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Abstract

Plunger lift systems are vital for optimizing production in gas wells, but their performance
can be compromised by various operational anomalies. Traditional diagnostic methods
and conventional convolutional neural network (CNN) approaches often struggle with the
complex, transient data from these systems, particularly in capturing long-range temporal
dependencies and generalizing from limited, imbalanced datasets. This study presents
an enhanced diagnostic framework for plunger lift anomaly detection by leveraging the
strengths of a pre-trained Vision Transformer (ViT). The methodology transforms one-
dimensional time-series pressure data into two-dimensional image representations using
the element-wise summation of Gramian Angular Summation Field (GASF) and Gramian
Angular Difference Field (GADF), which simultaneously preserves global operational
trends and local transient dynamics for vision model analysis. The ViT model, initialized
with pre-trained weights, is further optimized using Bayesian optimization (BO) for hy-
perparameter tuning, and a tailored data augmentation pipeline is employed to improve
robustness. Comparative evaluations demonstrate that the proposed ViT-based approach,
particularly the ViT + GAF + BO model, significantly outperforms baseline CNN models
and their optimized variants, achieving the highest Precision, Recall, and F1-score, with an
F1-score of 0.93. Visualizations using t-SNE confirm the ViT’s superior capability in learn-
ing discriminative features, showcasing well-separated clusters for different operational
conditions compared to CNNs. This research underscores the potential of pre-trained ViTs
combined with appropriate data representation and optimization techniques for achieving
accurate and reliable anomaly detection in plunger lift systems.

Keywords: plunger lift; vision transformer; machine learning; data analytics

1. Introduction
As a gas reservoir depletes, formation pressure significantly declines, leading to water

encroachment from the edges, rising bottom water levels, and water influx into wellbores.
If produced water is not discharged promptly, the accumulated liquid at the bottom of the
well increases back pressure, reduces gas production, and, in severe cases, can result in
flooding and halt production entirely [1,2]. Liquid accumulation elevates bottom-hole back
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pressure, reducing production rate and potentially causing liquid loading. Liquid loading
initiates when the gas velocity falls below the critical liquid-carrying velocity defined by the
Turner or Coleman criterion, resulting in liquid fallback. A complete liquid-loading lock
occurs when the accumulated liquid column exerts a hydrostatic back pressure that exceeds
the reservoir inflow pressure, mathematically expressed as Preservoir < Pwellhead + ρgh,
effectively halting gas production until external energy intervention such as plunger lift is
applied. Prolonged liquid retention can severely contaminate and damage gas reservoirs,
further impacting gas production and overall hydrocarbon recovery [3]. To address the
challenges of liquid loading and restore stable production in gas wells, plunger lift systems
are widely utilized globally due to the simple design, cost-effectiveness, and low energy
requirements [4–6]. Consequently, the number of new wells equipped with plunger lift
systems in typical gas fields in China has steadily increased, resulting in a consistent rise in
gas production over time, as illustrated in Figure 1 below [7].

Figure 1. Yearly plunger lift applications for a typical gas field in China [7].

A plunger functions as a freely moving piston (Figure 2c) within the tubing, driven
upward by well pressure and downward by gravitational force, returning to the well
bottom [5]. The field data used in this study were acquired with a sampling frequency of
1 s per point (approx. 1 Hz). While this resolution may not capture millisecond-level valve
actuation transients, it is sufficient to resolve the macroscopic pressure trends characteristic
of each plunger lift cycle stage (which typically last tens of minutes to hours). A standard
plunger lift system features an electrically operated valve at the wellhead that regulates the
cyclic operation of the plunger system. This mechanism enables the plunger to traverse
the wellbore while effectively minimizing liquid backflow. When the valve is closed,
gravitational force causes the plunger to descend through the wellhead catcher and down
the tubing, passing through gas and liquid columns before resting on the bumper spring.
During this process, casing pressure gradually increases, while tubing pressure undergoes
a sharp rise (Figure 2b), with the rate of change influenced by reservoir energy [8]. Upon
opening, the valve connects the tubing to the surface pipeline, releasing gas pressure from
both the tubing and casing. The resulting gas expansion propels the plunger and the liquid
column above it upward [9]. Simultaneously, gas from the casing enters the tubing, causing
a reduction in pressures in both regions. Once the plunger reaches the surface, normal
production in the gas well resumes, and the cyclic production process repeats, as can be seen
from Figure 2a, showing various stages in the operation of a single plunger lift cycle [10].

Normal operation of a plunger lift system is featured by periodic and cyclical changes
in tubing and casing pressures that correspond to distinct operational stages, including
upward travel, afterflow, downward travel, and buildup, each of which exhibits character-

https://doi.org/10.3390/pr14132045

https://doi.org/10.3390/pr14132045


Processes 2026, 14, 2045 3 of 25

istic pressure behaviors linked to valve actions and the plunger’s movement within the
wellbore [11]. For instance, during upward travel, expanding gas lifts the plunger, causing
both casing and tubing pressures to decline, while upon the plunger reaching the surface
and discharging liquid, tubing pressure typically spikes sharply as gas production begins.
The cycle concludes with a recovery or shut-in phase where pressures rebuild to a set level
before the next cycle commences.

Figure 2. Normal operation of the plunger lift through a complete production cycle: (a) Various stages
and events in a single cycle, including: I—plunger falling through gas; II—plunger falling through
liquid; III—buildup; IV—plunger rising; V—arrival of the liquid slug; VI—after flow. (b) Typical
changes in pressure and production rate during a single cycle, (c) corresponding value and plunger
status for a complete cycle.

However, plunger lift systems are not without operational challenges. Gas wells
equipped with plunger lift can experience various anomalies and malfunctions that disrupt
the ideal cyclic operation (shown in Figure 3). Typical anomalies include the recurrence of
liquid loading (e.g., early liquid fallback into the wellbore between cycles) [12], mechanical
failures such as tubing ruptures [13] or a stuck motor valve, and sudden spikes in pipeline
pressure caused by irregular surges of gas or liquid. These events can significantly impair
the performance of the plunger lift [14,15]. For instance, a lodged plunger or a failed valve
can halt the cyclic process of plunger lift, while an unexpected fluid surge can lead to unsafe
pressure oscillations. Typical anomalies of a plunger lift production system are listed in
Table 1, where the solutions were outlined by [5].

Early detection and diagnosis of such anomalies are crucial to prevent prolonged down-
time or damage to equipment. In practice, certain telltale patterns in the recorded well data can
indicate an anomaly—for example, a clear divergence between the tubing pressure and casing
pressure trends is a known signature of impending liquid loading in the cycle. Identifying
these patterns in real time, however, is non-trivial. Plunger lift operations generate complex,
transient pressure and flow signals, and distinguishing an abnormal event from normal
cyclical fluctuations can be challenging, especially under noisy field conditions. Furthermore,
the range of possible failure modes is broad, and some anomalies may develop subtly over
many cycles, making them easy to overlook until a severe symptom appears [16].
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Figure 3. Typical production data for a plunger lift-assisted gas well with anomaly diagnosis.

