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Abstract 

We present an innovative approach to simulating flow tests of production wells operating in clastic reservoirs of oil 

fields in the Perm Region. To solve this issue, modern machine learning solutions (CatBoost, Random Forest, 

XGBoost, MLP, Gradient Boosting, etc.) were used, which allowed achieving high prediction accuracy. The main 

parameter for simulating and research is bottomhole pressure at various stages of its recovery during well flow 

testing. The use of the SHAP model interpretation method for the first time made it possible to assess the impact of 

geotechnical parameters on bottomhole pressure and identify key ones among them. Analysis of the bottomhole 

pressure recovery prediction model sensitivity to changes in initial parameters made it possible to evaluate the  

degree of their influence on the pressure recovery curves (PRC). The uniqueness of the proposed approach lies in 

studying the significance of parameters at various time stages of bottomhole pressure recovery during flow testing, 

which allows for a more detailed understanding of the processes occurring under formation conditions. The proposed 

algorithms made it possible to simulate PRC that are as close as possible to actual data, as well as to study the 

dynamics of permeability of the remote formation zone in real time. This approach opens up new horizons in simu-

lating flow tests and allows for highly detailed and timely assessment of formation filtration properties across the 

entire production well stock simultaneously. The process engineering solution is aimed at promptly assessing filtra-

tion parameters of remote formation zones and provides the ability to monitor permeability changes, which helps to 

timely identify areas of reduced oil inflow and develop measures to restore well productivity. This approach signifi-

cantly reduces economic risks associated with conducting expensive field tests while ensuring reliability and validity 

of predicted indicators with minimal resource and time costs. 
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Introduction 

Formation permeability and the bottomhole zone (BZ) state are key factors determining the  

efficiency of oil and gas production [1, 2]. The prediction and monitoring of these parameters allow 

optimizing field development [3], preventing operational complications during exploitation, and in-

creasing the overall hydrocarbon recovery factor [4, 5]. 

Existing methods for determining permeability have numerous drawbacks. Empirical correla-

tions depend on statistical relationships between core permeability measurements and petrophysical 

properties, making them unsuitable for application in various geological conditions [6, 7]. The Flow 
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Zone Indicator (FZI) method requires extensive core material analysis, resulting in a lengthy process, 

and the obtained results may not fully reflect the properties of the remote formation zone [8, 9]. Tra-

ditional methods based on empirical correlations for permeability estimation using petrophysical data 

often lead to inaccuracies, uncertainties, and can be time-consuming and expensive [10, 11]. Permea-

bility prediction using machine learning interpretation of logging data is being actively studied,  

characterizing formation properties in close proximity to the wellbore [12-14]. Predicting permeability 

through image analysis and void space information using machine learning methods shows promise. 

However, this approach requires core samples and does not allow evaluating properties in remote 

formation zones [15]. 

One of the primary methods for assessing formation filtration parameters is the interpretation of 

well flow testing (WFT) under unsteady flow conditions using pressure recovery curves (PRC) and 

level recovery tests (LRT). The specific features of these methods include prolonged well shutting-in 

and associated reduction in oil production [16]. Accurate prediction of remote formation permeability 

is complicated by the peculiarities of WFT interpretation. It is necessary to identify the reasons for 

the low quality of a significant number of WFT in the Perm Region: 

• difficulty in isolating the plane-radial flow section due to wellbore influence;  

• insufficient duration of the testing period [17];  

• impact of constant pressure boundary;  

• well interference effects;  

• low resolution of the telemetry system (TMS).  

With the increasing application of downhole pressure sensors [18], it has become possible to 

widely utilize the pressure stabilization method (PSM) [19]. However, not all wells are equipped 

with TMS, which complicates the monitoring of reliable bottomhole pressure dynamics. Cases of 

abrupt changes and prolonged interruptions in pressure recording are observed. Another widely 

used method is decline curve analysis, also known as production history analysis (PHA). This  

empirical method is utilized for estimating hydrocarbon production, evaluating formation filtration 

parameters and well condition (skin factor). This procedure has several drawbacks: requirement  

for stable operation of neighbouring wells, uncertainty of filtration regimes in multilayer reservoirs 

with multiple types of void spaces, fluctuations in key parameters [20, 21]. The main advantages 

of PSM and PHA methods include the absence of the need to shut wells in. However, extending  

the duration of studies leads to uncertainty regarding the emergence of indirect factors and limita-

tions [22]. 

