) Attribute noise: Average accuracy stays above 80% across
all noise levels despite minor fluctuations.

3) Attribute flipping: Stable performance up to 35% flip ratio;
preserves meaningful classification capability beyond 40% .
These results confirm that IF4FD handles both sensor-level
noise and semantic-level uncertainty effectively, making it suit-
able for real industrial environments where data quality and
knowledge reliability vary.

V. CASE STUDY

This case study uses data from Cranfield University’s Multi-
phase Flow Facility [23], which was collected from an opera-
tional research plant rather than simulated. This real-world ori-
gin gives the data greater practical relevance than the computer-
generated datasets used in Section IV. The experimental setup,
shown in Fig. 11, is built around a pipeline network with two
main loops of different diameters. The 4-in loop has a 55 m
downward-sloping (2°) pipe linked to a 10.5 m catenary riser,
and the 2-in loop has a 40 m horizontal pipe connected to a
10.5 m vertical riser. Both loops join at a gas—liquid separator on
a 10.5 m high platform. A final, ground-level separator (GS500,
11m?) then vents air and recycles the water. All data are recorded
at 1 Hz by a DeltaV [38] Fieldbus based supervisory control
and data acquisition system for reliable collection. As shown
in Table IX, the resulting dataset includes one normal state
and six different fault types—Ilike blockages and operational
errors—that mimic real industrial problems for fault diagnosis
research.

1) Fault Case #1. Air line blockage: Simulates gradual ob-
struction in the air supply line by incrementally closing
valve VC302 from fully open. System responses are
recorded at defined intervals to evaluate dynamic char-
acteristics under deteriorating airflow.
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TABLE IX
SUMMARY OF FAULTS IN CRANFIELD THREE-PHASE FLOW DATASET

Fault  Fault Name Location Measured Variable Samples
1 Air line blockage VC302 Valve VC302 position (%) 9,734
2 Water line blockage VCl101 Valve VC101 position (%) 8,499
3 Top separator input blockage =~ VC404 Valve VC404 position (%) 8,499
4 Open direct bypass BYPASS  Riser bottom pressure (MPa) 12,255

o eonditions FT305 Air flow rate (Sm?s)
5 Slugging conditions FT104 Water flow rate (kg/s) 5362
6 Pressurization of 2-inch line PT417 Pressure in 2-inch line (MPa) 4,870
Bold values indicate the best results.
TABLE X

GROUP SETTING OF ZERO-SHOT INDUSTRIAL FAULT DIAGNOSIS FOR
CRANFIELD MULTIPHASE FLOW FACILITY DATASET

Group Training Target
Seen faults Total Unseen faults Total
A 2,345 34615 1,6 14604
B 1,2,5,6 28465 3.4 20754
C 1,2,3,6 31602 4.5 17617
D 12,34 38987 5,6 10232

2) Fault Case #2. Water line blockage: Simulates pipeline
obstruction by gradually closing water line valve VC101.
While the procedure mirrors Case 1, system responses
differ significantly due to the distinct physical properties
of water versus air.

3) Fault Case #3. Top separator input blockage: Simulates
obstruction at the top separator input by operating valve
VC404. Unlike previous cases, this valve can be remotely
controlled and its angular position precisely monitored.

4) Fault Case #4. Open direct bypass: Simulates a leakage
at the riser bottom by opening the normally closed BY-
PASS valve. This diverts fluid directly to the separator,
bypassing the main riser and creating insufficient flow to
the test area.

5) Fault Case #5. Slugging conditions: Induced by reducing
air and liquid flow rates (monitored via FT305, FT104) to
accumulate liquid at the riser bottom. This causes periodic
pressure buildup and release, leading to fluctuations in
pressure and flow rate.

6) Fault Case #6. Pressurization of the 2-in line: Simulates
abnormal pressurization in the normally isolated 2-in
pipeline by opening the bridge valve connecting it to the
4-in main line. Pressure was monitored using transmitter
PT417.

As shown in Table IX, the final dataset contains 77 600 records
of normal operation and six distinct fault types. The normal
data significantly outnumbers the fault data, which could cause
a model to become biased and harm its ZSFD performance.
To prevent this, we excluded normal samples from the ZSFD
process. For the experiments, we treated two randomly chosen
fault types as unseen classes and the other four as seen classes.
This random selection was repeated in four independent trials.
The specific setup and the division of training and test data for
each trial are shown in Table X.
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TABLE XI
COMPARISON WITH ZERO-SHOT FAULT INDUSTRIAL DIAGNOSIS METHOD ON
CRANFIELD MULTIPHASE FLOW FACILITY DATASET

Method Accuracy(%) Average(%)
Group A Group B Group C  Group D
FDAT 66.7 56.9 69.6 20.7 53.5
SCE 68.2 74.8 78.0 57.2 69.6
Ours 91.1 72.8 82.0 94.5 85.1(115.5)