Table 1. Typical anomalies of plunger lift production system: casing pressure (pc) and tubing
pressure (pt).

Label Anomalies Description Pressure Feature Solution

0 Normal
Tubing/casing pressure
change periodically and

normally
/

1 Motor valve won’t
open

Valve closing maintains
stable increase in tubing

and casing pressures for an
extended period

Increase the supply gas
pressure, adjust

compression bolt, check
the valve to see if severe

mechanical problem occurs

2 Motor valve won’t
close

Valve opening connects
tubing with surface

pipeline, leading to gradual
liquid buildup in the gas

well and a slow, steady rise
in casing pressure

Lower line pressure, screw
the top adjusting bolt,

loosen the compression nut
on the copper tubing link

to the motor valve

3 Unreasonable
open/close periods

Unreasonable cyclic
open/close induce

wellbore liquid loading,
causing oil and casing

pressure to diverge
noticeably over time

A kickoff procedure after
shutting in the well to

build up bottom pressure

4 Other anomalies

Non-instrumental
anomalies induce erratic

tubing and casing pressure
behavior

A complete
troubleshooting procedure

with root cause failure
analysis

5 Sensor malfunction

Field sensor disconnection
or malfunction lead to data

recording problems,
resulting in fixed tubing

and casing pressure
readings for an extended

duration

Check switch and magnetic
sensor problem, and isolate
the apparent malfunction

with respect to the
operation of the entire

system
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Traditionally, operators have relied on rule-based heuristics and simple trend analyses
to monitor plunger lift performance. For example, field engineers set threshold limits
on pressure buildup rates, cycle durations, or fluid production volumes to flag potential
problems. While these rule-based systems are straightforward, they often struggle with re-
liability: a fixed threshold might trigger false alarms under benign deviations or conversely
fail to alarm for a developing issue that does not fit the pre-defined pattern. Each gas well
can have unique characteristics, and static rules may not generalize well across different
wells or changing reservoir conditions.

Conventional machine learning methods (e.g., linear classifiers or decision trees) have
also been applied to assist in diagnostics [17–20], but these typically require extensive
feature engineering and large labeled datasets for training. In practice, obtaining labeled
data of all anomaly types is difficult—many failure modes are rare or only become evident
after significant time. A supervised model trained on limited historical events might not
recognize a new or evolving anomaly. Indeed, recent studies have highlighted the challenge
of identifying previously unseen plunger lift conditions: models tend to struggle when
confronted with fault scenarios that were not represented in the training set [21]. Fully
supervised approaches would demand massive operational datasets encompassing a wide
variety of failure examples to achieve broad coverage, a requirement that is seldom met
in real-world operations. These limitations of rule-based and traditional ML approaches
motivate the development of more robust, adaptive diagnostic techniques for plunger
lift systems.

Recently, a growing interest in leveraging advanced data-driven methods, particularly
deep learning, has been paid to improve anomaly detection and diagnosis in plunger lift
operations [22]. This trend is mirrored in other complex industrial domains where deep
learning models have proven effective at interpreting in-process sensor data for monitor-
ing and classification. For instance, in precision grinding processes, hybrid CNN-LSTM
models have been employed to fuse vibration and acoustic emission signals, successfully
capturing temporal dependencies to predict surface roughness with high accuracy [23].
Similarly, in electrochemical machining, researchers have developed physics-interpretable
CNN models that predict cavity profiles in real-time, effectively bridging the gap between
theoretical process models and sensor data [24]. Deep learning has also demonstrated
versatility in classifying geometric features from electrical discharge patterns, disentan-
gling geometry-dependent effects from stochastic process variability [25]. Furthermore,
non-invasive monitoring techniques have benefited from these advancements, such as using
deep learning to detect discharge states in micro-EDM via radio frequency signals [26], and
classifying process states from temporal thermal histories in additive manufacturing [27].
These studies collectively underscore the capability of deep neural networks to extract dis-
criminative features from noisy, transient industrial signals, a challenge shared by plunger
lift anomaly detection. Deep learning models can automatically learn complex patterns from
large datasets, potentially capturing subtle relationships that manual analysis or simpler
models might miss [28–31]. For example, convolutional neural networks (CNNs) have been
employed to analyze plunger lift sensor data by transforming time-series signals into image-
like representations [32]. Converting pressure vs. time data into 2D grayscale images (e.g.,
by plotting pressure ratios over sliding time windows) enhances the data expressiveness
and exposes hidden features as visual patterns. These patterns, such as distinctive textures
or gradients corresponding to different well conditions, can then be effectively recognized
by CNNs, which excel at image classification tasks. Prior work has demonstrated that this
approach enables CNN models to detect subtle differences between normal and abnormal
plunger lift cycles, achieving accurate classification of various operating states. Based on
our field data analysis, the average plunger lift cycle duration ranges from 120 to 180 min,
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corresponding to 7200–10,800 data points per cycle at the 1 s sampling interval. After GAF
transformation with a sliding window of 224 min, each sample becomes a 224 × 224 image.
Standard CNN architectures typically possess effective receptive fields limited to local
patches unless extremely deep, making it difficult to capture full-cycle temporal depen-
dencies in a single forward pass. In contrast, the ViT’s self-attention mechanism computes
pairwise relationships across all 196 patches globally from the first layer, inherently address-
ing this limitation. For instance, Liu et al. (2025) converted plunger lift pressure signals into
200 × 200 pixel images and trained a deep CNN to classify multiple anomaly types, report-
ing significantly improved diagnostic accuracy over manual feature-based methods [33].
Similarly, other researchers have integrated signal processing techniques with deep learning,
e.g., one study combined wavelet transforms and a multi-scale channel attention CNN,
achieving over 83% accuracy in identifying plunger lift faults [34]. These results underscore
the promise of CNN-based deep learning in automatically extracting diagnostic features
and handling the complexity of plunger lift data.

Additionally, CNNs often demand large labeled datasets to generalize effectively,
potentially overfitting or performing poorly on new wells or unfamiliar anomalies if
training data is insufficient or non-diverse. Supporting this concern, Zhu et al. (2025)
reported a standard CNN achieving only ~40% accuracy when tested on unseen data from
variant gas wells [21].

