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Abstract. Detecting key events in oil well sensor data is essential for optimizing operations and preventing failures.
This study presents a non-parametric, U-Net-based deep learning approach for segmenting time-series sensor data
to identify significant changes. Unlike analytical methods that require manual tuning or machine learning models
dependent on fixed thresholds and frequent retraining due to concept drift, our model adapts automatically to
different wells without the need for manual adjustment. We modify the U-Net architecture to handle time-series
segmentation, enabling automatic detection of sensor transitions without predefined thresholds. Trained on both
synthetic and real-world data, the model is evaluated across diverse operational conditions. The segmented output
supports downstream classification models in determining whether detected events correspond to regular human
operations or previously unnoticed anomalies. To enhance reliability, we incorporate wavelet-based denoising,
which effectively removes noise while preserving critical transitions. By combining U-Net segmentation with
wavelet-based denoising, this approach offers a novel solution for event detection in industrial time-series data,
advancing automation and anomaly detection in oilfield operations.

Keywords: U-Net segmentation, Time-series analysis, Event detection, Oil well monitoring, Wavelet denoising,
Anomaly detection

1 Introduction

The oil and gas industry has witnessed a significant transformation towards digital technologies and ad-
vanced monitoring systems to enhance operational efficiency. The detection and classification of events in oil well
operations represents a critical challenge that directly impacts production optimization, equipment integrity, and
operational safety [[1]].

Oil well operations uses sensor data that contain important information about operational states, equipment
performance, and potential anomalies [2]]. The ability to automatically detect important events in this data is
important to optimize the production, preventing equipment failures, and ensuring operational safety.

Existing approaches to event detection in oil well sensor data face significant challenges. Analytical methods
typically require extensive manual tuning of parameters and thresholds, making them difficult to generalize across
different wells and operational conditions. Machine learning approaches often depend on fixed thresholds and are
susceptible to concept drift, requiring frequent retraining as operational conditions change over time [3} 4]

The complexity of oil well sensor data, characterized by high dimensionality, temporal dependencies, and
varying noise levels, demands more sophisticated approaches [S)]. Recent advances in deep learning, particularly
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in time-series analysis and segmentation, offer promising solutions for automated event detection in industrial
applications.

Digital transformation initiatives in the petroleum industry have emphasized the importance of data-driven
decision making and predictive analytics [6]. Efficient approaches must increasingly rely on automated systems
that can adapt to changing operational conditions without manual intervention.

The U-Net architecture, originally developed for biomedical image segmentation, has demonstrated remark-
able effectiveness in capturing both local and global patterns through its encoder-decoder structure with skip con-
nections [7]]. Its adaptation to time-series data presents an opportunity to develop non-parametric approaches that
can automatically identify significant events without relying on predefined thresholds.

This work presents a novel U-Net-based approach for segmenting time-series sensor data to detect important
events in oil well operations. By combining deep learning segmentation with wavelet-based denoising techniques,
we develop a robust system capable of identifying critical transitions while adapting automatically to different
operational contexts without manual parameter tuning.

2 Related Work

2.1 Anomaly Detection in Oil Wells

Oil well monitoring and anomaly detection has been an active area of research with various approaches
proposed over the years [1]. Vargas et al. [1] introduced the 3W dataset, a comprehensive collection of oil well
data with rare undesirable events, providing a benchmark for fault detection algorithms. This dataset has become
instrumental in developing and evaluating machine learning approaches for oil well monitoring across diverse
operational scenarios.

Aranha et al. [8]] proposed unsupervised machine learning models for predicting anomalies using oil produc-
tion data, addressing the challenge of limited labeled data in oil well operations. The application of open-world
learning paradigms to oil well anomaly detection [2| 4] has shown potential for handling unknown anomaly types
that may emerge in operational environments. This approach addresses the limitation of traditional closed-world
assumptions where all possible anomaly types must be known during training [3}9].

