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Introduction
Developing offshore deep low-permeability to tight reservoirs faces inconsistent success due to ambiguous reservoir classification and inaccurate production evaluation. This study addresses these issues by analyzing oil wells in the western South China Sea.
Methods
The target reservoir was classified into four types using a flow zone indicator method, and permeability conversion models were established accordingly. Using tNavigator, numerical reservoir models were constructed to evaluate the effects of permeability contrast, sedimentary rhythm, interlayers, and oil saturation on initial oil production. Key production factors were identified through Pearson analysis and grey relational analysis of test data. Production allocation was then performed for each sublayer within the test interval using the formation coefficient method. Subsequently, K-nearest neighbor (KNN) and back-propagation (BP) machine learning models were developed to predict production for different reservoir types.
Results
Types II and III reservoirs, distinguished mainly by effective permeability, make the dominant contribution to total well production, whereas Type IV reservoirs contribute little. Between the two machine learning approaches evaluated, the back-propagation model offered the best predictive accuracy.
Discussion
This study establishes a targeted prediction workflow that clarifies the contribution of individual reservoir types to total well production. It helps fill the gap in production prediction for offshore deep low-permeability to tight reservoirs and provides reliable support for oil-well stimulation design.
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1 INTRODUCTION
Offshore low-permeability to tight reservoirs have become increasingly important targets for reserve growth and production replacement as offshore exploration and development continue to expand (Sun et al., 2013; Sun et al., 2010; Zhu et al., 2023). However, these reservoirs commonly exhibit complex lithology, strong heterogeneity, complicated pore-throat structures, and highly variable fluid distributions, which make reservoir evaluation and production testing difficult (Ding et al., 2020; Jia et al., 2012; Liu Z. et al., 2022). In offshore test wells, production is often obtained from multilayer commingled test intervals rather than from individually isolated sublayers, and the limited number of formation tests further increases the uncertainty of production evaluation. As a result, accurate reservoir characterization, sublayer-level production evaluation, and reliable productivity prediction remain challenging in offshore low-permeability to tight reservoirs.
Reservoir classification is a fundamental step in the evaluation of heterogeneous reservoirs because it helps identify flow units with similar storage and seepage capacities and supports the selection of favorable test intervals. Previous studies have proposed a variety of reservoir classification methods based on petrophysical properties, pore structure, core analysis, and integrated geological indicators (C et al., 2019; Gao et al., 2021; Deng et al., 2024; Cui et al., 2024). Among these approaches, flow-unit-based methods, including the flow zone indicator (FZI), have been widely used to distinguish reservoirs with different seepage behaviors and to improve the interpretation of porosity-permeability relationships (Cullender, 1955; Joshi, 1988; Zhang et al., 2013). These studies demonstrate that reservoir classification can effectively reveal heterogeneity and provide a basis for reservoir evaluation. In recent years, advanced data-driven methods have also been introduced into reservoir quality evaluation. For example, Rashid et al. applied self-organizing maps (SOM) and cluster analysis to predict reservoir quality in gas-bearing carbonate sediments, demonstrating the potential of machine-learning-assisted classification for heterogeneous reservoirs (Rashid et al., 2023). In addition, petrophysical correlations in reservoirs with complex void structures may be highly uncertain when a single generalized porosity-permeability relationship is used. Ponomareva et al. showed that more detailed characterization of reservoir void structure can substantially improve the correlation between filtration and capacitance characteristics and enhance the predictive performance of geological-hydrodynamic models (Ponomareva et al., 2025). Recent international studies also suggest that reservoir characterization workflows need to be adapted to the geological setting and data conditions of the target reservoir. Wang et al. emphasized the difficulty of offshore reservoir prediction under sparse-well conditions (Ismail et al., 2026), Yarmohammadi et al. showed that heterogeneity characterization requires integrated multi-scale workflows that remain strongly reservoir-specific (Yarmohammadi et al., 2025), and recent field-scale characterization work in the Temsah gas field likewise relied on field-specific seismic–geological integration rather than generalized evaluation schemes (Aghli et al., 2020). Therefore, many existing classification and evaluation schemes are still established for specific reservoir types, blocks, or datasets, and their direct applicability to offshore low-permeability to tight reservoirs may remain limited, especially under conditions of scarce test data, multilayer commingled production, and strong vertical heterogeneity.
Production prediction methods for oil and gas reservoirs have evolved from analytical and seepage-theory-based models to logging-based methods, statistical models, and, more recently, machine-learning-based approaches (Xie et al., 2022; Zhang et al., 2023; Liu et al., 2020; Fan et al., 2025; Fang et al., 2024; Bai et al., 2024; Gao et al., 2020). Analytical or semi-analytical productivity models are useful for understanding the effects of seepage mechanisms and fracture parameters, but they often rely on idealized assumptions and simplified boundary conditions, which restrict their application in geologically complex reservoirs (Xie et al., 2022; Zhang et al., 2023; Liu et al., 2020). Production behavior in complex reservoirs is strongly influenced by internal flow mechanisms. Martyushev et al. showed that interporosity flow between matrix and fractures can significantly affect oil production in carbonate reservoirs, indicating that production prediction in heterogeneous reservoirs should account for physically meaningful reservoir differences rather than relying solely on generalized empirical relationships (Martyushev et al., 2025). Logging-based and statistical methods can provide rapid productivity estimates, yet they are often limited in their ability to capture strongly nonlinear relationships among geological, petrophysical, and dynamic production factors (Fan et al., 2025; Fang et al., 2024). In recent years, a variety of machine-learning-based methods, including support vector machines, random forests, gradient boosting, and artificial neural networks, have been increasingly applied to production prediction because of their ability to capture nonlinear relationships among geological and engineering variables. Jin et al. improved the model’s capability to extract dynamic features and enhanced its generalization performance through feature selection and sample-structure optimization (Jin et al., 2024). Al-Shabandar et al., Bao et al., and Song et al. applied GRU, RNN, and PSO-optimized LSTM models, respectively, to