Consequently, architectures like the Vision Transformer (ViT) are emerging as promis-
ing alternatives [35]. ViTs utilize self-attention mechanisms, allowing them to model long-
range relationships and capture global context more effectively than CNNs [36–38]. This
trend is further exemplified by recent hybrid architectures that seek to unify the advantages
of localized convolutions and global attention. A prominent example is the Feature Cross-
Layer Interaction Hybrid Method based on Res2Net and Transformer (FCIHMRT) [39]. This
architecture innovatively integrates Res2Net modules—which excel at extracting multi-
scale granular features within a single residual block—with Transformer layers that model
long-range dependencies. Through a cross-layer interaction strategy, FCIHMRT enables the
dynamic fusion of local textural details and global semantic information, demonstrating
superior classification performance over traditional single-stream networks. The success of
such methods underscores the potential of Transformer-driven architectures in decoding
complex visual patterns, a capability this study aims to leverage for plunger lift anomaly de-
tection. Recent studies highlight their potential in anomaly detection tasks [40]. Although
recent variants such as Swin Transformer and FCIHMRT offer architectural improvements,
we selected the standard ViT for its proven efficacy in transfer learning scenarios. Given
the limited availability of fault samples in this study, the ability to utilize pre-trained
weights (e.g., from ImageNet) is critical. The standard ViT architecture allows for the direct
application of these robust pre-trained features, providing a distinct advantage in conver-
gence speed and accuracy over more complex architectures that are harder to fine-tune on
small-scale domain-specific data. For plunger lift analysis, treating the pressure image as
patches enables ViTs to potentially learn the overall cycle dynamics better. Furthermore,
ViTs excel in transfer learning scenarios: pre-trained models can be fine-tuned, leveraging
existing knowledge from large datasets to provide strong feature representations even with
limited plunger lift data, thereby improving learning efficiency and the ability to recognize
anomaly signatures [41].

Another promising direction to enhance anomaly detection is the use of graphic
data augmentation and synthesis [42–44]. Given that certain plunger lift anomalies are
infrequent, the training data for those classes may be scarce and imbalanced. To address
this, data augmentation techniques can be applied to the pressure image data—for instance,
generating rotated or scaled versions of pressure plots, adding noise, or altering contrast—
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to simulate variability and expand the effective training set [45,46]. This approach helps
the model become more robust to variations and prevents overfitting to too few examples.
Recent studies have even explored using generative models to create synthetic data for
plunger lift conditions; for example, Variational Autoencoders (VAEs) have been used to
learn the distribution of normal cycle data and then generate additional realistic pressure
cycles for training and validation [47]. By leveraging such augmented and synthetic data, a
deep learning model can be exposed to a wider range of operational scenarios, which is
invaluable for improving its anomaly recognition capabilities.

Beyond the aforementioned ViT and CNN architectures, recent studies have explored
attention-based mechanisms for multi-parameter joint optimization in fault diagnosis [48].
Unlike our approach that focuses on pressure–time images, these methods directly optimize
operational parameters (e.g., valve timing, pressure setpoints) alongside fault classification
within a unified attention framework.

Motivated by recent advances, this study presents an enhanced Vision Transformer
(ViT)-based framework for plunger lift anomaly detection, utilizing pre-trained knowl-
edge and graphic data augmentation. The core of the approach is a ViT model, initialized
with pre-trained weights, analyzing pressure-time images. A tailored data augmentation
pipeline further improves model robustness and generalization by applying diverse trans-
formations to these images. Our goal is to achieve superior accuracy and efficiency in
recognizing a wide range of anomalies compared to conventional methods, leveraging
the ViT’s strengths in capturing global patterns and transfer learning. The methodology,
results, and comparative evaluations demonstrating the efficacy of this ViT-based strategy
are presented in the following sections.

2. Materials and Methods
The methodology proposed in this study aims to address the limitations inherent

in traditional rule-based and conventional machine learning approaches for plunger lift
anomaly detection. By employing advanced Vision Transformer (ViT) architectures and
integrating pretrained models, our approach leverages the power of self-attention mecha-
nisms to effectively capture global and local patterns in graphical representations of sensor
data. Additionally, we introduce a graphic data augmentation strategy based on Gramian
Angular Fields (GAF), transforming time-series data into two-dimensional images suitable
for ViT analysis. The following subsections provide a detailed explanation of data repre-
sentation and augmentation procedures, the architecture of the ViT-based model, and the
metrics used for comprehensive evaluation.

2.1. Plunger Lift System Overview

Plunger lift is an intermittent artificial lift strategy designed to mitigate liquid loading
in mature gas wells by effectively leveraging formation energy. The core principle involves
introducing a solid plunger into the tubing to act as a mechanical interface, providing
a physical seal that isolates the lifting gas from the accumulated liquid slug, thereby
minimizing liquid fallback. A standard system comprises downhole components (e.g., the
plunger and bottom-hole bumper spring) and surface equipment (e.g., lubricator, motor
valve, and sensors).

The operation follows a cyclic thermodynamic process generally divided into four
distinct stages, each exhibiting unique pressure and flow characteristics:

Shut-in and Descent (Pressure Buildup): The surface controller closes the motor valve,
halting production. The plunger falls under gravity through the gas and liquid columns to the
bottom-hole bumper spring. Simultaneously, formation gas accumulates in the tubing-casing
annulus, compressing to store the potential energy required for the subsequent lift.
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Upward Lifting: Once the casing pressure or shut-in duration reaches a preset thresh-
old, the motor valve opens. The rapid expansion of the high-pressure gas stored in the
annulus propels the plunger and the liquid slug upward, overcoming gravitational forces
and friction.

Liquid Unloading: Upon the plunger reaching the surface catcher, the liquid slug is
immediately discharged into the gathering line.

Afterflow: Following liquid discharge, back pressure drops, allowing gas to flow at a
high rate. As formation energy is consumed and the gas velocity falls below the critical
liquid-carrying threshold, the cycle concludes, and the valve closes to initiate the next
buildup phase.

Reliable operation depends on the precise coordination of these stages. Conse-
quently, surface sensors continuously record tubing and casing pressures, generating
time-series data where deviations from ideal cyclic patterns serve as key indicators for
anomaly detection.

2.2. Data Representation and Augmentation

A critical step in applying vision-based models like Vision Transformers (ViT) to time-
series data, e.g., that generated by plunger lift systems, is the transformation of the one-
dimensional signal into a two-dimensional representation (i.e., an image). This conversion
allows leveraging the powerful feature extraction capabilities of models pretrained on
image datasets. In this study, we employ Gramian Angular Fields (GAFs) to encode the
temporal dynamics of plunger lift sensor readings into a matrix format.

GAF is a technique designed to represent a time series in a 2D matrix by encoding
temporal correlation through angular perspectives. It preserves temporal dependencies by
mapping time points to polar coordinates and calculating trigonometric sums or differences
between points. The process involves the following steps:

1. Normalization: The raw time-series data X = x1, x2, . . . , xn is first normalized to
a specific range, typically [−1, 1] or [0, 1], to mitigate issues related to differing

scales or magnitudes. Let the normalized time series be
∼
X =

∼
x1,

∼
x2, . . . ,

∼
xn. This

normalization ensures that the subsequent angular encoding is consistent.
2. Polar Coordinate Encoding: Each normalized value

∼
x i is mapped to the polar co-

ordinate system. The value itself determines the angle, and the timestamp deter-
mines the radius. This is achieved using the following transformations: angle (ϕi):
ϕi = arccos

(∼
x i

)
, where ϕi ∈ [0, π]; radius (ri): ri = ti

N , where ti is the timestamp
of the data point xi (assuming ti ∈ [1, 2, . . ., N]) and N is a constant factor related
to the span of the time-series length. This encoding method is bijective, meaning it
uniquely represents both the value and its temporal position without information loss.
The angular position ϕi encodes the value, while the radial position ri preserves the
temporal sequence.

