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Adversarial Multimodal Contrastive Learning for
Robust Industrial Fault Diagnosis
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Abstract—Fault diagnosis (FD) techniques leveraging self-
supervised contrastive learning (SSCL) have demonstrated
significant potential in industrial scenarios due to their reduced
dependence on manually annotated data. However, the existing
SSCL algorithms primarily focus on establishing complex sim-
ilarity relationships among unimodal augmented views. These
unimodal SSCL approaches are particularly vulnerable to learn-
ing shallow, domain-dependent spurious features in the training
data rather than more intrinsic and essential features. Con-
sequently, such spurious features may cause the algorithm
failure when encountering distribution shift issues resulting from
environmental perturbations or changes in working conditions.
To address this challenge, we propose adversarial multimodal
contrastive learning (AMMCL), a novel approach designed to
extract robust and generalizable multimodal representations
from time series and their corresponding spectrograms. AMMCL
utilizes intermodal contrastive learning and adversarial training
strategy to align modal-invariant features from both elementwise
and setwise perspectives. These essential features are beneficial
for intradomain and cross-domain FD tasks. Furthermore, a
slice segmentation processing (SSP) method based on dominant
frequency is employed to enhance model’s ability to recognize
varying patterns within time series. AMMCL is first evaluated
on intradomain and cross-domain FD tasks using the Gearbox
and XJTU-SY datasets, where it outperforms nine existing FD
algorithms in terms of performance. Additionally, AMMCL is
compared with ten other valve stiction detection algorithms
on International Stiction Database (ISDB) dataset, successfully
identifying the most loop states (23 out of 26). Finally, the
trained AMMCL model on the ISDB dataset is implemented
in actual industrial valve detection, demonstrating the feasibility
and practicality of AMMCL in real industrial scenarios.

Index Terms—Adversarial training, cross-domain experiments,
fault diagnosis (FD), multimodal contrastive learning, time series.
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I. INTRODUCTION

FAULT diagnosis (FD) plays a pivotal role in ensuring
the stability of industrial processes. Its primary purpose

is to identify the equipment’s operational states, including
system states and fault types, through time-series data from
monitoring sensors. In recent years, deep learning-based FD
algorithms have gained popularity in various intelligent sys-
tems due to their adaptability [1], [2], [3], [4], [5], [6]. These
data-driven algorithms aim to obtain feature extractors that suit
the specific demands of diverse downstream tasks. However,
developing reliable deep learning models often requires sub-
stantial annotated data, which may be constrained by factors,
such as domain expertise, increasing labor costs, and data
privacy concerns. To tackle this challenge, contrastive learning
has emerged as a promising approach, demonstrating low
dependence on labeled data.

The self-supervised contrastive learning (SSCL) framework,
comprising pretraining and fine-tuning stages, has rapidly
gained traction in computer vision and natural language pro-
cessing. This paradigm is appealing as it can mitigate the
dependency for annotated data, enhance model generalization
capability, and adapt to various tasks. Thus, incorporating this
learning paradigm into FD models is a viable strategy. Current
SSCL-based FD research primarily focuses on developing
intricate similarity architectures [7], [8], [9], [10], [11] and
mining (MIN) multigranularity representations [12], [13], [14].
For example, Zhang et al. [2] proposed an expert-knowledge-
guided novel framework to address the task-agnostic issue in
SSCL. Cai et al. [6] introduced a Gaussian distance metric
in SSCL to measure the radial distribution, aiding cosine
similarity, and experimented on a diverse industrial dataset.
Peng et al. [11] used a linear classifier to identify chemical
processes faults after obtaining the informative SSCL repre-
sentations. These studies have harnessed contrastive learning’s
potential, achieving promising results in FD tasks.

While SSCL methods achieve optimal performance in FD
tasks, challenges remain, particularly in pointwise processing
and unimodal feature extraction. For FD tasks, the pattern
changes in signals caused by faults are crucial for identifying
fault types and tracing their occurrence. However, pointwise
processing treats individual time-series points as model’s
basic input unit. Single points lack statistical significance,
potentially causing the model to focus excessively on local
changes and insufficiently recognize global patterns. Mean-
while, timestamp misalignment across different channels can
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lead to incorrect interchannel relationship MIN under point-
wise processing. SSCL methods extract features by comparing
the similarity among positive and negative pairs. Typically,
augmented views from the same sample are positive, while
the others are negative. When models are trained on unimodal
augmented pairs, they predominantly focus on surface-level
features. This limitation is closely tied to the critical role
of augmentation techniques in determining the performance
of unimodal methods [15]. Although more aggressive aug-
mentation strategies might boost the performance, they often
disrupt the inherent seasonal or trend patterns fundamental to
time-series analysis. For instance, cyclical behaviors and long-
term trends commonly found in time-series data are highly
vulnerable to distortion by strong augmentations. Furthermore,
common augmentation methods primarily modify the surface-
level shape of sequences. These transformations do not engage
with the underlying semantic patterns that neural networks
need to discern.