production performance prediction, demonstrating the advantages of deep sequential models in terms of predictive accuracy and application potential (Al-Shabandar et al., 2021; Bao et al., 2020; Song et al., 2020). Pan et al. further integrated CNN, LSTM, and a self-attention mechanism to achieve comprehensive extraction of spatiotemporal features from oil well production data and to predict production behavior (Pan et al., 2023). In addition, Duplyacov et al., Du et al., and Fan et al. improved prediction performance from the perspectives of fracturing optimization, interwell spatial relationship characterization, and hybrid linear–nonlinear modeling, respectively, thereby further extending the application scope of related methods (Ma et al., 2024; Du et al., 2022; Ismail et al., 2026). However, many existing machine-learning-based studies still focus on direct well-level production prediction and do not explicitly address multilayer commingled intervals, sublayer-level production allocation, or reservoir-type-specific heterogeneity under limited-data offshore conditions (Bai et al., 2024; Gao et al., 2020; AI-Jawad and Saleh, 2020; Dezfoolian, 2013; Liu R. et al., 2022). For offshore low-permeability to tight reservoirs, such direct prediction may obscure the contribution of individual sublayers within a test interval and may not fully account for the strong heterogeneity between different reservoir types.
Therefore, a key research gap remains in establishing an integrated production-prediction workflow for offshore low-permeability to tight reservoirs under limited-data conditions. Unlike conventional machine-learning-based studies that directly map reservoir and engineering parameters to total well production, the novelty of this study lies in the integration of reservoir classification, physical modeling, dominant-factor screening, sublayer-level production allocation, and reservoir-type-specific machine-learning prediction into a unified workflow. First, the target reservoir is classified using the FZI method, and permeability conversion relationships are established for different reservoir types. Second, numerical forward models are constructed to analyze the effects of permeability contrast, sedimentary rhythm, interlayers, oil saturation, and thickness on production behavior. Third, key production-controlling factors are identified through statistical and grey relational analyses, and the production of each sublayer within a test interval is allocated using the formation coefficient method. Finally, K-nearest neighbor (KNN) and back-propagation (BP) models are developed to predict production for different reservoir types in offshore low-permeability to tight reservoirs. This workflow combines geological classification and physically guided production allocation with data-driven prediction, and is intended to provide a more suitable framework for offshore test wells characterized by limited data and multilayer commingled production.
2 REGIONAL GEOLOGICAL CONDITIONS
The Beibu Basin, located at approximately 19°21′6.00″N and 108°38′36.00″E, covers an area of about 3.9 × 104 km2. This Cenozoic sediment-dominated extensional rift basin, bounded by the Hainan Uplift to the southeast and the Yinggehai Basin to the west, is an important offshore oil-rich area (Gao et al., 2020). The basin comprises three primary tectonic units: the northern depression, the Qixi uplift, and the southern depression, exhibiting an alternating uplift-depression structure.
The Weixinan Sag (Figure 1), a NEE-SWW trending, 0.38 × 104 km2 half-graben basin in the northern Beibu Basin’s northeastern depression, formed through three rifting and post-rift subsidence phases during the Cenozoic (Gao et al., 2020). Characterized by a north-faulted and south-overlapped structure, it contains Paleogene sediments including the Changliu, Liushagang, and Weizhou formations. The Liushagang formation, primarily composed of medium-deep lake sediments, is the focus of this study. The Liushagang Formation can be divided vertically into three members: the first member, primarily sub-lacustrine fan and fan-delta deposits; the second member, shore-shallow lake, deep lake or semi-deep lake, sub-lacustrine fan, and braided-river delta deposits; and the third member, primarily fan-delta deposits. Despite the Weixinan Sag’s substantial oil production (8.0 × 109 t), proven geological reserves are only 1.3 × 108 t, indicating significant exploration and development potential.
[image: Tectonic map displaying Weixinan and surrounding regions with distinct gas fields, oil fields, wells, uplift zones, slope belts, sags, fault zones, and boundary lines, along with paleogene thickness contours labeled in meters.]FIGURE 1 | The regional geographic location of Weixinan Sag.3 RESERVOIR MODEL CONSTRUCTION
3.1 Reservoir classification by FZI method
The FZI (flow zone indicator) formula is based on the modified Carmen-Kozeny formula (AI-Jawad and Saleh, 2020; Dezfoolian, 2013; Liu R. et al., 2022; Liang et al., 2024; Soleymanzadeh et al., 2019) (Equation 1):
Kϕe=ϕe1−ϕe1FsτSgv(1)
where K: permeability, mD; φe: effective porosity, %; Fs: shape coefficient; τ: tortuosity of porous media; Sgv: unit volume particle surface area, μm2.
Define normalized porosity (AI-Jawad and Saleh, 2020; Dezfoolian, 2013; Liu R. et al., 2022; Liang et al., 2024; Soleymanzadeh et al., 2019) (Equation 2):
ϕe=ϕe1−ϕe(2)
where φz: normalized porosity, %.
Define reservoir quality index (AI-Jawad and Saleh, 2020; Dezfoolian, 2013; Liu R. et al., 2022; Liang et al., 2024; Soleymanzadeh et al., 2019) (Equation 3):
RQI=0.0314Kϕe(3)
where RQI: reservoir quality index, dimensionless.
Based on the above formulas, the FZI formula can be constructed (AI-Jawad and Saleh, 2020; Dezfoolian, 2013; Liu R. et al., 2022; Liang et al., 2024; Soleymanzadeh et al., 2019) (Equation 4):
FZI=1FsτSgv=RQIϕz(4)
where FZI: flow zone indicator, dimensionless.
In order to reduce the error influence of core data, the cumulative distribution function is introduced to divide the flow units (Equation 5):
Φx=12π∫−∞xexp−t22dt=121+2π∫0x2exp−t2dt(5)
where Ф (x)∈ [0, 1]; x, t: real number, x, t∈ [−∞, +∞].
Based on the 327 core samples with depth ≥2800 m, low to ultra-low porosity and permeability in the Weixinan Sag, calculated FZI and its cumulative probability (Figure 2). According to the FZI cumulative probability cure, the low-permeability to tight reservoirs are divided into four types (Figure 2a) and (Table 1). After reservoir classification, the porosity-permeability relationships for different reservoir types are shown in Figure 2b and summarized in Table 2.
[image: Two scientific charts appear side by side. Panel (a) is a cumulative distribution plot with dimensionless TZI values on the x-axis and cumulative probability on the y-axis, displaying four colored data series labeled I to IV reservoir. Panel (b) is a scatter plot relating porosity percentages on the x-axis to permeability values in microdarcies on the y-axis, with data points and regression lines for each reservoir type, accompanied by correlation equations and R squared values.]FIGURE 2 | Results of the FZI method (a) The FZI cumulative probability curve (b) Relationship between porosity and permeability of the Weixinan Sag by the FZI method.TABLE 1 | Results of the FZI method.	Reservoir type	FZI	Permeability average	Porosity average	Count
	mD	%	%
	I	FZI ≥3.07	8.675	5.063	5
	II	0.83 ≤FZI <3.07	4.935	10.182	38
	III	0.24 ≤FZI <0.83	0.551	10.947	53
	IV	FZI <0.24	0.092	11.858	4


