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Abstract

Oil-well anomaly monitoring supports safe and efficient oil-and-gas production, but de-
layed recognition of abnormal operating states can reduce lifting efficiency, trigger costly
interventions, and increase operational risk. Existing data-driven detectors are also vulner-
able to optimistic estimates when segmentation, normalization, and train–test splitting leak
information across source files. This study presents ALSTMResNet, an application-oriented
active-learning workflow built on an LSTMResNet backbone for one-step-ahead anomaly
screening under partial labels. The workflow converts real 3W well records into leakage-
aware file-wise splits, train-only standardized sliding windows, and a fixed 15-channel
representation that combines process measurements with temporal covariates; active learn-
ing is used only during training to select additional labels while leaving the deployed
backbone unchanged. Experiments on the retained benchmark split obtain an F1-score of
0.9354, and five repeated file-wise trials give an average F1-score of 0.8661 ± 0.0666 while
reducing retraining time relative to the full-data backbone. Label-budget and acquisition-
policy analyses show that the workflow remains competitive under constrained labels,
although uncertainty, entropy, margin, least-confidence, and random querying have limited
separation in the present binary setting. These results indicate that ALSTMResNet can
support cost-aware oil-well anomaly monitoring when labels are partially available and
retraining resources are constrained.

Keywords: anomaly monitoring; well monitoring; multivariate time series; active learning;
industrial artificial intelligence

1. Introduction
Anomaly detection in oil wells is a critical task in intelligent production surveillance,

as incipient faults, abnormal flow regimes, and sensor disturbances can escalate into
production interruptions, costly interventions, and safety hazards if they are not detected
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promptly. Existing studies on oil-well monitoring have shown that these systems generate
long multivariate time series characterized by heterogeneous events [1,2], making anomaly
detection both practically significant and methodologically challenging [3,4]. In such
settings, an effective monitoring model must capture complex temporal dependencies
and nonlinear interactions among variables while remaining practical in terms of labeling
requirements and deployment cost.

The engineering context is central to this problem. Oil-well monitoring systems do
not produce isolated, independent samples; rather, they generate continuous operational
records in which normal behavior, transient fluctuations, and abnormal events are intrin-
sically intertwined. Consequently, reported performance often depends as much on data
preprocessing, including segmentation, normalization, and splitting, as on the classifier
itself. Ignoring these factors may lead to an overestimation of model performance, particu-
larly when data from the same source file leak across training and testing subsets or when
preprocessing policies are inconsistent across comparative baselines.

Industrial deployment introduces a further constraint: labels are expensive. Although
unlabeled samples are abundant, identifying whether a segment is truly anomalous often
requires expert interpretation of logs and event histories. Therefore, the practical bottleneck
is annotation rather than data acquisition. Pool-based active learning (AL) is well suited
to this setting because it aims to allocate limited labeling effort to the most informative
samples rather than revealing labels at random [5,6]. Uncertainty-guided querying has also
been widely studied as an effective strategy for selecting informative samples [7,8].

To address these challenges, this study integrates uncertainty-guided active learning
into a long short-term memory residual network (LSTMResNet) backbone. While recurrent
architectures capture sequential dependencies [9], convolutional residual pathways enhance
local feature extraction and optimization stability [10]. Although recent developments
have expanded Transformer-based approaches for time-series learning [11,12], this study
intentionally focuses on a tightly controlled comparison set centered on the proposed
ALSTMResNet, its backbone, and selected recurrent and classical baselines. The objective
is to evaluate whether active learning provides a measurable advantage when combined
with a hybrid backbone under a rigorous file-wise evaluation pipeline.

This focused design is essential because the benefits of active learning are often difficult
to isolate. If selective querying is evaluated under inconsistent data splits or preprocessing
policies, the reported improvements become ambiguous. Furthermore, for industrial
monitoring, a method that reduces labeling burden and retraining effort remains valuable
even if the absolute improvement in F1-score is modest.

Accordingly, the contributions of this study are as follows.

(i) This study proposes ALSTMResNet, which couples uncertainty-guided pool-based
active learning with an LSTMResNet detector under a file-wise split protocol designed
to eliminate cross-file data leakage.

(ii) It demonstrates that ALSTMResNet remains competitive while substantially reducing
retraining time relative to a full-data backbone under a unified evaluation framework.

(iii) It reports repeated file-wise Monte Carlo validation, acquisition-strategy controls,
and masked-label learning-curve experiments to characterize stability, label-budget
sensitivity, and the limited separation among uncertainty-guided, entropy, margin,
least-confidence, and random querying under the present binary setting.

The remainder of this paper is organized as follows. Section 2 reviews related work.
Section 3 presents the proposed framework and mathematical formulation. Section 4
reports the experimental design, results, and limitations. Finally, Section 5 concludes
the paper.
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2. Related Work
2.1. Oil-Well Anomaly Monitoring and Industrial Time-Series Detection

This study is situated at the intersection of oil-well monitoring and industrial multi-
variate anomaly detection. The 3W dataset introduced by Vargas et al. [13] has become
an important public benchmark for well-event analysis, and recent work has further in-
vestigated anomaly detection on its real-world subset using one-class classifiers and other
monitoring baselines [1]. Beyond the petroleum domain, comparative studies on industrial
anomaly detection have shown that reported performance is strongly affected by dataset
selection, evaluation protocols, and the distinction between supervised and unsupervised
settings [2,14,15]. In parallel, related oilfield studies suggest that predictive maintenance is
gradually shifting from rule-based surveillance to time-aware, data-driven pipelines [16].

Conventional oil-well monitoring is often implemented through engineering thresh-
olds, expert rules, and statistical process-monitoring tools. Threshold-based alarms on
pressure, temperature, and flow-rate channels are easy to deploy and interpret, but they
usually depend on manually tuned limits and can miss coupled multivariate changes.
Statistical process-control methods, including control charts and principal-component rep-
resentations, offer a more systematic way to detect distributional departures from normal
operation, but their performance can degrade under nonlinear operating regimes, drifting
production conditions, and rare abnormal classes. Classical machine learning detectors such
as one-class SVM and Isolation Forest relax some of these assumptions and remain useful
when labeled faults are scarce, but they usually depend on handcrafted window summaries
and may not fully exploit temporal dynamics in long multivariate records [1,3,4]. These
trade-offs motivate controlled comparisons between classical monitors and time-aware
neural backbones under a leakage-aware split.

