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Abstract

To address the challenges of large-scale production data, complex temporal dynamics, and
the difficulty in extracting key reservoir performance indicators, this study proposes an
intelligent time-series analytics approach, validated using an offshore oilfield case. The
methodology integrates a cascaded outlier detection framework combining the 3-Sigma
rule and the One-Class Support Vector Machine (OC-SVM). The 3-Sigma rule is first used
for rapid statistical screening of extreme outliers, followed by OC-SVM for nonlinear
anomaly detection, enhancing the accuracy of dynamic production data preprocessing.
Key indicators—including initial production capacity, decline rate, water-cut trend, and
recoverable reserves—are automatically extracted through hybrid modeling combining
production decline analysis and waterflood characteristic curves. Algorithm reliability is
rigorously evaluated using error metrics (SSE: Sum of Squared Errors, MSE: Mean Squared
Error, MAE: Mean Absolute Error, RMSE: Root Mean Squared Error) and goodness-of-fit
(R2). Experimental results demonstrate that the proposed method outperforms manual
extraction, achieving <10% error in daily oil production and waterflood performance curve
fitting, while significantly enhancing accuracy and automation. This framework provides a
robust data−driven foundation for intelligent reservoir management.

Keywords: time−series analysis; outlier detection; reservoir performance indicators;
waterflood characteristic curves; production decline analysis

1. Introduction
Reservoir development has gradually advanced into the era of fine-scale and intel-

ligent management. The massive influx of production dynamic data has revealed the
inefficiency and poor adaptability of traditional analysis methods that heavily rely on hu-
man expertise. Moreover, various development indicators exhibit complex characteristics
over time, including nonlinearity, multi-scale variability, and strong noise, all of which
further complicate the extraction of critical information. Therefore, it is imperative to
develop an intelligent and efficient data processing and indicator extraction algorithm that
can automatically identify and distill key development features embedded in time series
data, thereby supporting reservoir production analysis and decision-making.

In response to this challenge, numerous studies have been conducted by domestic
and international researchers. Traditional industrial practices typically involve the use
of waterflood characteristic curves, production decline analysis, and injection-production
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ratio combined with pressure dynamic interpretation. For example, in 2006, Lin ZhiFang
and his team proposed the application of waterflood characteristic curves and analyzed
how common techniques such as layered development, infill drilling, and fracturing
influence these curves [1]. In 2010, Nie Renshi studied the application of natural energy
indicators in waterflood dynamic analysis, finding that the ratio between average formation
pressure drop and the dimensionless elasticity production index can accurately predict oil
recovery efficiency. Combined with waterflood characteristic curves, this method helps
determine reasonable cumulative and staged injection-production ratios [2]. In 2022, Sun
Zhaole proposed a reservoir parameter inversion method based on early production decline
analysis, effectively addressing the production instability issues caused by operational
changes in the early stages of well production [3].

Time series analysis has significant implications for interpreting production data in
reservoir engineering. In 2001, Professor Bernhard Schölkopf of AT&T Labs proposed
the One-Class Support Vector Machine (OC-SVM) method, which has since found broad
application in outlier detection of reservoir time-series data [4]. In 2004, Wang Xuezhong
developed a method for staging multilayer sandstone reservoirs based on time series data
such as recoverable reserves and production rates in Gudong Oilfield. In 2024, Zuo Yi
utilized time series data during numerical simulation of layered fault blocks in Gangdong
Block II to support the division of reservoir development and evaluation stages [5]. Ad-
ditionally, preprocessing of outliers in production dynamic data is essential. The widely
adopted 3-sigma rule, introduced by Walter in the early 20th century, has been widely
accepted in petroleum engineering.