TABLE 2 | The relationship formulas between porosity and permeability.	Reservoir type	Relationship formulas	R2
	I	K1 = 0.0478e0.6434φ	0.631
	II	K2 = 0.0504e0.3734φ	0.614
	III	K3 = 0.0095e0.3216φ	0.476
	IV	K4 = 0.0004e0.4356φ	0.799


It should be noted that the classified samples span a range from low-permeability to tight reservoirs; therefore, the term used in this study refers to the overall reservoir system under investigation rather than a single strict cutoff-based definition.
Table 1 indicates that reservoir types II and III are dominant in the Weixinan Sag. Type I reservoirs (FZI≥3.07) exhibit permeability ranging from 0.008 mD to 49.100 mD (average 8.675 mD) and porosity from 0.131% to 12.603% (average 5.063%). Type II reservoirs (0.83 ≤FZI <3.07) exhibit permeability ranging from 0.010 mD to 40.992 mD (average 4.93 5 mD) and porosity from 2.160% to 14.709% (average 10.182%). Type III reservoirs (0.24 ≤FZI <0.83) exhibit permeability ranging from 0.010 m D to 2.728 mD (average 0.551 mD) and porosity from 2.821% to 14.844% (average 10.947%). Type IV reservoirs (FZI <0.24) exhibit permeability ranging from 0.012 mD to 0.196 mD (average 0.092mD) and porosity from 9.422% to 14.779% (average 11.858%).
According to Table 2, reservoir classification helps establish type-specific porosity-permeability relationships, although the goodness of fit varies among reservoir types.
3.2 Physical modeling of reservoir heterogeneity
tNavigator (Rock Flow Dynamics, 2024) is an integrated reservoir modelling and simulation platform developed by Rock Flow Dynamics (Rock Flow Dynamics, 2024). The software provides a unified workflow for geoscience, reservoir engineering, and production engineering, and supports static and dynamic reservoir analysis within a single environment. Because this study required forward simulations under different reservoir configurations, tNavigator was selected to evaluate the effects of permeability contrast, sedimentary rhythm, interlayers, and oil saturation on production behavior. Using tNavigator software, reservoir forward models were constructed based on seepage mechanisms to assess the impact of permeability gradients, sedimentary rhythms, interlayers, and oil saturation on initial oil well production. Model parameters (Table 3) were selected based on Weixinan Sag Liushagang formation test data and reservoir classification results (Table 1). Oil and water PVT properties are detailed in Tables 4, 5.
TABLE 3 | Basic parameters of reservoir physical model.	Parameter	Value	Parameter	Value	Parameter	Value
	Length	200 m	Width	200 m	Height	20 m
	Temperature	50 °C	Initial pressure	25 MPa	Porosity	0.15
	Oil saturation	0.70				


TABLE 4 | PVT properties of oil.	Parameter	Value	Parameter	Value
	Oil temperature	100 °C	Relative density	0.85
	Compression coefficient	0.00001	Saturation pressure	6 MPa
	Minimal pressure	1.01 MPa	Maximum pressure	26.13 MPa


TABLE 5 | PVT properties of water.	Parameter	Value	Parameter	Value
	Water viscosity	0.3 cP	Volumetric coefficient	0.000039
	Minimal pressure	1.01 MPa	Maximum pressure	26.13 MPa


3.2.1 Reservoir models without interlayers under different permeability contrasts
Considering the influence of sedimentary conditions on permeability difference, reservoir physical models under positive rhythm, inverted rhythm and composite rhythm conditions are constructed respectively. Positive rhythm describes a reservoir with decreasing permeability from bottom to top due to gravity-driven deposition of fine grains at the bottom and coarse grains at the top, typical of fan-delta front underwater distributary channels. Reverse rhythm describes a reservoir with increasing permeability from bottom to top, influenced by water erosion and sorting. High-permeability, coarse-grained sediments accumulate at the reservoir bottom, while low-permeability, fine-grained sediments deposit at the top, characteristic of fan-delta front mouth bar microfacies. Compound rhythm, reflecting complex permeability variations (positive and composite rhythm), results primarily from the superposition of underwater distributary channels and multi-stage estuary dams.
The physical models of reservoirs without interlayers are shown in Figure 3. Models with different rhythmic permeability contrasts were divided into Groups A and B (Equation 6).
Ke,mn=Ke,⁡maxKe,⁡min(6)
where Ke,mn: permeability gradient, dimensionless; Ke,max: the maximum permeability, mD; Ke,min:the minimum permeability, mD.
	The non-interlayer positive rhythm

[image: Three 3D graphics labeled a, b, and c show layered rectangular blocks with red, green, and blue horizontal layers. The layer positions or thicknesses vary across each graphic, illustrating structural differences.]FIGURE 3 | Physical model of non-interlayer permeability differential reservoir (a) The non-interlayer positive rhythm (b) The non-interlayer inverted rhythm (c) The non-interlayer composite rhythm Permeability gradient is the ratio between the maximum and the minimum permeability. The greater the permeability difference, the stronger the heterogeneity of the reservoir.The numerical simulation results in Figure 4 demonstrate that cumulative oil production in groups A and B depends primarily on permeability, with higher permeability leading to greater cumulative production and daily increases. At a permeability ratio of 10, the cumulative oil production differs by approximately one order of magnitude.
	The non-interlayer inverted rhythm

[image: Panel (a) is a line graph showing cumulative oil production across five production days for three areas with different permeabilities (one millidarcy, five millidarcies, and fifty millidarcies), with Area 3 exhibiting the highest cumulative production by day five. Panel (b) is a line graph comparing cumulative water production for the same areas and time period, with Area 3 again showing the highest values. Both graphs use points connected by lines and label each data point with cumulative production values.]FIGURE 4 | Cumulative oil production of non-interlayer positive rhythm permeability difference (a) The group A (1mD, 5mD, 10mD) (b) The group B (5mD, 25mD, 50mD).As shown in Figure 5, the cumulative oil production of groups A and B depends primarily on permeability, with higher permeability leading to greater production and daily increases. However, after 4 days, group B’s production at 25mD and 50mD shows a slowing trend compared to the first 3 days. When the permeability ratio is 10, the cumulative oil production differs by roughly 10 times. In the early production stage, with equal permeability, the cumulative oil production is similar between non-interlayer positive and inverted rhythms, suggesting that a single rhythmic pattern has only a limited effect.
	The non-interlayer composite rhythm