2.2 Deep Learning for Time-Series Segmentation

Deep learning approaches have revolutionized time-series analysis and segmentation tasks across various
domains [5]. Autoencoders have been widely used for anomaly detection due to their ability to learn normal
patterns and identify deviations [10]. However, our approach focuses on U-Net-based segmentation rather than
reconstruction error-based detection, providing more precise temporal boundaries for events. Variational autoen-
coders (VAEs) extend traditional autoencoder concepts by providing probabilistic representations [[11]], but U-Net
segmentation offers the precise event localization window in time-series data.

The U-Net architecture has been successfully adapted for time-series segmentation tasks beyond its original
biomedical applications [7]. Its encoder-decoder structure with skip connections makes it particularly suitable for
preserving temporal details while capturing hierarchical patterns in sequential data. This represents a significant
advance over traditional autoencoder-based anomaly detection methods that rely on reconstruction error thresholds.

3 Methodology

3.1 Dataset Preparation

The U-Net model is trained on sensor time-series data from oil well operations using both synthetic and real-
world sensor data [1]]. The training dataset encompasses general oil well operational events including production
changes, equipment interventions, and various operational anomalies. Real-world data is obtained from the 3W
dataset [1]], which contains production data from multiple offshore wells, including pressure measurements (P-
PDG, P-TPT), temperature readings (T-PDG, T-TPT), and flow rate measurements.

The U-Net is trained to segment any significant operational events in oil well sensor data, making it a general-
purpose tool for event detection across diverse operational scenarios.

Data preprocessing involves normalization of sensor values to ensure consistent scaling across different mea-
surement types, handling of missing data through interpolation techniques, and temporal alignment of multiple
sensor readings to maintain synchronization across different data streams.
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3.2 Wavelet-based Denoising

To enhance the reliability of event detection, we incorporate wavelet-based denoising as a preprocessing step
[12]. This technique effectively removes high-frequency noise while preserving critical transitions and important
events in the sensor data. The wavelet transform decomposes the signal into different frequency components,
allowing selective filtering of noise while maintaining the integrity of significant changes.

The denoising process uses discrete wavelet transform (DWT) with appropriate wavelets selected based on
the characteristics of oil well sensor data [[12]. Thresholding is applied to the wavelet coefficients to remove noise
components while preserving signal features that correspond to important operational events, ensuring optimal
signal-to-noise ratio for downstream processing.

3.3 U-Net Architecture for Time-Series Segmentation

The U-Net architecture is adapted for one-dimensional time-series segmentation by replacing 2D convolu-
tions with 1D convolutions while maintaining the characteristic encoder-decoder structure [7]. The encoder pro-
gressively reduces temporal resolution while increasing feature depth, capturing hierarchical patterns in the sensor
data through convolutional layers optimized for time-series analysis.

The decoder uses transposed convolutions to upsample features back to the original temporal resolution, with
skip connections from corresponding encoder layers preserving fine-grained temporal details [10]. This architec-
ture enables the model to segment important events while maintaining precise temporal boundaries, addressing the
critical requirement for accurate event localization in industrial monitoring applications.

The modified U-Net architecture incorporates the following design principles:

* Input layer accepting single-channel time-series windows with normalization (100 time steps)

¢ Five encoder blocks with 1D convolutions, batch normalization, and ReLLU activation

* Five decoder blocks with transposed 1D convolutions and skip connections

¢ Qutput layer producing binary segmentation masks indicating event locations (the outputs of each sensor are
computed separately)

* Dropout layers for regularization and improved generalization

3.4 Event Detection and Classification Pipeline

The segmented output from the U-Net model identifies temporal regions containing important events across
various oil well operations. To demonstrate the practical application of this approach, we present a case study
using Intelligent Completion Valve (ICV) fault detection, which represents a specific type of operational anomaly
similar to the open-world learning scenarios explored in previous works [2].

Following the U-Net segmentation, the detected event segments are processed by downstream classification
models to determine the specific nature of the events. In the ICV case study, the classification determines whether
detected events correspond to:

* ICV fault conditions (valve malfunctions, response delays)
» Other operational events (production changes, system interventions)

This two-stage approach separates general event detection from specific event classification, allowing the
U-Net to serve as a universal event detector while specialized classifiers handle domain-specific categorization
tasks. The methodology aligns with open-world learning principles where unknown event types can be detected
and subsequently classified [2]].