A. Zero-Shot Fault Diagnosis Implementation

After preparing the data, we apply the IF4FD to this real-
world dataset. The first step is to create attribute descriptions
for the different fault types, a process known as multimodal
semantic encoding. Unlike standard datasets that come with
predefined attributes, this is the first time the ZSFD method
has been used on this dataset. Therefore, we have to build
the attribute knowledge from scratch. Thus, we gather infor-
mation from various sources, including official documentation
and research papers, to create detailed text descriptions for each
of the seven categories (one normal and six fault types). We
then use the text encoder of pretrained BERT to convert these
descriptions into numerical vectors. By processing the text and
using an average pooling strategy, we generate a 7 X 64 fault
attribute matrix. The size of 64 is chosen as it performed best
in our tests. This matrix is different from the simple binary
(0/1) attributes found in datasets like TEP. Our matrix contains
continuous values that, while not directly readable by humans,
allow the model to capture more complex and nuanced fault
characteristics. After generating the attribute matrix, we perform
the multiscale information extraction step. For the experiments,
we set the o, 5 and y in (7) as 0.05, 0.5, and 0.5, respectively,
and conduct comparative experiments against FDAT and SCE.

B. Results and Comparative Analysis

Table XI presents a performance comparison of our proposed
IF4FD method with the state-of-the-art ZSFD methods FDAT
and SCE on the CMFF dataset, while Fig. 12 illustrates the
optimal confusion matrices from four experimental groups. To
ensure fairness of evaluation, all three methods employ iden-
tical Gaussian Bayesian classifiers for the zero-shot classifi-
cation tasks. It should be emphasized that each set of accu-
racy metrics represents the average results of over ten inde-
pendent experimental trials, which significantly increases the
statistical reliability and robustness of our experimental con-
clusions. Regarding the evaluation framework, this case study
compares the proposed method with two recently developed
approaches specifically designed for ZSFD, namely FDAT and
SCE, rather than with conventional ZSL algorithms. This selec-
tion is based on two primary considerations. First, traditional
methods were originally developed for computer vision appli-
cations, and their underlying assumptions are not well aligned
with the distinctive requirements of industrial fault diagnosis.
Second, FDAT and SCE, as domain-specific approaches, have
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Fig. 12.  Confusion matrices of the best results of the four groups for
the Cranfield Multiphase Flow Facility Dataset.

demonstrated consistent superiority over conventional coun-
terparts in their original studies. Therefore, benchmarking the
proposed method against these specialized techniques enables a
more rigorous and application-oriented evaluation of its practi-
cal effectiveness.

The IF4FD achieves the highest accuracy in three out of four
groups (A, C, and D), with scores of 91.1% , 82.0% , and 94.5% ,
leading to a top average accuracy of 85.1% . This is a significant
improvement over FDAT (53.5% ) and SCE (69.6% ). Although
SCE had a slightly higher accuracy in Group B (74.8% vs.
IF4FD’s 72.8% ), our method was still much better than FDAT
(56.9% ). All methods struggle more in Groups B and C, where
Fault Case #3 (top separator blockage) and Fault Case #4 (open
bypass) are the unseen faults being tested. The difficulty arises
because these faults are physically very different from the ones
used in training: Fault Case #3 involves a precisely controlled
valve, creating signal patterns unlike a simple blockage, while
Fault Case #4 simulates a leak that reroutes flow, which is
fundamentally different from an obstruction. This creates a large
semantic gap, making it harder for models to generalize. Despite
these challenges, IF4FD demonstrated strong generalization. Its
success comes from its multiscale feature extraction framework
and the use of multimodal semantic encoding. This allows
the model to better understand the differences between fault
types and identify key diagnostic features, leading to superior
performance across diverse test scenarios.

VI. CONCLUSION

We propose a ZSFD framework, called IF4FD, based on
multiscale information fusion. First, a structured semantic at-
tribute knowledge graph is constructed through multimodal
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semantic encoding techniques. Then we augment the original
data from the perspectives of category knowledge, attribute
knowledge, and feature knowledge, thereby offering diverse
representations of raw sensor data to aid knowledge transfer
and fault classification. Experimental findings confirm that our
proposed approach outperforms existing ZSFD and general ZSL
methods, notably enhancing ZSFD tasks. Moreover, in scenarios
with limited samples, our zero-shot-based approach surpasses
supervised classification algorithms. By introducing noise to
the data, we further demonstrate the model’s robustness. Ex-
tensive experimental results unequivocally indicate the efficacy
of employing the ZSFD method based on multiscale information
for fault diagnosis in industrial production processes. System-
atic validation on the real-world CMFF dataset highlights the
method’s strong potential for identifying novel and rare faults in
practical applications.