Despite the various methods proposed for indicator extraction from time series data,
current approaches struggle to perform real-time analysis amid the growing scale of
digital oilfields, where each well generates large volumes of dynamic production data. As
reservoirs mature, production data tend to exhibit strong nonlinearity and phase transitions,
rendering traditional manual methods inefficient, highly subjective, and unsuitable for
the demands of intelligent management. To address these limitations, this study adopts a
hybrid approach that leverages OC-SVM and 3-sigma statistical principles to detect and
process outliers in production dynamics using machine learning and statistical theory.
Based on this cleaned time series data, production decline models (harmonic, hyperbolic,
exponential) and waterflood characteristic curves (types A, B, C, and Zhang’s type) are
applied to automatically extract key development indicators. This method significantly
improves the efficiency and intelligence of key indicator extraction and holds great promise
for supporting intelligent reservoir management.

2. Methods for Handling Anomalies in Production Dynamic Data
To eliminate anomalies in production dynamic data, this study applies both the

One-Class Support Vector Machine (OC-SVM) and the 3-Sigma method to process time-
series production data. Furthermore, to reduce volatility in the dataset, monthly production
averages are computed and adjusted accordingly.

To systematically evaluate the applicability and effectiveness of an intelligent time-
series-based extraction method for key development indicators, this study employs produc-
ing well groups from an offshore oilfield with phased commissioning as empirical research
subjects. A multidimensional analytical framework was constructed to conduct systematic
statistical analysis and comparative validate.

2.1. One-Class SVM for Machine Learning-Based Outlier Detection

The One-Class Support Vector Machine (OC-SVM) is a single-class learning method
based on the theory of Support Vector Machines (SVMs), primarily used in anomaly detec-
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tion, noise reduction, and small-sample learning scenarios. Unlike traditional binary SVMs,
OC-SVMs are trained using only positive samples. The goal is to learn the distribution of
normal data and establish a decision boundary that encloses the majority of the samples,
enabling classification of new, potentially anomalous data points.

Mathematically, OC-SVM utilizes kernel functions to map input data into a high-
dimensional feature space, where it seeks to separate the data from the origin and maximize
the margin between them as shown in (1). The optimization problem is formulated to
tolerate a certain degree of outliers while identifying a hyperplane that best contains the
training data. Commonly used kernel functions include the Radial Basis Function (RBF),
polynomial, and sigmoid kernels, with the RBF kernel being most prevalent due to its
strong non-linear mapping capabilities [6]. In this study, the Radial Basis Function (RBF)
kernel was selected primarily due to its four significant advantages. Firstly, the RBF kernel
possesses strong nonlinear mapping capabilities, which can effectively map data with
complex nonlinear distributions in low-dimensional spaces to high-dimensional feature
spaces. This perfectly adapts to the complex distribution characteristics of the data in this
research, providing a more accurate basis for boundary division for the model. Secondly, it
only requires the optimization of one core parameter (γ). Compared with multi-parameter
kernel functions such as polynomial kernels and sigmoid kernels, it significantly reduces
the difficulty of parameter tuning and computational costs, facilitating the rapid realization
of model optimization. Thirdly, the RBF kernel is less sensitive to data scales. After basic
normalization, it can effectively weaken the interference caused by differences in the scales
of different features, enhancing the robustness of the model in diverse data scenarios. In
addition, it can flexibly balance local fitting and global generalization capabilities through
the parameter γ. It can not only capture the core distribution characteristics of the data but
also avoid overfitting to training noise, enabling the model to maintain stable generalization
performance on unknown data, which is highly consistent with the requirements of this
research for model reliability and adaptability.

f (x) = sign(
n

∑
i=1

αi · K(xi, x)− ρ) (1)

In this equation, x denotes the test sample, xi represents the training samples, αi are
the support vector coefficients, K(xi, x) is the kernel function, and ρ is the bias term. A
major advantage of OC-SVM is its capability to handle datasets containing only one class
of observations while maintaining strong generalization ability. In this study, OC-SVM is
employed to detect and eliminate outliers from high-dimensional geological data in oil
reservoirs. As illustrated in Figure 1, OC-SVM is particularly well-suited for handling
non-linear reservoir characteristics. Red dots represent anomalous samples (outliers), and
blue dots represent normal samples. OC−SVM uses a high−dimensional hyperplane
to separate the two types of samples, thus achieving anomaly detection. However, it
requires significant computational resources, is sensitive to hyperparameter tuning, and its
performance may be affected by the quality of input data [7].
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Figure 1. Hyperplane classification using OC-SVM.