3. GAF Matrix Calculation: The GAF matrix is constructed by considering the angular
relationships between pairs of points in the polar coordinate representation. Two
main variants exist:

• Gramian Angular Summation Field (GASF): Calculated using the cosine of the
sum of angles:

GASFi,j = cos
(
ϕi + ϕj

)
(1)

which can be expanded as

GASFi,j =
∼
x i ·

∼
x j −

√
1 − ∼

x
2
i ·

√
1 − ∼

x
2
j (2)
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The GASF matrix essentially captures the angular correlation based on the sum
of angles.

• Gramian Angular Difference Field (GADF): Calculated using the sine of the
difference between angles:

GADFi,j = sin
(
ϕi − ϕj

)
(3)

which can be expanded as

GADFi,j =

√
1 − ∼

x
2
i ·

∼
x j −

∼
x i ·

√
1 − ∼

x
2
j (4)

The GADF matrix captures correlation based on the angular difference, highlighting
temporal variations. The resulting GAF matrix (either GASF or GADF) is a n × n matrix
where each element (i, j) represents the angular relationship between time points ti and
tj. This matrix serves as the 2D image representation of the original 1D time-series data,
capturing complex temporal patterns and dependencies visually. Figure 4 below illustrates
this transformation process.

Figure 4. GAF transformation process: from 1D time-series data to polar coordinates and finally to
2D GAF mages.

To adapt the 1D time-series data for the Vision Transformer architecture, we employ a
specific image encoding strategy that constructs a three-channel RGB-like representation.
Unlike standard methods that simply replicate the grayscale map, we assign distinct
temporal features to each channel to maximize information density:

Red Channel (GASF): Encodes the cosine of the phase sum (cos
(
ϕi + ϕj

)
), preserving

the temporal correlation and symmetry of the original signal’s amplitude.
Green Channel (GADF): Encodes the sine of the phase difference (sin

(
ϕi − ϕj

)
), cap-

turing the directional changes and dynamic transitions within the time series.
Blue Channel (Summation Map): Constructed by element-wise addition of the GASF

and GADF matrices. This composite channel serves to highlight regions where both
amplitude correlation and phase variation are significant, effectively enhancing the contrast
of fault-related transient features for the ViT encoder.

By converting the plunger lift time-series data into GAF images, we transform the
anomaly detection problem into an image classification or analysis task. This representation
enables the direct application of standard computer vision techniques, including graphic
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data augmentation. Table 2 shows the representative plunger lift data to the corresponding
images by GAF transformation.

Table 2. Plunger lift data and the corresponding GAF images.

Label Anomalies 1D Time-Series Data GAF Images

0 Normal

   

1 Motor valve
won’t open

   

2 Motor valve
won’t close

 

3
Unreasonable

open/close
periods

   

4 Other anomalies

   

5 Sensor
malfunction

   

The total dataset contains 26,262 samples obtained from field operations. The class-
wise distribution is as follows: Normal (Class 0): 16.2%, Long-term closed (Class 1): 15.2%,
Long-term open (Class 2): 11.4%, Unreasonable system (Class 3): 16.8%, Other anomalies
(Class 4): 21.8%, and Data transmission error (Class 5): 19.8%. To ensure a rigorous and
unbiased evaluation, the dataset was randomly divided into training and testing sets
with a ratio of 7:3, maintaining consistent class distributions in both subsets to avoid
distribution bias.

https://doi.org/10.3390/pr14132045
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The interpretability of GAF representations can be understood by linking specific
visual patterns to physical phenomena in the original pressure curves. Taking Class 1
(Motor valve won’t open) as an example: the raw pressure signal exhibits an extended
‘flatline’ or slowly increasing trend without the characteristic periodic drops. In the corre-
sponding GAF image, this manifests as large, homogeneous rectangular blocks of uniform
color, because the GASF and GADF matrices produce nearly constant values when the
normalized pressure remains stable over time. In contrast, Class 0 (Normal) operations
generate GAF images with fine-grained, diagonally oriented texture patterns, reflecting
the periodic alternation between pressure buildup and drawdown. The transition from
Class 0 to Class 3 (Unreasonable periods) produces GAF images with disrupted diagonal
bands and irregular speckles—these correspond to variable cycle lengths and inconsistent
valve timing. By training on these visual ‘signatures,’ the ViT learns to associate spe-
cific texture characteristics with underlying mechanical faults, providing a form of visual
interpretability that complements traditional time-domain analysis.

2.3. Framework of ViT-Based Model

In this research, a ViT framework is applied to address anomaly detection in plunger
lift operations, leveraging ViT’s superior capability in image-based feature extraction
and classification tasks. The ViT architecture [35] represents a transformative approach
to computer vision problems by extending the original Transformer model proposed
by Vaswani et al. [38], initially designed for natural language processing (NLP). Unlike
conventional CNNs that rely on localized receptive fields, ViT directly processes images as
ordered sequences of flattened patches. Specifically, each input image is segmented into
a grid of fixed-size patches, which are subsequently linearly projected into embeddings
suitable for the Transformer encoder. These embedded patches are then analyzed using
self-attention mechanisms, enabling the model to capture complex, long-range contextual
relationships within the data.

The present study leverages a pretrained ViT model, initially trained on extensive
datasets, to ensure effective transfer learning and robust feature extraction. By initializing
the model with these pre-trained weights, the network can immediately leverage learned
low-level visual features—such as edges, textures, and shapes—rather than learning from
scratch. This transfer learning strategy significantly accelerates model convergence and
enhances feature robustness, particularly when dealing with the relatively smaller dataset
typical of plunger lift anomalies. To adapt to the specific anomaly classes observed in
plunger lift systems, the pretrained encoder’s initial layers were kept static, serving as deep
feature extractors, while the later layers were fine-tuned alongside a newly introduced clas-
sification head tailored for the unique characteristics of plunger lift anomaly identification.

