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Abstract

Accurate reservoir history matching is indispensable for reliable subsurface forecasting
and optimal field development; however, it remains a formidable challenge due to the
high dimensionality of geological parameter spaces, strong nonlinear dynamics, and the
competing demands of computational efficiency and data fidelity. Conventional automated
history matching workflows frequently rely on Tornado sensitivity analysis, which eval-
uates parameters in isolation and fails to capture critical interdependencies that govern
reservoir response, leading to inefficient exploration and suboptimal convergence. This
study, therefore, introduces a novel Shapley Additive Explanations (SHAP)-assisted adap-
tive history matching framework that integrates SHAP with a CatBoost (v1.0.0) regressor
to enable quantitative, model-agnostic assessment of parameter contributions while ex-
plicitly resolving non-linear feature interactions unattainable with conventional methods.
The workflow establishes a systematic methodology for refining parameter uncertainty
ranges prior to optimization through SHAP dependence plots, which identify subspaces
where the objective function decreases, yielding 25-68% range reductions across all cases
without compromising geological plausibility. Both SHAP-assisted and Tornado-based
workflows, coupled with identical Particle Swarm Optimization settings, are rigorously
validated on two synthetic reservoirs (SRM-6, Egg) and a real Siberian field case. Results
demonstrate that the SHAP-assisted approach achieves equivalent or superior history
match quality while reducing required optimization cycles by 6-60%, depending on model
complexity, delivering lower objective function values and improved alignment with ob-
served data. Computational efficiency is further enhanced by reusing the Latin Hypercube
Sampling dataset for surrogate training, sensitivity analysis, and range refinement, con-
trasting sharply with Tornado’s requirement for 2N + 1 dedicated simulation runs with
limited reusability. This framework advances interpretable, data-driven history matching
by providing engineers with a systematic method to prioritize calibration efforts, reduce
computational burden, and improve forecast reliability in complex reservoir systems.

Keywords: Shapley Additive Explanations analysis; CatBoost regression; history matching;
reservoir simulation; uncertainty quantification

1. Introduction

Reservoir simulation is a cornerstone of modern reservoir management, enabling
replication of field conditions through geological models, petrophysical properties, fluid
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saturations, relative permeability functions, and well specifications [1]. It provides in-
tegrated static (geological) and dynamic representations of reservoir performance [2].
Reflecting its growing industrial importance, the worldwide reservoir analysis market
is anticipated to expand from $9.63 billion in 2024 to $13.72 billion by 2029 [3]. A key
advantage lies in forecasting production and pressure trends; however, such predictions
require rigorous calibration. First, simulation models must be history-matched to consider
uncertainties and reproduce historical data [1,4]. Second, without an adequate match to
past performance, reliable future forecasts cannot be achieved. In practice, achieving such
calibration is challenging because modern reservoir models still contain a large number
of uncertain parameters whose combined effects are highly nonlinear [5,6]. As a result,
the central challenge in reservoir model calibration is the inefficient exploration of high-
dimensional uncertain parameter spaces during assisted or automated history matching
(AHM) [1,2]. This inefficiency stems from conventional sensitivity analysis methods, such
as the Tornado approach, which assume parameter independence and linear response,
ignoring nonlinear interactions that dominate real reservoir dynamics [7]. Consequently,
these methods misidentify influential parameters and mandate overly conservative uncer-
tainty bounds, forcing optimizers to evaluate vast, irrelevant regions of the search space.
This dramatically increases computational cost while yielding suboptimal matches, a funda-
mental limitation in industrial workflows [8]. History matching (HM) is thus essential for
calibrating reservoir simulation models (RSMs) against field observations [4,9], involving
adjustment of input parameters to align simulated outputs with measured performance.
Accurate HM improves reservoir understanding, optimizes development strategies, and
enhances confidence in future predictions aligned with business objectives [1,10]. Currently,
model calibration follows two main approaches: manual adjustment by expert reservoir
engineers and AHM. In manual HM, experts select parameters deemed reasonable based
on domain knowledge and experience [5,6]. Consequently, this method relies on the as-
sumption that the deterministic model provides a reliable representation of the reservoir,
an assumption that is intuitive but not always valid. Manual HM is time-consuming and
resource-intensive, heavily dependent on human expertise [1,5,6]. In contrast, the devel-
opment of AHM methodologies directly addresses these limitations through algorithmic
parameter optimization. The effectiveness of both manual and AHM approaches is often
limited by the large number of uncertain parameters in the model, which determines the
complexity of its configuration and significantly increases the computational requirements
for comprehensively exploring the solution search space. Therefore, various AHM methods
have been developed to overcome these problems, such as parameter clustering [4], model
zoning [11], local parameterization [12,13], surrogate modeling (proxy modeling), and
other methods aimed at simplifying the computational process, increasing the accuracy
and efficiency of HM [14,15]. As an inverse problem, HM admits multiple combinations
of control parameters that can lead to similar production responses. In this context, the
role of optimization becomes central [16]. AHM leverages optimization algorithms to
automatically identify model parameters that minimize the objective function (OF) [16].
Formulating the OF is the first step, followed by applying optimization algorithms to iden-
tify parameters that minimize the mismatch. The success of this process hinges critically on
the selected optimization strategy [15]. Over recent decades, AHM optimization algorithms
have evolved into four principal categories: gradient-based methods, global optimization
algorithms, data assimilation techniques, and reinforcement learning approaches [15], as
illustrated in Figure 1.
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Figure 1. Overview of automated history matching (AHM) approaches. The diagram condenses AHM
into four well-established algorithm families—gradient-based, global stochastic, data assimilation,
and reinforcement learning—while emphasizing that proxy and machine learning (ML) accelerators
act as cross-cutting speed-up tools rather than stand-alone optimization strategies.