2.2. 3-Sigma Statistical Method for Outlier Detection

The 3-Sigma Rule is a well-established empirical technique in statistics, commonly
used for anomaly detection under the assumption of a normal distribution. For normally
distributed random variables, approximately 99.73% of the values fall within the range of
±3 standard deviations (σ) from the mean (µ), as shown in Figure 2. Data points that fall
outside this range are considered anomalies see (2).

µ−3σ ≤ x ≤ µ + 3σ (2)

Figure 2. Distribution curve illustrating the 3-Sigma Rule.

In the equation, x denotes the observed sample value, µ is the mean of the sample,
and σ is the standard deviation.

The 3-Sigma method is advantageous for its simplicity and robustness, particularly in
datasets that approximate a normal distribution. In this study, it is used alongside OC-SVM
to detect extreme fluctuations in well production data, thereby enhancing data quality and
ensuring the accuracy and stability of subsequent modeling efforts [8].

2.3. Combined Anomaly Detection Workflow (3-Sigma + OC-SVM)

In this study, a cascaded anomaly detection strategy was implemented to improve the
robustness and efficiency of production data preprocessing. The workflow first applies
the 3-Sigma statistical rule to remove obvious outliers that deviate significantly from the
normal distribution, providing a coarse-level screening of the dataset. Subsequently, the
One-Class Support Vector Machine (OC-SVM) is applied to the filtered data to capture
potential nonlinear or hidden anomalies in high-dimensional feature space.

This sequential combination effectively balances computational cost and detection
precision: the 3-Sigma rule ensures rapid anomaly identification, while the OC-SVM refines
the detection by learning the intrinsic structure of the remaining data. The hybrid approach
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also mitigates the sensitivity of OC-SVM to extreme noise and reduces overfitting risks in
large-scale production datasets.

2.4. Conversion to Monthly Production Data

Daily production data are the most direct indicators of reservoir performance. How-
ever, as shown in Figure 3a, daily production values for a single well are often subject to
significant variability due to operational timing and external factors [9]. To mitigate these
fluctuations, this study adopts a monthly averaging approach Figure 3b, using monthly
average values to represent well performance. For wells that did not operate at full capacity
throughout the month, actual operational time is taken into account, and oil and fluid
production are adjusted accordingly to better reflect true well capacity. The conversion
is based on (3), where Pom denotes monthly full-capacity oil production, Pod is daily oil
production, T is operational time, and D is the number of days in the month.

Pom =
Pod
T

· 24 · D (3)
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Figure 3. Comparison of oil production data before and after conversion. (a) BlockP-A01 Daily oil
production. (b) Monthly oil production after adjustment.

3. Key Indicator Extraction Methods
3.1. Development Stage Classification

Water cut is one of the most critical dynamic parameters in reservoir development.
Its classification not only aids in identifying the stages of reservoir development and the
advancement of waterflooding but also provides a data foundation for injection-production
analysis, water control strategies, residual oil tapping, and refined production manage-
ment. Therefore, establishing a scientifically sound classification scheme for water cut is
fundamental for efficient and refined reservoir management [10].

In this study, the water cut is divided into five stages: Water-free (f w < 2%), Low water
cut (2% < f w < 20%), Medium water cut (20% < f w < 60%), High water cut (60% < f w < 90%),
and Ultra-high water cut (f w > 90%). As illustrated in Figure 4, this five-stage classifica-
tion provides higher resolution than traditional three-stage methods. It improves the
precision in characterizing production water behavior and better supports the needs of
high-resolution reservoir dynamic analysis, enabling more accurate extraction of time-
dependent development indicators.
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Figure 4. Water cut stage classification diagram.