A representative method in this line of work is the one-class support vector machine
(SVM), which estimates a compact support region for normal behavior by solving [17]

min
w,ρ,ξ

1
2
∥w∥2 +

1
νn

n

∑
i=1

ξi − ρ (1)

subject to
w⊤ϕ(xi) ≥ ρ − ξi, ξi ≥ 0, (2)

with decision function
f (x) = sign

(
w⊤ϕ(x)− ρ

)
, (3)

where w is the normal vector of the separating hyperplane in the feature space ϕ(x), ρ is
the offset, ξi are slack variables, ν controls the trade-off between boundary tightness and
training errors, and n is the number of training samples.

This classical formulation remains relevant because it treats anomaly detection as
boundary estimation under severely limited abnormal labels, which closely matches the
practical challenges of oil-well monitoring. Fernandes et al. [1] reported that one-class
formulations remain competitive on real-well data, while Lian et al. [2] showed that
anomaly modeling in oil and gas systems increasingly uses richer temporal representations.

Taken together, these studies suggest two points that are particularly relevant here.
First, oilfield monitoring increasingly requires data-driven methods that can capture com-
plex event patterns. Second, meaningful comparison depends on a transparent and con-
trolled benchmark, since performance rankings may change substantially with preprocess-
ing choices and labeling assumptions. In multivariate time-series monitoring, data leakage
commonly arises when overlapping temporal windows are distributed across training and
test sets, or when records from the same well or file appear in both partitions. To address
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these methodological pitfalls, this study implements a strict file-wise split and a unified
evaluation pipeline to enable a more rigorous leakage-aware comparison.

2.2. Hybrid Sequence Backbones for Multivariate Time Series

Hybrid models remain attractive for multivariate time series because recurrent and
convolutional components provide complementary inductive biases. Long short-term
memory (LSTM) networks remain a standard choice for modeling long-range temporal de-
pendencies [9], whereas residual convolutional pathways improve local feature extraction
and optimization stability [10]. Existing studies include standard convolutional base-
lines [18], comprehensive reviews of deep learning for time-series classification [19], hybrid
architectures such as LSTM-FCN and its multivariate variants [20,21], residual-enhanced
LSTM variants [22], related residual–convolutional models for time-series classification [23],
and hybrid long short-term memory residual network (LSTM-ResNet) formulations for
structural damage detection [24]. In practice, the gating mechanism of LSTM networks
allows the model to retain or discard historical information adaptively, which is valuable
when abnormal well events evolve over extended time horizons. Residual and convolu-
tional pathways complement this behavior by strengthening local pattern extraction and
facilitating optimization in deeper temporal feature pipelines.

More recently, Transformer-based models have become increasingly influential in
time-series learning. Representative forecasting-oriented architectures include Informer,
Autoformer, and FEDformer [11,25,26]. Patch-based and inverted designs such as PatchTST
and iTransformer have further extended this line [12,27]. Related multivariate Transformer
formulations can also be traced to the original Transformer paradigm and subsequent
multivariate variants [28,29]. Survey-level studies also highlight the growing importance
of this model family for temporal modeling [30]. However, the objective of this study is
not to identify the best temporal backbone, but to evaluate active learning under realistic
industrial labeling constraints. Compared with many Transformer-based alternatives,
LSTMResNet provides a well-established and computationally efficient hybrid architecture
that combines recurrent modeling of temporal dependencies with residual convolutional
extraction of local multivariate patterns. Its moderate model capacity also helps reduce
the risk that observed gains are dominated by a substantially larger-capacity backbone
rather than by the active-learning protocol under evaluation. Therefore, LSTMResNet
is adopted as a representative backbone for isolating the contribution of active learning
under a leakage-aware industrial benchmark. The same active-learning workflow can
be evaluated with Transformer-based backbones such as PatchTST and iTransformer in
subsequent studies.

2.3. Pool-Based Active Learning Under Partial Labels

Pool-based AL is well suited to industrial scenarios in which unlabeled samples are
abundant but expert annotation is expensive. Early studies established the foundations
of uncertainty-based querying [5,6]. More recent deep AL research has expanded toward
Bayesian uncertainty and learned acquisition criteria [7,8]. Survey-level syntheses and
batch-query strategies have further broadened the field [31,32]. These approaches typically
balance uncertainty, diversity, and computational practicality, as illustrated by core-set
selection, BADGE, and ensemble-based acquisition strategies [33–35]. In binary classifica-
tion, a standard uncertainty-sampling rule selects samples whose predicted probabilities
lie closest to the decision boundary. This boundary-distance view is particularly suitable
for partially labeled well-monitoring data because it links sample acquisition directly to
model uncertainty rather than relying on event-specific heuristics.
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Nevertheless, an important gap remains. Existing AL studies predominantly focus on
static image datasets and often overlook the temporal dependencies and file-level correla-
tions inherent in multivariate industrial time series. To address this gap, the present study
integrates uncertainty-guided AL with an LSTMResNet detector in a leakage-aware, file-
wise framework and evaluates it under controlled backbone and labeling-budget settings.

3. Framework
3.1. Framework Overview

The proposed framework, termed ALSTMResNet, follows a single end-to-end path
from raw input files to final anomaly decisions. First, real well-event CSV files are read and
converted into a fixed 15-channel representation that combines seven normalized calendar
covariates with eight aligned process measurements. Second, each file is transformed into
overlapping sliding windows of length 96 with stride 10, and each window is assigned
the binary label of the immediately following time step. Third, the resulting windows are
partitioned by source file into training, validation, and test subsets, after which feature-
wise standardization is fitted on the training split only and then applied to the remaining
splits. Fourth, each standardized window is passed through the LSTMResNet backbone,
which fuses temporal convolution, recurrent sequence modeling, and residual projection
to produce an anomaly probability at the final time step. Finally, during training only, a
pool-based active-learning loop selectively reveals additional labels from the unlabeled
pool; at inference time, the deployed detector remains the same backbone with a validation-
selected operating threshold. Figure 1 summarizes this end-to-end pipeline from file
ingestion and window construction to backbone prediction, active-label acquisition, and
threshold-based inference.

Each stage serves a distinct methodological role within the benchmark pipeline. The
fixed input template guarantees a common feature space across heterogeneous well files,
the one-step-ahead windowing rule turns continuous operational logs into a predictive
monitoring task, the file-wise split and train-only normalization reduce leakage risk, and
the active-learning loop targets labeling efficiency while keeping the deployed model family
unchanged. The resulting framework therefore provides a controlled workflow that unifies
preprocessing, representation learning, selective labeling, and binary decision-making.