Additionally, prevalent HM techniques include evolutionary algorithms, particle
swarm optimization (PSO), and proxy-based methods [16,17]. Gradient-based methods
efficiently handle smooth, continuous, differentiable OFs, converging quickly to local
optima [16,18,19], but they falter on non-linear or discontinuous problems and often get
trapped in local minima, missing the global optimum [16]. Evolutionary algorithms, in-
spired by biological evolution, evolve solutions via selection, mutation, and crossover [16];
for example, differential evolution is simple yet performance-sensitive to control parame-
ters, while advanced variants like hybrid differential evolution and distributed surrogate
systems improve efficiency for complex AHM tasks [15]. Surrogate models approximate
full-physics reservoir simulations, enabling rapid OF evaluation and drastically reducing
computational cost [20], though their success hinges on accurately capturing the reservoir’s
non-linear, dynamic behavior. Currently, diverse optimization algorithms are employed
in HM, each suited to different problem complexities [21]; among them, PSO is noted
for its simplicity and robustness in solving non-linear, non-convex problems [22] and for
showing faster convergence in low-dimensional cases [21]. This efficiency has driven PSO’s
widespread use in modern reservoir simulation [23,24], including its integration into the
software used here, and it remains amenable to improvement through adaptive param-
eterization. Furthermore, PSO yields HM results comparable to the Ensemble Kalman
Filter and consistently outperforms the Genetic Algorithm in convergence speed [21,25].
AHM workflows remain fundamentally constrained by the quality of the initial parameter-
screening stage. If the uncertainty ranges provided to the optimizer are overly broad
or include weakly influential parameters, even the most sophisticated optimization al-
gorithms expend substantial computational effort exploring unproductive regions of the
search space. Thus, the critical unresolved problem in industrial AHM practice lies not in
optimization itself, but in the lack of reliable pre-optimization insight into which uncertain
parameters, and parameter interactions, truly control the OF. Existing optimization and
data-assimilation methods cannot resolve this issue because they operate only after the
parameter space has been defined. Consequently, improvements in optimization strategy
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alone cannot compensate for inadequate parameter screening. The motivation of this work
is therefore to address this gap by introducing a systematic, data-driven, and interpretable
pre-optimization framework for AHM. Accordingly, the primary research question of this
study is formulated as follows: Under strictly identical reservoir modeling conditions and
optimization settings, does the integration of a SHAP-based pre-optimization framework
systematically accelerate convergence and improve the final history-match quality com-
pared to the conventional Tornado-based approach? To address this, the testable hypothesis
is that utilizing SHAP value analysis (extracted via a CatBoost surrogate trained on an
initial Latin Hypercube Sampling dataset) to capture non-linear parameter interactions
and refine uncertainty ranges will focus the search space on highly productive sub-spaces
prior to optimization. Assuming ceteris paribus conditions—employing the exact same
PSO algorithm, identical hyperparameter settings, and the same initial reservoir models
and uncertainties—the proposed SHAP-assisted workflow will require fewer optimization
cycles to converge and will yield an ensemble of history-matched models that more accu-
rately reproduces historical production data than the conventional workflow. To evaluate
this hypothesis, both workflows are rigorously compared using three specific performance
criteria: (1) the quantifiable percentage reduction in the initial parameter uncertainty ranges
prior to optimization; (2) the computational efficiency gained, measured by the reduction
in the number of required optimization cycles (PSO generations) to achieve convergence;
and (3) the comparative quality of the final history match, assessed through the absolute
reduction in the global objective function (GOF) values and the visual fidelity of align-
ment with historical production data. Recent advances in ML and artificial intelligence
(AI) have indeed opened new opportunities for improving the HM process [16], enabling
faster navigation of complex, high-dimensional parameter spaces. However, many of
these methods operate as “black boxes”, providing limited insight into how predictions are
generated [26] and, depending on configuration, potentially incurring significant computa-
tional overhead [27]. This lack of interpretability poses a critical barrier to ML adoption
in reservoir engineering, where decisions rely heavily on domain knowledge and trust
in model behavior [27]. Among ensemble ML methods, CatBoost has recently attracted
attention for its strong performance on small and noisy datasets, characteristics typical of
reservoir engineering data [28]. CatBoost natively handles categorical features and miti-
gates overfitting through ordered boosting and symmetric tree construction [28], features
that contribute to its consistently strong performance in practical applications. In pressure
forecasting and oil production modeling, CatBoost has been shown to outperform other
gradient boosting algorithms in terms of prediction accuracy and robustness while also
demonstrating lower variance and superior generalization [29,30]. These characteristics
make CatBoost a suitable candidate for HM applications, especially when the available
dataset is sparse or heterogeneous [31]. However, predictive accuracy alone does not
resolve the core AHM challenge of parameter screening. While powerful on its own,
CatBoost’s true potential in AHM is realized when coupled with Shapley Additive Expla-
nations (SHAP), not as a post hoc diagnostic, but as a pre-optimization scoping tool that
directly addresses the limitations of Tornado analysis. SHAP is rooted in cooperative game
theory, which distributes the “contribution” of each player (in this case, an HM parameter)
to the final result (OF value) [32]. By capturing both individual and interaction effects,
SHAP provides a transparent, model-agnostic interpretability framework [33]. Unlike
conventional sensitivity analysis, SHAP enables systematic identification of influential
parameters and nonlinear interactions using only simulation outcomes [34]. When applied
prior to optimization, this information enables informed refinement of uncertainty ranges
and exclusion of weakly influential parameters, transforming AHM from a brute-force
exploration into a focused, information-driven process.
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Therefore, the present study investigates the application of SHAP analysis using
the CatBoost regressor within the AHM framework to gain deeper insights into parame-
ter sensitivities, enhancing the efficiency and accuracy of the HM process by leveraging
model-agnostic explanations to identify the most influential input parameters. Unlike con-
ventional Tornado sensitivity, this approach enables quantitative assessment of parameter
contributions to the objective function while capturing non-linear interdependencies and
local feature dependencies. A systematic, data-driven methodology for refining parameter
uncertainty ranges prior to optimization is implemented using SHAP dependence plots,
which identify subspaces where the objective function decreases, thereby reducing param-
eter ranges across all models and focusing the search space without sacrificing physical
plausibility. The approach is validated through two synthetic reservoir models, namely, the
SRM-6 [35] and the Egg model [36], as well as a real-world Siberian reference (SR) field,
demonstrating its effectiveness in both controlled and practical cases.

2. Methodology and Theory

This study integrates ML with interpretable artificial intelligence (SHAP) to identify the
most influential parameters and reduce uncertainty ranges prior to optimization, thereby
decreasing the number of required AHM iterations and improving objective function
convergence. Figure 2 outlines the four-stage comparative framework for evaluating
conventional and SHAP-assisted AHM-WFs.
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Figure 2. Comparative design of conventional and SHAP-assisted /automated history matching
workflows (AHM-WF). Key stages include: (a) Preparation stage: both WFs start from a base
reservoir model and uncertain AHM parameters with prior ranges and distributions; Tornado
sensitivity analysis and Latin Hypercube Sampling (LHS) are performed separately, followed by
objective function (OF) evaluation. (b) Conventional AHM stage: key parameters selected via Tornado
and OF rankings are optimized with Particle Swarm Optimization (PSO) to produce Ensemble 1.
(c) SHAP-Assisted AHM stage: an LHS-generated dataset (parameters and OF values) trains a
CatBoost model; SHAP analysis refines parameter uncertainty ranges, and PSO is initialized to yield
ensemble 2. (d) Comparison stage: ensembles 1 and 2 are compared to assess gains in history match
quality and optimization performance, particularly in convergence speed and solution accuracy.