3.2. Production Decline Analysis

Production decline is a fundamental reflection of reservoir performance over time.
Time series–based decline models can not only accurately simulate actual production behav-
ior but also be used to forecast future productivity and ultimate cumulative oil production.
By intelligently identifying decline types and estimating model parameters, precise classifi-
cation of development stages and automatic extraction of key indicators can be achieved—
thereby offering strong technical support for dynamic reservoir management [11].

In this study, after classifying production periods by water cut, each stage is fitted
using exponential, harmonic, and hyperbolic decline models. Table 1 above summarizes
the basic characteristics, governing equations, and expressions for ultimate cumulative
oil production. Here, Q0 is the initial production rate, D0 is the initial decline rate, t is
production time, Np is cumulative oil production, Npmax is the maximum recoverable oil,
and n is the decline exponent.

Table 1. Decline model relationships.

Decline Type Key
Feature

Core Equation Ultimate Cumulative
ProductionQ−t Np−t Np−Q

Exponential n = 0
D = D0

Q = Q0e−D0t Np = Q0
D0

(1 − e−D0t) Np = Q0−Q
D0

Npmax = Q0
D0

Hyperbolic 0 < n < 1
D < D0

Q = Q0(1 + nD0t)−
1
n

Np = Q0
Do(n−1)

∗[(1 + nD0t)
n−1

n − 1]

Np =
Qn

0
D0(1−n)

∗(Q1−n
0 − Q1−n)

Npmax = Q0
D0(1−n)

Harmonic n = 1
D < D0

Q = Qo(1 + D0t)−1 Np = Q0
D0

ln(1 + D0t) Np = 2.303Q0
D0

lg Q0
Q Npmax = 2.303Q0

D0
lgQ0

By comparing model fitting performance, the most suitable decline model is selected
to determine the production decline rate. Based on an economic production limit, the
ultimate cumulative oil production during a well’s life cycle or production stage can be
predicted [12].
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3.3. Waterflood Characteristic Curves

For reservoirs that have entered high or ultra-high water cut stages, waterflood char-
acteristic curves are widely used in practical applications. By modeling the relationships
between oil, water, and total fluid production, these curves can be used to predict cumula-
tive oil production and water cut progression. Common curve types include Type A, B, C,
and D, each governed by distinct empirical Equations (4) to (7), which quantitatively link
water cut and cumulative oil production [13].

lgWp = a + b · Np (4)

lgLp = a + b · Np (5)

Lp

Np
= a + b · Lp (6)

Lp

Np
= a + b · Wp (7)

However, each curve type corresponds to only a specific shape of the fw–R* relation-
ship. Their expressions are often complex, and parameters can be difficult to estimate,
making them less suitable for automated workflows. This study adopts the Zhang-type
waterflood characteristic curve in (8), which integrates the features of various traditional
types while maintaining mathematical simplicity and practical utility [14]. In this equation,
Wp is cumulative water production, Np is cumulative oil production, Lp is cumulative
liquid production, and a, b are fitting coefficients.

Wp

Np
= −a + b ·

Wp

Np
2 (8)

The waterflood characteristic curve is a well-established method for estimating recov-
erable and economically recoverable reserves. For Types A–D, a typical maximum water
cut of 98% is assumed to determine ultimate recoverable oil from (9) to (16). In these, NR

is ultimate recoverable reserves, f w is water cut, fWL is the limiting water cut, R is the
water–oil ratio, LOR is the liquid–oil ratio, and a1–a3, b1–b3 are fitting parameters.

NP =
lgR − [a1 + lg(2.303 · b1)]

b1
(9)

NR =
lg( fWL

1− fWL
)− [a1 + lg(2.303 · b1)]

b1
(10)

NP =
lgLOR − [a2 + lg(2.303 · b2)]

b2
(11)

NR =
lg( 1

1− fw
)− [a2 + lg(2.303 · b2)]

b2
(12)

NP =
1 −

√
a3(1 − fw)

b3
(13)

NR =
1 −

√
a3(1 − fwL)

b3
(14)

NP =
1 −

√
|1−a4|(1− fw)

fw

b4
(15)



Energies 2025, 18, 5753 8 of 18

NR =
1 −

√
|1−a4|(1− fwL)

fwL

b4
(16)

The Zhang-type curve supports two alternative formulations for estimating cumula-
tive oil production (17) and (18), using fitting coefficients a, b, c, time t, and water cut f w. By
introducing a limiting water cut (typically 98%), it can also estimate ultimate recoverable
reserves. In reservoirs with complex geological conditions, Zhang’s model offers superior
fitting accuracy compared to traditional types [15].