To address the above issues, we proposed a novel adversarial
multimodal contrastive learning (AMMCL) framework for FD
tasks in intelligent systems monitoring. The AMMCL frame-
work extracts the modal features from time-series data and
corresponding spectrogram images. Time series and spectro-
grams provide distinct yet semantically equivalent descriptions
of the same object. To refine and integrate essential infor-
mation between modal features for FD tasks, intermodal
contrastive learning and an adversarial training strategy are
employed. This approach enhances the modal-invariant part
and inhibit modal-specific part from both elementwise and set-
wise perspective. The modal-invariant information is intrinsic
and shared across modalities, contributing to understanding the
operational state of systems. In contrast, modal-specific infor-
mation refers to the distinct features inherent to a particular
modality, including temporal locality and phase relationships
in time-domain signals and harmonic structures in frequency-
domain signals. Finally, we introduce slice segmentation
processing (SSP) based on dominant frequency for time series,
treating each slice as the basic processing unit of the model.
This approach enhances the model’s ability to recognize signal
patterns more effectively and mitigate the misalignment issue
between channels. The main contributions are as follows.

1) A novel AMMCL framework is proposed for industrial
FD tasks. AMMCL extracts robust and fundamental
cross-modal features from time series and spectrograms,
adapting better to dynamic industrial environments.

2) An adversarial training strategy is employed to enhance
the modal-invariant features, which represent the essen-
tial information shared across modalities, while sup-
pressing the modal-specific parts, which refer to the
unique characteristics of each individual modality.

3) SSP based on the dominant frequency term is utilized,
considering slices as the basic input units of models to
better mine pattern changes in time series.

4) Extensive experiments on three public datasets indi-
cate that AMMCL extracts more robust and essential
features for FD tasks. Beyond that, we deploy the
trained AMMCL in real control systems to evaluate its
practicality for industrial deployment.

The remainder of this article is structured as follows.
Section II introduces the SSP technique, multimodal con-
trastive learning, and adversarial training strategy. Section III
details the comprehensive experiments conducted to evaluate
the performance of AMMCL. Finally, Section IV summarizes
our works and concludes this article.

II. METHODOLOGIES

A. Problem Definition

Consider Xi = {x1, x2, . . ., xD} ∈ R
L×D, i = 1, 2, . . .,N as

a single multivariate time-series sample with length L and
dimension D, where yi ∈ R is the ground truth for sample Xi.
The dataset X = X an ∪ X un comprises N samples, including
normal and abnormal ones. Here, X an and X un denote the
subsets of annotated and unannotated samples with Nan and
Nun samples, respectively, and Nan � Nun. Our goal is to
develop a feature extraction framework for multimodal data
that can be utilized for industrial FD tasks. This framework
should eliminate the need of manual feature engineering and
establish a data-driven FD model based on X .

B. Overall Framework

The pretraining architecture of the proposed AMMCL is
depicted in Fig. 1. First, the original time series Xi is converted
into spectrograms Ii via the short-time Fourier transform
(STFT) algorithm. Then, augmented views Xs

i and Xw
i are

generated from Xi using time-series augmentation techniques,
such as jittering and permutation. Similarly, I s

i and Iw
i are

created from Ii through image augmentation methods, such
as noising and masking. Features fi and zi are extracted
from these augmented views using dedicated time series and
spectrogram feature extractors, i.e., FEX and FEI , where are
central to the pretraining stage and have their weights frozen
during fine-tuning, as shown in Fig. 2. Intramodal InfoNCE
loss functions LX and LI are applied to regulate similarity
within each modality.

To extract high-level, generalizable features, an intermodal
InfoNCE loss LXI and an adversarial training strategy LD are
employed to align cross-modal features from both elementwise
and setwise perspectives. LXI treats fi and its corresponding zi

as a positive pair, drawing them closer. LD distinguishes the
modality of features, reducing the distribution margin between
fi and zi.

In the fine-tuning stage (see Fig. 2), the fusion feature f̂i
is generated by merging fi and zi with a fusion factor α.
Downstream classifiers are then activated to predict the label
ŷi of Xi based on f̂i. Specifically, FEX and FEI are frozen
and excluded from backpropagation, while the downstream
classifiers are trained to minimize the cross-entropy loss.

C. Slice Segmentation Processing

While pointwise processing approaches extract information
by treating individual time steps as fundamental units [16],
[17], this methodology has inherent limitations for FD tasks.
Effective FD requires comprehensively identifying pattern
compositions within industrial signals to enable accurate fault
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Fig. 1. Pretraining stage of AMMCL. All modules are activated for backpropagation.

Fig. 2. Fine-tuning stage of AMMCL. The time series and spectrogram
feature extractors are frozen, and the downstream classifiers are activated for
backpropagation.

classification and traceability. The critical limitation of point-
wise analysis is statistical insufficiency of isolated temporal
points, which restricts the model’s receptive field. Such local-
ized processing fails to capture essential global characteristics
of time-series data, including critical trend variations and
periodic patterns vital for robust fault detection [18].

Furthermore, time misalignment across sensor channels
often occurs due to sampling errors or human errors during
data collection. When processed using pointwise methods, this
misaligned data force measurements from different timestamps
to be merged into a single data token. Mismatched bundling
causes the model to incorrectly associate sensor readings
that are not temporally aligned, leading to the learning of
spurious interchannel relationships contradictory to the actual
operational behavior of industrial equipment.