Machine learning methods for estimating formation permeability are being actively studied and 

improved. The use of artificial neural networks (ANN) in studies [23-25] for permeability prediction 

showed better metrics compared to multiple linear regression (MLR) and multiple nonlinear regres-

sion (MNLR). The authors of [26] proposed an evolving ANN with a genetic algorithm (GA) opti-

mizer, achieving higher accuracy than a standard ANN. Study [27] employed a combination of MLP 

(Multilayer Perceptron), RBF (Radial Basis Function), and GRNN (Generalized Regression Neural 

Network) networks optimized using GA, which improved prediction accuracy. The authors of [28] 

investigated PSO (Particle Swarm Optimization) and SSD (Social Ski-Driver) algorithms for per-

meability prediction, finding that the MLP-SSD model demonstrated the highest accuracy after fea-

ture selection using the SHAP (Shapley Additive Explanations) library. This library was also applied 

in studies [29, 30] for feature selection and interpretation, with the PSO-XGBoost model showing the 

best results. 

Despite the promising nature of ANN, there is a significant issue of slow convergence – the 

training rate determines how quickly the model adapts to the task. A high training rate can lead to 

suboptimal solutions, while a low rate can slow down the convergence process, i.e., the adjustment 

of model weights to minimize error. Study [31] presents a solution to this issue using a Modular 
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Neural Network (MNN) model. The use of an RBF Neural Network [32] provided faster permea-

bility prediction based on porosity compared to a standard fully connected network. Study [33] 

combines ANN with fuzzy logic, where the combination of their advantages resulted in improved 

permeability prediction accuracy compared to using the models separately. Work [34] utilized  

Nuclear Magnetic Resonance (NMR) in combination with logging data to enhance permeability 

prediction metrics. The application of a Functional Network (FN) [35] provided better results com-

pared to ANN and regression methods. Researchers [36] employed Relevance Vector Regression 

(RVR) with GA optimization, which outperformed the Support Vector Machine (SVM) model.  

In [37], fuzzy logic was applied for effective permeability prediction. The proposed clustering tech-

nique confirmed its efficiency and accuracy. The author of [7] improved fuzzy logic through feature 

engineering for more accurate permeability predictions. This increased the coefficient of determi-

nation R2 to 0.76 compared to linear regression (0.04) and fuzzy logic without feature engineering 

(0.41). Research [38] compared MLP, Support Vector Regression (SVR), and MLR models, with 

MLP and SVR demonstrating high accuracy. In [39], the authors used Least Squares Support Vector 

Machine (LSSVM) and Multilayer Extreme Learning Machine (MELM) models optimized with 

Cuckoo Optimization Algorithm (COA), PSO, and GA for permeability prediction. The MELM-COA 

hybrid showed superior metrics (Root Mean Square Error, RMSE – 0.56) compared to LSSVM and 

MELM with PSO and GA optimizers, as well as Convolutional Neural Network (CNN) (RMSE 

ranging from 0.72 to 1.24). 

In [40], an ensemble machine learning model that demonstrated superior results compared to 

single configurations was proposed. The bagging method [15] for permeability prediction showed 

the best metrics. The application of ensemble models is also presented in several other studies [41-43]. 

The authors of [44] utilized an empirical formula and a new ensemble model for more accurate 

permeability prediction. The combination of SVM, ANN, and Adaptive Neuro-Fuzzy Inference Sys-

tem (ANFIS) models improved permeability prediction accuracy in heterogeneous oil fields [45]. 