NP =
t + c −

√
(t + c)2 − 4abt

2a
(17)

NP = b − b

√
a(1 − fw)

fw + a(1 − fw)
(18)

4. Verification Methods for Indicator Extraction Reliability
To quantitatively assess the accuracy of the extracted development indicators, this

study introduces five commonly used error evaluation metrics: SSE (Sum of Squared
Errors); MSE (Mean Squared Error); MAE (Mean Absolute Error); RMSE (Root Mean
Squared Error); R2 (Coefficient of Determination). The mathematical definitions of these
metrics are presented in (19) to (23).

SSE =
m

∑
i=1

(
yi − ŷj)

2 (19)

MSE =
SSE

n
=

1
n

n

∑
i=1

(
yi − ŷi)

2 (20)

MAE =
1
n

n

∑
i=1

|yi − ŷi| (21)

RMSE =
√

MSE =

√
1
n

n

∑
i=1

(yi − ŷi)2 (22)

R2 = 1 − ∑n
i=1

(
ŷi − yi)

2

∑n
i=1(yi − yi)2 (23)

The use of these five metrics allows for a comprehensive, multi-angle evaluation of the
model’s performance in terms of both precision and robustness. Specifically: SSE reveals
the overall magnitude of error, MSE and RMSE reflect the sensitivity to large deviations,
MAE accounts for the average deviation in a stable manner, R2 measures the goodness-of-fit
of the model. By jointly applying these evaluation indices, the model’s reliability can be
scientifically verified across different dimensions, ensuring the credibility and stability of
the extracted indicators.

5. Results Analysis
To verify the applicability and effectiveness of the proposed time series–based intelli-

gent extraction method for key development indicators, this study applies it to multiple
production wells from an actual offshore oilfield. The analysis covers wells from differ-
ent commissioning batches, well types, and water cut stages. Extracted indicators are
statistically evaluated and compared to explore dynamic patterns and demonstrate the
algorithm’s technical workflow, as illustrated in Figure 5.



Energies 2025, 18, 5753 9 of 18

Input actual production dynamic data for individual wells/blocks
(Daily oil rate, water cut, etc.)

Preprocess production dynamic data
(Production normalization, monthly averaging, zero-value removal, etc.)

Classify development stages based on water 
cut

Calculate initial production 
capacity

Determine if the well is in a stable 
production period Calculate average water cut

Calculate stabilized 
production Identify decline model Fit waterflood characteristic curve

Decline type Cumulative oil 
production Decline rate Water cut rise 

rate
Recoverable 

reserves

Output key development indicators based on classified production stages

NOYES

OC-SVM & 3-Sigma

Figure 5. Technical workflow for intelligent indicator extraction.

The process begins by collecting well/block-level production dynamic data such
as daily oil rate and water cut. After data preprocessing—including outlier removal
and monthly averaging—the production data are classified into five stages based on
water cut: water-free (fw < 2%), low (2% < fw < 20%), medium (20% < fw < 60%), high
(60% < fw < 90%), ultra-high (f w > 90%). Subsequently, decline models and waterflood
characteristic curves are fitted within each stage to extract key indicators such as water cut
rise rate and recoverable reserves.

5.1. Outlier Analysis

In reservoir development, raw production data often contain anomalies due to mea-
surement errors, equipment faults, or human intervention. These outliers—such as abrupt
spikes, discontinuities, or zero values—can distort production trends, interfere with decline
curve fitting, and reduce the accuracy of key indicator extraction.