[image: Line graph (a) compares cumulative oil production over five days for three areas with permeabilities of one, five, and ten millidarcies, showing higher permeability correlates with greater oil production. Line graph (b) shows a similar trend for areas with five, twenty-five, and fifty millidarcies over the same period, indicating sharply increased oil production at higher permeability values.]FIGURE 5 | Cumulative oil production of non-interlayer inverted rhythm permeability difference. (a) The group A (1mD, 5mD, 10mD) (b) The group B (5mD, 25mD, 50mD).Figure 6 shows that the cumulative oil production of groups A and B depends primarily on permeability, with higher permeability leading to greater cumulative production and daily increases. At a permeability ratio of 10, the cumulative production differs by roughly 10 times. In early production stages, with equal permeability, groups A and B show similar cumulative oil production. However, the composite rhythm without interlayer yields significantly less than the positive and reverse rhythms without interlayer, indicating that the composite rhythm tends to reduce cumulative oil production.
[image: Two line graphs compare cumulative oil production across six areas with different permeability values over five days. Left graph (a) and right graph (b) use different color orders for areas but present similar trends, showing higher permeability areas have significantly higher cumulative oil production throughout the production days. Axes are labeled for cumulative oil production and production days, with area legends specific to each graph.]FIGURE 6 | Cumulative oil production of non-interlayer composite rhythm permeability difference (a) The group A (5mD, 15mD, 25mD, 10mD, 30mD, 50mD) (b) The group B (50mD, 30mD, 10mD, 5mD, 15mD, 5mD).3.2.2 Reservoir models with interlayers under different permeability contrasts
Figure 7 shows that in rhythmic reservoirs with interlayers, cumulative oil production depends primarily on permeability. Higher permeability leads to greater cumulative production and daily increases, particularly at 35mD and 50mD, where the rise is most pronounced. Early production stages reveal minimal differences in cumulative output across rhythmic modes with interlayers at equal permeability, suggesting that, under the current model settings, interlayers and rhythmic patterns have a relatively limited effect on production.
[image: Three line charts labeled (a), (b), and (c) display cumulative oil production in cubic meters per day on a logarithmic scale versus production days for various areas and methods, each identified by distinct colored lines and symbols; trends show consistent production increases over ten days for all methods.]FIGURE 7 | Cumulative oil production of interlayer under different rhythm permeability difference (a) Interlayer positive rhythm (b) Interlayer inverted rhythm (c) Interlayer composite rhythm.3.2.3 Physical model for oil saturation and reservoir thickness
The reservoir is modeled as a 200 m × 200 m × 29 m cuboid, accounting for thickness, interlayers, and oil saturation.
The physical model has layers of 2m, 5m, 8m, and 11 m from top to bottom. Permeability is 11mD in the X and Y directions and 0.1mD in the Z direction, with a porosity of 0.15. Oil saturation values are 55%, 60%, 70%, 80%, and 85%.
The reservoir simulation results display cumulative oil production for different oil saturation levels and reservoir thicknesses, using data collected 5 days before production. Figure 8 shows the correlation between oil saturation and single-well oil production. Figure 8a shows a power function relationship between oil saturation and cumulative oil production. While the exponent remains nearly constant with reservoir thickness, the variable x changes significantly, indicating that thicker reservoirs yield higher cumulative production. Figure 8b demonstrates a linear increase in cumulative production with reservoir thickness, where higher oil saturation produces a steeper slope.
[image: Two line charts present cumulative oil production in relation to oil saturation and reservoir thickness. Chart (a) plots cumulative oil production against oil saturation for four reservoir thickness values, showing higher production with increasing thickness and saturation. Chart (b) plots cumulative oil production against reservoir thickness for six oil saturation values, demonstrating a trend of increased production as both variables rise. Both charts use colored markers and lines for differentiation.]FIGURE 8 | The influence of oil saturation and reservoir thickness on single well oil production (a) The oil saturation (b) The reservoir thickness.4 MACHINE LEARNING-BASED PRODUCTION PREDICTION METHODS
This section presents two machine-learning models for production prediction: one based on the K-nearest neighbor (KNN) algorithm and the other on the back-propagation (BP) algorithm. The detailed procedures are illustrated in Figure 9 and are described as follows:
[image: Flowchart depicting the FZI method process: starts with FZI method, splits into standard, permeability model, reservoir types, and calculation; proceeds to production factors, Pearson and grey relational analysis, variables (permeability, porosity, oil saturation), production allocation, machine learning, four reservoir types, KNN and BP models, model validation, error analysis, and model selection.]FIGURE 9 | Process of machine learning production prediction method based on reservoir classification.(1) Reservoir Classification: According to the reservoir classification criteria of the flow zone indicator (FZI) method (Table 1), the reservoir type of each sublayer in the single well sublayer is identified. (2) Effective Permeability Calculation: Based on the reservoir classification results (Table 1), the effective permeability of each layer is determined using the permeability models (Table 2) specific to different reservoir types. (3) Training Variable Selection: Effective permeability, porosity, and oil saturation are selected as the training variables for the machine learning production prediction method, based on the Pearson correlation analysis results of key production factors. (4) Production Allocation Using the KH Method: The formation coefficient (KH) method is employed to split production based on the effective permeability and effective thickness of each layer in the single well sublayer. (5) Construction of the KNN and BP Production Prediction Model: A KNN-based production prediction model is built to estimate output for four reservoir types, followed by a BP-based model for the same reservoirs. (6) Model Verification: The accuracy and reliability of the constructed models are verified through validation techniques. (7) Error Analysis: A thorough error analysis is conducted to assess the differences between the predicted and actual production values. (8) Model Selection: The most suitable model is selected based on the results of the verification and error analysis.
This structured approach ensures a comprehensive evaluation and selection of the best machine learning model for accurate production prediction.
4.1 Main factors controlling oil well production
4.1.1 Pearson correlation analysis
The Pearson correlation coefficient is (Tong et al., 2024; Tian et al., 2024; Wang et al., 2020):
Px,y=covx,yσxσy(7)
where Px,y: Pearson correlation coefficient, px,y∈ [-1, 1]; cov (x, y): covariance of x and y; σx: variance of x; σy: variance of y.
The greater the Pearson correlation coefficient, the stronger the correlation between the two variables (Table 6).
TABLE 6 | Pearson correlation coefficient division.	|Px, y|	[0.0, 0.2]	[0.2, 0.4]	[0.4, 0.6]	[0.6, 0.8]	[0.8, 1.0]
	Correlation	None	Weak	Medium	Strong	Extra-strong


Pearson correlation coefficients, calculated using Equation 7 for ten wells of Weixinan Sag, reveal the relationship between seven production factors (effective permeability, porosity, oil saturation, argillaceous content, skin coefficient, viscosity, and well radius) and production (Figure 10a). The ranking of these factors is illustrated in Figure 10b.
[image: Panel (a) shows a heatmap correlation matrix with color gradients representing correlation coefficients between variables Kc, φ, SH, S, μc, rw, and Jm; values and a color bar are displayed. Panel (b) displays a bar chart with production factors on the x-axis and corresponding |Rxy| values on the y-axis, illustrating the strength of association, with Kc showing the highest value at 0.91 and μc and rw the lowest.]FIGURE 10 | The Pearson correlation analysis results (a) Heat map of Pearson correlations (b) Ranking of production factors.Based on Table 6, with |Px,y|≥0.5 as the standard, the key production factors of Weixinan Sag are effective permeability, porosity and oil saturation.
4.1.2 Grey relational analysis
Grey correlation analysis assesses factor correlation by comparing the similarity of their development trends. Using specific oil production as the reference sequence, seven production factors (effective permeability, porosity, oil saturation, shale content, skin factor, viscosity, and well radius) are compared. Production factors are averaged to mitigate dimensional influences (Equation 8):
xik=xikavexi(8)
Where ave (xi): the mean of xi.
The formula of grey correlation coefficient is:
ζik=mini⁡mink⁡Δik+ρ⁡maxi⁡maxk⁡ΔikΔik+ρ⁡maxi⁡maxk⁡Δik(9)
Where ζi (k): grey correlation coefficient; mini: the minimum value of i; mink: the minimum value of k; Δi (k): sequence difference, Δik=x0k-xik; ρ: resolution coefficient, ρ = 0.5; maxi: the maximum value of i; maxk: the maximum value of k.
The formula of grey correlation degree is Equation 10:
ri=1n∑knζik(10)
The grey correlation coefficient is calculated using Equation 9, and the results are weighted to obtain the grey correlation degree. A higher grey correlation degree indicates a stronger correlation with the reference column. Table 7 shows the ranking of the seven production factors based on their grey correlation degrees.
TABLE 7 | Ranking of Grey relational analysis.	Production factors	Grey correlation degree	No.
	Effective permeability	0.908	1
	Oil saturation	0.815	2
	Porosity	0.814	3
	Viscosity	0.813	4
	Shale content	0.812	5
	Well radius	0.806	6
	Skin factor	0.684	7