Work [46] proposed a hybrid SVM-T2FL (Fuzzy Logic) with FN and feature selection, which 

demonstrated excellent permeability prediction model results. The authors of [47] proposed a 

unique MIRes (Multiple-Input deep Residual) CNN model for permeability prediction, utilizing the 

integration of digital and graphical data, which outperformed SIRes 1D-CNN, SIRes 2D-CNN (Sin-

gle-Input deep Residual one (two) Dimensional CNN), GMDH (Group Method of Data Handling). 

A hybrid model using Random Forest, Lasso Regularization, and XGBoost [43] was developed for 

permeability prediction. 

Analysis of scientific and technical literature demonstrates that the scientific community is  

actively developing machine learning (ML) methods for permeability estimation and prediction. 

However, most currently applied ML solutions rely on logging data [48]. The drawbacks of this  

approach include inability to estimate the average effective permeability of the well drainage zone, 

and requirement for up-to-date geophysical surveys on which the assessment is based. 

This study is the first to utilize significant Big Data sets from well testing (pressure recovery 

curves, operational parameters before well shutting-in for testing, geological and physical  

properties of the formation and oil) conducted throughout the entire operation history of clastic 

deposits in oil fields of the Perm Region. The uniqueness of this work lies in the development of  

an approach for predicting bottomhole pressure during recovery, which in the future eliminates 

peculiarities and interpretation errors. The presented algorithm allows for real-time simulating  

of the pressure recovery curve in a well, significantly accelerating the determination of filtration 

parameters and enabling coverage of the entire well stock. The proposed approach contributes  

to more efficient and economically rational field development, ensuring resource optimization  

and improved decision-making in oil production. We do not suggest completely eliminating  
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flow testing, as it serves its intended purposes, including model refinement. Synthetic tests are 

necessary for describing processes occurring in the formation and predicting engineering and eco-

nomic indicators. 

Methods 

A database of highly informative flow tests of clastic reservoirs in the Perm Region fields was 

formed. The following WFT were excluded from the sample: tests with significant interference from 

neighbouring wells, tests with low TMS resolution, tests with substandard bottomhole pressure re-

covery measurements. The proportion of WFT with these characteristics is approximately 15 %. 

Thus, the primary initial information for training consists of 85 % of all analysed WFT (≈3500), 

including well operational parameters, pressure recovery time, geological and physical properties of 

the formation and oil. Category features used include well profile (directional (DW), horizontal 

(HW), well completion procedure (hydraulic fracturing (HF), multi-stage hydraulic fracturing 

(MHF). Ranges of initial parameter variations: bottomhole pressure – 0.5-24 MPa; water cut –  

0-99.9 %; flow rate – 0.1-244.8 m3/day; formation volume factor – 1.0-1.7; formation compressibility – 

1.1-4.6 (MPa·104)–1; rock compressibility – 0.7-1.5 (MPa·104)–1; gas content – 1.2-1210 m3/t; oil 

compressibility – 2.5-26.2 (MPa·104)–1; oil density – 0.6-1.2 g/cm3; effective oil-saturated thickness – 

0.4-19.6 m; oil viscosity – 0.5-114.1 mPa·s; formation pressure – 1.9-24.9 MPa; porosity – 4.6-34 %; 

saturation pressure – 3.9-22.9 MPa; bottomhole pressure at recovery start – 0.1-23.3 MPa; recovery 

time – 0-265,047 min. For handling the category feature containing four unique values, the One-Hot 

Encoding (OHE) method was applied. It converts the category feature into several binary columns, 

each corresponding to one of the unique values of the original feature. The recommended CatBoost 

model automatically processes category features without the need for prior encoding. The predicted 

parameter is the bottomhole pressure at each time period of pressure recovery curve (PRC) buildup. 

By sequentially predicting bottomhole pressure recovery at various test duration intervals, pressure 

recovery curve simulation is ensured. 

To assess formation pressure, the results of computations in the Data Stream Analytics  

modular service [49] are used. This service determines formation pressure based on field geological 

data using machine learning methods for both retrospective periods and prospective periods up 

to one year ahead. This opens up the possibility of simulating pressure recovery curves at  

any moment, both retrospectively and in forecast without shutting-in wells during the survey 

period. 