The ViT model employed in this work adheres closely to the foundational Transformer
architecture, as shown in Figure 5 above, while adapting it for visual data through a
patch-based input strategy. To accommodate the two-dimensional nature of the plunger lift
sensor signals—represented as Gramian Angular Field (GAF) images X ∈ Rh×w×c—each
image is divided into non-overlapping square patches of size p × p. These patches are
flattened into vectors and arranged into a sequence Xp ∈ Rn×(p2·c), where c is the number
of image channels and n = hw/p2 defines the resulting sequence length input to the
Transformer encoder. Each vectorized patch is then projected into a fixed-dimensional
embedding space using a learnable linear transformation, producing what are referred
to as patch embeddings. This transformation enables the model to treat the image as a
sequence of tokens, allowing the self-attention mechanism to capture both local and global
dependencies across the spatial dimensions of the original sensor data [49].
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Figure 5. Structure of the Vision Transformer (ViT) model.

2.4. Training and Evaluation Methods

The study’s computational tasks were executed on a server featuring an Intel® Core™
i7-14700KF CPU, NVIDIA GeForce RTX 4090 GPU, and 256GB RAM. Python 3 and the
PyCharm 2019.3.3 x64 IDE provided the experimental software environment, while the
PyTorch 1.4.0 framework facilitated the implementation of our model, which, as indicated
earlier, utilized a pre-trained ViT. The post-training evaluation workflow included visu-
alizing the training loss–accuracy curve to monitor learning progression. Performance
on historical test data was then analyzed by generating a confusion matrix. Critically,
due to the presence of six different classes representing various plunger lift conditions, a
multi-class confusion matrix was employed, the specifics of which are outlined in Table 3.
The corresponding performance metrics for this multi-class class, namely Precision, Re-
call, and the F1-score, were calculated to assess model effectiveness, using the equations
presented below:

Precision =
∑n

i=0
TPii

TPii+∑j Eij

n + 1
(5)

Recall =
∑n

i=0
TPii

TPii+∑j Eji

n + 1
(6)

F1Score =
2PR

P + R
(7)

Table 3. Confusion matrix for anomaly detection of plunger lift.

True Labels
Predicted Labels

0 1 2 3 4 5

0 TP00 E01 E02 E03 E04 E05
1 E10 TP11 E12 E13 E14 E15
2 E20 E21 TP22 E23 E24 E25
3 E30 E31 E32 TP33 E34 E35
4 E40 E41 E42 E43 TP44 E45
5 E50 E51 E52 E53 E54 TP55

Within the confusion matrix detailed above, E (“Error”) indicates misclassifications,
and TP denotes true predictions. The value Eij specifies the number of samples from true

https://doi.org/10.3390/pr14132045

https://doi.org/10.3390/pr14132045


Processes 2026, 14, 2045 13 of 25

class i that the model incorrectly predicted as class j. This 6 × 6 matrix (for classes 0–5)
displays the model’s class-specific prediction performance.

2.5. Hyperparameters Optimization

The analysis was performed on field data acquired over an 18-month duration from
four wells (No. 1, 5, 8, and 51), which recorded tubing and casing pressure. Each well
possessed distinct physical characteristics and exhibited complex operational patterns.
Originally, a sliding window approach was adopted for data segmentation, configured with
a window length of 224 min and a stride of 48 min, thereby enabling the window to shift
forward at 48 min intervals. However, we subsequently utilized a Bayesian optimization
(BO) algorithm to optimize hyperparameters.

To identify the optimal hyperparameter configuration for the model, Bayesian op-
timization was employed. Bayesian optimization is an algorithm based on Bayesian
principles that searches for the global extremum of a target function within a bounded
domain and is frequently used for hyperparameter tuning in deep learning. The Bayesian
optimization algorithm primarily consists of two components:

A probabilistic surrogate model: This is an approximate function of the target function,
incorporating both prior and posterior probability distributions. A Gaussian process was
chosen as the probabilistic surrogate model due to its non-parametric nature, its resistance
to overfitting, and its widespread application [50].

An acquisition function: This function is constructed based on the posterior probability
distribution to determine the next point for evaluation.

In this study, the optimization was implemented using the Optuna framework. We
utilized a Gaussian Process (GP) as the surrogate model to approximate the objective
function, and the Expected Improvement (EI) was selected as the acquisition function
to balance exploration and exploitation. The hyperparameter search space and the final
optimal values are detailed in Table 4. This Bayesian optimization approach was used
to fine-tune hyperparameters for the pre-trained ViT, including the dropout rate, initial
learning rate (lr), batch size, and window step. The hyperparameter space was defined with
the following ranges for each parameter: dropout rate: [0.1, 0.9], learning rate: [0.0001, 0.01],
batch size: [8, 64], step (window stride): [20, 60]. For the Bayesian optimization process, we
set the maximum number of iterations to 50. The search space was explored efficiently to
identify the optimal hyperparameters, with the objective function monitored to prevent
overfitting during the tuning phase.

Table 4. Hyperparameter search space and optimal configuration.

Hyperparameter Search Range Optimal Value

dropout rate [0.1, 0.9] 0.35

learning rate [0.0001, 0.01] 0.0005

batch size [8, 64] 8

step (window stride) [20, 60] 48

The optimization process involved following steps (shown in Figure 6 below): selecting
the optimization algorithm, iteratively searching for the best hyperparameter configuration,
and updating the Gaussian process model. The Optuna hyperparameter optimization
library was utilized for this iterative search. In each iteration, the optimization algorithm
selected the subsequent hyperparameter configuration based on the predictions from the
Gaussian process model and evaluated its performance on the target function. As iterations
progressed, the Gaussian process model was continuously updated to better capture the
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relationship between hyperparameters and performance metrics. This iterative refinement
enabled the optimization algorithm to make more intelligent choices for subsequent con-
figurations. The Bayesian optimization process terminates when no improvement in the
objective function is detected for 10 consecutive iterations, or when the maximum number
of 50 iterations is reached, whichever occurs first. The study mentions applying Bayesian
optimization to optimize window and stride lengths specifically. The effectiveness of
Bayesian optimization is also reflected in model comparisons where ViT models tuned with
Bayesian optimization (ViT + BO) showed improved performance.

Figure 6. Flowchart for optimizing the proposed anomaly detection model based on pretrained ViT.

3. Results
This section presents and analyzes the experimental results obtained from the pro-

posed ViT-based anomaly detection framework. Model performance is evaluated across
multiple dimensions, including classification accuracy, generalization to unseen wells, and
robustness under data imbalance. Comparative analyses with baseline methods are also
provided to highlight the advantages of the proposed approach. Key findings are further
supported by visualizations and quantitative metrics to demonstrate the model’s diagnostic
effectiveness in real-world plunger lift operations.