Figure 1. Architecture-level overview of ALSTMResNet. The figure shows the 96 × 15 input repre-
sentation, the temporal convolutional front-end, the recurrent–residual fusion core, the final-step
binary classifier, and the training-time active-learning workflow used to reveal additional labels
while leaving the inference-time backbone unchanged. The end-to-end workflow is summarized in
Figure 2.
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Figure 2. Flowchart of the ALSTMResNet training and evaluation workflow from raw real-well files
to held-out test evaluation. The active-learning loop uses offline label masking, uncertainty-guided
batch query selection, oracle/expert label reveal, and fine-tuning until the label budget is exhausted.

Table 1 lists the input variables used in the benchmark and their engineering inter-
pretation. This representation is shared by all deep learning models, whereas the classical
baselines operate on summary statistics extracted from the same windows. The process-
variable abbreviations follow the original 3W dataset naming convention; in general, P and
T denote pressure and temperature measurements, respectively. In practical deployment,
the method requires synchronized multivariate production time series and timestamps;
if a target field lacks some channels, the feature template and model would need to be
recalibrated and revalidated on the available measurements.

Table 1. Input feature template and engineering interpretation used in the benchmark.

Variable Type Physical Meaning Use for Well-Status Monitoring

hour, minute,
second, weekday,
day, month, year

Time-derived
covariates

Calendar and clock
descriptors extracted from
the timestamp.

Encode operating cycles and temporal context so
that process changes are not interpreted
independently of time.

P-PDG Process pressure
Downhole pressure measured
by the permanent
downhole gauge.

Indicates downhole pressure response and helps
detect pressure transients associated with
abnormal well conditions.

P-TPT Process pressure
Tubing pressure measured at
the tubing
pressure-temperature point.

Reflects flow and lifting conditions in the tubing
and supports detection of pressure build-up or
drawdown changes.

T-TPT Process temperature
Tubing temperature measured
at the tubing
pressure-temperature point.

Captures thermal changes that can accompany
flow-regime shifts, sensor disturbances, or
abnormal production states.

P-MON-CKP Process pressure Production-choke
pressure measurement.

Describes pressure behavior around the
production choke and supports identification of
restrictions or unstable flow.

T-JUS-CKP Process temperature Production-choke
temperature measurement.

Provides complementary thermal evidence
around the production choke for distinguishing
normal fluctuations from abnormal events.

P-JUS-CKGL Process pressure Gas-lift-choke
pressure measurement.

Tracks gas-lift pressure behavior, which is
relevant to lift stability and
gas-injection-related anomalies.

T-JUS-CKGL Process temperature Gas-lift-choke
temperature measurement.

Captures thermal behavior near the gas-lift
choke and supports diagnosis of gas-lift
operating changes.

QGL Process flow rate Gas-lift
flow-rate measurement.

Indicates the injected gas-lift rate and helps
relate pressure-temperature patterns to changes
in lift assistance.
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3.2. Input Representation, Window Construction, and Normalization

This subsection details the preprocessing stage of the framework, including fixed-template
input construction, one-step-ahead window generation, and train-only normalization.

Each input sample is represented using a fixed 15-channel template. Seven channels
encode normalized calendar covariates, whereas eight channels correspond to aligned
process variables. Missing channels are inserted as zero-valued columns, the multivariate
sequence is linearly interpolated, and any remaining missing or non-numeric values are
set to zero. This design provides a common feature space for all files and allows the
same deep backbone to operate across heterogeneous well records with no file-specific
feature engineering.

The original event labels are converted into a binary target, where any class value
greater than zero is mapped to anomaly. This binary conversion is applied before window
generation and matches the practical monitoring objective considered in this study, namely
determining whether an abnormal condition is emerging rather than identifying its specific
subtype at the same stage. The original multiclass folder structure is retained during file
selection to preserve coverage of the available abnormal source categories in the local
dataset organization.

For a source file m with aligned multivariate sequence Z(m) ∈ RTm×F and binary
label vector c(m) = (c(m)

1 , . . . , c(m)
Tm

), windows of length S = 96 are constructed using stride
∆ = 10. For a valid start index i, the i-th window from file m is defined as

X(m)
i = Z(m)[i : i + S − 1, :], (4)

with supervisory label
y(m)

i = c(m)
i+S, (5)

where i denotes the starting time index of the window, X(m)
i contains the consecutive

observations from time steps i to i + S − 1, and y(m)
i is the binary anomaly label at the

immediately following time step i + S.
Accordingly, the model observes the previous 96 time steps and predicts the class of the

immediately subsequent time point. Windows that do not admit a valid next-step label are
discarded during construction. The task is therefore formulated as a window-conditioned
one-step-ahead anomaly-state classification.

The window length and stride are chosen to balance context coverage and compu-
tational tractability. Shorter windows may omit delayed interactions among pressure,
temperature, and flow variables, whereas substantially longer windows increase runtime
and may weaken the local temporal patterns targeted by the convolutional blocks. Likewise,
a stride of 10 preserves substantial overlap between adjacent windows and avoids degener-
ating into near-duplicate samples generated by stride-1 extraction. Because windows are
generated independently within each source file, the resulting samples inherit the file-wise
split constraints and do not cross file boundaries.

After window generation, each split is reshaped to two dimensions for feature-wise
standardization. The scaler is fitted on the training split only and then applied to the
validation and test splits. The standardized value of feature f at window time index t is
defined as

z̃t, f =
zt, f − µtrain

f

σtrain
f

, (6)

where zt, f denotes the original value of feature channel f at time step t within a window,
z̃t, f denotes the corresponding standardized value, and µtrain

f and σtrain
f are the empirical

mean and standard deviation of feature f estimated from the training split only. This
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train-only standardization prevents leakage from validation or test statistics into model
development and ensures that all downstream models receive an identical leakage-aware
input space.

3.3. ALSTMResNet Backbone and Output Prediction

After preprocessing, each standardized window is passed to the LSTMResNet back-
bone for temporal representation learning and anomaly probability prediction.