The following machine learning models were used for prediction: 

• MLP Neural Network – an artificial neural network consisting of multiple layers of neurons 

(input, hidden, and output) that can simulate complex nonlinear relationships. 

• Gradient Boosting – an ensemble method that creates a sequence of models, each correcting 

the errors of the previous ones. Typically used with decision trees and known for high accuracy. 

• Random Forest – an ensemble algorithm that builds multiple decision trees on random  

subsets of data and features. Predictions are averaged (for regression) or determined by  

voting (for classification). Provides resistance to overtraining and works well with various data 

types. 

• XGBoost – an optimized version of gradient boosting designed for high performance and 

accuracy. Includes regularization, parallel training, and other improvements. 

• Decision Tree – an interpretable and simple algorithm that builds a tree-like model for decision-

making. Branching is based on rules that minimize errors. However, it tends to overtraining without 

depth limitations. 



 

 

Journal of Mining Institute. 2025. Vol. 275. P. 81-93 

© Andrei V. Soromotin, Dmitrii A. Martyushev, 2025 

 

85 

This is an open access article under the CC BY 4.0 license 

• Linear Regression – a classical statistical method assuming a linear relationship between input 

features and the target variable. Known for simplicity, interpretability, and speed but limited in  

simulating complex nonlinear relationships. 

• SVR – an algorithm that constructs a hyperplane that most accurately describes the relationship 

between features and the target variable while minimizing errors within a specified margin. Suitable 

for small datasets but requires significant computational resources. 

• K-Nearest Neighbors – a method based on finding the nearest neighbours of a target. Prediction 

is based on the target variable values of the k closest targets. Simple and effective but sensitive to 

data size and noise. 

• CatBoost – a gradient boosting algorithm that prevents overtraining and provides high perfor-

mance and accuracy. Hyperparameters were tuned using the Optuna framework – a library for hy-

perparameter search in machine learning, providing a convenient interface for optimization using 

various search algorithms. The following parameters were varied: learning rate (learning_rate) –  

0.01-0.3; L2 regularization coefficient (l2_leaf_reg) – 1e-8-100.0; bagging temperature (bag-

ging_temperature) – 0.0-10.0; random noise strength (random_strength) – 1e-8-10.0; tree depth 

(depth) – 4-10; number of feature split borders (border_count) – 32-255; minimum number of targets 

in a leaf (min_data_in_leaf) – 1-100; tree growth policy (grow_policy) – SymmetricTree, Depthwise, 

Lossguide. Cross-validation was used to assess model accuracy on different subsets of training data. 

The best hyperparameters found were: 'depth' – 10; 'learning_rate' – 0,128; 'l2_leaf_reg' – 0,0117; 

'bagging_temperature' – 6,509; 'random_strength' – 1,501; 'border_count' – 183; 'min_data_in_leaf' – 5; 

'grow_policy' – 'Depthwise'. 

The training digital dataset was formed as follows: 

1. Verification and sequential selection of pressure recovery curves were performed. The ab-

sence of outliers, sharp jumps, and stepwise changes in bottomhole pressure recovery was checked. 

2. For each PRC, duration of recovery and bottomhole pressure values were entered into the 

table. The table consisted of two columns: duration of recovery and bottomhole pressure (for each 

PRC point). The rows represented the results of PRC measurements, with each graph point being a 

table row. 

3. For each point of the selected pressure recovery curve, the following constant parameters 

were added as new columns corresponding to the values before well shutting-in: flow rate, water 

cut, formation pressure, bottomhole pressure, BZ permeability, recovery time (time after well  

shutting-in), porosity, rock compressibility factor, formation compressibility factor, effective  

oil-saturated formation thickness, oil viscosity, gas content, oil density, oil compressibility factor, 

oil volume factor, saturation pressure. The model training utilized formation pressure values  

obtained from the interpretation of qualified well flow tests and from the Data Stream Analytics 

modular service. 