Limitation and future work: While the proposed method
demonstrates effectiveness across multiple datasets, certain
practical considerations merit attention. The attribute extraction
quality depends on the availability and diversity of data sources;
in scenarios with limited textual information or imbalanced
class distributions, more robust semantic encoding strategies
may be beneficial. In addition, the feature concatenation ap-
proach increases dimensionality, which, although manageable
in current applications, may pose scalability challenges for
extremely high-dimensional industrial sensor systems. Compu-
tational efficiency, while adequate on standard hardware, could
be further optimized for real-time critical applications requiring
sub-second response times. In future work, our model can be
extended to generalized ZSL settings that leverage unlabeled test
data, developing cross-domain transfer learning mechanisms for
multifacility deployment to reduce retraining costs, integrating
temporal modeling approaches such as recurrent architectures to
capture dynamic fault evolution patterns, and exploring multi-
rate sampling strategies to handle sensors with varying sampling
frequencies in complex industrial environments.

REFERENCES

[1] C. Tang et al., “Attention-based early warning framework for abnormal
operating conditions in fluid catalytic cracking units,” Appl. Soft Comput.,
vol. 153, 2024, Art. no. 111275.

[2] Y. Gui, M. Yi, H. Yin, P. Zhang, D. Zhao, and L. Cai, “A novel zero-shot
fault identification based ontransfer learning,” in Proc. Chin. Intell. Syst.
Conf., 2022, pp. 115-124.

[3] Z. Hu, H. Zhao, L. Yao, and J. Peng, “Semantic-consistent embedding
for zero-shot fault diagnosis,” IEEE Trans. Ind. Inform., vol. 19, no. 5,
pp. 7022-7031, May 2023.

[4] C. Tang et al., “Deep learning in nuclear industry: A survey,” Big Data
Mining Anal., vol. 5, no. 2, pp. 140-160, 2022.

[5] W. Yu and C. Zhao, “Online fault diagnosis in industrial processes using
multimodel exponential discriminant analysis algorithm,” IEEE Trans.
Control Syst. Technol., vol. 27, no. 3, pp. 1317-1325, May 2019.

[6] X. Song et al., “Evolutionary multi-objective spiking neural architecture
search for image classification,” IEEE Trans. Evol. Comput., to be pub-
lished,doi: 10.1109/TEVC.2025.3528471.

[71 Y. Zhuo and Z. Ge, “Data guardian: A data protection scheme for in-
dustrial monitoring systems,” IEEE Trans. Ind. Inform., vol. 18, no. 4,
pp. 2550-2559, Apr. 2022.

[8] C. Tang et al., “Rethinking generalized zero-shot learning: A synthesized
per-instance attribute perspective,” IEEE Trans. Image Process., vol. 34,
pp. 5847-5859, 2025.


https://dx.doi.org/10.1109/TEVC.2025.3528471

3238

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

IEEE TRANSACTIONS ON INDUSTRIAL INFORMATICS, VOL. 22, NO. 4, APRIL 2026

L. Feng and C. Zhao, “Fault description based attribute transfer for zero-
sample industrial fault diagnosis,” IEEE Trans. Ind. Inform., vol. 17, no. 3,
pp. 1852-1862, Mar. 2021.

W. Wang, V. W. Zheng, H. Yu, and C. Miao, “A survey of zero-shot
learning: Settings, methods, and applications,” ACM Trans. Intell. Syst.
Technol., vol. 10, no. 2, pp. 1-37, 2019.

Y. Gao et al., “Improving generalized zero-shot learning via cluster-based
semantic disentangling representation,” Pattern Recognit., vol. 150, 2024,
Art. no. 110320.

C.Tang,J.Lv, Y. Chen, and J. Guo, “An angle-based method for measuring
the semantic similarity between visual and textual features,” Soft Comput.,
vol. 23, pp. 4041-4050, 2019.

Z. Zang, C. Lin, C. Tang, T. Wang, and J. Lv, “Zero-shot aerial object
detection with visual description regularization,” in Proc. AAAI Conf. Artif.
Intell., 2024, pp. 6926-6934.

C. Tang, Y. Kuang, J. Lv, and J. Hu, “SAN: Sampling adversarial networks
for zero-shot learning,” in Proc. Int. Conf. Neural Inf. Process., 2020,
pp. 626-638.

C. Tang, X. Yang, J. Lv, and Z. He, ‘“Zero-shot learning by mutual
information estimation and maximization,” Knowl.-Based Syst., vol. 194,
2020, Art. no. 105490.

Z. Zhai, X. Li, and Z. Chang, “Center-vae with discriminative and
semantic-relevant fine-tuning features for generalized zero-shot learning,”
Signal Processing, Image Commun., vol. 111, 2023, Art. no. 116897.