https://doi.org/10.3390/en19102285


https://doi.org/10.3390/en19102285

Energies 2026, 19, 2285

6 of 34

The methodology begins with the definition of a base RSM and the specification of
uncertain AHM parameters along with their prior ranges and probability distributions.
In the second stage, two parallel WFs are initiated. The conventional AHM-WF employs
Tornado-based sensitivity analysis to rank parameter influence, followed by selection of key
parameters based on combined Tornado and OF misfit results; HM is then performed using
PSO, yielding the 1st history-matched ensemble (Ensemble 1, see Sections 2.2.1 and 2.2.2).
Concurrently, the SHAP-assisted WF generates a training dataset via Latin Hypercube
Sampling (LHS), computes the OF for each sampled simulation case, and constructs a
tabulated dataset of input parameters and corresponding misfit values. This dataset
is used to train a CatBoost regressor, on which SHAP value analysis is subsequently
applied to quantify parameter contributions and refine uncertainty ranges for the most
influential parameters (see Section 2.2.3). The third stage implements PSO-based HM
utilizing the revised AHM parameter ranges obtained from SHAP analysis, generating
a history-matched ensemble (Ensemble 2) with the same PSO hyperparameters as those
used in the conventional WF (see Sections 2.2.4 and 2.2.5). The fourth stage involves a
quantitative comparison of the two ensembles in terms of HM quality (e.g., reduction in
absolute OF values, data alignment) and optimization performance (e.g., convergence rate,
stability). The final stage evaluates the added value of SHAP-guided parameter refinement
by assessing improvements in solution accuracy, computational efficiency, and robustness
of the HM process, thereby validating the proposed SHAP-assisted AHM framework
against conventional practice through rigorous quantitative comparison of HM quality,
convergence behavior, and computational efficiency across multiple reservoir models.

To ensure full reproducibility of the proposed methodology, the exact procedural
sequence of model generation, surrogate training, parameter screening, and optimization
is formalized in Algorithm 1.

Algorithm 1: Procedural sequence of the comparative AHM framework

Input: Base Reservoir Simulation Model, Historical production data.

Output: History-matched Ensembles (1 and 2), comparative convergence metrics.
Phase 1: Initialization

1: Define N uncertain AHM parameters X = {x1, x, ..., xn} along with their prior ranges
[Xonin, Xmax] and probability distributions.

Phase 2: Parallel Pre-Optimization (Parameter Screening & Range Refinement)

Path A: Conventional AHM workflow

2: Generate 2N + 1 simulation models varying one parameter at a time.

3: Execute simulator runs and compute the OF for each case.

4: Rank parameters using a Tornado chart and select the key influential parameters.
Path B: SHAP-assisted AHM workflow

5: Generate M experimental models using LHS.

6: Execute M simulator runs and compute the OF for each case.

7: Train a CatBoost regressor f(X) ~ OF using an 80/20 train-test split and grid search
hyperparameter tuning (as detailed in Section 2.2.3).

8: Compute SHAP values for the dataset to evaluate marginal feature contributions and
non-linear interactions.

9: Rank parameters by mean absolute SHAP value and select the most influential ones.
10: Refine parameter ranges to [X,i/, Xmax'] by isolating continuous sub-spaces where
SHAP values are consistently negative (indicating OF reduction).

Phase 3: History Matching (Optimization)
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Algorithm 1: Cont.

11: Initialize PSO under identical configurations (swarm size, inertia, sociality, and
matched random seeds across respective runs).

12: For Path A: Execute PSO within initial ranges [X;;;;;, Xinax] for parameters selected in
Step 4 — Generate Ensemble 1.

13: For Path B: Execute PSO within refined ranges [X,,,;;,/, Xmax'] for parameters selected
in Step 9 — Generate Ensemble 2.

Phase 4: Evaluation

14: Compare Ensemble 1 and Ensemble 2 based on convergence speed, absolute OF
reduction, and historical data alignment.

2.1. Data Collection, Preparation, and Reservoir Modeling

In this subsection, the initial data, uncertain parameters, and their prior ranges are
established for all three models. It is important to emphasize that the primary scope of
this study is the comparative evaluation of the optimization workflows rather than the
geological justification of the reservoir models themselves; therefore, the uncertain parame-
ter spaces are treated as established inputs. For the synthetic models (SRM-6 and the Egg
model), sets of 8 and 11 key HM parameters were established a priori, respectively. These
prior ranges were derived from their original benchmark specifications [35] and intention-
ally supplemented by engineering judgment, e.g., introducing petrophysical consistency
and anisotropy in the Egg model, to ensure a highly non-linear and challenging search
space suitable for rigorous AHM algorithm testing (see Sections 2.1.1 and 2.1.2). For the SR
field, a comprehensive initial set of 255 uncertainties was identified and parameterized by a
cross-functional team of geoscientists and reservoir engineers. As detailed in Section 2.1.3,
these prior ranges were derived directly from real field knowledge, including seismic
interpretations, well logs, and core analyses from 13 exploration wells, and were carefully
supplemented by expert judgment in areas characterized by data scarcity.

Furthermore, for both synthetic reservoir models (SRM-6 and the Egg model), the
selected grid resolutions and block dimensions are strictly based on their established
benchmark designs. These grid configurations were specifically validated during their
original development to ensure numerical stability and mitigate the effects of numerical
dispersion. This guarantees that the variations in the objective function observed during
the optimization process reflect true parameter sensitivities rather than numerical artifacts,
thereby ensuring the reliability and generalizability of the history-matching conclusions.

2.1.1. Synthetic Reservoir Model: SRM-6

SRM-6 is a synthetic reservoir model intersected by a fault, featuring a six-well con-
figuration (three injectors and three producers) [35]. This numerical model employs a
Cartesian grid of 18 x 24 x 15 cells (totaling 6480 cells), covering an area of 1800 x 2400 m
with a net pay thickness of 11-14 m. The model simulates a waterflood development with
seven years of production history and is well-suited for numerical experiments due to
its synthetic nature. The corresponding matching parameters are summarized in Table 1.
All parameters correspond to the type “real” and have a uniform distribution. These pa-
rameters were selected based on their significant influence on the reservoir model’s fluid
flow behavior, ensuring that the HM process effectively captures key dynamic responses.
Base values represent initial estimates, while true values reflect actual properties used to
generate synthetic production data; further details on the SRM-6 model are provided in the
original reference [35].
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Table 1. History matching (HM) parameter ranges and base/true values for the synthetic reservoir
model (SRM-6).