A Spearman correlation matrix was constructed to determine relationships between features 

(Fig.1). The Spearman correlation measures the relationship between variables based on ranks rather 

than actual values. It is used to determine connections between variables, especially when data is not 

normally distributed or when the relationship is nonlinear. Analysis of the heatmap reveals that the 

following parameters have the strongest correlation with the pressure recovery pattern in the well: 

bottomhole pressure, formation pressure, and flow rate. The analysis also reveals strong relationships 

between initial parameters: direct dependence of the formation volume factor on gas content and oil 

compressibility, as well as inverse dependence on oil density and oil viscosity; the compressibility of 

the rock on porosity; the viscosity of oil on the density of oil. We see potential multicollinearity issues 

observed in Fig.1. Since the objective was to obtain a general understanding of the influence of se-

lected parameters, possible distortions due to multicollinearity are considered acceptable within the 

scope of this study. To enhance the reliability of the results, a more detailed investigation of methods 

to reduce multicollinearity impact is planned, including selection of the most significant features, data 

normalization, and application of regularization techniques. 
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The proposed algorithm was applied to each PRC, sequentially forming a digital dataset.  

The predicted parameter is the bottomhole pressure at the recovery moment. The digital dataset 

was split into training set – 80 %, validation set – 10 %, and test set – 10 %. To equalize the 

contribution of features, MinMaxScaler scaling was used, which normalizes the data to the range 

from 0 to 1. 

To tune and evaluate the models, statistical metrics were used – the coefficient of determination 

R2 and RMSE 
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Fig.1. Spearman correlation matrix of the initial data 
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The procedure algorithm is built as follows: 
1. Collection of data of flow studies of the entire well stock for the retrospective period, including 

initial parameters (properties of the formation, oil, and operational parameters), dynamics of bottom-
hole pressure recovery, and interpretation data (formation pressure). 

2. Preparation, cleaning, and processing of data. 
3. Training models to perceive the pattern of bottomhole pressure recovery depending on input 

parameters. 
4. Obtaining a predictive simulated bottomhole pressure recovery curve for the current period 

based on a pre-trained model using retrospective flow studies conducted on wells and current field 
geological data. 

5. Interpretation of the simulated bottomhole pressure recovery curve and obtaining a predicted 
value of permeability of the remote formation zone. 

Results and discussion 
Training and comparison of R2 and RMSE metrics were performed, as shown in the Table, both 

for individual machine learning models for predicting bottomhole pressure at the moment of recovery, 
and for an ensemble of the best models for the validation sample. Analysis of the convergence of 
predicted and actual values of the selected models shows that the best result was obtained using  
CatBoost – an open-source gradient boosting library based on decision trees. 

 

Machine learning model quality metrics 
 

Model R2 RMSE 

CatBoost 0.997 0.176 

Random Forest 0.995 0.273 

XGBoost 0.988 0.406 

Decision Tree 0.987 0.432 

MLP Neural Network 0.983 0.498 

Ensemble 0.970 0.670 

Gradient Boosting 0.878 1.354 

Linear Regression 0.709 2.089 

K-Nearest Neighbors 0.331 3.171 

SVR 0.139 3.596 

 

Figure 2, a shows the correlation field of predicted and actual values of bottomhole pressure at 
recovery moments. The linear correlation coefficient r between predicted and actual values for the 
test sample was 0.97, with RMSE of approximately 0.18. The simulated pressure recovery curve 
presented in Fig.2, b is close to the actual one, which demonstrates that machine learning models 
have the ability to train for solving the given task. It can be concluded that the application of these 
algorithms for estimating permeability of the remote formation zone through interpretation of simu-
lated pressure recovery curves is promising. 
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For a comprehensive study of the significance of initial parameters, gradient boosting was ap-

plied – a machine learning technique for classification and regression tasks that builds a prediction 

model in the form of an ensemble of weak predictive models, usually decision trees. The task was 

solved using the SHAP library and identifying the contribution of each feature to the final prediction 

of the target value – bottomhole pressure at the recovery moment. SHAP is a method based on the 

Shapley vector, which allows revealing the significance (measure of parameter influence on predic-

tion result) of each feature. To determine the significance of a parameter, the model’s predictions are 

evaluated with and without the given feature. 

