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Abstract—Compressor faults in natural gas pipelines pose
significant risks to operational safety and efficiency. Traditional
model-based fault detection methods, relying on residual anal-
ysis, often fail to detect system-wide bias anomalies. Although
attention-based approaches, such as anomaly transformers, have
shown promise for unsupervised anomaly detection, they struggle
with noisy and heterogeneous sensor data, resulting in high false
alarm rates and unreliable performance in real-world pipelines.
To overcome these shortcomings, we propose the sensitivity-
aware transformer (SA-Transformer), a robust extension of the
anomaly transformer that is insensitive to noise. The framework
is designed to detect subtle and abrupt compressor faults.
The SA-Transformer features delta-aware attention to model
the temporal transitions, effectively suppressing noise-induced
variations and minimizing false alarms. Together with a temporal
association module that compares attention-based patterns with
learned prior using Kullback-Leibler (KL) divergence, the model
exhibits better fault sensitivity and robustness under noisy ap-
plication conditions. Experimental results on simulated pipeline
data illustrate that the SA-Transformer reliably captures the fault
onset and recovery, offering a reliable and data-efficient solution
for anomaly detection in safety-critical pipeline scenarios.

Index Terms—Compressor fault detection, anomaly trans-
former, time series analysis, natural gas pipelines.

I. INTRODUCTION

Compressor stations play a crucial role in natural gas
pipelines by maintaining pressure and ensuring continuous
gas flow over long distances. However, unnoticed or late-
diagnosed malfunctions can lead to reduced performance effi-
ciency, increased maintenance costs, and potentially hazardous
situations [1], [2]. Consequently, timely and reliable fault
monitoring is essential to ensure the safety and efficiency of
the pipeline network.

Conventional fault detection techniques for pipelines can
be generally categorized into two groups: model-based and
data-driven methods [3]–[6]. Model-based approaches rely on
the physical system model and commonly utilize residual-
based methods for detecting sensor faults in natural gas
pipelines [7]–[9]. To enhance robustness against uncertainties
in estimation-based approaches, hybrid frameworks have also
been proposed which incorporate physical priors to alleviate
the model sensitivity [10], [11]. However, these approaches of-
ten struggle to detect bias-type faults, such as those caused by
progressive compressor deterioration, where sensor readings
may remain internally consistent but collectively deviate from
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the actual system condition. While effective for identifying
isolated sensor anomalies, these approaches may fail to detect
such system-wide biases.

Conversely, the data-driven methods learn directly from
the operational data to identify common patterns, without
requiring sophisticated physical models, and offering greater
sensitivity to system-level faults. Techniques such as autoen-
coders (AEs) [12], recurrent neural networks (RNNs) [13],
and temporal convolutional networks (TCNs) [14], [15] have
demonstrated the ability to learn complex temporal evolution
for anomaly detection. Attention-based models, including the
anomaly transformer, have further pushed the boundary of
modeling latent temporal dependencies in an unsupervised
manner [16], [17] . However, these models are primarily
designed for detecting point anomalies and often struggle with
structured or long-duration anomalies. Additionally, they are
sensitive to noisy and non-stationary sensor data, prevalent in
natural gas pipelines, leading to high false alarm rates and
reduced reliability in real-world scenarios [18]–[20].

To address these limitations, we propose the sensitivity-
aware transformer (SA-Transformer), a noise-resilient and
fault-sensitive extension of the anomaly transformer [16],
specifically designed for compressor fault detection in natural
gas pipelines. SA-Transformer incorporates a novel delta-
aware attention mechanism that effectively captures temporal
dynamics by focusing on the relative changes across time
steps, while suppressing noise-induced variations and reduc-
ing false alarms. To the best of authors’ knowledge, the
proposed work introduces a novel delta-aware attention for
time-series anomaly detection for the first time. Furthermore,
SA-Transformer integrates a temporal association module that
computes the Kullback-Leibler (KL) divergence between the
attention-based patterns and the learned prior, enhancing sensi-
tivity to system-wide anomalies. Experimental results on sim-
ulated pipeline datasets demonstrate that the SA-Transformer
effectively captures fault onset as well as recovery, offering
a robust, data-efficient, and practical solution for anomaly
detection in safety-critical pipeline systems.

II. PROPOSED METHOD: SENSITIVITY-AWARE
TRANSFORMER

SA-Transformer serves as an effective method for system-
wide compressor fault detection in natural gas pipelines under
high noise and stochastic fluctuations. It processes multivariate
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Fig. 1: Proposed SA-Transformer architecture

time series, with four core processing stages: (1) input normal-
ization and standardization; (2) delta-aware attention, which
discriminates among temporal transitions; (3) association-
guided learning, which jointly trains attention and prior by
minimizing a KL divergence to enhance the model adaption
to anomalies; (4) input reconstruction and detection, which
computes an anomaly score based on the difference from the
expected output. A summary of these steps is given in Fig. 1.

Step 1: Input Time Series
Given a multivariate time series X = [x1,x2 . . . ,xN ] ∈

RN×d with N being the number of time steps and d as the
number of features (sensors), we standardize the sequence
using the z-score transformation as x̃t =

xt−µ
σ , ∀t ∈ [1, N ].

Here, µ and σ denote the mean and standard deviation of
the normalized series, respectively, computed over a sliding
window or the full sequence.