HM Parameter Description Designation Min Max Base True
Free water level depth, m FWL 2445 2455 2453 2450
Corey exponent of relative permeability for oil No 3.0 8.0 3.3 5.0
Corey exponent of relative permeability for water Nw 0.6 5.0 3.0 1.2
Water relative permeability at residual oil saturation Kiw_Sorw 0.3 0.9 04 0.7
Coefficient “a” in the exponential porosity—permeability equation Ka 64 74 68 70
Coefficient “b” in the exponential porosity—permeability equation Kp 8.0 9.0 8.6 8.2
Vertical permeability anisotropy coefficient Ky /Ky 0.01 0.30 0.02 0.20
First coefficient in the natural lé)qgjiitgrrlmc water saturation-J-function SWA _020 —014 —015 —0.18

2.1.2. Synthetic Reservoir Model: The Egg Model

The base Egg Model dataset, originally introduced by Jansen in 2014 [36], serves as
a widely accepted benchmark for studies in computer-assisted flood optimization and
HM. The model consists of 18,553 active grid cells and represents a five-spot field de-
velopment scheme with eight injection and four production wells. The initial porosity
cube was assigned a constant value of 0.2 throughout the model. Several modifications
were introduced to improve geological consistency and ensure stable, reliable simulation
results. The permeability cube exhibits a distribution typical of fluvial channel depositional
environments. To reflect the expected petrophysical relationship, the porosity cube was
recalculated from the initial horizontal permeability cube, preserving the same average
porosity and original hydrocarbon in place. During AHM, the permeability field was
varied using the porosity—permeability relationship. Additional XY-direction anisotropy
was introduced to better capture fluid flow behavior in channelized settings. Corey-type
relative permeability endpoints and exponents were also adjusted to minimize deviations
in production profiles. Historical production data, including oil and water production rates,
water injection rates, and bottom-hole pressures, were generated from the modified RSM
under bottom-hole pressure control. The resulting hydrodynamic calculations were treated
as historical data. The true HM parameters that reproduce these production behaviors are
listed in Table 2. All parameters are of type “real” and follow a uniform distribution. In
the Egg Model, these variables strongly influence fluid flow and saturation behavior. The
base values serve as initial guesses in the HM process, while the true values represent the
actual properties used to generate the synthetic data; further details on the Egg model are
provided in the original reference [36].

Table 2. History matching (HM) parameter ranges and base/true values for the synthetic reservoir

model (Egg model).
HM Parameter Description Designation Min Max Base True
Coefficient “a” in the exponential porosity—permeability equation Ka 54.0 61.0 575  54.509
Coefficient “b” in the exponential porosity—permeability equation Kg 4.6 6.0 53 4.662
Permeability anisotropy coefficient in XY direction Ky /Ky 0.50 1.00 0.75 0.75
Vertical permeability anisotropy coefficient Ky /Ky 0.1 0.5 0.3 0.3
Critical water saturation SWCR 0.10 0.16 0.13 0.132
Residual oil saturation SOWCR 0.16 0.30 0.23 0.252
The relative phase permeability of oil with residual water saturation KROLW 0.8 1.0 0.9 0.9
The relative phase permeability of oil with critical water saturation KRORW 0.50 0.80 0.65 0.796
The relative phase permeability of water with residual oil saturation KRWR 0.50 0.80 0.65 0.517
The degree of Corey for the relative phase curve of oil No 2.5 5.5 4.0 2.567
The degree of Corey for the relative phase curve of water Nw 15 4.5 3.0 3.892
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2.1.3. Siberian Reference Field Real-World Case Study

The Siberian reference (SR) field, located in Western Siberia, hosts hydrocarbon ac-
cumulations associated with the Vasyugan Suite, with primary reservoirs of the Jurassic
period. Within the field, multiple accumulation types have been identified, including oil-
bearing and water-saturated zones developed in sandstones interbedded with clay lenses.
Seismic interpretation is subject to considerable uncertainty arising from localized phase
losses, which reduce the reliability of mapping seismic reflectors and stratigraphic horizons.
The structural framework of the field is highly complex, influenced by an extensive system
of faults and dislocations that subdivide the reservoir into four discrete structural blocks.
Figure 3 depicts the structural map of the SR field alongside the schematic cross-section of
Jurassic formations (J) from J1 to J4.

(®) A 5000 L, m 10000 15000 AlZ, m
XX60} ° § i IXX60
XX80) , X80
XX00 - ; gl XX00
2 ]
XX20p - 1 IXX20
I3
XX401 IXX40
XX60| XX60
XX8 IXX80
XX00] XX00
XX2 X20
® Well ™\ Fault ™ Water oil contact j Jurassic formation (1) Jurassic formation (2) Jurassic formation (3) M Jurassic formation (4)

Figure 3. Structural characteristics of the Jurassic reservoir in the Siberian reference (SR) field:
(a) Structural map at the top of the Jurassic formations (J1), showing wellhead locations (black
dots), fault trace (red line), oil-water contact (blue line), and cross-section line A-A1 (gray), the red
arrow indicates the direction to the north. (b) Geological cross-section along A-Al, illustrating fault
segmentation into discrete blocks, each with independent oil-water contacts (blue) and fault seals
(red), controlling fluid distribution and trap integrity. The actual information regarding the figure has
been anonymized because of the data confidentiality constraints set by the partner company.

The characterization of petrophysical relationships, such as porosity—permeability de-
pendencies and J-function-water saturation equations, is further complicated by significant
heterogeneity, primarily due to tectonic deformations and associated lithological variabil-
ity. Key subsurface uncertainties include the precise depths of fluid contacts within each
block, the transmissibility of fault zones, relative phase permeabilities, capillary pressure
functions, and the spatial extent of transition zones within the reservoir [37-39].

Table 3 summarizes the HM parameters identified during the analysis of the raw
field dataset. Additionally, the degree of aquifer support remains undetermined, which is
a critical variable for evaluating the reservoir’s energy regime and potential production
performance. The analyzed well inventory consists of 47 deviated wells, 26 horizontal wells,
and 13 exploration wells with core acquisition, including both standard and specialized
core analyses.
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Table 3. History matching (HM) parameters for the Siberian reference (SR) field, categorized by
reservoir modeling group, showing the number of adjustable parameters and their assigned prior
probability distributions.

Modeling Section (Characteristics) Number

Structural surfaces 3
Qalzsss 19
Reservoir porosity 1
Reservoir permeability 61

Fault conductivity 27
Fluid contacts 4
Irreducible water saturation 2
Water saturation in the transition zone 24

Relative permeability parameters 111
Critical water saturation 1
Critical oil saturation 1
Aquifer size 1

Total number of HM parameters 255

2.2. History Matching Workflow and Model Calibration

Following the description of the synthetic models (SRM-6 and Egg models) and the
SR field parameters, this subsection details the establishment of the conventional and
SHAP-assisted AHM-WFs. This was accomplished by defining a base reservoir model
and prior uncertainty ranges for the HM parameters. Subsequently, a Tornado-based
sensitivity analysis was performed to exclude non-influential parameters from optimization
(see Section 2.2.1). An OF was formulated to quantify mismatches between observed
and simulated production data, with term-specific weights calibrated to ensure balanced
contributions across all wells, time steps, and data types (see Section 2.2.2). A CatBoost
regressor was then trained to emulate the simulator response efficiently (see Section 2.2.3),
and SHAP-based interpretability was applied to rank parameter importance, capture
interdependencies, and refine uncertainty ranges using a Latin Hypercube Sampling dataset
(see Section 2.2.4). Finally, PSO was deployed with identical hyperparameters across
both WFs to minimize the objective function, enabling a fair comparison between the
conventional and SHAP-assisted strategies (see Section 2.2.5).