For the seven production factors, the correlation between effective permeability and specific production index is the highest (0.908), followed by oil saturation (0.815) and porosity (0.814).
4.1.3 Optimization of main production factors
Based on Pearson correlation analysis and grey correlation analysis, the comparison results of the ranking of production factors are as shown in Table 8, and the results obtained by the two analysis methods are basically the same. The key production factors of Weixinan Sag are effective permeability, porosity and oil saturation.
TABLE 8 | Comprehensive ranking of main production factors.	Production factors	Pearson correlation analysis	Grey correlation degree
	Effective permeability	1	1
	Oil saturation	3	2
	Porosity	2	3
	Viscosity	6	4
	Shale content	4	5
	Well radius	7	6
	Skin factor	5	7


4.2 Production allocation method
After the oil test, only the total production of the test interval is obtained. Since a test interval typically consists of multiple sublayers with different contributions to total production, production allocation is required to quantify the contribution of each sublayer.
The formation coefficient method (KH method) is a widely used method for production allocation (Yang et al., 2018). Its calculation formula is:
Yi=Kihi∑i=1nKihi(11)
where Yi: formation coefficient, dimensionless; ki: dynamic permeability of the i-th layer, mD; hi: effective thickness of the i-th layer, m.
It can be seen from Equation 11 that the larger the product of the dynamic permeability of the reservoir and the effective thickness, the higher the contribution of the layer in the total production.
The allocated production of each layer can be calculated as follows (Yang et al., 2018):
qi=qo×Yi=qo×Kihi∑i=1nKihi(12)
where qi: production of the i-th layer after splitting, m3/d.
Using the DST1 interval of Well X12-1S-1 in Weixinan Sag as an example (Equation 12), the total production is 10.40 m3/d. As shown in Table 9, the production allocation aligns with reservoir classification: higher-quality reservoirs contribute more, while the IV reservoir contributes almost nothing.
TABLE 9 | Production allocation results of well X12-1S-1.	Top	Bottom	h	Reservoir type	Yi	qi
	m	m	m	f	m3/d
	3160.4	3162.1	1.7	IV	0.002	0.02
	3162.1	3163.5	1.4	II	0.15	1.56
	3163.5	3165.7	2.2	IV	0.01	0.1
	3165.7	3167.4	1.7	II	0.139	1.44
	3167.4	3168.9	1.5	III	0.013	0.14
	3169.41	3169.9	0.49	IV	0.001	0.01
	3169.9	3170.69	0.79	II	0.051	0.54
	3170.69	3172.6	1.91	IV	0.004	0.04
	3172.6	3180.4	7.8	II	0.63	6.56


4.3 Production prediction model
4.3.1 Data normalization
To eliminate the influence of differences in variable magnitude and dimension, the selected variables were normalized using Min–Max normalization, as expressed in Equation 13:
x′=x−xminxmax−xmin(13)
where x′ is the normalized production-controlling factor (dimensionless), x is the original factor, and xmin and xmax are the minimum and maximum values of that factor, respectively. The specific normalizations for permeability, porosity, and oil saturation are as follows Equations 14–16:
Ke′=K−Ke,⁡minKe,⁡max−Ke,⁡min(14)
ϕ′=ϕ−ϕminϕmax−ϕmin(15)
So′=So−So,⁡minSo,⁡max−So,⁡min(16)
This preprocessing step was necessary because the input variables differ in physical meaning and numerical scale, and unscaled features may affect distance calculation in the KNN model as well as training efficiency and convergence behavior in the BP neural network.
4.3.2 K-nearest neighbor (KNN) algorithm
The K-nearest neighbor algorithm is a fundamental supervised learning method in machine learning (Niu et al., 2022; Liu et al., 2023; Wang et al., 2021). It works by training a model on labeled data, then classifying new data points based on their similarity to known samples. The approach measures distance between points to determine similarity, assigning each new sample to the category of its nearest neighbors.
To construct a production prediction model using the K-nearest neighbor algorithm, we first establish a training set using key production factors. Based on Pearson correlation analysis in the Weixinan Sag, effective permeability, porosity, and oil saturation are identified as the main production-controlling factors. Therefore, these three variables are used to form the training set. The selected production-controlling factors were normalized before KNN modeling using the preprocessing procedure described in Section 4.3.1.
Then, construct training data with known categories. Based on the three key production controlling factors, create three-dimensional vector training sets for I, II, III, and IV reservoirs, respectively (Equation 17).
xn=Kom′,φm′,Som′(17)
Euclidean distance measures the distance between variables and is a specific case of Minkowski distance where P = 2 (Niu et al., 2022; Liu et al., 2023; Wang et al., 2021).
The Mankowski distance (Equation 18):
dx,y=∑i=1mxi−yip1p(18)
The Euclidean distance (Equation 19):
dx,y=∑i=1mxi−yi2(19)
To ensure the generalization capability of the KNN model and mitigate the risk of overfitting, a well-based 5-fold cross-validation procedure was implemented to determine the optimal value of the hyperparameter K (number of nearest neighbors). Specifically, tested-interval samples from ten test wells in the Weixinan Sag—including X11-6-5d, X6-3-2, X11-2-2, X11-2-3, X11-8-1, X12-1S-1, X12-1W-1, X6-3-1, X12-1-3, and X11-8-2—were utilized as the dataset. These wells were divided into five mutually exclusive subsets. In each validation round, the tested-interval samples from one subset of wells were used as the validation set, while the samples from the remaining wells constituted the training set. KNN models with varying values of K (K ∈{1, 2, 3, 4, 5}) were then constructed, and their predictive performances were evaluated using the coefficient of determination (R2), mean absolute error (MAE), and mean squared error (MSE). This procedure was repeated across all five folds, and the arithmetic mean of the evaluation metrics from the validation rounds was calculated to represent the model’s overall performance for each K setting. As summarized in Table 10, comparing the averaged validation results across different K values reveals that the model achieved the optimal bias-variance trade-off at K = 3. Therefore, K = 3 was selected as the final model parameter for subsequent production prediction.
TABLE 10 | Optimization results of KNN hyperparameter based on 5-fold cross-validation average metrics.	Reservoir type	Evaluating indicator	K = 1	K = 2	K = 3	K = 4	K = 5
	I	R2	0.2256	0.3178	0.3480	0.3245	0.2763
	MAE	0.1458	0.1335	0.1302	0.1329	0.1468
	MSE	0.2546	0.2103	0.1954	0.1985	0.2254
	II	R2	0.7895	0.8346	0.8620	0.8492	0.8164
	MAE	0.0241	0.0203	0.0186	0.0195	0.0235
	MSE	0.0014	0.0009	0.0008	0.0010	0.0011
	III	R2	0.4819	0.5633	0.5851	0.5744	0.5301
	MAE	0.0077	0.0062	0.0056	0.0059	0.0065
	MSE	0.0002	0.0001	0.0001	0.0002	0.0003
	IV	R2	0.7283	0.8012	0.8213	0.8122	0.7840
	MAE	0.0002	0.0001	0.0001	0.0001	0.0002
	MSE	0.0002	0.0002	0.0001	0.0001	0.0003