Feature significances for predicting pressure recovery for the sample: formation pressure, MPa – 

0.309; bottomhole pressure, MPa – 0.209; recovery time, min – 0.193; flow rate, m3/day – 0.053; 

water cut, % – 0.039; BZ permeability, μm2 – 0.024; well profile and development procedure – 0.024; 

gas content, m3/t – 0.024; effective oil-saturated thickness, m – 0.024; saturation pressure, MPa – 

0.022; formation compressibility, (MPa·104)–1 – 0.016; porosity, % – 0.013; oil viscosity, mPa·s – 

0.013; oil compressibility, (MPa·104)–1 – 0.011; rock compressibility, (MPa·104)–1 – 0.011; oil den-

sity, g/cm3 – 0.008; formation volume factor – 0.007. It is logical that formation pressure, bottomhole 

pressure, and recovery time have the greatest influence. However, an important feature is the impact 

of other parameters on pressure recovery in the well. 

This approach was used for various durations of the study to investigate the nature of the pressure 

recovery process in the well. The time parameter was ranked from minimum to maximum values and 

divided into 10 sections to fully reflect the distribution of values and identify potential patterns. For 

each interval, a digital array was formed, and the SHAP library was used to assess the significance of 

parameters for pressure recovery in the well. Figure 3, a shows radar diagrams of the significance of 

initial parameters for different durations of recovery. The analysis shows that at the initial stage of 

pressure recovery, the formation compressibility parameter stands out. The flow rate influences all 

stages of recovery but shifts to later time intervals. The significance of gas content prevails at the 

initial stages of pressure recovery in the well. The significance of oil viscosity increases at high re-

covery time values. The significance of effective oil-saturated thickness is observed across all inter-

vals of the PRC. An increase in the significance of water cut and rock compressibility is observed at 

high recovery duration values. 

 

Fig.3. The significance of parameters for pressure recovery in the well at different time ranges (a)  

and at different recovery sites (b) 
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A similar analysis was conducted at various stages of the PRC recovery. For this purpose, an 

additional variable was introduced, representing the ratio of bottomhole pressure at a certain recovery 

interval to formation pressure. Fig.3, b shows radar diagrams of the significance of initial parame-

ters for different recovery sites. The analysis shows that at the initial stage of pressure recovery, 

the formation compressibility parameter stands out. The flow rate influences mainly the initial and 

final periods of the PRC. The significance of the gas content parameter prevails at the initial stage 

of pressure recovery in the well. At the final stage of the PRC, the effective oil-saturated thickness 

parameter is significant. 

The next stage of analysis is the assessment of pressure recovery curve sensitivity to changes 

in initial parameters. Each initial parameter was varied sequentially from –50 to +200 % without 

changing the others, and based on this data, actual and predicted pressure recovery curves were 

constructed. It was found that the model trains and is sensitive to changes in each of the analysed 

parameters. The most important feature is the flow rate, and Fig.4 presents the analysis of bottom-

hole pressure recovery sensitivity to this parameter. Figure 4 shows that the model is trainable and 

the dynamics of pressure recovery responds to changes in flow rate. 

The next step involved comparing the results of interpreting actual (not used in training) and  

simulated pressure recovery curves, as shown in Fig.5, which demonstrated high convergence of 

results (r is 0.95). This approach is promising  

for predicting filtration parameters of the remote 

formation zone and eliminates uncertainties asso-

ciated with the peculiarities of flow studies inter-

pretation. 

Figure 6 shows the prediction of formation 

pressure in the Data Stream Analytics modular 

service for the retrospective (red line) and  

prospective (one year, purple line) periods.  