To overcome the limitations, we propose the SSP method,
which treats temporal slices of length l as fundamental pro-
cessing units rather than individual timestamps. This approach
ensures statistically meaningful input units while enhanc-
ing robustness against temporal misalignment across sensor
channels. However, arbitrary sequence segmentation risks dis-
rupting long-term periodic patterns, constraining the model to
short-term features. To preserve critical cyclical information,
we develop an adaptive segmentation strategy based on fast
Fourier transform (FFT) analysis. As shown in Fig. 3, our
method first identifies the dominant frequency term kmax

Fig. 3. Operation of the proposed SSP method based on dominant frequency.

through spectral decomposition of the original series Xi and
then determines the optimal slice length l corresponding to the
principal frequency. The SSP operation is defined as follows:

H (k) =

L−1X
n=0

X [n] e− j2πkn/L (1)

kmax = arg max
k

|H (k)| (2)

l =

�
L

kmax

�
(3)

where H(k) is the kth term of Fourier series, | · | is the modulo
operation, and b·c is the downward rounding arithmetic.

After data augmentation, we implement the SSP operation
by participating each augmented series Xi ∈ R

L×D into
temporal slices Ti of length l. These slices are then temporally
stacked to form a processed 3-D tensor X̂i ∈ R

Kmax×l×D

X̂i = Stack
�
T1,T2, . . .,Tkmax

�
∈ Rkmax×l×D (4)

where Stack(·) denotes the stacking function in dim = 0.

D. Multimodal Contrastive Learning

Traditional contrastive learning methods usually compare
positive and negative pairs within the same modality. While
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Fig. 4. Time-series augmentation techniques. (a) Original time series. (b) Time series after weak augmentation (jitter). (c) Time series after strong augmentation
(permutation).

stronger augmentation techniques can boost feature extraction
efficiency for challenging tasks [15], they are predominantly
used in intramodal comparisons. Models trained in this
manner aim to identify features that are invariant to the
applied augmentations. However, these features often lack
the deeper semantic meaning necessary for a comprehensive
and context-aware understanding. Such shallow features can
lead to algorithm failure when encountering distribution shift
problems caused by environmental perturbations. Furthermore,
overusing high-perturbation augmentation methods may distort
extracted features due to distributional divergence.

We choose spectrograms as a distinct modality from time
series because they can visually and dynamically decom-
pose the frequency components of time series via the STFT
algorithm, offering valuable insights for patterns identifica-
tion. Spectrograms and time series share equivalent temporal
semantics but in different forms. Inspired by multimodal
image–text transformation [19], [20], applying SSCL between
spectrogram and time series can yield meaningful cross-
modal representations that capture data’s inherent structure
and characteristics. Spectrogram provides a global view of the
system’s dynamic components, while time series captures local
changes more effectively.

Time series exhibits strict temporal dependencies and local
continuity. Jitter and permutation are the common augmen-
tation techniques for time series, as shown in Fig. 4. Jitter
adds Gaussian noise with mean µ= 0 and standard deviation
σ1 to the original data, enhancing the robustness of model to
noise and minor variations. Permutation randomly rearranges
n segments X j

i of the time series Xi, guiding the model to
recognize patterns irrespective of their specific order

Xw
i = Xi + Norm (µ, σ1) (5)

Xi =
�
X1

i , X
2
i , . . ., X

n
i

�
(6)

Xs
i = Perm

�
X1

i , X
2
i , . . ., X

n
i

�
(7)

where n denotes the number of segments, Norm(·, ·) represents
the Gaussian noise, and Perm(·) is the out-of-order function.

Spectrograms, as 2-D images, leverage spatial redundancy
and hierarchical semantics. In vision contrastive [21], pixel
noise and random masking are the standard techniques. Pixel
noise is added by introducing Gaussian noise with mean µ=0
and standard deviation σ2 to the original figure, mimicking
real-world imaging artifacts (e.g., low-light noise). Random
masking covers pixels with a probability of p, forcing the
model to learn from partial contexts and improving robustness
to occlusions

Iw
i = Ii + Norm (µ, σ2) (8)

I s
i = Ii � Bool (p) (9)

where Bool(·) is the Boolean mask matrix and � denotes the
Hadamard product.

InfoNCE losses LX and LI are employed to constrain the
similarity of intramodal positive pairs. Intramodal contrastive
learning enhances the utilization of intramodal information and
simplifies cross-modal contrastive learning

LX = E

"
− log

exp
�
sim

�
f s
i , f w

i

�
/τ
�P

i, j exp
�
sim

�
fi, f j

�
/τ
�# (10)

LI = E

"
− log

exp
�
sim

�
zs

i , z
w
i

�
/τ
�P

i, j exp
�
sim

�
zi, z j

�
/τ
�# (11)

where τ is the temperature coefficient to regulate the convexity.
The features fi and zi though from different modalities

share the same semantics and are refined from specific time
series and their corresponding spectrogram, respectively. To
constrain cross-modal positive pair fi and zi, a novel LXI is
proposed as follows:

LXI = E

"
− log

exp (sim ( fi, zi) /τ)P
i, j exp

�
sim

�
fi, z j

�
/τ
�# . (12)

E. Adversarial Training Strategy

Cross-modal positive pairs, though semantically consistent,
contain modal-specific components that distinguish them from
modal-invariant parts. Modal-specific components refer to
features that are intrinsic to a particular modality. For instance,
time-domain signals are characterized by temporal locality and
phase relationships that determine the timing and alignment
of signal components. Meanwhile, frequency-domain signals
are often distinguished by harmonic structures, which provide
details about the periodic components of the signal, including
their frequencies, amplitudes, and phases. These features are
fundamental to how each modality represents the underlying
data and phenomena.