2.2.1. Objective Function Formulation

The objective function (OF) is a measure of the mismatch between observed and
simulated production data. It quantifies the difference between observed and simulated
values across multiple time steps, wells, and components (terms). The capability of the OF
formulation used in this study is evidenced by its ability to achieve reliable convergence
and balanced performance [35,40,41]. Moreover, it reduces the impact of data noise through
normalized weighting and supports stable, efficient optimization by maintaining a well-
conditioned structure [35,41]. The global OF (GOF) is calculated as:

N value(O) — value(S) \ >
W Z er :
GOF = 2 Wherm ) obj | n=k 8
term Yterm Werm ):obj Wob]'

1)

where Wiy, is the weight assigned to a specific term; Wobj denotes the weight of the
object (e.g., well or group) corresponding to that term; W, is the weight associated with
time step n; value(O) and value(S) are the observed and simulated values, respectively;
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and g is the absolute error tolerance, defined as 1 sm? for liquid rates, 1 bar (absolute)
for pressures, and 1000 sm? for well gas production rates in the SR field model. In the
synthetic models SRM-6 and Egg, the GOF in the form of the root mean square error (RMSE)
includes the following terms: well oil production rate (WOPR), well water production rate
(WWPR), well water injection rate (WWIR), and well bottom-hole pressure (WBHP). The
weights for these terms were calculated to be inversely proportional to average historical oil
production rates, taking into account absolute measurement error [42]. Every object (well)
has an equal weight (1) in each term. In the SR field model, the GOF was derived from
the previous terms by integrating the well gas production rate (WGPR) and the average
reservoir pressure within the 3 x 3 cell block centered on the well, referred to as WBP9, in
the hydrodynamic simulation. Term weights were allocated inversely proportional to their
discrepancies concerning the overall goodness of fit, thereby equilibrating contributions
despite variations in absolute mismatch values. Figure 4 depicts the application of the
Latin Hypercube Sampling (LHS) dataset for assessment, guaranteeing that each term’s
contribution to the overall GOF value was roughly equivalent. The weights of the objects
(wells) were computed using a methodology analogous to that employed in synthetic
reservoir models [42]. The weights assigned to each model are presented in Table 4.

50

4

15

wn

S S

Term contribution in GOF

10
5

0
0 10 20 30 40 S50 60 70 80 90 100 110 120 130 140 150 160 170 180 190 200
Model number

mOil rate ~ Water rate = Gas rate ™ Water injection rate = Bottom hole pressure = WBP9

Figure 4. Contribution of each individual HM term (oil rate, water rate, gas rate, water injection rate,
bottom hole pressure, and the average reservoir pressure in the 3 x 3 cell block centered on the well
(WBP9)) to the total global objective function (GOF) value for each model in the Latin hypercube
sampling dataset. The weights for each term were calibrated to ensure their contributions were
approximately equal prior to the main history matching (HM) process.

Table 4. Summary of the calibrated weights assigned to each history matching (HM) term in the
global objective function (OF) for the synthetic reservoir (SRM-6, Egg model) and Siberian reference
(SR) field model.

Model (Term) WOPR WWPR WGPR WWIR WBHP WBP9
0.430 for Production Wells
SRM-6 ! 1 N 1 0.340 for Injection Wells
Egg 1 0.242 - 0.424 0.200 -
SR field 1 0.879 0.961 0.722 0.102 0.090

Note: WOPR—well oil production rate; WWPR—well water production rate; WGPR—well gas production rate;
WWIR—well water injection rate; WBHP—well bottom-hole pressure; WBP9—wellbore pressure in the 3 x 3 cell
block centered on the well. In the cases of SRM-6 and Egg, the models do not include WGPR or WBP9.
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2.2.2. Conventional AHM Workflow

The conventional WF began with the construction of a base RSM and the definition
of prior uncertainty ranges and distributions for AHM parameters. Sensitivity analysis,
conducted using a Tornado chart, informed the experimental design of model realizations.
This Tornado sensitivity analysis involves systematically varying each input parameter
individually between its lower and upper bounds while keeping all other parameters
at their base values, and then measuring the resulting change in the OF [43]. For each
parameter, two simulation runs are conducted: one with the parameter set to its minimum
value and the other with it set to its maximum. The resulting variation in the OF is then
recorded. Consequently, there are a total of 2N + 1 simulations, where N represents the
number of AHM parameters. For instance, in the SR field case, there were 511 simulations
conducted for 255 parameters, requiring approximately 10 days of computational time at
30 min per run. The parameters are then ranked and displayed in a horizontal bar chart
(tornado diagram) sorted by decreasing sensitivity, with the length of each bar indicating
the range of impact on the OF. This enables rapid identification of the most influential
uncertain parameters for subsequent calibration efforts, and it is widely applied in reservoir
uncertainty quantification for reserve estimation and in reducing uncertainty in mature
oilfield models [44]. This preparatory stage aimed to exclude from optimization the HM
parameters identified as least influential through sensitivity analysis [43]. Key AHM
parameters were subsequently selected based on the Tornado analysis and optimized using
the PSO algorithm, resulting in the first ensemble of history-matched models. The quality
of these models and the optimization outcomes were later compared to those achieved
with the SHAP-assisted WE.