Each sample is represented by a multivariate window

X ∈ RS×F, (7)

where S = 96 denotes the sequence length and F = 15 denotes the number of features. The
LSTMResNet backbone combines a temporal convolutional front-end, recurrent sequence
modeling, and a residual linear projection. After channel-first permutation, the input is
passed through two one-dimensional convolutional layers with ReLU activation,

C = ϕconv(X), (8)

where ϕconv(·) denotes the stacked Conv1D–ReLU blocks. The resulting temporal repre-
sentation is then processed by a two-layer LSTM,

HLSTM = ϕLSTM(C). (9)

In parallel, the convolutional output is projected into the recurrent hidden space through a
residual linear layer,

R = CWr + br, (10)

where the linear projection is applied pointwise at each time step so that the channel
dimension of the convolutional stream is aligned with the LSTM hidden dimension. The
fused hidden representation is

Hres = HLSTM + R, (11)

and the final time step is used for binary classification:

pθ(y = 1 | X) = σ
(

w⊤H(S)
res + b

)
, (12)

where C is the convolutional feature sequence, HLSTM is the recurrent hidden sequence,
Wr and br are the residual projection parameters, and R is the projected residual stream. In
Equation (12), H(S)

res denotes the fused hidden representation at the final time step, w and b
are classifier parameters, and σ(·) is the sigmoid function. The resulting probability
pθ(y = 1 | X) is thresholded after validation-set selection to obtain the final binary output,
so the overall mapping of this module is from a standardized multivariate window to an
anomaly score and then to a deployment-time decision.

In the benchmark implementation, both the AL-enabled and fully supervised LSTM-
ResNet variants use a hidden size of 256, two recurrent layers, and 64 convolutional filters,
with 888,257 trainable parameters. Figure 1 presents the architecture-level view of the
backbone together with the training-time active-learning loop, whereas Table 2 summarizes
the backbone tensor flow. The AL-enabled and fully supervised variants therefore differ
only in how labels are revealed during training, not in the deployed inference architecture.

https://doi.org/10.3390/pr14152381
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Table 2. Tensor flow of the benchmark LSTMResNet backbone.

Stage Operation Output Shape

Input window Raw multivariate sequence (B, 96, 15)
Reordering permute (0, 2, 1) for Conv1D input (B, 15, 96)
Conv block 1 Conv1d (15, 64, 3, padding = 1) + ReLU (B, 64, 96)
Conv block 2 Conv1d (64, 64, 3, padding = 1) + ReLU (B, 64, 96)
Sequence restoration permute (0, 2, 1) (B, 96, 64)
Recurrent modeling 2-layer LSTM, hidden size 256 (B, 96, 256)
Residual projection Pointwise Linear (64, 256) for residual feature mapping and dimension alignment (B, 96, 256)
Fusion Element-wise addition of recurrent and residual streams (B, 96, 256)
Temporal selection Last time step retention (B, 256)
Classifier Linear (256, 1) + sigmoid (B, 1)

3.4. Training Objective

For a labeled mini-batch B = {(Xn, yn)}N
n=1, the benchmark optimizes binary cross-

entropy loss

LBCE(θ) = − 1
N

N

∑
n=1

[
yn log pθ(y = 1 | Xn) + (1 − yn) log

(
1 − pθ(y = 1 | Xn)

)]
, (13)

where N is the batch size, Xn is the n-th input window, yn ∈ {0, 1} is its binary anomaly
label, and pθ(y = 1 | Xn) is the predicted anomaly probability from Equation (12). This
objective is minimized with Adam during both the fully supervised backbone training and
the AL-based warm-up/fine-tuning stages, so the comparison isolates differences in label
revelation and sampling policy rather than differences in the optimization criterion itself.

At deployment time, the binary anomaly decision is obtained by thresholding the
predicted probability:

ŷ = I[pθ∗(y = 1 | X) ≥ τ∗], (14)

where θ∗ denotes the trained model parameters, τ∗ is the validation-selected operating
threshold, and I[·] is the indicator function that outputs 1 when the condition inside is true
and 0 otherwise.

3.5. Pool-Based Active Learning Module

The final training-stage component of the framework is the pool-based active-learning
loop, which operates on the labeled and unlabeled partitions of the training split.

For the proposed framework, the training subset is divided into an initially labeled
set and an unlabeled pool. Let DL denote the current labeled set and let DU denote the
unlabeled pool. After an initial 8-epoch warm-up on DL, each candidate window in DU

receives a boundary-distance score

u(X) = |pθ(y = 1 | X)− 0.5|, (15)

where u(X) denotes the uncertainty score of sample X and pθ(y = 1 | X) is the model-
estimated anomaly probability. Smaller values of u(X) indicate higher uncertainty because
they correspond to predictions closer to the decision boundary at 0.5. Samples with
u(X) ≈ 0 are therefore treated as the most informative candidates under this query rule.

At each acquisition round, the unlabeled pool is not ranked in full. Instead, a candi-
date subset is first sampled without replacement from DU , scored by u(X), and reduced
to a shortlist containing the samples with the smallest boundary-distance scores, as con-
trolled by the query budget and a shortlist expansion factor. In the main benchmark, this
corresponds to a candidate subsample of 12,000 windows, a query size of 4000, and a
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shortlist cap of 4000 × 6. The final queried batch is then selected from that shortlist. When
prediction-balanced querying is enabled, the shortlist is partitioned according to whether
pθ(y = 1 | X) is above or below 0.5, and the queried batch is assembled by approximately
balancing these two predicted groups. This heuristic is used to maintain informative su-
pervision for both sides of the current decision boundary and to reduce the risk of early
acquisition rounds becoming dominated by the majority-predicted group. No hidden
ground-truth labels are used to impose that balance before selection. Oracle labels are
revealed only after sample selection, after which the queried windows are appended to DL.

The active-learning loop is implemented in an offline masked-label setting. Although
all labels exist in principle, a portion of the training labels is hidden initially and revealed
only when selected by the query strategy. The objective is therefore to test whether selective
labeling allows the model to approach the operating point of the same backbone trained
with all labels available from the outset. Queried samples are removed from the unlabeled
pool after each round so that the same window cannot be selected repeatedly.

In the main benchmark, the framework uses an initial labeled ratio of 75%, equivalent
to a masked-label ratio of 25%. The model performs three acquisition rounds, queries
4000 windows per round, applies eight warm-up epochs on the initially labeled subset, and
performs one fine-tuning epoch after each acquisition round. A single fine-tuning epoch
is adopted to limit the computational overhead of repeated retraining and to maintain a
consistent update budget across acquisition rounds. This setting is used as the primary
benchmark configuration for stable comparison, whereas additional sensitivity runs with
50% and 75% masked-label ratios are reported later to examine the same ALSTMResNet
pipeline under more label-constrained settings. By contrast, the fully supervised LSTM-
ResNet backbone is trained under the standard benchmark regime of up to 80 epochs with
an early-stopping patience of 15. In addition to the boundary-distance uncertainty rule
used in the main benchmark, the same acquisition schedule is also evaluated with entropy
sampling, least-confidence sampling, margin sampling, and random querying to isolate
the effect of the acquisition policy.