4 Experimental Setup

4.1 Model Configuration

The U-Net model is configured with 5 encoder and 5 decoder blocks, each containing batch normalization
and ReL.U activation functions. The input layer accepts time-series windows of 100 time steps. The model does not
receive all the sensors, but the input receives a single sensor channel, and the outputs of each sensor are computed
separately. Dropout layers with 0.2 probability are added to prevent overfitting.

Training is performed using the Adam optimizer with a learning rate of 0.001, batch size of 32, and early
stopping based on validation loss. The loss function combines binary cross-entropy for segmentation accuracy and
Dice loss to handle class imbalance between normal operational periods and important events.
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4.2 Validation Across Multiple Wells

The trained model is validated on sensor data from 9 different wells not present on the public 3W dataset.
These wells exhibit varying operational conditions and known important events. They represent diverse operational
scenarios including different production phases, maintenance activities, and operational anomalies, providing a
comprehensive test of the model’s generalization capabilities across different operational contexts.

5 Results and Discussion

5.1 Segmentation Performance

Table[T|shows the U-Net model performance in segmenting important events from normal operational periods
in oil well sensor data. Overall accuracy reaches 89% across all test cases, with precision exceeding 95% for
certain event types, demonstrating the effectiveness of the proposed approach. The model successfully identifies
event boundaries with high temporal precision, enabling accurate determination of event onset and duration, which
is critical for industrial monitoring applications.

Unlike traditional autoencoder-based methods that rely on reconstruction error thresholds [8]], the U-Net
segmentation approach provides direct temporal boundaries for events without requiring manual threshold tuning.
This represents a significant advancement over the autoencoder reconstruction error approach used in previous
works [2, 8], where the U-Net segmentation serves as a more flexible alternative to traditional anomaly detection
methods because it does not depend on fixed thresholds and can adapt to different wells and operational conditions
without retraining.

5.2 ICV Fault Detection Case Study

To demonstrate the practical application of our U-Net segmentation approach, we present results from an
Intelligent Completion Valve (ICV) fault detection case study. This application follows the same open-world
learning principles established in our previous work [2], where the U-Net first segments general operational events,
and then specialized classifiers determine if these events correspond to ICV faults.

The U-Net segmentation model was trained on general oil well operational data and successfully identifies
temporal regions containing significant changes. These segments are then analyzed by downstream ICV-specific
classifiers to determine fault conditions. Figure ?? illustrates this two-stage process and the overall methodology.

5.3 Validation Results

Table [T| summarizes the U-Net segmentation performance for each well in terms of accuracy and intersection
over union (IOU). The accuracy metric indicates the proportion of correctly segmented time steps. IOU, or Inter-
section over Union, is a standard metric for segmentation tasks that quantifies the agreement between the predicted
event region and the ground truth by dividing the size of their intersection by the size of their union. An IOU of
1 indicates perfect overlap, while 0 means no overlap. This provides a robust assessment of how well the model
localizes important events in the time series. The results demonstrate that the U-Net model achieves high segmen-
tation accuracy and IOU across all wells, with a global accuracy of 94% and a global IOU of 0.85. These results
highlight the effectiveness and generalization capability of the U-Net approach for detecting important events in
diverse oil well operational scenarios.

5.4 Visualization of Results: Segmentation and Classification

The effectiveness of the proposed approach is illustrated in Figures [T} 2] and [3] Figure [I] demonstrates
how wavelet-based denoising improves the interpretability of sensor data by removing high-frequency noise while
preserving important transitions. Figure[2] presents a direct comparison between the ground truth event annotations
and the U-Net segmentation output, overlaid with the original sensor data, highlighting the model’s ability to
accurately localize important events. Finally, Figure 3] shows an example of ICV valve fault classification applied
to the segments detected by the U-Net, illustrating the two-stage pipeline in a real scenario.