2.2.3. CatBoost Model

CatBoost is an ML algorithm developed in 2017 [45], specializing in handling categori-
cal features within a gradient-boosting framework, ensuring high computational efficiency
and prediction accuracy [46]. The CatBoost algorithm’s unique approach includes two
key innovations: Oblivious Trees (symmetric decision trees) and Ordered Boosting, which
work together to minimize overfitting, reduce gradient bias, and prevent prediction shifts,
resulting in better generalization. In the current study, all calculations and data analyses
were performed using Python 3.11.5 in the Jupyter Notebook (ver.7) environment, which
was run via the Visual Studio Code IDE (v1.91.0). The workflow relied on the following
libraries: scikit-learn (v0.24.0) for preprocessing and evaluation, pandas (v1.3.0) and numpy
(v1.20.0) for data manipulation and numerical operations, matplotlib (>v3.3.0) for visual-
ization, CatBoost (v1.0.0) for surrogate modeling, and SHAP (v0.42.0) for interpretability.
This stack ensured full reproducibility, version control, and transparent auditability of the
modeling pipeline. The SHAP-assisted WF was implemented using the same base reservoir
model and parameter ranges as in the conventional approach. For sensitivity analysis, LHS
is preferred over the Monte Carlo method due to its more uniform and efficient coverage
of the parameter space with fewer simulations. This reduces the influence of randomness
and enhances the reliability of sensitivity results, especially in problems with numerous
parameters [47,48]. After evaluating OF values for all LHS models, an ML model (CatBoost
Regressor) was trained to replicate the relationship between AHM input parameters and
the OF, which served as the output vector. In general, the algorithm evaluates all possible
splits for numerical features. While CatBoost is widely recognized for its native handling of
categorical features (e.g., lithofacies or region multipliers) [28,46,49], its primary advantage
in this study—where only continuous parameters were utilized—Ilies in its use of oblivious
decision trees (symmetric trees) [28,46,49]. This architectural feature strictly limits the tree
depth and balances the splits, making the algorithm exceptionally robust against overfit-
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ting, which is critical when training on relatively small Latin Hypercube Sampling (LHS)
datasets typical in reservoir simulation [28,46,49]. To ensure optimal model performance
and reliable SHAP value extraction, the CatBoost regressor underwent systematic hyper-
parameter tuning using a Grid Search methodology. The dataset was split into an 80/20
train—test ratio. The hyperparameter search space included: number of iterations [30, 50,
100, 150, 1000], tree depth [2, 3, 5, 7, 9], learning rate [0.01, 0.05, 0.07, 0.1], and L, regular-
ization term (12_leaf reg) [1, 3, 5, 7, 9]. The robustness of the model was validated using
5-fold cross-validation. Performance metrics, including the Coefficient of Determination
(R?), Root Mean Squared Error (RMSE), and Mean Absolute Error (MAE), were evaluated.
The optimized surrogate models consistently demonstrated satisfactory explanatory power
(with R? generally exceeding 0.85 on validation folds), confirming their capability to accu-
rately capture the response surface of the objective function. It is important to emphasize
that the ML model in this framework is not deployed as a standalone predictive proxy
for dynamic forecasting; rather, its sole purpose is to provide a mathematically rigorous
surface from which SHAP can extract reliable marginal parameter contributions prior to
optimization. Yet, its black-box nature poses challenges for interpretability, especially in
sensitive applications. To address this, SHAP provides a principled way to quantify the
contribution of each feature to a given prediction, offering both transparency and trust in
CatBoost’s decisions [50]. The next subsection describes the SHAP value methodology.

2.2.4. SHAP-Based Feature Interpretation

The Shapley value, proposed by Lloyd Shapley in 1953, originates from coalitional
game theory [51]. SHAP is a model interpretation technique introduced to address ML's
“black-box” problem [33]. The additive feature attribution method elucidates model predic-
tions by decomposing outputs into the aggregate of individual feature contributions. This
methodology preserves interpretability and theoretical coherence across diverse model
types, including gradient boosting [52]. The process can be mathematically articulated
as [52]:

M
f(2°) = ¢o+ ) iz} 2
i=0

where f represents the original prediction model, z* simplifies the input features (where
each feature is either present or absent, controlled via a binary masking hyperparameter),
@o is a baseline when no inputs are present, M stands for the number of simplified input
features, and ¢; represents the contribution of the i-th feature to the output, i.e., the
Shapley value.

Multiple techniques exist for estimating SHAP values, including Kernel SHAP, Deep
SHAP, and Tree SHAP. Each method is tailored for specific machine learning models,
highlighting the versatility of SHAP [33,53]. SHAP values are interpreted in relation to
input features (in this case, HM parameters) and model outputs (here, OF), rather than
the model’s architecture. A primary benefit of SHAP is its interpretable outcome. The
marginal contribution of each feature to model predictions can be quantified using various
statistical measures of the SHAP values. A metric based on RMSE can provide enhanced
sensitivity to extreme variations in feature contributions. The importance of features using
the RMSE-based approach is calculated as follows:

[RMSE _
j

where ¢;; represents the SHAP value of feature j for observation i, and N denotes the total
number of samples in the dataset. Higher values of I ]RMSE indicate that the feature exerts
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a more pronounced influence on model predictions. A notable limitation of the SHAP
framework is its dependence on the choice of a background (or reference) distribution,
relative to which feature contributions are computed. Specifically, SHAP values quantify
the marginal contribution of each feature with respect to the expected model output over
this background dataset, effectively, the model’s bias term under that distribution. If the
background data are not representative of the target population or deployment context
(e.g., due to dataset shift, class imbalance, or sampling bias), the resulting explanations
may be systematically misleading, as they reflect deviations from a potentially biased
baseline rather than an objective neutral point. Determining whether the entire dataset,
or the chosen background subset, is itself shifted requires careful validation, such as dis-
tributional comparison between training, validation, and test sets using statistical tests
(e.g., Kolmogorov-Smirnov, MMD) or domain knowledge. Beyond this, SHAP exhibits
several less obvious constraints: (1) computational intractability for exact Shapley value
estimation in complex models, often necessitating approximations that may introduce
their own biases [54,55]; (2) the implicit assumption of feature independence during the
marginalization process, which can yield counterintuitive attributions when features are
strongly correlated; and (3) the fact that SHAP values explain deviations from the mean
prediction rather than absolute model outputs, which may obscure the interpretability of
individual predictions in contexts where the baseline itself is poorly calibrated or unin-
formative. In the current study, the SHAP values were then calculated to quantify each
parameter’s contribution to the OF. Based on SHAP analysis, parameters were ranked by
importance similarly to the Tornado sensitivity experiment. However, unlike the Tornado
approach, SHAP accounts for the simultaneous variation of all parameters, capturing their
interdependent effects. Moreover, SHAP analysis identified optimal value ranges for each
HM parameter, intervals where OF tends to decrease, allowing refinement of the initial
uncertainty ranges before optimization. The next subsection describes the PSO method and
the settings for its selected hyperparameters.