3.6. End-to-End Workflow

Figure 2 presents the training and evaluation workflow as a flowchart. The figure
replaces the previous algorithm-style listing and emphasizes the operational sequence from
raw files to held-out test evaluation.

4. Experiments
4.1. Dataset Description

The experiments are based on the public 3W oil-well anomaly dataset introduced by
Vargas et al. [13]. The original dataset contains files associated with different source types
and event categories for well-event analysis. In the present benchmark, only real-well files
are retained, whereas simulated and hand-drawn files are excluded so that the resulting
evaluation remains focused on field-like operating behavior.

In the benchmark implementation, the data are organized into nine class folders
containing CSV files that represent individual well records or record segments. The pre-
processing routine scans these folders, retains at most 30 real-well CSV files per class, and
constructs the final benchmark from 142 source files. Within each class folder, eligible CSV
files are first ordered by filename and truncated to the first 30 after source-type filtering.
After this truncation step, the retained files are shuffled with random seed 42 for class-wise
split assignment. The resulting file-wise partition contains 83 training files, 28 validation
files, and 31 test files, ensuring that windows extracted from a given source file appear
in only one split. After sliding-window construction with a fixed 96-step window and
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stride 10, the benchmark contains 233,812 windows in total, of which 122,191, 47,537, and
64,084 are assigned to the training, validation, and test splits, respectively.

Table 3 summarizes the class types retained in the present benchmark subset. Unlike
the original 3W dataset summary, this table reports the actual normal and anomalous
categories used in the local experiment after real-file filtering and class-wise truncation.
Including the normal class here is important because the present task is formulated as
binary anomaly-state classification, and the retained benchmark therefore depends on both
the abnormal taxonomy and the available normal operating records.

Table 3. Normal and anomalous event types retained in the benchmark subset.

Class Event Type Real Files Total Windows

0 Normal 30 54,056
1 Abrupt Increase of BSW 5 11,783
2 Spurious Closure of DHSV 22 15,665
3 Severe Slugging 30 53,058
4 Flow Instability 30 21,576
5 Rapid Productivity Loss 12 36,090
6 Quick Restriction in PCK 6 5367
7 Scaling in PCK 4 27,135
8 Hydrate in Production Line 3 9082

Total All retained classes 142 233,812

Table 4 reports the class-wise split statistics used for model development and evalua-
tion. To keep the layout compact while preserving the split information, the table lists file
counts and window counts in train/validation/test order for each class.

Table 4. Class-wise split statistics of the benchmark subset.

Class Event Type Files (Train/Val/Test) Windows (Train/Val/Test)

0 Normal 18/6/6 32,342/11,023/10,691
1 Abrupt Increase of BSW 3/1/1 7858/2859/1066
2 Spurious Closure of DHSV 13/4/5 7127/4409/4129
3 Severe Slugging 18/6/6 32,046/10,671/10,341
4 Flow Instability 18/6/6 12,748/4575/4253
5 Rapid Productivity Loss 7/2/3 8769/5990/21,331
6 Quick Restriction in PCK 3/1/2 3916/1193/258
7 Scaling in PCK 2/1/1 15,825/4406/6904
8 Hydrate in Production Line 1/1/1 1560/2411/5111

Total All retained classes 83/28/31 122,191/47,537/64,084

The file cap is used as a benchmark-control measure rather than as a claim about
optimal sampling. In the absence of such a limit, some models would incur substantially
higher memory and runtime costs, making comparison less controlled. By enforcing the
same cap for all candidate methods, the benchmark preserves a common computational
budget while still covering all nine event folders represented in the dataset. The present
implementation controls leakage at the file level only and does not parse or verify a separate
well identifier beyond the filenames themselves.

Because the retained source files differ substantially in duration, the resulting window
counts are not proportional to the file counts across classes or across train/validation/test
partitions. At the window level, the abnormal class accounts for 73.53% of the training split,
76.81% of the validation split, 83.32% of the test split, and 76.88% of the full benchmark.
Thus, although the original events are sparse in the raw records, the resulting task is better
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interpreted as a skewed binary window-level monitoring problem. This file-wise split
protocol is central to the leakage-aware design of the benchmark.

4.2. Evaluation Metrics

The benchmark evaluates predictive performance using precision, recall, F1-score, and
accuracy. Precision quantifies the reliability of positive alarms, that is, the proportion of
predicted anomalies that are truly abnormal:

Precision =
TP

TP + FP
. (16)

Recall quantifies the sensitivity of the detector, namely the proportion of truly abnormal
windows that are successfully recovered:

Recall =
TP

TP + FN
. (17)

The F1-score summarizes the trade-off between these two objectives through their harmonic mean:

F1 =
2 · Precision · Recall
Precision + Recall

. (18)

Accuracy measures the overall fraction of correctly classified windows:

Accuracy =
TP + TN

TP + TN + FP + FN
, (19)

where TP, TN, FP, and FN denote true positives, true negatives, false positives, and false
negatives, respectively. These four metrics capture complementary aspects of practical
behavior. Precision reflects the burden of false alarms, recall measures missed abnormal
conditions, F1-score balances the two under class skew, and accuracy provides a global but
less discriminative summary when the class distribution is imbalanced [36,37]. For that
reason, F1-score is used as the principal model-selection metric. In addition, training time
reflects the cost of model development and retraining, whereas inference time reflects the
cost of deployment-time execution.

4.3. Baselines

The main experimental comparison evaluates five deep-learning-based configurations
and three classical machine learning baselines under a shared split. The deep-learning-
based configurations are: (i) the uncertainty-guided active-learning-enhanced LSTMResNet,
denoted ALSTMResNet; (ii) the same LSTMResNet backbone trained with the full labeled
training split; (iii) a budget-matched LSTMResNet rerun (LSTM-EB), trained on the same
final labeled budget as ALSTMResNet; (iv) a random-query active-learning control, denoted
AL-Rand, which uses the same backbone and AL schedule as ALSTMResNet but replaces
uncertainty-guided querying with random querying; and (v) a pure LSTM backbone
with hidden size 128 and two recurrent layers. Additional acquisition-strategy variants
using entropy sampling, least-confidence sampling, and margin sampling are evaluated
separately in the repeated policy-level comparison. All deep models operate directly on
the standardized multivariate windows.