Let M = {MX ,MI} denote a set of modalities, where
MX and MI are linked to specific feature spaces FX and
FI . Modal-invariant features are conceptualized as a shared
latent representation Finv, capturing the common semantic
information across all modalities. Mathematically, we aim to
adapt feature extractors FEX and FEI that map the input data
X and I into a unified feature space Finv, such that

Finv = FEX (X) ∩ FEI (I) . (13)

In adversarial training, the goal is to minimize the distribu-
tional discrepancies of modal-specific features in the shared
latent space. Specifically, an adversarial discriminator D(·)
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is employed to distinguish the origin of features, i.e., to
identify the modality from which they are derived. The process
is formulated as a minimization optimization problem LD,
incorporating a gradient reversal layer R(·)

R (x) = x,
∂R
∂x

= −I (14)

minLD = min
θ
E

h∈{ f ,z}

h
−
X

ci log (D (R (hi)))
i

(15)

where h generalizes f and z and θ represents the model
parameters. Specifically, the pseudo label ci is 1 if hi cor-
responds to the feature fi from modality MX and 0 if hi

corresponds to the feature zi from modality MI . Our objective
is to minimize the classification loss, ensuring the alignment
of feature distributions across modalities and promoting the
learning of modal-invariant features.

The synergy of LXI and LD within the AMMCL frame-
work ensures effective features alignment across modalities
without performance degradation after fusion. LXI strongly
constrains cross-modal positive pairs by pulling them together
elementwise. In contrast, LD alleviates the difficulty of LXI

by performing setwise alignment, considering the macroscopic
distribution of fi and zi.

To balance the contributions of LXI and LD, we introduce
hyperparameters γ and δ to assign respective weights to each
loss component during pretraining. The hybrid loss function
L is formulated as follows:

L = LX + LI + γLXI + δLD. (16)

After pretraining, we merge the time-series feature fi with
corresponding spectrogram feature zi, forming a fused feature
f̂i for downstream tasks

f̂i = α fi + (1 − α) zi (17)

where α donates the fusion factor.

III. EXPERIMENTS

In this section, experiments are conducted across three
scenarios: gearbox FD, valve stiction detection, and real-
world industrial valve stiction detection deployment. These
experiments comprehensively evaluate the effectiveness and
superiority of our proposed method.

A. Datasets Description

The Gearbox dataset [22] was collected from a drivetrain
dynamic simulator, as shown in Fig. 5. It comprises two dis-
tinct working conditions characterized by rotating speed–load
configurations of 20-0 and 30-2. Each working condition
consists of eight signals representing various parameters:
1) motor vibration (d1); 2)–4) vibration of the planetary gear-
box in x-, y-, and z-directions (d2, d3, and d4); 5) motor torque
(d5); and 6)–8) vibration of the parallel gearbox in x-, y-, and
z-directions (d6, d7, and d8). The Gearbox dataset encompasses
five distinct condition types: chipped (crack occurs in the gear
teeth), miss (missing one tooth in the gear), root (crack occurs
in the root of the gear teeth), surface (wear occurs on the
surface of the gear), and normal (healthy).

Fig. 5. Experimental setup of Gearbox dataset.

The XJTU-SY dataset [23] has emerged as a benchmark
for FD research, containing complete run-to-failure data of 15
rolling element bearings. These data were obtained through
systematic accelerated degradation experiments, where five
bearings were subjected to three distinct speed and load rating
operating conditions: 35/12, 37.5/11, and 40 Hz/10 kN. The
failure of tested bearing is caused by four kinds of faults,
including inner race wear (IR), cage fracture, outer race wear
(OR), and outer race fracture. The tested bearing is LDK
UER204, and vibration signals were collected at a sampling
frequency of 26.5 kHz using two orthogonally positioned PCB
352C33 accelerometers.

The International Stiction Database (ISDB) [24] is a well-
known benchmark for validating novel methods concerning
control loop performance assessment. These loops were col-
lected from various process industries, including chemical
plants (CHEM), pulp and paper mills (PAP), buildings (BAS),
MIN, and power plants (POW). Our goal is to determine
whether the loops are stiction or not. Note that a nonstiction
condition does not necessarily indicate a normal loop; it may
be attributed to other issues, such as external disturbances or
sensor failures.