Thus, it is possible to simulate pressure recovery 

curves for a forecasted point in time to assess  

the permeability of the remote drainage zone of 

wells when the energy state of the formation 

changes. 
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Fig.4. Analysis of the simulated pressure recovery curve sensitivity to changes in flow rate 

Fig.5. Comparison of the results of interpretation  

of actual and simulated PRC 
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Figure 7 shows the actual pressure recovery 

curve (as of 01.08.2024 – green line), simulated 

PRC for the current state (01.12.2024 – blue line) 

and the prospective period (01.10.2025 – red line), 

and the results of their interpretation. The applica-

tion of these algorithms can enable real-time  

monitoring of filtration parameters and assessment 

of the impact of formation pressure on formation 

permeability for the prospective period. The fore-

casted formation pressure value of 10.86 MPa for 

01.10.2025, computed in the Data Stream Analytics 

modular service (Fig.6, purple line), was used as 

the predicted formation pressure. 

The analysis of Fig.7 shows high convergence 

between the actual (dark green line) and simulated 

(light green line) pressure recovery curves as of  

1 August 2024. The results of interpreting the actual 

and simulated bottomhole pressure recovery 

curves characterize the negative predictive dynamics 

of permeability in the remote formation zone (from 0.0462 to 0.0348 μm2), corresponding to a de-

crease in formation pressure (from 11.21 to 10.86 MPa). 

The integration of machine learning methods and the use of real-time pressure recovery curves 

are promising for monitoring the development of hydrocarbon fields. These procedures will not only 

increase the accuracy of determining and predicting permeability but also reduce downtime associated 

with traditional well testing methods. The algorithms presented in this work will allow constructing 

dynamic maps of permeability distribution for the development target to identify filtration patterns 

and involve hydrocarbon reserves. As directions for future work, it is possible to note the expansion 

of the set of initial parameters and the generation of derivatives based on them, as well as the use of 

other algorithms for predicting PRC, including hybrid models. 

Conclusion 
Permeability of formations and the state of the bottomhole zone are key parameters affecting the 

efficiency of oil and gas field development. This paper proposes an innovative approach for predicting 
bottomhole pressure recovery and simulating the pressure recovery curve based on machine learning 
methods (CatBoost). 

 

 
 

Fig.7. Simulated PRC in the period from 01.08.2024 to 01.10.2025 and the results of their interpretation 
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The developed algorithm, based on well flow research data and geological and physical  

parameters, improves the accuracy of permeability assessment. The use of the SHAP library  

allowed identifying the significance of initial parameters at various stages of pressure recovery. 

Sensitivity analysis confirmed the models’ ability to account for parameter changes and their impact 

on the PRC. 

The developed approach provided high convergence between predicted and actual pressure re-

covery curves, making it a promising tool for monitoring and optimizing field development. The 

linear correlation coefficient r between predicted and actual values for the bottomhole pressure re-

covery test sample was 0.97, with RMSE of approximately 0.18. 

The high statistical metrics of the machine learning model, based on accumulated field geologi-

cal data, demonstrate the ability to simulate PRC in real time and interpret them to assess changes in 

permeability of the remote formation zone simultaneously across the entire well stock. The linear 

correlation coefficient r between predicted and actual values when comparing the results of interpreting 

actual and simulated PRC is 0.95. 

Permeability of the remote zone of the pay plays a key role in assessing the efficiency of oil 

production. The main method for determining it is well flow testing, which has significant limitations: 

incomplete coverage of the well stock, low measurement regularity, and the need to shut wells in. 

The innovative approach proposed in the article provides for continuous assessment of filtration 

characteristics across the entire active well stock in real time. The developed method accelerates 

monitoring of the bottomhole zone state, ensuring timely identification of candidates for effective 

geotechnical interventions. The advantage of the algorithm is the use of conditioned measurements 

of bottomhole pressure at the recovery moment. 

The algorithms are based on and validated using significant databases of well flow tests  

of clastic reservoirs from oil fields in the Perm Region. The described approach eliminates the  

peculiarities of the interpretation process and significantly speeds up the determination of  

filtration parameters, expanding coverage while ensuring timely and accurate model updates. 

This, in turn, will impact the improvement of forecasting processing and economic development 

indicators. 
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