2.2.5. Particle Swarm Optimization (PSO)

PSO, originally proposed by Eberhart and Kennedy in 1995 [56], is a population-based
metaheuristic inspired by the collective behavior of social organisms such as bird flocks and
fish schools. In PSO, a group of candidate solutions, referred to as particles, explores the
search space cooperatively in order to identify an optimal or near-optimal solution. Each
particle represents a potential solution and adjusts its movement in the search space by
considering both its own best experience and the best solution found by the entire swarm.
This information-sharing mechanism enables an effective balance between exploration of
new regions and exploitation of promising areas, which contributes to the robustness and
simplicity of the algorithm [56,57]. Due to its ease of implementation, low computational
cost, and strong global search capability, PSO has been widely adopted in optimization
tasks across various engineering and scientific domains [56-59]. In petroleum engineering
applications, PSO has proven valuable for optimizing drilling parameters [60], modeling
complex reservoir properties [57], and enhancing ML model performance [61,62]. More-
over, PSO is often employed as an optimization component within machine learning and
ensemble modeling approaches, where it enhances model performance and convergence
behavior [61,62]. In the present study, PSO was implemented with fixed hyperparame-
ters across all iterations and both WFs to ensure methodological consistency; only the
random SEED varied stochastically. Specifically, for each run R (R = 1-10), the SEED was
randomly selected once, documented, and subsequently reused for the corresponding
run in both WFs, resulting in differing SEEDs across runs while maintaining consistency
between WFs on a run-by-run basis. This design removes confounding from optimizer
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randomness and enables a fair comparison of optimization results in both WFs; all SEEDs
and hyperparameters were logged to ensure reproducibility. The PSO algorithm was im-
plemented with the following hyperparameters: swarm size = 30, initial inertia = 0.742401,
final inertia = 0.627836, nostalgia = 0.74137, sociality = 1.054664, damping factor = 1, and
“seed” = “variable”. In the final step, two alternative strategies for running the PSO al-
gorithm were considered. The first used the conventional approach, excluding the least
influential parameters identified by Tornado analysis from optimization (see Figure 2). The
second relied exclusively on SHAP to determine the updated parameter set and ranges.
Both WFs were compared under identical conditions, applying the same OF configuration
and optimization settings. For cases excluding non-significant parameters from the HM
process, their fixed base values remained consistent across experiments. Following the de-
velopment of the synthetic models (SRM-6 and Egg models) and the SR field methodology
framework, the next section explains the obtained results and discusses the development
of the SHAP-assisted WF in comparison with the conventional WF.

3. Results and Discussion

This section presents the results of a systematic evaluation of the proposed SHAP-
assisted HM-WF across three distinct reservoir models: the synthetic SRM-6 model (see
Section 3.1), the benchmark Egg model (see Section 3.2), and the real-world SR field (see
Section 3.3). The analysis focuses on parameter sensitivity, range reduction, convergence
behavior, and production match quality results, comparing the conventional HM-WFs with
those augmented by SHAP-driven feature interpretation and constraint refinement.

3.1. SRM—6 Synthetic Model
3.1.1. SHAP Dependence Range Reduction Plots Across SRM—-6 Model

The global sensitivity of HM parameters in the SRM-6 model was evaluated using
SHAP beeswarm plots and Tornado diagrams, revealing divergent yet complementary
insights into parameter influence on the OF [63,64]. Figure 5a (Tornado plot) quantifies
OF variation (%), while Figure 5b (SHAP beeswarm) maps feature importance via game-
theoretic marginal contributions, capturing non-linear and interaction effects.

(b)
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Figure 5. Global sensitivity analysis of history matching (HM) parameters in the synthetic reser-
voir model (SRM-6): (a) Tornado plot quantifying the relative change in global objective func-
tion (AGOE, %); (b) SHAP beeswarm plot illustrating feature importance via game-theoretic
marginal contributions, with color intensity indicating high (red) to low (blue) feature value. Ky,
Kp—porosity—permeability coefficients; Ny, No—Corey exponents for water and oil relative per-
meability; Kyw_Sorw—Wwater relative permeability at residual oil saturation; FWL—free water level
depth (m); Ky /Ky —vertical permeability anisotropy coefficient; SW o —first coefficient in the natural
logarithmic J-function for water saturation.
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The selected sensitivity analyses indicate that the parameters “K /Ky” and “SW,”
have minimal influence on the change in the OF. Vertical permeability anisotropy has
a negligible impact in vertical wells due to minimal vertical flow gradients, while SW 4
primarily affects early-time saturation profiles, consistent with its role in the J-function’s
natural logarithmic form [63,64]. Consequently, these parameters can be fixed at their base
values. Notably, the parameter importance ranking obtained via SHAP differs from that of
the Tornado analysis, providing a revised perspective on the RSM’s response to changes in
HM parameters.

Significantly, SHAP dependence plots enable the determination of credible value
ranges for HM parameters, as illustrated in Figure 6. Intervals along the X-axis (HM
parameter value) where the SHAP value on the Y-axis consistently remains negative
correspond to regions where the OF tends to decrease relative to the value of the SHAP
algorithm’s base model. For parameters such as “K4” and “Ny,,” stable trends indicate
clearly defined range constraints. In contrast, “SW " exhibits scattered and non-monotonic
behavior, reflecting weak sensitivity, consistent with its negligible impact identified in
Figure 5. Restricting the optimization algorithm to these parameters facilitates the efficient
identification of a set of history-matched models. The SHAP analysis was based solely on
the 200-model LHS dataset.
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Figure 6. Synthetic reservoir model (SRM-6) SHAP dependence plots: Cross-plots of the SHAP
values against the HM parameter values: (a) Ky—the first coefficient in the exponential porosity—
permeability equation; (b) Ny—the Corey exponent of relative permeability for water; (c¢) Kg—the
second coefficient in the exponential porosity—permeability equation; (d) No—the Corey exponent
of relative permeability for oil; (e) Kyw_Sorw—water relative permeability at residual oil satura-
tion; (f) FWL—free water level depth (m); (g) Ky /Ky—vertical permeability anisotropy coefficient;
(h) SW p—the first coefficient in the natural logarithmic water saturation-J-function equation. The
green area indicates the range of values for each HM parameter, facilitating the subsequent initializa-
tion of PSO in a SHAP-assisted workflow.
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Occasionally, for parameters exhibiting non-monotonic or scattered SHAP dependence
(e.g., SW4 in Figure 6h), range redefinition is not justified due to insufficient signal strength.
To eliminate this phenomenon, the initial sample can be supplemented with new RSMs
to provide the algorithm with more data [65]. Moreover, the hyperparameters of the ML
algorithm can be reset if there are concerns about the model’s performance, or alternative ML
algorithms can be explored. The adjusted range of HM parameters, based on the analysis of
SHAP dependence plots, is detailed in Table 5. The “Range reduction” column represents the
percentage decrease in ranges for the SHAP-assisted WF relative to the conventional WE.

Table 5. Synthetic reservoir model (SRM-6) parameter ranges in conventional and SHAP-assisted
workflows, with the percentage reduction of initial ranges in SHAP-assisted WF relative to the
conventional approach.