B. Implementation Settings and Evaluation Metrics

We primarily leverage average accuracy (Acc) to evaluate
the model performance, with weight-recall (w-Recall) and
weight-F1 (w-F1) serving as auxiliary metrics

Acc =
TP + TN

TP + TN + FP + FN
(18)

Preci =
TPi

TPi + FPi
, Recalli =

TPi

TPi + FNi
(19)

w-Recall =

CX
i=1

wi · Recalli =

CX
i=1

ni

N
· Recalli (20)

w-F1 =

CX
i=1

wi · F1i =

CX
i=1

ni

N
·

2× Preci × Recalli
Preci + Recalli

(21)

where TP and TN represent the counts of true positive and true
negative, respectively, and FP and FN indicate the counts of
false positive and false negative, respectively. The subscript
i indicates the class attribute ci. C and N are the number
of classes and samples, respectively. wi and ni signify the
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TABLE I
XJTU-SY DATASET EXPERIMENTAL SETTING

TABLE II
TEST LOOPS DESCRIPTION AND MALFUNCTION IN THE ISDB DATASET

proportion factor and number of samples with ground truth
ci, respectively.

w-Recall evaluates the capacity of the model to identify all
positive instances in imbalanced multicategory classification
problems. w-F1 is a comprehensive metric representing the
harmonic mean of precision and recall.

For Gearbox dataset, our experiments involved constructing
two datasets, each comprising five fault types under each
rotating speed–load configuration setting (20 Hz–0 V and
30 Hz–2 V). We constrained the number of samples in our
train and test subsets to mimic real-world industrial scenarios,
where acquiring a large quantity of labeled data may be
challenging. Specifically, we randomly selected 100 samples
from each class for the training subset and 200 for the test
subset. Each sample has a length of 512 and a dimension
of 8.

For the XJTU-SY dataset, the original dataset is not
designed for FD task. Experiments were conducted by select-
ing normal condition (NC), IR, and OR from the 37.5-/11- and
40-Hz/10-kN working conditions. Specifically, the NC series
was extracted from the normal state of the original dataset,
while the IR and OR series were segmented from degradation
states. The selected dataset for sampling is outlined in Table I.
For each series, 500 samples were generated with a length of
L = 1024, a stride of 1024, and a dimension of D = 2. Of
these, 400 samples were designed as the training subset, and
the remaining 100 samples constituted the testing subset.

For the ISDB dataset, we selected a total of 85 control
loops with available data. For each control loop, we randomly
sampled 60 samples, each comprising a length of L = 600 with
a dimension of D = 2. To facilitate meaningful comparisons
with other stiction detection methods, we selected 26 control

Algorithm 1 Pseudo-Code of Voting Strategy

loops corresponding to 1560 samples, as the test subset.
Detailed information about the test subset is presented in
Table II. The remaining 59 control loops (3540 samples) were
allocated to the training subset. In this study, our focus is
on detecting the stiction state of the loops. In line with the
experimental setup in [25], a voting strategy with N = 11
samples is utilized to ascertain the final prediction of each
loop. The pseudo-code for voting strategy is depicted in
Algorithm 1.

A two-layer transformer [26] with 16 heads, a hidden
dimension of 256, and dropout ratio of 0.2 is employed as
the backbone of feature extractor. The adversarial classifier
and downstream classifiers are designed as three-layer MLPs
with a hidden dimension of 128 and a dropout ratio of 0.2.
Key model hyperparameters are set to α = 0.8, γ = 1.0, and
δ = 0.6. All code was implemented in Python using PyTorch.
The primary hardware includes an NVIDIA GeForce RTX
4090 GPU, an Intel Core i5-12400 CPU, and 32-GB RAM.

C. Comparison Methods

We compare the proposed AMMCL with the following
state-of-the-art methods on Gearbox dataset.

1) Deep CNN With Wide First-Layer Kernels (WD-CNN)
[27]: It uses wide kernels in the first convolutional layer
to extract features and suppress high-frequency noise.

2) CNN With Training Interference (TI-CNN) [28]: This
article presents an end-to-end method that eliminates the
need for denoising preprocessing.

3) EEMD-AlexNet [29]: This work integrates ensemble
empirical mode decomposition (EEMD) and continuous
wavelet transform with AlexNet.

4) Capsule Network (CapsNet) [30]: It uses a novel neural
network with a unique capsule unit, featuring multidi-
mension and rich spatial information.

5) CapsNet With an Inception Block (ICN) [31]: This work
enhances the nonlinearity of a capsule by incorporating
an inception block into its architecture.

6) Xception [32]: This work presents an interpretation of
inception modules in CNNs bridge regular and depth-
wise separable convolutions.

7) Transformer [33] and Informer [34]: These works uti-
lize self-attention mechanisms to capture long-range
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Fig. 6. t-SNE visualization of features fi [•], zi [×], and f̂i [4] distribution of Gearbox dataset under intramodal experiments. (a) and (c) Distribution of fi
[•] and zi [×] under 20- and 30-Hz conditions, respectively. (b) and (d) Corresponding distribution of f̂i [4], respectively. (a) 20-Hz modal feature. (b) 20-Hz
fusion feature. (c) 30-Hz modal feature. (d) 30-Hz fusion feature.

TABLE III
DETECTION AND COMPARISON RESULTS ON THE GEARBOX DATASET

dependencies in time-series data. Informer is the
improved version of transformer, which is more efficient
in terms of time and space complexity.