This study combines the OC-SVM machine learning approach with the 3-sigma statis-
tical method to develop a robust outlier identification and correction framework tailored
to time-series features. This significantly improves the accuracy of decline model and
waterflood curve fitting. In practical implementation, the proposed cascaded framework
first applied the 3-Sigma rule for rapid removal of statistically extreme values, and then
employed the OC-SVM to identify nonlinear anomalies in the residual dataset. Figure 6
illustrates the effect of outlier removal for both daily oil production and monthly fluid
production in the BlockP. By eliminating extreme spikes and valleys, the reconstructed data
show smoother temporal trends while preserving the underlying production behavior. The
optimized curves better represent actual reservoir dynamics and form a reliable foundation
for subsequent model fitting and indicator computation.
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Figure 6. Stage-wise decline curve fitting: A case study of BlockP-D25. (a) Daily oil production after
outlier removal. (b) Monthly liquid production after outlier removal.

5.2. Indicator Extraction Analysis: Decline Rate, Cumulative Oil Production, and
Model Comparison

This section presents a systematic analysis of the key development indicators extracted
using the proposed method, focusing on decline rate, water cut rise rate, and single−well
recoverable reserves.

(1) Analysis of Decline Rate and Cumulative Oil Production

Due to the complexity of production profiles across the life cycle of a well, three classic
decline models—exponential (n = 0), hyperbolic (0 < n < 1), and harmonic (n = 1)—are used
for curve fitting (as listed in Table 1), based on Q–t, Np–t, and Np–Q relationships.

As shown in Figure 7, for BlockP-D25, the hyperbolic decline model achieved the best
fitting performance during both low and medium water cut stages, with R2 values of 0.936
and 0.929, respectively. This model can therefore be used to predict stage-wise ultimate
production, offering valuable reference for development strategy and reserves evaluation.
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Figure 7. Example: BlockP-D25 well. (a) Stage-wise daily production fitting. (b) Stage-wise cumula-
tive oil fitting.

(2) Analysis of Water Cut Rise Rate and Recoverable Reserves

To assess waterflood efficiency at different stages, the water cut rise rate (fw) is used as a
sensitivity indicator. A predictive model for single-well recoverable reserves is constructed
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based on waterflood characteristic curves and fitting parameters a3 and b3, incorporating a
limiting water cut of 95% to estimate NR.

Taking BlockP-D25 as an example, the average water cut rise rate during the low and
middle water cut stages is 1.40 and 1.48, respectively (see Figure 8), and the final estimated
recoverable reserves are 377,000 m3. These results demonstrate the method’s reliability for
phase-specific analysis and precise recovery evaluation.

Figure 8. Water cut rise rate (fw) per stage: BlockP-D25 well.

Additionally, to better quantify the dynamics of water advancement, a new indicator—
the rise rate of water cut (Rfw)—is introduced, defined as the incremental change in water
cut over time in (24). This parameter serves as a sensitive measure of the reservoir’s
displacement front and waterflood progression.

R f w =
d fw

dt
(24)

(3) Model Comparison and Waterflood Curve Optimization

To enhance the accuracy of water cut rise rate and reserves prediction, this study
compares three waterflood characteristic curve models: Type A, B, and C. Regression is
performed using logarithmic relationships between fw and Np, as shown in (24) to (26).

lg(WP) = a1 + b1·NP (25)

lg(LP) = a2 + b2·NP (26)

LP
NP

= a3 + b3·NR (27)

Statistical results summarized in Table 2 show that the Type C model offers the
highest fitting accuracy, with R2 > 0.95 for 433 wells—significantly outperforming Type A
(140 wells) and Type B (15 wells). Figure 9 shows the comparison results for well BlockP-
D25. The Type C model achieved an R2 of 0.943 and yielded predictions closely aligned
with observed data.
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Table 2. Model fitting accuracy for three waterflood types.