CILAMCE-2025
Proceedings of the XLVI Ibero-Latin-American Congress on Computational Methods in Engineering, ABMEC
Vitéria, Brazil, November 24-27, 2025



L.G.O. Lopes, TM.A. Vieira, A.C.A. Silva, LM. Nery, D.L. Ramos, E.T.L. Junior, WW.M. Lira, PE. Aranha

Table 1. U-Net Segmentation Performance by Well

Well Accuracy | 10U
Al 89% 0.74
A2 95.50% | 0.93
A3 96% 0.85
Bl 84% 0.56
Cl 99.50% | 0.98
C2 97.75% | 0.84
D1 97.05% | 0.93
El 94.22% | 0.83
F1 86.94% | 0.72
Gl 98.73% | 0.94
Global 94 % 0.85

Figure 1. Effect of wavelet-based denoising on sensor data. The denoised signal (bottom) shows improved inter-
pretability by removing high-frequency noise while preserving key transitions, compared to the original raw signal

(top).

5.5 Case Study Analysis: Classification Performance

The integration of U-Net-based segmentation with downstream classification models enables effective detec-
tion and categorization of ICV valve faults in oil well operations. As shown in Figure[3] the U-Net model segments
the time series to identify regions of significant operational change, which are then classified as ICV faults or other
events.

Accurate segmentation provides precise event boundaries, supporting reliable fault classification. Wells with
high segmentation accuracy and IOU also exhibit strong classification performance, confirming the benefit of
this two-stage approach. The results and visualizations demonstrate the practical value of this methodology for
industrial monitoring applications.
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Figure 2. Comparison between ground truth event annotations and U-Net segmentation output, overlaid with
sensor data. The figure highlights the model’s ability to accurately localize important events in time.
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Figure 3. Example of ICV valve fault classification applied to U-Net segmented regions. The detected segments
are further analyzed by a downstream classifier to identify ICV faults, demonstrating the two-stage pipeline.

5.6 Comparison with Traditional Methods

The proposed approach can be compared against traditional threshold-based methods and other machine
learning approaches to demonstrate its advantages in terms of adaptability and robustness to concept drift. Future
work should bring a transition between segmentation approaches and detection approaches, such as autoencoder
reconstruction. The proposed U-Net segmentation approach was compared against traditional threshold-based
methods and autoencoder-based anomaly detection. Threshold-based methods require manual selection of pa-
rameters for each well and are sensitive to changes in operational conditions, often resulting in missed or false
detections when concept drift occurs. Autoencoder-based approaches, which detect anomalies based on recon-
struction error, also require careful threshold tuning and may not generalize well to unseen event types. The U-Net
non-parametric approach eliminates the need for manual tuning and adapts automatically to different wells, mak-
ing it more flexible and robust in dynamic operational environments. The U-Net segmentation provides precise
temporal boundaries for important events, enabling accurate detection without relying on fixed thresholds.
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6 Conclusions

This work demonstrates the effectiveness of the U-Net deep learning architecture for automated event detec-
tion in oil well sensor data. The key findings include:

» U-Net segmentation provides accurate temporal boundaries for important events, achieving up to 99.5%
accuracy and a global IOU of 0.85 across test wells

* The non-parametric approach eliminates the need for manual threshold tuning and adapts automatically to
different wells

* Wavelet-based denoising improves training and detection reliability by preserving critical transitions while
removing noise

» The segmented output supports downstream classification models for event categorization

The proposed approach offers advantages over existing methods by adapting to different operational contexts
without requiring manual parameter adjustment or frequent retraining. The combination of U-Net segmentation
with wavelet denoising provides a robust solution for industrial time-series event detection, advancing the state of
the art in oil well monitoring.

Future work will focus on expanding the U-Net event detection pipeline with more sophisticated classifica-
tion models to handle a wider range of operational anomalies and integrate with industrial monitoring systems.
Additionally, we will explore the application of this approach in the Open World strategy presented by Lopes et
al. [2].
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