8) Multiscale Shared-Learning Network (MSSLN) [35]:
This work extracts and classifies fault features in vibra-
tion signals, emphasizing consistency across multiscale
factors.

We compare the proposed AMMCL with the following
state-of-the-art methods on ISDB dataset.

1) Statistical-Based Method: Relay-based method [36],
waveform shape analysis [37], power spectral
density, and autocorrelation function-based method
(PSD/ACF) [38].

2) Deep Learning-Based Method: Butterfly shape-based
detection method integrated with CNN (BSD-CNN)
[39], multiple-timescale CNN (MTS-CNN) [14], rough
stacked denoising autoencoder (RSD-AE) [40], interval
probability distribution learning model (IP-DL) [41],
CNN with multitimescale feature consistent constraint
(MTFCC-CNN) [25], debiased contrastive learning
method with expert knowledge guidance mechanism
(EKGM-DCL) [2], and Informer [34].

D. Detection and Comparison Results

This study first presents the detection and transfer results
for Gearbox and XJTU-SY datasets, along with a comparative
analysis of existing FD methods. The intradomain and cross-
domain experiment results, along with inference time for each

TABLE IV

DETECTION AND COMPARISON RESULTS ON THE XJTU-SY DATASET

sample, are presented in Table III for Gearbox dataset (with
rotating speeds of 20 and 30 Hz) and in Table IV for XJTU-SY
dataset (with speeds of 37.5 and 40 Hz). Additionally, Fig. 6
illustrates the feature distributions of AMMCL.

In intradomain experiments, the training and test subsets are
derived from data under the same rotating speed condition. For
cross-domain experiments, the notation 20 → 30 Hz indicates
that the model is trained on a 20-Hz training subset and fine-
tuned with part of the 30-Hz training subset, with performance
tested on the 30-Hz test subset. In intradomain experiments,
AMMCL achieves an Acc of 99.45% at 20 Hz and 99.72%
at 30 Hz. Fig. 6(a) and (c) illustrates the distributions of fi
[•] and zi [×]. Different categories of fi [•] and zi [×] form
distinct clustered, while features within the same class show a
clustered distribution. The fusion features f̂i [4] [see Fig. 6(b)
and (d)] also display sharply defined boundaries. Compared
to MSSLN, AMMCL achieves superior performance at 30 Hz
and better overall average performance on the Gearbox dataset.
AMMCL outperforms most other methods in Acc performance
and inference time, with only MSSLN showing competitive
results.

Cross-domain experiments assessed the generalization of
the extracted features. Despite a slight drop in Acc compared
to intramodal experiments, AMMCL still outperformed other
methods in feature generalization, achieving Acc of 98.19%
and 96.31% under 30- and 20-Hz conditions. This demon-
strates the AMMCL’s strong feature extraction and potential
for industrial deployment. As shown in Fig. 7(a) and (c),
fi [•] has a tighter distribution, while zi [×] is more scattered.
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Fig. 7. t-SNE visualization of features fi [•], zi [×], and f̂i [4] distribution of Gearbox dataset under cross-modal experiments. (a) and (c) Distribution of fi
[•] and zi [×] under 20- → 30- and 30- → 20-Hz conditions, respectively. (b) and (d) Corresponding distribution of f̂i [4], respectively. (a) 20- → 30-Hz
modal feature. (b) 20- → 30-Hz fusion feature. (c) 30- → 20-Hz modal feature. (d) 30- → 20-Hz fusion feature.

However, f̂i [4] [see Fig. 7(b) and (d)] remains well-defined,
highlighting great cross-domain performance.

Overall, AMMCL achieves exceptional results. Specifically,
compared to the transformer-based methods (i.e., transformer
and Informer), it can achieve more intrinsic features for
cross-domain FD tasks with lower inference time, attributed
to its cross-modal contrastive learning framework and SSP
operation. Unlike MSSLN, Xception, ICN, and so on, which
build the complex unimodal feature extractors, AMMCL aims
to learn intrinsic, modal-invariant features from the time series
and spectrogram, making it more effective in cross-domain
scenarios. Additionally, AMMCL’s inference time of 7.21 ms
strikes a good balance between efficiency and Acc.

In intradomain experiments on the XJTU-SY dataset,
AMMCL achieves exceptional Acc, reaching 96.67% at
37.5 Hz and 94.22% at 40 Hz, with an average of 95.45%,
which surpasses all comparative methods, including MSSLN
(93.77%) and transformer (92.70%). For cross-domain tasks,
AMMCL maintains robust generalization: under 37.5- → 40-
and 40- → 37.5-Hz configurations, it attains 87.73% and
84.43% Acc, respectively, yielding an average cross-domain
Acc of 86.08%. This significantly outperforms transformer
(82.55%) by 3.53% and MSSLN (46.61%) by 39.47%, high-
lighting its superior capability to extract modal-invariant
features across rotational speed shifts. While AMMCL’s infer-
ence time (2.96 ms) is slightly higher than lightweight CNNs
(e.g., TI-CNN: 1.43 ms), it remains 17.3% faster than trans-
former (3.58 ms) and 41.3% faster than informer (5.04 ms),
striking an optimal balance between Acc and efficiency. XJUT-
SY dataset contains substantial industrial noise. Cross-domain
behavior needs to resist the influences of bearing load and
rotational speed differences, which can effectively reflect the
robustness of model features. Overall, AMMCL demonstrates
the state-of-the-art performance on XJTU-SY, validating its
strong industrial applicability for FD under variable opera-
tional conditions.