Prediction Accuracy (R2) Type C Type B Type A

>0.95 433 15 140
0.9–0.95 12 28 22
0.85–0.9 4 61 12
0.8–0.85 0 45 14
0.7–0.8 0 43 18
0.6–0.7 0 21 15

<0.6 8 244 236
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Figure 9. Fitting comparison of four waterflood characteristic curves (A–C, Zhang−type) for BlockP-
D25 (a). Type A; (b). Type B; (c). Type C; (d). Type Zhang.

5.3. Reliability Verification

To confirm the reliability of the proposed time series–based indicator extraction al-
gorithm, this section presents a multi-angle validation using error analysis, model fitting
quality, and manual benchmark comparisons.

(1) Validation of Outlier Detection Method

After implementing the proposed outlier handling workflow, fitting accuracy signif-
icantly improved. In BlockP wells, post-processed data more closely followed physical
reservoir behavior. As seen in Figure 10, the model curve fluctuations decreased, peak
distortions were removed, and core trends were preserved.
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Figure 10. Reliability verification of outlier processing algorithm.

In addition, errors in key indicators (such as decline rate, water cut rise rate, initial
production) dropped from 20–60% to within 5%. Table 3 shows the before-and-after results
for several wells. Notably, some unrealistic values (e.g., extremely high water cut rise rates
or negative decline rates) were corrected to physically reasonable ranges.

Table 3. Before-and-after comparison of outlier-corrected indicators.

Water Cut Rise Rate Decline Rate
Well Name Before After Well Name Before After

A03ST1 1.544 0.94 A01H2 −0.003 0.025
A04 1.550 1.31 A03ST1 −0.056 0.019
A05 1.550 0.71 A05ST1 0.842 0.068
A06 1.534 0.74 A08ST2 0.400 0.044
A07 1.542 0.90 A11 −0.020 0.069
A08 1.545 0.86 A13ST1 0.507 0.023

V61H 0.059 1.299 V30 0.784 0.087
D20 1.544 0.675 B45ST1 0.570 0.028

D21ST1 0.046 0.962 C04ST1 −0.013 0.049
D24ST2 0.064 0.993 C18 −0.054 0.080
D26H1 0.063 0.867 C40ST1 −0.0004 0.044
D27ST2 0.070 1.012 C47ST2 −0.096 0.052
D30ST1 1.513 0.925 C51ST2 −0.001 0.1217

Large−scale indicator comparison verifies the algorithm stability, and statistical com-
parisons are conducted on more than 40 wells and 6 types of key indicators; multiple
bar graphs clearly show the significant differences in indicators before and after outlier
processing and the fluctuation compression effect; especially in highly sensitive scenarios
such as low water content stage and early production capacity prediction, the optimized
data results are more credible [16].

(2) Validation of Indicator Extraction Accuracy

To evaluate the effectiveness and reliability of the proposed time series–based method
for extracting key reservoir development indicators, a comprehensive validation was
conducted from multiple perspectives. This included statistical error analysis, model
fitting accuracy assessment, and comparative validation against manually calibrated bench-
marks [17].

Comparing the processing results of several representative well points it can be seen
in Figure 11 that all indicators fall within the allowable error range, among which RMSE is
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generally less than 1%, and MSE is stable within 0.05, reflecting high prediction accuracy
and data consistency. The statistical results in the figure also show that the optimized
extraction value is better than that before abnormal data processing in terms of average
level and variance control, further improving the stability of the model [18].
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Figure 11. Accuracy measurements. (a) SSE (Sum of Squared Errors); (b) MSE (Mean Squared Error);
(c) MAE (Mean Absolute Error); (d) RMSE (Root Mean Squared Error).

To further verify the practical applicability of the algorithmic model, a compara-
tive analysis was conducted between manually calibrated indicators and automatically
extracted results for selected representative wells [19]. Corresponding waterflood character-
istic curves were also plotted. As shown in Figures 12–14, the model-derived results closely
matched the manually interpreted benchmarks in both shape and trend. The average devi-
ation was less than 10%, and the coefficient of determination (R2) was consistently greater
than 0.98. Notably, for sensitive indicators such as decline rate, initial production capacity,
and economic limit water cut, the algorithm maintained excellent error control. The fitted
curves exhibited smooth and continuous trajectories without abnormal fluctuations or
mismatches, further confirming the robustness and reliability of the proposed method [20].