3.1. Model Training and t-SNE Visualization

Building upon our previous work [36], where class imbalance was addressed through
random subsampling to ensure balanced representation of plunger lift operational con-
ditions, this study adopted a similar strategy to mitigate skewed label distributions. In
earlier work, we demonstrated that the predominance of normal operation data could
bias the model toward trivial predictions unless appropriately balanced. By selectively
sampling the minority classes and applying stratified train–validation–test splits, we were
able to promote more equitable learning across anomaly types and improve classification
robustness. Consistent with that, the present study implemented tailored data balancing
during both pretraining and fine-tuning stages to enhance the model’s generalizability, par-
ticularly under data-sparse fault scenarios. Class imbalance was mitigated using random
undersampling rather than synthetic oversampling methods such as SMOTE or GAN. This
decision was motivated by two considerations: first, plunger lift pressure signals are highly
structured time-series, and synthetically generated samples risk introducing physically
implausible artifacts that could mislead the model, whereas undersampling preserves data
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authenticity; second, given the strong transfer learning capability of the pretrained ViT, the
balanced subset provided sufficient discriminative features without requiring massive data
volume. We acknowledge this trade-off and note that future work will explore physics-
constrained generative augmentation to further address class imbalance while maintaining
physical fidelity.

The training outcomes for the model, as depicted in Figure 7, are notably strong.
Analysis of the loss and accuracy graphs reveals that the model converges quickly and
fits the data well, achieving a 96% accuracy on the training set and 93% on the validation
set, without indications of overfitting or underfitting. Furthermore, the confusion matrix
underscores the model’s robust ability to detect anomalies, demonstrating a high level
of classification accuracy alongside a minimal rate of false positives, thereby satisfying
the criteria set for the pre-trained model. These findings confirm the model’s suitabil-
ity for dependable anomaly detection, even when faced with the inherent variability of
real-world data.

Figure 7. Model training and performance: (a) loss–accuracy curves and (b) confusion matrix.

As detailed in Table 5, the proposed model achieves a high macro-average F1-score
of 0.930, indicating robust performance across all six categories. The model demonstrates
exceptional sensitivity in detecting “Sensor Malfunctions” (Class 5), achieving the highest
Recall of 0.981. However, a closer inspection of the confusion matrix reveals that the
primary source of error stems from Class 1 (“Motor valve won’t open”), which exhibits the
lowest Recall at 0.875. Specifically, a significant number of Class 1 samples (95 instances)
were misclassified as Class 5. This confusion likely arises from the similarity in signal
characteristics: when the motor valve fails to open, the tubing and casing pressures may
remain static or exhibit prolonged “flatline” behaviors that visually resemble the data
patterns caused by sensor freezing or disconnection. Despite this specific challenge, the
high Precision score for Class 1 (0.971) suggests that when the model identifies a valve
failure, the prediction is highly trustworthy. Additionally, Class 4 (“Other anomalies”)
shows a slightly lower F1-score (0.916), which is expected given the diverse and less
structured nature of this residual category. To interpret this, we analyzed the raw signal
characteristics. When a motor valve fails to open, the current feedback often remains at a
low constant level or shows specific oscillation patterns, which bears a strong resemblance
to the flat-line or noisy signals typical of sensor malfunctions. Since the GAF encoding
converts these 1D signals into 2D textures, the visual patterns generated by a stuck valve
and a broken sensor are structurally similar.
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Table 5. Class-wise performance metrics for the proposed ViT + GAF + BO model.

Class Label (Anomalies) Precision Recall F1 Score

0 (Normal) 0.933 0.941 0.937
1 (Motor valve won’t open) 0.971 0.875 0.920
2 (Motor valve won’t close) 0.938 0.931 0.934
3 (Unreasonable periods) 0.923 0.929 0.926

4 (Other anomalies) 0.916 0.917 0.916
5 (Sensor malfunction) 0.918 0.981 0.948

Macro Average 0.933 0.929 0.930

Beyond the confusion between Class 1 (Motor valve won’t open) and Class 5 (Sensor
malfunction), other misclassification patterns merit attention. Specifically, 43 samples
of Class 2 (Motor valve won’t close) were misclassified as Class 0 (Normal)—this arises
because when the valve fails to close, the tubing pressure gradually increases without the
sharp drop typically seen in normal cycles, but the overall pressure envelope may still
resemble a prolonged afterflow phase, misleading the model. Conversely, 38 samples of
Class 3 (Unreasonable open/close periods) were misclassified as Class 4 (Other anomalies),
likely due to the highly irregular and non-repetitive nature of these cycles, which lack
the structured periodicity that the ViT’s self-attention mechanism relies upon. Class 4
itself (Other anomalies) exhibited the lowest Precision (0.916), which is expected given its
heterogeneous composition—this category includes multiple distinct failure modes (e.g.,
tubing leakage, scale deposition, intermittent plugging) that were grouped due to limited
sample sizes. Future work should consider sub-classifying these anomalies when more
labeled data becomes available.

With the class imbalance mitigated, model training proceeded using the curated
dataset to optimize performance across all categories. To gain deeper insights into the
model’s learning dynamics and feature discrimination capability, we further employed
t-distributed stochastic neighbor embedding (t-SNE) to visualize the evolution of feature
representations across different layers of the ViT. The following subsection details the
training strategy and presents the t-SNE plots that illustrate how the model progressively
refines its internal feature space to distinguish between various plunger lift conditions.

Figure 8 illustrates the transformation of feature distributions, visualized using t-SNE,
at key stages of the pre-trained Vision Transformer (ViT): the input patch embeddings, a
representative hidden layer within the Transformer encoder, and the final output layer.
This visualization clearly reveals the progressive refinement of features as data traverses
the model.

Initially, at the input layer, t-SNE shows the distribution of the initial patch embeddings
derived from the GAF images. At this stage, the data points appear relatively intermingled
and widespread, reflecting the inherent complexity of the visual representations before the
ViT’s self-attention mechanisms begin to process them. Classification at this early stage
would be challenging due to the significant overlap between different conditions.

As the data passes through the Transformer encoder blocks, the t-SNE visualization
of a representative hidden layer demonstrates significant structural changes. Here, the
self-attention mechanisms have started to weigh and aggregate features across all image
patches, leading to the emergence of more defined groupings. Distinctions between vari-
ous operational conditions become more apparent as the model learns to capture global
contextual information and relevant patterns, though some feature overlap may still exist
as the representations are further refined.

This process of feature separation culminates at the output layer, typically after the
classification head. The t-SNE plot for this stage shows that the data points have formed
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highly distinct and concentrated clusters. Each cluster corresponds to a specific operating
condition, indicating optimal feature separability. This clear distinction in the feature space
is what enables the ViT to achieve high classification accuracy.

Figure 8. t-SNE representation of the pretrained ViT model: (a) input layer, (b) dense layer, and
(c) output layer.

A comparative analysis of the t-SNE visualizations further highlights the superior
feature learning capabilities of the pre-trained ViT over the optimized convolutional neural
network (CNN) model from our previous work [33]. As depicted in Figure 8, the ViT
demonstrates a remarkable progression towards highly distinct and well-separated clusters
in its output layer, indicative of robust feature discriminability. In contrast, while the t-SNE
plots for the optimized CNN (Figure 9) show an improvement in feature separation from
input to output, the final clusters (Figure 9c) appear less compact and exhibit more inter-
class overlap compared to those achieved by the ViT. This visual evidence suggests that the
pre-trained ViT achieves a more effective transformation of the input data into a feature
space where different operational conditions are more clearly delineated, underscoring its
enhanced potential for accurate classification in complex plunger lift scenarios.
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Figure 9. t-SNE representation of the optimized CNN model (CNN + BO), which was devel-
oped by optimizing the model from our previous work [33]: (a) input layer, (b) CNN layer, and
(c) output layer.