For the ISDB dataset, model performance is evaluated via
voting Acc for loop stiction detection. Each control loop’s state
is determined via aggregating classification results from its
samples. Comparative results in Table V show that AMMCL
achieves voting Acc of 0.8846 (23/26), outperforming ten
other algorithms. Furthermore, it surpasses traditional statistic
methods, such as relay-based, waveform shape, and PSD/ACF

TABLE V

DETECTION AND COMPARISON RESULTS ON THE ISDB DATASET

methods, as well as deep learning methods, such as IP-DL,
MTFCC-CNN, EKGM-DCL, and informer, correctly detecting
23 loops. MTFCC-CNN converts time series into images and
use multikernel CNN to extract semantic features. EKGM-
DCL introduces expert knowledge to guide the model training.
However, their contributions still focus on enhancing models
within unimodal scenarios, without breaking the shackles of
unimodal-based augmentation techniques and only extract the
shallow invariant information.

E. Actual Industrial Valve Detection Deployment

In practical applications, the proposed AMMCL is verified
using control loops from both a hardware experimental system
and actual industrial environments.

The hardware experimental system comprises a liquid-level
control loop (LIC201) and two flow control loops (FIC201
and FIC202). As shown in Fig. 8, the system includes valves
(V201, V202, and V203), electromagnetic flow meters (M201,
M202, and M203), and a pressure sensor (L201). L201 mea-
sures the bottom pressure of Tank 202 and converts it to a
liquid level reading. V203 and V202 control the water inflow
into Tank 202, while V201 controls the outflow.

The other three control loops (i.e., PIC23002, FIC3107,
and F6304) are collected from real industrial environments.
PIC23002 is a pressure control loop affected by unknown
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Fig. 8. Control loop condition monitoring experimental system.

Fig. 9. Raw data of six real control loops.

external disturbances. FIC3107 is a normal flow control loop.
F6304 is a flow control loop with recorded stiction. Fig. 9
shows the raw data of these six loops. The X-axis indicates
time in seconds, and the Y-axis shows normalized values
ranging from 0 to 1. For flow control loops FIC201, FIC202,
FIC3017, and F6304, the unit is m3/h. LIC201 uses cm, and
PIC23002 uses kPa.

To evaluate AMMCL’s applicability in real industrial set-
tings, the ISDB-trained model was directly applied to detect
actual industrial valve faults without fine-tuning. Deployment

TABLE VI

DEPLOYMENT RESULTS ON ACTUAL HARDWARE SYSTEMS

results are in Table VI, with underlined entries indicating false
detections. AMMCL accurately detected stiction in all loops,
outperforming statistic-based (SVM and XgBoost) and deep
learning-based (LeNet-5 and MTFCC-CNN) methods. Despite
the solid theoretical foundation and wide industrial use of
SVM and XgBoost, and the strong performance of MTFCC-
CNN and LeNet-5 in valve stiction detection, AMMCL proved
most effective. The comparison confirms AMMCL’s feasibility
for real industrial cross-domain deployment.

F. Key Hyperparameter Selection

The proposed AMMCL framework’s performance is signifi-
cantly influenced by several crucial hyperparameters, including
the weighted coefficients γ and δ of the hybrid loss function L
in (16) and the fusion factor α in (17). To illustrate their impact
and identify optimal values, we conducted experiments on the
ISDB dataset. To streamline the experiments, we assessed the
relative significance of these hyperparameters and sequentially
froze them in the following order.

1) γ and δ Orthogonal Experiments: Following (16), the
weighting factors γ and δ balance the contributions of LXI and
LD within the hybrid loss L. Here, LXI performs cross-modal
contrastive learning to capture intrinsic and generalizable
status message of the raw data, while LD reduces modal-
specific information remained in the cross-modal features
fi and zi due to inherent modal differences. The synergy
between these two loss functions is crucial for improving
the model’s generalization ability from both elementwise and
setwise perspectives. The orthogonal experiments are depicted
in Fig. 10(a). The heatmap illustrates a gradient of colors
from the left and right sides toward the middle and from top
to bottom. The results presented in Fig. 10(a) reveal that a
larger value of γ (weight of LXI) and a medium value of
δ (weight of LD) ensure that AMMCL achieves the highest
Acc. This is because a larger γ emphasizes the role of LXI,
enabling the model to effectively align features at an element-
to-element fine semantic matching with stronger constraints.
On the other hand, a medium δ allows LD to provide a
moderate level of macroscopic constraints, further bridging
the semantic spaces of the two modalities and enhancing the
modal-invariant information. This balance between detailed
semantic matching and macroscopic semantic space alignment
leads to better optimization results, enabling the model to
effectively combine the strengths of both modalities for more
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Fig. 10. Key hyperparameter selection experiments. (a) Heat map of the orthogonal experiments for γ and δ, where AMMCL Acc increases with darker
colors. (b) AMMCL Acc and standard deviation across different α values. The left vertical axis corresponds to mean Acc (orange bars), while the right vertical
axis corresponds to standard deviation (green bars).