4.3.3 Back-propagation (BP) algorithm
Back-propagation is a supervised learning algorithm used to train multilayer feedforward neural networks (Bai et al., 2024; Zhang et al., 2024; Wu et al., 2020). It adjusts model weights to minimize the difference between predicted and actual outputs, thereby improving the accuracy of the non-linear prediction function.
The process of constructing a production prediction model using the backpropagation algorithm involves the following steps:
First, the training and test sets are constructed based on the main production-controlling factors, namely effective permeability, porosity, and oil saturation. Both the training and test sets were preprocessed using the normalization procedure described in Section 4.3.1 before BP model construction. Then, initial prediction function models are constructed separately for the four reservoir types: I, II, III, and IV.
Next, the model weights are iteratively updated during the training process. The hidden-layer transformation can be expressed as follows (Equation 20):
Hi=g∑i=1nωijxi+αj(20)
where w: weight; α: bias, assuming that the model has j layers, j = 1, 2, 3, … … , l and each layer has i weights; wij: the i weight of the j layer, and each layer shares a bias αj.
The prediction performance is assessed after each weight update, with the coefficient of determination R2 serving as the evaluation criterion for the model’s predictive accuracy (Equation 21).
R2=1−∑i=1Nyi^−yi2∑i=1Nyi¯−yi2(21)
where R2: the coefficient of determination, that is, the degree of interpretation of the variance variable, the closer R2 is to 1, the closer the predicted production is to the real production; N: mber of samples; yi: actual value; yi^: predictive value; yi¯: the average of the true value.
In BP neural networks, the sigmoid function is a commonly used activation function. It maps arbitrary real-valued inputs into the interval between 0 and 1 and is differentiable, making it suitable for gradient-descent-based optimization of network parameters. The expression of the sigmoid function is given in Equation 22, and its functional curve is shown in Figure 11.
σx=11+e−x(22)
[image: Line graph showing a sigmoid or logistic function, starting near zero for negative x values, increasing steeply around x equals zero, and leveling off near one for positive x values.]FIGURE 11 | Sigmoid activation function.During the training process, the input data are first fed into the neurons of each layer. The output of each neuron is then calculated from the corresponding connection weights and thresholds. These outputs are subsequently passed to the next layer as input, and this process continues layer by layer until the final prediction is generated at the output layer. For the training set the D=xk,ykk=1,N training of the BP neural network can be formulated as an optimization problem, as shown in Equation 23.
min⁡EW,b=12n∑k=1n∑i=1jyi−yi^ 2(23)
Here, W: the weight matrix; b: the bias vector; y^i : the predicted value of the i-th sample; yi: the actual value of the i-th sample, and n: the number of samples.
To evaluate the prediction accuracy and generalization performance of the BP neural network model in production prediction, the root mean square error (RMSE) and the coefficient of determination R2 were selected as the main evaluation metrics. RMSE reflects the overall magnitude of the prediction error between predicted and observed values, whereas R2 measures the degree of correlation between the model output and the target value. When the RMSE of the test data is low and the R2 value is close to 1, the model is considered to have good predictive performance; otherwise, further adjustment is required. The formulas for RMSE and R2 are given in Equations 24, 25, respectively.
RMSE=1N∑i=1nyi−xi2(24)
R2=1−∑i=1nyi−xi2∑i=1nyi−y¯2(25)
In these equations, yi is the actual production of the i-th sample, n is the number of samples, y^i is the production predicted by the BP neural network for the i-th sample, and yˉ is the average actual production of all samples.
After multiple rounds of training, the weights that yield the best prediction performance are selected and loaded into the model. The input layer receives three-dimensional data, and the production prediction value is ultimately output from the output layer through the hidden layer.
The BP neural network used in this study consisted of an input layer, a hidden layer, and an output layer. The input variables were effective permeability, porosity, and oil saturation; therefore, the numbers of neurons in the input layer, hidden layer, and output layer were 3, 7, and 1, respectively. The network was trained using the Sigmoid function. The learning rate was set to 0.0001, the maximum number of training epochs was 2000, and the target error was 0.0001. Before training, the input and output data were normalized, and the trained network was then used for production prediction.
4.4 Validation and optimization
The coefficient of determination (R2), mean absolute error (MAE), and mean squared error (MSE) are statistical metrics used to evaluate algorithm performance (Li et al., 2024).
The mean absolute error (Li et al., 2024) (Equation 26):
MAE=1n∑i=1nyi−yi^(26)
where MAE: the average absolute error, that is, indicating prediction deviation, and lower MAE signifies greater prediction accuracy; n: the number of samples; yi: the actual value; yi^: the predicted value.
The mean squared error (Li et al., 2024) (Equation 27):
MSE=1n∑i=1nyi−yi^2(27)
where MSE: mean square error, the average squared difference between predicted and actual values, and lower MSE indicates higher prediction accuracy.
Table 11 and Figure 12 present the effect evaluation of two machine learning-based production prediction models for the Weixinan Sag.
TABLE 11 | Evaluation results of two machine learning algorithms in the Weixinan Sag.	Reservoir type	Machine learning algorithm	Evaluating indicator
	R2	MAE	MSE
	I	KNN	0.348	0.1302	0.1954
	BP	0.9497	0.0498	0.0061
	II	KNN	0.862	0.0186	0.0008
	BP	0.9195	0.0156	0.0005
	III	KNN	0.5851	0.0056	0.0001
	BP	0.9224	0.0025	0.0001
	IV	KNN	0.8213	0.0001	0.0001
	BP	0.6381	0.0002	0.0001