Through a comprehensive validation involving multiple wells, multiple indicators [21],
and multiple evaluation dimensions [22,23], the results demonstrate that the intelligent
extraction method proposed in this study exhibits excellent consistency, stability, and
physical plausibility [24]. The automatically extracted results closely match those obtained
through manual interpretation, indicating the method’s potential to serve as a reliable
substitute for human judgment [25]. Various statistical indicators confirm that the model
outputs are stable and the errors are well-controlled, thereby providing a robust foundation
for the construction of large-scale automated analytical workflows [26].
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First, error analysis comparing extracted indicators with manually calculated val-
ues shows that the SSE, MSE, MAE, and RMSE for all indicators remain at low levels—
significantly below the commonly accepted thresholds in typical engineering applications.
Specifically, the MSE values for initial production capacity, decline rate, water cut, and
water cut rise rate are all below 0.5; MAE values are also less than 0.5; and RMSE values are
consistently under 1 [27]. These results confirm that the extracted development indicators
are both accurate and stable [28].

Furthermore, comparative validation using actual well production data was con-
ducted. Taking Well A17 from a representative offshore oilfield as an example, the study
fitted and analyzed multiple indicators, including average monthly oil production, daily
production decline rate, Lp/Np ratio, water cut rise rate, and cumulative oil production [29].
The comparison results reveal that the dynamic production curves fitted by the automated
algorithm closely align with those derived from manual calculations, with absolute errors
generally within 10%, thereby confirming the consistency between the extracted indicators
and actual reservoir behavior [30]. Among them, the Lp/Np ratio and the daily oil produc-
tion decline curves demonstrated particularly strong fitting performance [31], effectively
capturing production attenuation and waterflooding dynamics, which further substantiates
the reliability of the proposed algorithmic model [32].

6. Conclusions
This study addresses the challenges of significant fluctuations in production data and

low efficiency in extracting key indicators during the reservoir development process. A
time series–based intelligent extraction and prediction algorithm for reservoir development
indicators is proposed and implemented. Using a real offshore oilfield block with 467 pro-
duction wells (including 75 horizontal wells and 392 directional wells) as a case study, the
applicability and effectiveness of the method were systematically validated.

For data preprocessing, a cascaded anomaly detection workflow combining the 3-
Sigma rule and the One-Class SVM was employed. The 3-Sigma rule was first used for
coarse screening of abnormal data, followed by OC-SVM for fine detection of nonlinear
anomalies, which significantly improved data smoothness and modeling accuracy. Building
on this, an automated extraction model for key development indicators was constructed,
focusing on seven core metrics such as initial production capacity, decline rate, water cut,
and recoverable reserves. The method utilizes production decline models (exponential,
harmonic, and hyperbolic) and waterflood characteristic curves (Types A, B, and C) to
perform intelligent segmentation and parameter fitting across the production lifecycle.

Model validation results demonstrate that the proposed algorithm achieves high pre-
dictive accuracy and strong stability. All fitted curves yielded coefficients of determination
(R2) exceeding 0.9, with prediction errors generally below 10%. Notably, the fitting error
of the Type C waterflood curve decreased by approximately 90% after outlier removal
compared to untreated data. Furthermore, comparative analysis across different well
types and development batches revealed that infill wells exhibited significantly higher
decline rates than primary wells, and horizontal wells showed higher decline rates than
directional wells—further confirming the model’s adaptability and accuracy under diverse
field conditions.

In summary, the proposed time series–based intelligent extraction and forecasting
method significantly enhances the efficiency and precision of dynamic data analysis in
oilfield development. It provides reliable support for evaluating the performance of large-
scale well clusters and optimizing production strategies, demonstrating strong potential
for practical engineering applications.
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