For the classical methods, each window is converted into a handcrafted feature vector
composed of six statistics per channel: mean, standard deviation, minimum, maximum,
median, and variance. Because each window contains 15 channels, the resulting feature
vector has 90 dimensions. The retained classical baselines are a radial-basis-function
(RBF) SVM [17], Isolation Forest [38], and a stratified Dummy classifier. Isolation Forest
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predictions are remapped so that anomaly remains the positive class. This comparison set
preserves the main axes needed for interpretation: paired backbone control, label-budget
control, acquisition-policy control, a simpler recurrent baseline, a discriminative classical
baseline, an unsupervised anomaly baseline, and a trivial lower-bound classifier.

Classical baselines remain relevant in industrial monitoring because low-dimensional
statistical summaries can still capture substantial discrimination signal, especially when
the target decision is binary and the operational patterns are relatively structured. A deep
model result is therefore more convincing when evaluated against competent classical
comparators rather than against neural references alone.

4.4. Experimental Settings

The experiments are run in a Conda environment using Python 3.8.20, PyTorch
2.4.1, and scikit-learn 1.3.2. The benchmark employs random seed 42 for reproducibility.
Deep models use a batch size of 64, a learning rate of 10−3, binary cross-entropy (BCE)
loss, and a maximum of 80 epochs with an early-stopping patience of 15. For the pro-
posed AL model under the main 25% masked-label setting, the initial labeled set contains
91,643 windows, the unlabeled pool contains 30,548 windows, and the final labeled set
grows to 103,643 windows after three query rounds. The anomaly class is treated as the
positive class throughout the benchmark.

In the retained main comparison, all probability-output deep models, namely AL-
STMResNet, LSTMResNet, LSTM-EB, AL-Rand, and Pure LSTM, use the same validation-
threshold search over the interval [0.35, 0.75] with step size 0.01, and the selected operating
point is the one that maximizes validation F1-score. This unified threshold-selection pro-
tocol is used to keep the comparison fair across deep models, since threshold choice
directly affects ROC/precision–recall trade-offs and can materially change the reported
F1 outcome [39,40]. Classical baselines retain their native decision rules on the same
train/validation/test split. The random-query active-learning control AL-Rand and the
LSTM-EB are included under the same evaluation protocol. Training and inference times
are wall-clock measurements intended for within-study comparison, and the inference time
corresponds to a full forward pass over the held-out test loader after training.

In this study, fair comparison refers specifically to using the same file-wise split,
the same train-only normalization, and validation-based operating-point selection for
the probability-output deep models, together with explicit backbone, label-budget, and
acquisition-policy controls. All deep models therefore receive the same window representa-
tion and the same data partition for training, validation, and testing. Classical baselines
are evaluated on statistical descriptors derived from exactly the same windows rather
than from a different handcrafted dataset. These choices reduce the chance that a method
appears stronger simply because it benefited from a more favorable preprocessing or
evaluation setup [41–43].

Table 5 summarizes the main comparison subset and configurations used throughout
the later analysis.

4.5. Comparison Results

Table 6 presents the selected main comparison on the retained file-wise split. The table
is used as the main operating-point comparison because it contains the paired backbone
control, the random-query control, and the retained baseline models under the same train-
only standardization and validation-threshold protocol. All training and inference times
are reported in seconds under the same runtime environment.
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Table 5. Main comparison subset and configurations used in the core discussion.

Model Configuration

ALSTMResNet

Hidden dimension = 256; recurrent layers = 2; convolution filters = 64; kernel size = 3; masked-label ratio = 0.25 in the main
setting; warm-up epochs = 8; AL rounds = 3; query size = 4000 per round; pool subsample = 12,000; shortlist factor = 6;
prediction-balanced uncertainty shortlist sampling based on predicted probabilities; one fine-tuning epoch per round; common
validation-threshold grid [0.35, 0.75] with step size 0.01, selected by validation F1.

LSTMResNet Hidden dimension = 256; recurrent layers = 2; convolution filters = 64; kernel size = 3; Adam learning rate = 10−3; maximum
epochs = 80; early-stopping patience = 15; same validation-threshold grid as ALSTMResNet, selected by validation F1.

LSTM-EB Same backbone as LSTMResNet, but trained on a random 103,643-window subset to match the final ALSTMResNet labeled
budget; same validation-threshold grid as ALSTMResNet, selected by validation F1.

AL-Rand Same backbone and AL schedule as the proposed model, but queried samples are selected uniformly at random rather than by
uncertainty; same validation-threshold grid as ALSTMResNet, selected by validation F1.

Pure LSTM Hidden dimension = 128; recurrent layers = 2; same validation-threshold grid as ALSTMResNet, selected by validation F1.

(RBF) SVM RBF kernel; gamma = scale.

Isolation Forest Number of estimators = 200; contamination = 0.3; random seed = 42.

Dummy classifier Stratified prediction; random seed = 42.

Table 6. Selected main comparison including ALSTMResNet, its paired controls, and the retained
baseline models used in the core discussion. All timing results are reported in seconds under the
same runtime environment; best values in each metric column are bold, with lower values preferred
for timing metrics.

Model Prec. ↑ Rec. ↑ F1 ↑ Acc. ↑ Train Time (s) ↓ Infer Time (s) ↓
ALSTMResNet (ours) 0.92 0.95 0.94 0.90 268.70 6.14
LSTMResNet 0.93 0.92 0.92 0.88 752.70 6.04
LSTM-EB 0.92 0.96 0.94 0.90 1004.72 6.02
AL-Rand 0.92 0.95 0.93 0.89 260.28 6.04
Pure LSTM 0.93 0.91 0.92 0.88 170.66 2.47
(RBF) SVM 0.91 0.84 0.88 0.82 202.74 93.05
Isolation Forest 0.90 0.61 0.73 0.64 1.34 0.47
Dummy classifier 0.78 0.65 0.71 0.59 <0.01 0.00

Under this retained split, ALSTMResNet reaches an F1-score of 0.9354 while requiring
substantially less retraining time than the full-data LSTMResNet backbone and the budget-
matched rerun LSTM-EB. The single-split result should be interpreted together with the
repeated file-wise validation in Table 7, which characterizes rank stability under alternative
file partitions.

Table 7. Monte Carlo file-wise validation over five repeated partitions. Values are reported as
mean ± standard deviation; the best value in each metric column is bolded once, with lower values
preferred for variance and training time.