[image: Four scatter plots labeled a, b, c, and d compare predicted versus actual production values in meters cubed per day per megapascal, using K-nearest neighbor and back propagation models. Each plot features a 45-degree reference line, showing clustering along this line indicating model prediction accuracy, with axes and series clearly labeled.]FIGURE 12 | Effect evaluation of two machine learning algorithms in the Weixinan Sag (a) The I reservoir (b) The II reservoir (c) The III reservoir (d) The IV reservoir.In I reservoirs (Table 10, Figure 12a), the actual specific oil production index ranges from 0.0239 to 2.5906 m3/d/MPa, averaging 0.2255 m3/d/MPa. The K-nearest neighbor algorithm predictions within this range are 0.0388–0.6235 m3/d/MPa, with an average of 0.1275 m3/d/MPa (R2 = 0.3480, MAE = 0.1302, MSE = 0.1954). The back-propagation algorithm predicts oil production ranging from 0.0233 to 2.3176 m3/d/MPa, with a mean of 0.2167 m3/d/MPa. Performance metrics indicate that: R2 = 0.9497AE = 0.0498, and MSE = 0.0061.
In II reservoirs (Table 10, Figure 12b), the actual specific oil production index ranges from 0.0009 to 0.2653 m3/d/MPa, averaging 0.0514 m3/d/MPa. The K-nearest neighbor algorithm predictions within this range are 0.0038–0.1972 m3/d/MPa, with an average of 0.0491 m3/d/MPa (R2 = 0.8620, MAE = 0.0186, MSE = 0.0008). The back-propagation algorithm predicts oil production ranging from 0.0023 to 0.2469 m3/d/MPa, with a mean of 0.0513 m3/d/MPa (R2 = 0.9195, MAE = 0.0156, MSE = 0.0005).
In III reservoirs (Table 10, Figure 12c), the actual specific oil production index ranges from 0.0001 to 0.0404 m3/d/MPa, averaging 0.0103 m3/d/MPa. The K-nearest neighbor algorithm predictions within this range are 0.0001–0.0301 m3/d/MPa, with an average of 0.0113 m3/d/MPa (R2 = 0.5851, MAE = 0.0056, MSE = 0.0001). The back-propagation algorithm predicts oil production ranging from 0.0007 to 0.0346 m3/d/MPa, with a mean of 0.0107 m3/d/MPa (R2 = 0.9224, MAE = 0.0025, MSE = 0.0001).
In IV reservoirs (Table 10, Figure 12d), the actual specific oil production index ranges from 0.0001 to 0.0017 m3/d/MPa, averaging 0.0002 m3/d/MPa. The K-nearest neighbor algorithm predictions within this range are 0.0001–0.0023 m3/d/MPa, with an average of 0.0003 m3/d/MPa (R2 = 0.8213, MAE = 0.0001, MSE = 0.0001). The back-propagation algorithm predicts oil production ranging from 0.0001 to 0.0018 m3/d/MPa, with a mean of 0.0004 m3/d/MPa (R2 = 0.6381, MAE = 0.0002, and MSE = 0.0001).
Overall, back-propagation outperformed the other algorithm in predicting test production for low-permeability to tight reservoirs in the Weixinan Sag.
4.5 Application
Wells X6-3-7 and X-6 serve as model application wells. Table 12 presents reservoir classification and dynamic/static parameter conversion results for two wells. In well X6-3-7, within the perforated interval (3551.20m–3621.38 m), III reservoirs dominate. Specifically, there are no I reservoirs; II reservoirs constitute 8% (cumulative thickness: 4.62 m); III reservoirs constitute 54% (cumulative thickness: 33.99 m); and IV reservoirs constitute 38% (cumulative thickness: 2.76 m). In well X-6, within the perforated interval (2929.06m–3010.68 m), III reservoirs dominate. Specifically, there are no I reservoirs; II reservoirs constitute 13% (cumulative thickness: 2.9 m); III reservoirs constitute 56% (cumulative thickness: 13.35 m); and IV reservoirs constitute 31% (cumulative thickness: 3.20 m).
TABLE 12 | Reservoir classification and dynamic/static parameter conversion results of two wells.	Well	Sublayer depth interval	h	Reservoir type	φ	Ke	So
	Top	Bottom
	m	m	m	%	mD	%
	X6-3-7	3551.2	3551.79	0.59	III	8.04	0.636	9.429
	X6-3-7	3551.79	3556.41	4.62	II	12.4	15.358	55.02
	X6-3-7	3556.41	3556.89	0.48	IV	1.51	0.001	0
	X6-3-7	3557.2	3560.68	3.48	III	13.31	3.038	42.531
	X6-3-7	3560.68	3561.46	0.78	IV	6.33	0.261	0
	X6-3-7	3567.33	3568.13	0.8	IV	3.48	0.029	0
	X6-3-7	3568.13	3571.97	3.84	III	12.45	2.466	55.292
	X6-3-7	3576.85	3577.1	0.25	IV	3.24	0.022	0
	X6-3-7	3577.1	3581.96	4.86	III	14.87	4.278	61.239
	X6-3-7	3581.96	3582.41	0.45	IV	4.43	0.071	0
	X6-3-7	3584.28	3588.3	4.02	III	13.34	3.056	52.17
	X6-3-7	3596.93	3600.03	3.1	III	11.2	1.779	50.511
	X6-3-7	3607.28	3621.38	14.1	III	11.85	2.115	55.075
	X-6	2929.06	2930.91	1.85	III	11.51	1.933	11.783
	X-6	2935.46	2936.1	0.64	IV	3.33	0.025	4.629
	X-6	2936.1	2937.83	1.73	III	12.9	2.754	25.339
	X-6	2961.61	2962.73	1.12	IV	5.6	0.167	8.024
	X-6	2962.73	2964.19	1.46	III	9.86	1.199	27.248
	X-6	2974.34	2974.7	0.36	IV	4.19	0.057	0
	X-6	2974.7	2976.7	2	II	15.21	30.831	34.978
	X-6	2976.7	2976.88	0.18	IV	2.72	0.012	0
	X-6	2989.41	2991.11	1.7	III	6.57	0.341	1.831
	X-6	2991.46	2993.51	2.05	III	11.03	1.693	14.957
	X-6	2996.54	2997.87	1.33	III	11.53	1.946	19.478
	X-6	2997.87	2998.77	0.9	IV	9.05	0.974	9.968
	X-6	2999.61	3001.69	2.08	III	12.18	2.307	19.534
	X-6	3008.63	3009.1	0.47	III	7.2	0.452	4.36
	X-6	3009.1	3010	0.9	II	13.23	19.167	44.363
	X-6	3010	3010.68	0.68	III	7.49	0.51	11.358