3.2. Performance of the Proposed Model

Figure 10 showcases the proposed new model’s predictive capabilities against field
data from the four wells, presenting the predicted condition labels in conjunction with
the pressure readings. The model demonstrates exceptional proficiency in classifying a
wide array of operational conditions by leveraging tubing and casing pressures, indicative
of its advanced overall performance. A significant majority of anomalies are accurately
pinpointed with an extremely low incidence of false alarms. Notably, where the previous
model occasionally faltered our previous work [33], this new model exhibits enhanced
robustness, more effectively navigating the complexities of brief, transient pressure fluc-
tuations that can obscure labeling (as observable across wells in Figure 10a–d). While no
model is infallible, such instances of misdetection are markedly reduced. Consequently, the
model consistently and accurately identifies changes in operational conditions, signifying
its superior capability in managing diverse and challenging operational scenarios.
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Figure 10. Typical model predictions and corresponding field data: (a) well 1, (b) well 2, (c) well 3,
and (d) well 4.

4. Discussion
To fully benchmark our proposed methodology against conventional CNNs, we se-

lected five distinct models for comparison. This set included the primitive CNN architecture
previously introduced in our previous work [33]. We also evaluated two enhanced CNN
versions: one optimized by Bayesian optimization (CNN + BO), and another incorporating
both BO and training on GAF-transformed data (CNN + GAF + BO). Completing the com-
parison, we included two Vision Transformer (ViT) based models: a pre-trained ViT with
hyperparameters tuned using Bayesian optimization (ViT + BO), and a similar ViT + BO
model that was further trained on GAF-transformed data (ViT + GAF + BO).

To evaluate the practical deployability of the proposed framework, we quantified
its computational overhead and real-time performance. The GAF transformation, imple-
mented in Python with NumPy vectorization, required an average of 0.023 s to convert
a single 224-point time series into a 224 × 224 RGB image on the RTX 4090 GPU. The
ViT + GAF + BO model achieved an average inference time of 0.011 s per sample, equiv-
alent to a throughput of ~90 samples per second. The total model parameter count was
85.9 M, with a GPU memory footprint of 1.8 GB during inference (batch size = 8). These
results indicate that while the ViT-based model incurs higher computational cost than
lightweight CNNs (CNN + GAF + BO: 0.004 s/sample, 4.2 M parameters), it remains well
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within real-time constraints for centralized monitoring systems, where pressure data is
sampled at 1 Hz and anomaly detection is required on a per-cycle basis.

To systematically evaluate the contribution of data augmentation, we conducted an
ablation study comparing five augmentation strategies applied to GAF images: (1) no
augmentation (baseline), (2) random rotation (±10◦), (3) random horizontal flip, (4) color
jitter (brightness/contrast adjustment), and (5) a composite strategy combining all three.
All experiments used the ViT + GAF + BO framework with identical training settings. The
composite augmentation achieved the highest F1-score (0.93), outperforming no augmen-
tation (0.89), rotation-only (0.90), flip-only (0.90), and color jitter (0.91). Notably, color
jitter provided the largest marginal gain (+0.02 F1) by enhancing the model’s robustness
to pressure sensor noise and baseline drift. However, excessive rotation (>15◦) degraded
performance due to the loss of temporal order information inherent in GAF’s polar en-
coding. These results confirm that task-specific augmentation, rather than generic image
transformations, is critical for plunger lift anomaly detection.

The model comparison results presented in Table 6 clearly demonstrate a progressive
improvement in performance with added optimizations and architectural choices. The
baseline CNN model achieved an F1-score of 0.803. Incorporating Bayesian optimization
(CNN + BO) significantly boosted this to 0.85, and the further addition of GAF encoding
(CNN + GAF + BO) maintained this high F1-score while slightly improving Precision.
Notably, the Vision Transformer models outperformed the CNNs; the ViT optimized with
Bayesian optimization (ViT + BO) reached an F1-score of 0.90. The top performance was
achieved by the ViT + GAF + BO model, which scored highest across all metrics with
a Precision, Recall, and F1-score of 0.93, underscoring the combined benefits of the ViT
architecture, Bayesian optimization, and GAF data transformation.

Table 6. Comparison results among various detection models.

Model Precision Recall F1 Score

CNN 0.806 0.804 0.803
CNN + BO 0.84 0.85 0.85

CNN+ GAF + BO 0.86 0.85 0.85
ViT 0.87 0.88 0.88

ViT + BO 0.90 0.90 0.90
ViT + GAF 0.90 0.91 0.91

ViT + GAF + BO 0.93 0.93 0.93

From the quantitative results summarized in Table 6, the performance improvement
of the proposed method can be disassembled into three incremental gains originating from
GAF transformation, Bayesian optimization (BO) and ViT backbone structure respectively.

First, the Gramian Angular Field (GAF) converts raw one-dimensional transient pres-
sure time-series of plunger lift wells into two-dimensional feature maps. Compared with
the baseline CNN model fed with original 1D sequential data, the CNN equipped with GAF
preprocessing achieves an average accuracy increment of 4.1% and F1-score improvement
of 3.8%. Such promotion is attributed to the inherent advantage of GAF, which encodes
implicit temporal correlation and periodic variation hidden in wellbore dynamic data into
spatial pixel distribution, overcoming the defect of conventional sequential input that fails
to visualize long-term cyclic features of plunger lift working conditions.

Second, Bayesian optimization is adopted to automatically search optimal hyperpa-
rameters including initial learning rate, transformer patch size and batch size, instead of
empirical manual parameter tuning. After introducing BO on the basis of GAF-enhanced
CNN, the model further gains approximately 2.6% on macro F1 metric. BO eliminates
subjective bias in hyperparameter selection and matches optimal configuration for the
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irregular and imbalanced plunger lift fault dataset, stabilizing model convergence and
reducing overfitting risk on minority fault samples such as valve malfunction.

Third, replacing convolutional backbone with Vision Transformer brings the most
prominent performance gain of 5.2% in classification accuracy. Benefiting from multihead
self-attention mechanism, ViT breaks the local receptive field limitation of standard CNN
and captures global long-range dependencies spanning the complete plunger production
cycle across tubing-casing pressure fluctuation sequences. As listed in Table 6, the final
integrated framework combining GAF, BO and ViT outperforms all contrast baselines
comprehensively, which verifies the respective effectiveness and complementary advantage
of the three core improvements for complex drainage gas recovery anomaly identification.