Model Prec. ↑ Rec. ↑ F1 ↑ F1 Var. ↓ Train Time (s) ↓
ALSTMResNet (ours) 0.8978 ± 0.0461 0.8388 ± 0.0941 0.8661 ± 0.0666 0.0044 266.28 ± 11.92
AL-Rand 0.8985 ± 0.0443 0.8400 ± 0.0946 0.8670 ± 0.0663 0.0044 263.55 ± 13.26
LSTMResNet 0.8978 ± 0.0359 0.8306 ± 0.0873 0.8610 ± 0.0546 0.0030 886.01 ± 340.84
LSTM-EB 0.8894 ± 0.0378 0.8340 ± 0.0711 0.8601 ± 0.0521 0.0027 522.59 ± 134.71

4.6. Repeated File-Wise Validation

To address the stability of the reported comparison, Table 7 reports five repeated file-
wise Monte Carlo trials using split seeds 42–46. In each trial, source files are repartitioned
before window construction, standardization is fitted on the training split only, and the
same model configuration is retrained. This repeated protocol is not intended to replace
the detailed retained-split analysis in Table 6; rather, it estimates how much the operating
point varies when the file partition changes.
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The repeated trials refine the interpretation of the retained-split result. ALSTMResNet
remains competitive in average F1-score, but it does not show a meaningful mean advantage
over the random-query control in this binary setting, while providing strong evidence of a
computational benefit: relative to the full-data LSTMResNet backbone, the average training
time is reduced by approximately 69.9%, while the average F1-score remains within 0.006
of the paired controls. A policy-level comparison under alternative query rules is included
to test whether this pattern changes when the acquisition score is varied.

4.7. Acquisition-Strategy Comparison

Table 8 compares five active-learning query policies under the same five repeated file-
wise partitions. The compared policies include boundary-distance uncertainty sampling
used in the main ALSTMResNet workflow, entropy sampling, least-confidence sampling,
margin sampling, and random querying. All five variants use the same LSTMResNet
backbone, warm-up schedule, query budget, pool subsampling size, validation-threshold
search, and file-wise leakage-aware evaluation protocol; only the acquisition score used to
rank candidate windows is changed.

Table 8. Comparison of active-learning acquisition strategies over five repeated file-wise partitions.
Values are reported as mean ± standard deviation; the best value in each metric column is bolded
once, with lower values preferred for variance and training time.

Strategy Prec. ↑ Rec. ↑ F1 ↑ F1 Var. ↓ Train Time (s) ↓

Boundary dist. (ours) 0.8978 ± 0.0461 0.8388 ± 0.0941 0.8661 ± 0.0666 0.0044 266.28 ± 11.92
Entropy 0.8969 ± 0.0478 0.8395 ± 0.0937 0.8660 ± 0.0669 0.0045 257.27 ± 12.49
Least conf. 0.8976 ± 0.0464 0.8401 ± 0.0927 0.8667 ± 0.0657 0.0043 255.29 ± 12.03
Margin 0.8971 ± 0.0476 0.8389 ± 0.0941 0.8658 ± 0.0671 0.0045 256.60 ± 13.85
Random 0.8985 ± 0.0443 0.8400 ± 0.0946 0.8670 ± 0.0663 0.0044 263.55 ± 13.26

The acquisition-strategy comparison shows that the five policies are nearly indistin-
guishable under the present binary probability-output setting. The mean F1-scores range
only from 0.8658 to 0.8670, and the standard deviations overlap across all strategies. This
result is consistent with the mathematical relationship among binary uncertainty scores:
boundary distance, entropy, least-confidence, and margin sampling are monotonic or near-
monotonic transformations of the same predicted class probability. Thus, in this benchmark,
changing the uncertainty score has little effect on the operating point compared with the
effects of file-wise splitting, label budget, and retraining schedule.

4.8. Ablation Results

To isolate the contribution of the AL design itself on the retained split, Table 9 focuses on
the proposed model and its two primary paired controls, namely the full-data backbone and
the budget-matched rerun used here as the equal labeled budget control (LSTM-EB). This view
separates two questions: whether the partial-label workflow can approach the full-data
backbone, and whether the achieved operating point is obtained with lower retraining cost.
Figure 3 additionally includes the random-query control as a policy-level reference.

Table 9. Ablation-style paired comparison focused on ALSTMResNet and its two primary paired
controls. Best values in each metric column are bolded, with lower values preferred for timing metrics.

Configuration Prec. ↑ Rec. ↑ F1 ↑ Acc. ↑ Train Time (s) ↓ Infer Time (s) ↓
w/o AL 0.93 0.92 0.92 0.88 752.70 6.04
Equal labeled budget 0.92 0.96 0.94 0.90 1004.72 6.02

ALSTMResNet (Full) 0.92 0.95 0.94 0.90 268.70 6.14
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On the retained file-wise split, ALSTMResNet improves F1-score by +0.0118 relative
to the full-data backbone while reducing training time by approximately 64.3%, with
nearly unchanged inference cost. Relative to the budget-matched rerun, ALSTMResNet
reaches a closely comparable operating point but reduces retraining time by approximately
73.3%. The repeated trials in Table 7 show that this single-split ranking should not be
overinterpreted as stable dominance across file partitions.

(a) Predictive metrics (b) Training time and inference time

Figure 3. Extended ablation-style fair comparison among ALSTMResNet, the full-data LSTMResNet
backbone, the budget-matched LSTMResNet rerun used as the w/o guided selection control (LSTM-EB),
and the random-query control (AL-Rand). (a) Predictive metrics. (b) Training time and inference time.

4.9. Discussion and Analysis

The retained-split and repeated-trial results point to a training-cost trade-off rather
than a large acquisition-policy effect. On the retained split, ALSTMResNet reduces training
time by more than half relative to the full-supervision backbone while reaching a compet-
itive operating point under unified threshold tuning. Across the five repeated file-wise
trials, however, the uncertainty-guided variant and AL-Rand are nearly indistinguishable
in mean F1-score.

Although LSTM-EB achieves a marginally higher F1-score on the retained split, it
requires a substantially longer retraining process. In time-sensitive industrial update
scenarios, this small predictive gap may be outweighed by the reduction in computational
overhead and retraining burden.

Table 6 summarizes the retained-split trade-off numerically, and Figure 4 presents
the same comparison in the performance–time space. The purpose of the figure is not to
isolate the numerically highest score alone, but to show how the main comparison set is
distributed in the performance–time space. Under this view, ALSTMResNet lies close to the
high-F1 operating region while requiring far less retraining time than either the full-data
backbone or the budget-matched supervised rerun.