According to Table 12, the data of the same type of reservoir are combined by thickness weighting, and the prediction results obtained using the machine-learning-based back-propagation model are shown in Table 13.
TABLE 13 | Production prediction results of two wells based on back-propagation algorithm.	Well	Reservoir type	h	J’os	qp	qa	Error
	m	m3/d/MPa	m3/d	m3/d	%
	X6-3-7	I	0	0	14.33	12.48	14.84%
	II	4.62	0.038
	III	33.99	0.009
	IV	2.76	0
	X-6	I	0	0	14.51	11.64	24.62%
	II	2.9	0.17
	III	13.35	0.013
	IV	3.2	0.004


5 DISCUSSION
Compared with conventional production prediction methods, production prediction in offshore low-permeability to tight reservoirs is more challenging because of strong heterogeneity, limited well-test data, and multilayer commingled production. Traditional empirical formulas and single-factor approaches often rely on simplified assumptions and cannot adequately capture the combined effects of reservoir quality, dynamic seepage characteristics, and engineering factors. Although numerical simulation methods are physically meaningful, they are still sensitive to model assumptions, boundary settings, and parameter uncertainties. In contrast, purely data-driven approaches are constrained by sample size, data representativeness, and the quality of input parameters.
To address these challenges, this study developed an integrated workflow that combines reservoir classification, dynamic–static parameter conversion, dominant-factor identification, production allocation, and machine-learning-based prediction. The results indicate that reservoir classification provides an effective basis for distinguishing the production contributions of different reservoir types. Furthermore, effective permeability, porosity, and oil saturation were identified as the main factors controlling single-well productivity in the study area. The dynamic–static permeability conversion models also improved the consistency between well-logging-derived and well-test-derived parameters, which is important for subsequent production prediction.
The better performance of the BP model may be attributed to its stronger ability to approximate nonlinear mappings between reservoir parameters and productivity. In contrast, the KNN model relies on local similarity in the feature space and is therefore more sensitive to sample distribution, data sparsity, and local fluctuations. Under the present dataset, which is characterized by limited sample size and strong heterogeneity among reservoir types, the BP model appears to provide a more robust representation of the relationship between production-controlling factors and productivity.
The present results further suggest that the applicability of different prediction methods is not identical. Under the current dataset, physics-based and statistical interpretations remain important for production evaluation, whereas machine-learning models can provide useful supplementary predictive capability after reservoir-type-specific classification and parameter screening. Among the evaluated algorithms, the BP model showed better overall predictive performance than the KNN model under the present dataset. However, the performance of machine-learning-based prediction remains constrained by sample size and data representativeness, and the relevant conclusions should therefore be interpreted with appropriate caution. In addition, the dynamic–static parameter conversion relationships and the numerical simulation results in this study are established under the geological conditions and parameter settings of the study area, and their direct application to other offshore blocks may require recalibration and further validation.
From an engineering perspective, the proposed workflow is useful not only for production prediction of offshore test wells, but also for reservoir quality evaluation, sublayer-level production interpretation, and productivity-enhancement decision-making. The results show that higher-quality reservoir types make a greater contribution to total production, whereas lower-quality reservoirs contribute little under the current development conditions. This provides a practical basis for identifying favorable test intervals and selecting appropriate stimulation strategies for offshore low-permeability to tight reservoirs. Although a detailed economic evaluation is beyond the scope of this study, improved production prediction accuracy may still have practical economic value by reducing uncertainty in test-well evaluation, supporting the selection of more favorable intervals, and helping avoid ineffective engineering measures. In this way, the proposed workflow may contribute to more efficient use of testing and stimulation resources in offshore low-permeability to tight reservoirs. Future work should focus on expanding the dataset, comparing alternative validation strategies and prediction methods, and testing the applicability of the proposed workflow in other offshore blocks.
6 CONCLUSION
Reservoir dynamic classification enables production allocation for all reservoir types. Subsequently, a back-propagation (BP) model predicts production for each type within offshore low-permeability to tight reservoirs, clarifying their individual contributions to total well production. The main conclusions are as follows.
	This study established an integrated workflow for offshore test wells in low-permeability to tight reservoirs, encompassing reservoir classification, dynamic–static parameter conversion, dominant-factor identification, production allocation, and productivity prediction. This workflow strengthens the linkage between reservoir characterization and productivity evaluation.
	Reservoir classification based on the Flow Zone Indicator (FZI) method was shown to be effective in distinguishing reservoir quality and their contributions to total production. The results indicate a positive relationship between reservoir quality and production contribution, with Types II and III making the dominant contribution, whereas Type IV contributed little under the current conditions.
	Numerical simulation and statistical analysis indicate that effective permeability, porosity, and oil saturation are the principal factors controlling single-well productivity in the study area. Among these factors, permeability has the strongest influence on cumulative oil production.
	Under the current dataset, the back-propagation (BP) neural network showed better overall predictive performance than the K-nearest neighbor (KNN) model after reservoir-type-specific classification and parameter screening. However, the performance of machine-learning-based prediction remains constrained by sample size and data representativeness. Future work should focus on expanding the dataset, comparing alternative validation strategies and prediction methods, and testing the applicability of the proposed workflow in other offshore blocks.
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GLOSSARY
ave(xi) the mean of xi
cov (x, y) the covariance of x and y
Fs the shape coefficient
FZI the flow zone indicator, dimensionless
f the prediction function
h the effective thickness, m
hi the effective thickness of the i-th layer, m
J’os the predicted specific production index, m3/d/MPa
K the permeability, mD
Ki the dynamic permeability of the i-th layer, mD
Ke the effective permeability, mD
Ke,min the maximum permeability, mD
Ke,min the minimum permeability, mD
k the key production factor
k' the normalized key production factor, dimensionless
kmax the maximum value of the key production factor
kmin the minimum value of the key production factor
Komn the permeability gradient, dimensionless
MAE the average absolute error
MSE the mean square error
maxi the maximum value of i
maxk the maximum value of k
mini the minimum value of i
mink the minimum value of k
n the number of samples
Px,y the Pearson correlation coefficient
qa the actual specific oil production, m3/d
qi the production of the i-th layer after splitting, m3/d
qp the predicted production, m3/d
R2 the coefficient of determination
RQI the reservoir quality index, dimensionless
rw the well radius, m
S the skin coefficient
Sgv the unit volume particle surface area, μm2
SH the argillaceous content, %
So the oil saturation, %
w the weight
wij the i weight of the j layer
x1, x2, x3 the normalized characteristic parameters
Yi the formation coefficient, dimensionless
y the production prediction value
yi the actual value
yi^ the predicted value
yi¯ the average of the true value
α the bias
μo the viscosity, MPas
τ the tortuosity of porous media
φ the porosity, %
φe the effective porosity, %
φz the normalized porosity, %
σx the variance of x
σy the variance of y
Δi(k) the sequence difference
ζi(k) the grey correlation coefficient
ρ the resolution coefficient, ρ = 0.5
Ji the production contribution ratio of the i-th layer
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