Fig. 11. Ablation study experiments on ISDB dataset. Except for the AMMCL
column, the names in the other columns indicate the modules that were
blocked during the experiments.

accurate and reliable FD. Finally, we select γ = 1.0 and
δ = 0.6.

2) α Experiments: The parameter α governs the interplay
between time-series feature fi and spectrogram feature zi in the
fused feature f̂i, both of which are extracted via the adversarial
training strategy. To determine the optimal value of α, we
conducted an ablation study varying α from 0.0 to 1.0, as
shown in Fig. 10. Notably, both fi and zi independently achieve
decent classification performance. However, when α = 0.8, the
synergy between is optimized, enabling AMMCL to reach the
highest average Acc of 0.835. We therefore set α = 0.8 to
maximize the combined their combined potential.

G. Ablation Experiments

The AMMCL framework comprises five key modules: time-
series encoder (FEX), spectrogram encoder (FEI), cross-modal
InfoNCE loss (LXI), Adversarial CrossEntropy Loss (LD),
and SSP. In this section, we use ablation experiments on the
ISDB dataset to demonstrate each module’s effectiveness. We
randomly select 20 loops as test subset and use the remaining
loops for training, without applying voting operations for
statistical results. Fig. 11 shows experiments where different

modules are masked based on the full AMMCL framework,
highlighting each module’s specific contribution. w-F1, a
metric that balances both false alarms and omissions, is crucial
for unbalanced classification tasks and serves as our primary
evaluation metric.

For the FEX and FEI columns, we evaluate the detection
performance of utilizing time series and spectrogram indi-
vidually to validate the necessity of feature fusion. Results
demonstrate that spectrogram alone achieves w-F1 = 0.7717,
outperforming time series alone with w-F1 = 0.7516. This
indicates spectrogram better reflects system states, as system
state changes are more discernible in spectrogram patterns.

For the columns LXI, LD, and LXI &LD, we investigate the
contribution of cross-modal InfoNCE loss LXI and adversarial
cross-entropy loss LD to feature fusion. When LXI is masked
(LXI column), AMMCL achieves a w-F1 of 0.7638, surpassing
the results of LD and LXI &LD columns. If only LD is active
in AMMCL, fi and zi focus on extracting modal-specific
information, leading to a lack of relevance and weakened
feature fusion effectiveness and rationality. For the LD column,
LD is masked, resulting in fi and zi primarily containing
modal-invariant information. This achieves better results than
LXI column (w-F1 = 0.7638) but still lags behind AMMCL
column (w-F1 = 0.7921) due to the lack of assistance from
setwise margin reduction. In the LXI &LD column, fi and zi

are fused without constraints, yielding results (w-F1 = 0.7741)
that lie between LXI and LD columns. The synergy of LXI and
LD is proven effective.

For the SSP column, the contribution of SSP for the
extraction of fi is researched. The slicewise (AMMCL col-
umn) and pointwise (SSP column) methods represent different
approaches to handling time series. Pointwise methods focus
on individual timestamps and their relationship, which limits
their ability to decompose and recognize modes in time series.
In contrast, slicewise methods, which treat time slices a basic
processing units, can better capture varying patterns with
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statistical meaning. The pointwise AMMCL (SSP column)
yields the worst results (w-F1 = 0.7454), even lower than the
FEX and FEI alone. Meanwhile, slicewise AMMCL achieves
a w-F1 improvement of 0.0467 over the SSP column.

Ablation studies confirm the effectiveness of each module
in the AMMCL framework and demonstrate their synergistic
effect in enhancing the overall performance.

IV. CONCLUSION

This article proposes a novel AMMCL framework for
FD. It tackles the dilemma of intramodal SSCL methods
prone to learning shallow, domain-dependent features. SSP
based on dominant frequency treats each time slice as
the model’s fundamental processing unit. This expands the
receptive field of the model and endowing its ability to
recognize diverse time-series patterns with statistical mean-
ings. Multimodal contrastive learning between time series
and spectrograms is proposed. It aligns elementwise positive
pairs across modalities, enabling the model to capture more
robust, intrinsic, and modal-invariant features. This method
overcomes the limitations of traditional intramodal contrastive
learning algorithms based on augmentation techniques, which
extract surface invariant part across views. Furthermore, an
adversarial training strategy is incorporated to reduce setwise
margin between two modal features, aiding multimodal con-
trastive learning. Experiments on the Gearbox and XJTU-SY
datasets validate AMMCL’s effectiveness in both intradomain
and cross-domain settings. ISDB dataset experiments show
its superiority over ten other stiction detection algorithms.
Moreover, the deployment of the trained AMMCL on actual
industrial valve detection has achieved the best performance.
Ablation studies confirm each module’s effectiveness within
AMMCL. Future work will explore why the multimodal
contrastive learning clusters the same-class features, while
intramodal contrastive learning distributes them uniformly.
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