Step 2: Delta-Aware Attention
Each normalized input window X̃ ∈ Rw×d, where w is the

window length and d is the number of features, is linearly
projected into query, key, and value matrices as

Q = X̃WQ, K = X̃WK , V = X̃WV . (1)

Here, Q ∈ Rw×da , K ∈ Rw×da , and V ∈ Rw×da denote the
query, key, and value matrices, respectively and WQ ∈ Rd×da ,
WK ∈ Rd×da , and WV ∈ Rd×da are learnable weight
matrices with da as the attention dimensionality. Further,
the delta-aware attention focuses on the temporal difference
between the embeddings. The attention scores αjk and output
representation zj for jth query qj , based on kth key kk and
value vk are calculated as

Sjk = −∥qj − kk∥2√
da

, ∀j, k ∈ [1, w] (2)

αjk =
exp(Sjk)∑
k′ exp(Sjk′)

, zj =
∑
k

αjkvk ∈ Rda , (3)

The resulting output representation Z ∈ Rw×da captures
the temporally weighted feature representations informed by
relative differences between the time steps.

Step 3: Association Modeling
To facilitate the detection of subtle outliers, an association

modeling mechanism is proposed in SA-Transformer that
compares the learned attention distribution with a predefined
prior. The intuition is that the temporal dependencies in
time series are typically smooth and localized under normal
conditions—meaning attention weights should focus around
the current time step. To capture this expectation, we specify
prior distribution Pt ∈ Rwat each time step t based on a
Gaussian kernel as

Pt(i) =
1√
2πσ2

exp

(
− (i− t)2

2σ2

)
, i = 1, 2, . . . , w. (4)

Here, σ is the width of the distribution. This prior serves
as a temporal anchor and forces the model to concentrate on
adjacent time steps.

The association discrepancy is computed using the KL
divergence between the learned attention distribution St and
the prior distribution Pt as

AssDist = KL(St ∥ Pt) =

w∑
i=1

St(i) log

(
St(i)

Pt(i)

)
. (5)

This difference measures the extent by which the model’s
attention deviates from the normal temporal behavior. The
larger difference could be a potential anomaly.

To train the model, we use a min-max optimization. Here,
we minimize the reconstruction and simultaneously maximize
the association discrepancy of the anomalous inputs as

L = min
θ

max
Pt

N∑
t=1

[
∥xt − x̂t∥2 + λ · AssDist

]
. (6)

Here, x̂t is the reconstructed output, θ denotes the model
parameter and λ is a hyper-parameter for trading off the
reconstruction fidelity with the temporal difference.

Step 4: Anomaly Scoring
At inference, the model scores the likelihood of anomalies

at each work using the combination of reconstruction error
and the divergence from the temporal prior. In particular, we
calculate the anomaly score as

Scoret = Softmax(−AssDist) · ∥xt − x̂t∥2 (7)

III. EXPERIMENTAL RESULTS

To verify the performance of our SA-Transformer, we
perform the numerical experiments over a high-pressure nat-
ural gas transmission pipeline equipped with distributed pres-
sure, temperature, and flow sensors. The configuration of
the simulation is similar to [21]. The simulation produces
multivariate time series data over 63 sensor channels for
operational data (three days) with an embedded fault event. At
the compressor station, two similar reciprocating compressors
driven by constant-speed high-voltage motors. A fault case is
created where one of the compressors fails, the duration of
time inactive is 2 hours. To evaluate robustness, we augment
the dataset with different amounts of Gaussian noise. The
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(a) Pressure (b) Flow rate

(c) Temperature

Fig. 2: Data with compressor fault.

TABLE I: Performance comparison across different anomaly
detection methods

Method Precision Recall F1-score

Isolation Forest [22] 0.1191 0.9800 0.2124
LSTM [27] 0.8909 0.4734 0.6183
AE [24] 0.8569 0.4570 0.5961
VAE [25] 0.8441 0.4502 0.5873
OmniAnomaly [26] 0.8851 0.4703 0.6143
Anomaly Transformer [28] 0.9231 1.00 0.96
SA-Transformer (Proposed) 0.9636 1.00 0.9814

simulation with the fault-injected and noise-corrupted signals
is illustrated in Fig. 2.

We measure performance of anomaly detection accord-
ing to the predefined metrics - precision, recall, and F1-
score. We compare our SA-Transformer with a few state-
of-the-art baselines: isolation forest [22], long short-term
memory (LSTM) based sequence modeling [23], autoencoder
(AE) [24], variational autoencoder (VAE) [25], omnianomaly
[26], anomaly transformer [16]. As given in Table I, SA-
Transformer achieves the best precision and F1-score among
all baseline methods, indicating superior capability in correctly
identifying the true anomalies while minimizing the false
positives. This demonstrates its ability to detect faults in
the presence of a large amount of noise and system-wide
disturbances and its applicability for safety-critical monitoring
of pipeline systems.

IV. CONCLUSIONS

We proposed the SA-Transformer specifically for compres-
sor fault detection in high-pressure natural gas pipelines. By
combining delta-aware attention with temporal association
modeling, SA-Transformer enhanced sensitivity to system-
level anomalies while maintaining robustness against high
noise levels. Experiments on synthesized multivariate time
series data depicted that, compared to the baseline methods,

SA-Transformer significantly reduced false positives. This
reduction in false alarms is crucial for practical applications,
where random noise is ubiquitous and excessive false positives
can critically compromise the trust and operational efficiency.
Future work will focus on extending the model to support real-
time streaming sensor data, scaling to more complex multi-
pipeline infrastructures and integration of uncertainty quan-
tification methods to ensure reliable and informed decision
making under dynamic and safety critical scenarios.
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