This pattern is also reflected in the retained comparison set as a whole. Pure LSTM
achieves performance close to that of the full LSTMResNet backbone with lower training
and inference cost, whereas (RBF) SVM remains a competitive classical baseline but incurs
a much larger inference cost. The lower inference time of Pure LSTM is expected because it
omits the convolutional front-end and residual projection used in ALSTMResNet. These
additional components increase forward-pass cost, but they also provide richer local
temporal feature extraction and recurrent–residual fusion, which is consistent with the
solid predictive behavior of the proposed framework. Isolation Forest and the Dummy
classifier define substantially weaker reference points in predictive terms, although both
remain computationally inexpensive. Taken together, these results indicate that, within the
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selected comparison set, the main practical separation lies in the training cost required to
reach a competitive operating region while maintaining predictive quality.

The confusion-matrix comparison in Figure 5 provides a complementary view at the
error-pattern level. The three retained high-performing rows from the fair-comparison
setting operate in a very similar error region, but they reach that region with markedly
different training costs. This result reinforces the same practical interpretation: among
methods with similar deployment-time behavior, the main distinction lies in the cost
required to obtain that operating point.

For industrial monitoring, this framing is especially relevant because engineering
teams often care about retraining burden, annotation effort, and update speed alongside
small differences in a final predictive metric. A strategy that preserves the deployed model
while reaching a competitive operating region can therefore remain useful even when the
budget-matched supervised rerun is marginally stronger in one split.

Figure 4. Performance–time profile of the compact main comparison set. The x-axis reports training
time on a log scale and the y-axis reports F1-score. ALSTMResNet lies in the high-F1 region while
requiring less retraining time than the marginally higher-scoring budget-matched rerun LSTM-EB.
Each point is labeled directly; nearby models are separated with callout labels to avoid overlap.

(a) ALSTMResNet (b) LSTM-EB (c) AL-Rand

Figure 5. Confusion-matrix comparison for three retained high-performing fair-comparison rows.
(a) ALSTMResNet. (b) LSTM-EB. (c) AL-Rand. The panels highlight that these methods operate in a
very similar error region despite markedly different retraining costs.

Label-Efficiency Learning Curve

Figure 6 and Table 10 report the label-efficiency learning-curve analysis under pro-
gressively tighter label budgets. Masked-label ratios of 25%, 50%, and 75% denote the
proportion of training labels hidden from the initial labeled set before the AL loop begins.
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The final numbers of labeled windows therefore decrease from 103,643 to 73,095 and to
42,547 as the initial label budget becomes tighter.

The learning curve indicates that the AL variants remain in a competitive F1 range
under reduced labeled budgets, but no acquisition policy consistently dominates all budgets.
At the 25% masked-label setting, the five AL policies obtain nearly identical F1-scores
around 0.938, while the budget-matched supervised rerun obtains 0.9003. At the 50% and
75% settings, the budget-matched rerun obtains higher F1-scores than most AL variants
but requires substantially longer training time. These results support the engineering claim
that the proposed workflow can operate under constrained labels and reduce retraining
time, while also showing that the acquisition policy itself should not be presented as
uniformly better.

Figure 6. Label-efficiency learning curve under three masked-label ratios. The curve compares
uncertainty-guided, entropy, least-confidence, margin, and random-query ALSTMResNet variants
with a budget-matched supervised LSTMResNet rerun using the same final labeled-window budgets.

Table 10. Label-efficiency results under different final labeled-window budgets on the retained
split. Each final labeled-window budget reports F1 and training time in seconds; the best value in
each metric column is bolded once, and ties in F1 are resolved in favor of the boundary-distance
ALSTMResNet variant.

Strategy
103,643 Windows 73,095 Windows 42,547 Windows

F1 ↑ Time (s) ↓ F1↑ Time (s) ↓ F1 ↑ Time (s) ↓
Boundary-distance uncertainty (ours) 0.9387 251.42 0.9082 174.48 0.9202 100.14

Entropy sampling 0.9387 308.20 0.9085 204.08 0.9160 114.96
Least-confidence sampling 0.9387 287.50 0.9061 212.14 0.9169 122.08

Margin sampling 0.9387 304.12 0.9010 210.50 0.9213 128.06
Random querying 0.9382 248.42 0.9095 169.35 0.9196 96.36

LSTM-EB 0.9003 433.90 0.9336 345.72 0.9315 246.35

4.10. Limitations

Several limitations remain in this study. First, the repeated validation is performed
as file-wise Monte Carlo resampling on the retained public benchmark, but it is not a
live field deployment or a cross-field prospective trial. The results should therefore be
interpreted as offline benchmark evidence on public real-well records rather than proof
of field performance. Practical deployment would still require online data ingestion,
alarm-delay evaluation, cross-well validation, long-term drift monitoring, and periodic
recalibration on target wells.
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Second, the active-learning loop is simulated through offline label masking and oracle
reveal. This protocol makes acquisition strategies reproducible and comparable, but it
does not model annotation delay, human errors, or annotator disagreement. In a field
workflow, uncertain windows would need to be submitted to domain experts in batches,
and disputed labels would require dual review or senior-engineer arbitration before being
used for retraining.

Third, the task is formulated as binary anomaly-state prediction. This formulation
is suitable for first-stage alarm screening, where the immediate operational need is to
distinguish abnormal from normal operation, but it does not replace fine-grained fault-type
diagnosis. A multiclass extension would require replacing the sigmoid output and BCE loss
with a softmax classifier and cross-entropy loss, together with macro-F1, per-class recall,
and class-balanced acquisition analysis.

Finally, the acquisition-policy effect is limited in the present binary setting. The
uncertainty-guided rule, entropy sampling, margin sampling, and least-confidence sam-
pling are closely related for binary probability outputs, and the empirical comparison with
AL-Rand shows little separation in mean F1-score.

5. Conclusions
This paper presented ALSTMResNet for oil-well anomaly monitoring under a leakage-

aware file-wise evaluation protocol. On the retained benchmark split, ALSTMResNet
achieved a test F1-score of 0.9354 with a training time of 268.70 s, remaining close to the
full-data and budget-matched LSTMResNet controls while requiring substantially less
retraining time. Five repeated file-wise Monte Carlo trials further showed that ALSTMRes-
Net remained competitive on average, with an F1-score of 0.8661 ± 0.0666 and an average
training time of 266.28 s, compared with 886.01 s for the full-data LSTMResNet backbone.

Overall, the study provides a reproducible workflow that combines source-file-level
splitting, train-only standardization, partial-label training, paired controls, repeated valida-
tion, and label-efficiency analysis for oil-well anomaly monitoring. Within this scope, the
framework offers a practical way to study retraining efficiency and label-budget constraints
while keeping the limitations of offline simulation and binary alarm screening explicit.
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