C. Tang, Z. He, Y. Li, and J. Lv, “Zero-shot learning via structure-aligned
generative adversarial network,” IEEE Trans. Neural Netw. Learn. Syst.,
vol. 33, no. 11, pp. 6749-6762, Nov. 2022.

Y. Zhuo and Z. Ge, “Auxiliary information-guided industrial data augmen-
tation for any-shot fault learning and diagnosis,” IEEE Trans. Ind. Inform.,
vol. 17, no. 11, pp. 7535-7545, Nov. 2021.

J. Chen, G. Wang, J. Lv, Z. He, T. Yang, and C. Tang, “Open-set classifica-
tion for signal diagnosis of machinery sensor in industrial environment,”
IEEE Trans. Ind. Inform., vol. 19, no. 3, pp. 2574-2584, Mar. 2022.

“A plant-wide industrial process control problem,” Comput. Chem. Eng.,
vol. 17, no. 3, pp. 245-255, 1993.

C. Yu et al.,, “GPT-NAS: Neural architecture search meets generative
pre-trained transformer model,” Big Data Mining Anal., vol. 8, no. 1,
pp. 45-64, Feb. 2025.

J. Devlin, M.-W. Chang, K. Lee, and K. Toutanova, “BERT: Pre-training
of deep bidirectional transformers for language understanding,” in Proc.
Conf. North Amer. chapter Assoc. Comput. linguistics: Hum. Lang. Tech-
nol., 2019, pp. 4171-4186.

C.Ruiz-Circel, Y. Cao, D. Mba, L. Lao, and R. Samuel, ““Statistical process
monitoring of a multiphase flow facility,” Control Eng. Pract., vol. 42,
pp. 74-88, 2015.

[24]
[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

S. Hochreiter and J. Schmidhuber, “Long short-term memory,” Neural
Comput., vol. 9, no. 8, pp. 1735-1780, 1997.

A. Vaswani et al., “Attention is all you need,” in Proc. Adv. Neural Inform.
Process. Syst., 2017, Art. no. 30.

S. Chen et al., “Free: Feature refinement for generalized zero-
shot learning,” in Proc. IEEE/CVF Int. Conf. Comput. Vis., 2021,
pp. 122-131.

L. Feng, C. Zhao, and X. Li, “Bias-eliminated semantic refinement for
any-shot learning,” IEEE Trans. Image Process., vol. 31, pp. 2229-2244,
2022.

L. Shao, N. Lu, B. Jiang, and S. Simani, “Feature generating network
with attribute-consistency for zero-shot fault diagnosis,” IEEE Trans. Ind.
Inform., vol. 20, no. 5, pp. 7787-7796, May 2024.

W. Liao, L. Wu, S. Xu, and S. Fujimura, “Cycle-consistent generating
network based on semantic distance for zero-shot fault diagnosis,” IEEE
Trans. Instrum. Meas., vol. 74, 2025, Art. no. 3518413.

C. H. Lampert, H. Nickisch, and S. Harmeling, “Learning to detect unseen
object classes by between-class attribute transfer,” in Proc. IEEE Conf.
Comput. Vis. Pattern Recognit., 2009, pp. 951-958.

A. Frome et al., “Devise: A deep visual-semantic embedding model,” in
Proc. Adv. Neural Inform. Process. Syst., 2013, Art. no. 26.

B. Romera-Paredes and P. H. S. Torr, “An embarrassingly simple approach
to zero-shot learning,” in Proc. 32nd Int. Conf. Int. Conf. Mach. Learn.,
2015, pp. 2142-2151.

7. Akata, S. Reed, D. Walter, H. Lee, and B. Schiele, “Evaluation of
output embeddings for fine-grained image classification,” in Proc. IEEE
Conf. Comput. Vis. Pattern Recognit., 2015, pp. 2927-2936.

E. Kodirov, T. Xiang, and S. Gong, “Semantic autoencoder for zero-shot
learning,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2017,
pp. 3174-3183.

S. Zhang, H.-L. Wei, and J. Ding, “An effective zero-shot learning ap-
proach for intelligent fault detection using 1 d CNN,” Appl. Intell., vol. 53,
no. 12, pp. 16041-16058, 2023.

L. Fan, X. Chen, Y. Chai, and W. Lin, “Attribute fusion transfer for zero-
shot fault diagnosis,” Adv. Eng. Informat., vol. 58, 2023, Art. no. 102204.
H. Tang, W. Jing, D. Tang, Z. Yang, X. Yang, and W. Xie, “Global-local
attention-aware zero-shot learning for industrial fault diagnosis,” IEEE
Trans. Instrum. Meas., vol. 74, 2025, Art. no. 3517916.

E.E, Co The deltav Digital Automation System, Emerson. [Online]. Avail-
able: https://www.emerson.com/en-us/automation/deltav. Accessed: Feb.
13,2014.


https://www.emerson.com/en-us/automation/deltav


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