As shown in Table 7, the ViT-based models require substantially more parameters and
training time than the CNN baselines, primarily due to the computational complexity of
the multihead self-attention layers (12 heads × 12 layers). However, despite this overhead,
the inference latency of the ViT model remains highly efficient at approximately 12.5 ms per
sample, which is fully capable of meeting the throughput requirements for most anomaly
screening tasks. Nevertheless, for edge deployment scenarios with strictly limited GPU
memory (<2 GB) or extreme lightweight requirements, the CNN + GAF + BO model
continues to offer a superior lightweight alternative, with only a moderate drop in the
F1-score (0.85 vs. 0.93).

Table 7. Computational cost comparison between representative models.

Model Parameters
(M)

Training
Time (min)

Inference
Time

(ms/Sample)

GPU Memory
(GB)

CNN (base ) 4.2 25 3.5 0.6
CNN + GAF + BO 4.2 35 4.1 1.2

ViT (base) 85.9 180 12.5 1.8
ViT + GAF + BO 85.9 293 13.0 3.8

Figure 11 provides a comparative visualization of the confusion matrices for the base-
line CNN, the enhanced CNN + GAF + BO, and the ViT + BO models, offering insights
into their respective classification behaviors and error distributions. The baseline CNN
model exhibits a foundational level of performance, with correct classifications along the
diagonal but also a discernible spread of misclassifications across various off-diagonal cells.
An improvement is evident in the matrix for the CNN + GAF + BO model, which generally
demonstrates higher values along the diagonal and reduced off-diagonal instances, indicat-
ing more accurate and confident predictions due to the incorporation of GAF-transformed
data and Bayesian optimization. The confusion matrix for the ViT + BO model presents its
own distinct pattern of correct classifications and errors, which, when visually compared
here, suggests different strengths and weaknesses in class-specific predictions relative to the
optimized CNN. However, if compared to the ViT + GAF + BO model (the top-performing
model, with its confusion matrix shown in Figure 7b), the ViT + GAF + BO matrix would
exhibit even more pronounced diagonal concentrations and fewer misclassifications, re-
flecting its superior overall accuracy and F1-score. This further underscores the benefit of
integrating GAF-transformed data with the Vision Transformer architecture and Bayesian
optimization for achieving the most robust diagnostic performance.

Beyond its standalone diagnostic capabilities, the proposed framework could serve
as a critical component in more comprehensive asset management systems. For example,
it could function as the core status awareness and parameter calibration module within
a Digital Twin platform for the entire heat-electric coupled system of a production field,
providing real-time health status that informs simulations and predictive maintenance
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strategies [51]. This integration would elevate the model from a diagnostic tool to a key
enabler of intelligent, autonomous operations.

Figure 11. Comparison of confusion matrices by different models.

The proposed ViT-based framework offers distinct advantages, primarily its ability
to capture global temporal dependencies through the self-attention mechanism, which
CNNs often miss. The integration of GAF further allows the model to leverage rich 2D
visual patterns from 1D signals. However, a limitation is the higher computational cost
associated with the Transformer architecture compared to lightweight CNNs, as well as the
preprocessing time required for GAF generation. Despite this, the model’s high accuracy
makes it highly suitable for deployment in centralized control centers or as a “status
awareness” module within Digital Twin platforms, where it can support real-time health
monitoring and decision-making for intelligent gas field management.

5. Conclusions
Based on the experimental results and discussions presented in the previous sections,

the following specific conclusions are drawn regarding the performance of the proposed
Vision Transformer (ViT)-based framework for plunger lift anomaly detection:

1. Superior Diagnostic Accuracy: The integration of ViT with Gramian Angular Field
(GAF) data representation and Bayesian optimization (BO) demonstrated a signif-
icant improvement in diagnostic Precision. As evidenced by the experimental re-
sults (Table 6), the ViT + GAF + BO model achieved a macro-average F1-score of
0.93, outperforming the baseline CNN model (F1-score: 0.803) and the optimized
CNN + GAF + BO model (F1-score: 0.85). This indicates a substantial reduction in
false positives and missed detections compared to conventional methods.

2. Enhanced Feature Discrimination: The t-SNE visualizations (Figure 8) confirm that
the pre-trained ViT architecture learns a more discriminative feature space than CNNs
(Figure 9). The feature clusters for different operational conditions (e.g., “Normal,”
“Motor valve won’t open”) are more compact and well-separated in the ViT output
layer, which directly supports the model’s high classification accuracy and robustness.

3. Robustness to Data Imbalance and Transients: Despite the challenges posed by class
imbalance (mitigated via random subsampling) and complex transient pressure fluc-
tuations in field data (Figure 10), the proposed model maintained high sensitivity
across all six classes. Specifically, the model achieved a Recall of 0.981 for “Sensor Mal-
function” and demonstrated stable performance in distinguishing subtle anomalies,
such as “Unreasonable open/close periods,” from normal operational variations.
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4. Architecture and Optimization Synergy: The comparative analysis validates that the
global attention mechanism of ViT is more effective than localized CNN convolutions
in capturing the long-range temporal dependencies inherent in plunger lift cycles.
Furthermore, the Bayesian optimization process successfully identified the optimal
hyperparameter configuration (e.g., dropout rate: 0.35, learning rate: 0.0005), which
was critical for maximizing the model’s generalization capability.

In summary, this study establishes that the ViT + GAF + BO framework provides
a highly accurate and reliable solution for plunger lift monitoring, directly addressing
the limitations of traditional rule-based systems and CNN-based approaches identified in
the Introduction.

Despite the promising results, this study has several limitations that should be ac-
knowledged. First, the dataset, while field-derived, is limited to four wells from a single
gas field; generalizability to different reservoir types, tubing configurations, or operating
practices remains unvalidated. Second, the ViT’s high computational cost (85.9M parame-
ters, 3.8 GB GPU memory) precludes deployment on resource-constrained edge devices
without model compression. Third, the random undersampling strategy, while effective for
class imbalance, discards potentially informative normal-cycle data; physics-constrained
generative methods (e.g., conditional GANs with pressure dynamics constraints) may offer
a superior alternative. Fourth, the ‘Other anomalies’ (Class 4) remains a heterogeneous
catch-all category, limiting diagnostic specificity. Fifth, the current study does not experi-
mentally validate zero-shot generalization to completely unseen anomaly types [52]. All
evaluated anomalies belong to the six predefined classes. Therefore, any claim of zero-shot
capability is not supported by the present results.

Future research will focus on: (1) cross-well and cross-field validation using publicly
available plunger lift datasets; (2) model lightweighting via knowledge distillation and
pruning to enable edge deployment; (3) integrating physics-informed neural networks
(PINNs) to enforce pressure-transient constraints during training; (4) extending the frame-
work to a Digital Twin platform for real-time closed-loop optimization; and (5) exploring
few-shot and zero-shot learning to rapidly adapt to new wells or anomaly types with
minimal labeled data.
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