Conventional WF SHAP-Assisted WF Range
HM (Initial Ranges) (Redefined Ranges) Reduction
Parameters
Min. Value Max. Value Min. Value Max. Value %

FWL 2445 2455 2445 2451 40.0
No 3 8 3 5 60.0
Nw 0.6 5.0 0.6 3.0 45.5
Krw_Sorw 0.30 0.90 0.55 0.90 41.7
Ka 64 74 68 74 40.0
Kp 8.0 9.0 8.0 8.5 50.0

Note: FWL—Free water level depth, m; N,—Corey exponent of relative permeability for oil; Ny,—Corey exponent
of relative permeability for water; K_Sorw—Water relative permeability at residual oil saturation; Ky—1st
coefficient in the exponential porosity—permeability equation; Kg—2nd coefficient in the exponential porosity—
permeability equation. Fixed at the base value: K /K,,—Vertical permeability anisotropy coefficient; SW—1st
coefficient in the natural logarithmic water saturation-J-function equation.

3.1.2. Production Match Quality Across SRM-6 Model

To evaluate the impact of SHAP-guided parameter constraints on optimization effi-
ciency, the convergence behavior of the GOF was compared between conventional and
SHAP-assisted WFs across 17 PSO generations. Figure 7 shows that the SHAP-assisted
WEF consistently achieves lower median GOF values and reduced interquartile spread
from early generations onward. The comparative box-plot analysis demonstrates that
both conventional and SHAP-assisted WFs efficiently reduce both median and minimum
GOF values over successive generations. In the early cycles, the SHAP-assisted approach
consistently achieves much lower medians (for example, 12.8 versus 42.3 at 1st Generation)
and lower minimum GOF values (2.21 versus 2.76 at 1st Generation) than the conventional
workflow. SHAP-assisted ensembles maintain a 30-70% advantage in median and average
GOF over conventional ensembles throughout the optimization, while the minimum GOF
reached by SHAP-assisted models reaches a value below 1 as early as the 8th Generation,
a threshold not achieved by the conventional approach in the first 10 generations. This
improvement arises because the SHAP-assisted WF increases optimization efficiency by
directing the search algorithm toward more meaningful areas of the parameter space,
thereby minimizing exploration of irrelevant or redundant solutions [66].

Additionally, Figure 8 depicts a comparable trend in the oil production rate curves,
contrasting the conventional and SHAP-assisted WFs throughout PSO generations, wherein
the optimization algorithm operates within a more concentrated region and infrequently
investigates unproductive areas of the solution space. At the 1st generation (Figure 8a,d),
both WFs exhibit broad uncertainty bands; however, the SHAP-assisted ensemble already
shows tighter bounds and better initial alignment with history. By the 9th generation
(Figure 8b,e), the SHAP-assisted WF demonstrates significantly reduced spread and im-
proved match fidelity throughout the production period. At convergence (17th generation,
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Figure 8¢ f), the SHAP-assisted ensemble remains tightly clustered around historical data,
while the conventional ensemble still exhibits residual outliers.

GOF-value

Conventional WF: Averaged box
SHAP-Assisted WE: Averaged box
Conventional WF: Averaged box median trend
SHAP-Assisted WF: Averaged box median trend

7 8 9 10

11 12 13 14 15

Generation (30 models)

Figure 7. Comparison of global objective function (GOF) convergence behavior in the synthetic reser-
voir model (SRM-6) between the conventional WF and the SHAP-assisted WE. Boxplots represent the
averaged GOF distribution across 10 PSO initializations for each WF, aggregated over 17 generations.
Brown and blue boxplots correspond to the conventional and SHAP-assisted WFs, respectively. Black
circles indicate the generation numbers corresponding to the production schedules shown below.
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Figure 8. Synthetic reservoir model (SRM-6) oil production comparison between conventional
and SHAP-assisted workflows (WFs): (a) Field oil production rate at the 1st generation; (b) Field
oil production rate at the 9th generation; (c) Field oil production rate at the 17th generation;
(d) Cumulative oil production at the 1st generation; (e) Cumulative oil production at the 9th genera-

tion; and (f) Cumulative oil production at the 17th generation.
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3.2. Egg Model Benchmark
3.2.1. SHAP Dependence Range Reduction Plots Across Egg Model

Unlike the SRM-6 results, the sensitivity analysis for the Egg model, as illustrated in
Figure 9, revealed only minor variations in the evaluation of less influential parameters and
in the ranking of other key HM parameters. This limited contrast is primarily attributed to
the artificial nature of the Egg model, which represents a low-depletion system producing
fluids under relatively small drawdowns. Under these conditions, the wells have sufficient
productivity to deliver the target fluid volumes and ensure a consistent adjustment of
bottomhole pressures.
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Figure 9. Sensitivity analysis of the Egg model, identifying the key history matching (HM) parame-
ters using: (a) Tornado plot quantifying the relative change in global objective function (AGOEF, %);
(b) SHAP beeswarm plot illustrating feature importance via game-theoretic marginal contributions,
with color intensity indicating high (red) to low (blue) feature value. Kpo—T1st coefficient in the expo-
nential porosity—permeability equation; Kg—2nd coefficient in the exponential porosity—permeability
equation; Ky/Ky—Permeability anisotropy coefficient in XY direction; Ky /K;—Vertical perme-
ability anisotropy coefficient; SWCR—Ceritical water saturation; SOWCR—Residual oil saturation;
KROLW—The relative phase permeability of oil with residual water saturation; KRORW—The rela-
tive phase permeability of oil with critical water saturation; KRWR—The relative phase permeability
of water with residual oil saturation; No—The degree of Corey for the relative phase curve of oil;
Nw—The degree of Corey for the relative phase curve of water.

Consequently, the relative permeability HM parameters emerged as the dominant
factors in reproducing the oil and water production profiles. Their sensitivity is primarily
governed by the critical saturations, which delineate the mobile flow region, and by the
Corey exponents, which determine the curvature of the relative permeability functions. The
analysis also identified three HM parameters with negligible impact. Consistent with the
preceding SRM-6 model, permeability anisotropy in all directions exerts minimal influence
on the production performance of vertical wells. Similarly, the relative permeability of oil
under immobile water conditions shows limited effect, as the wells are located entirely
within a pure oil zone and maintain sufficient productivity for accurate matching of oil
rates. These parameters were fixed at their base values prior to the PSO initialization. SHAP
dependence plots were employed to determine plausible value ranges for HM parameters,
as shown in Figure 10.

The SHAP dependence plots identify the ranges of HM parameter values where the OF
tends to decrease relative to the base model. These specific intervals were redefined in the
SHAP-assisted WE. Table 6 presents the original and redefined ranges for both conventional
and SHAP-assisted WFs, along with the percentage reduction of initial ranges observed
in the SHAP-assisted WE. These reductions range from 28.6% to 50.0% across key relative
permeability and porosity—permeability parameters. Notably, parameters such as SWCR,
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SOWCR, and N, demonstrated the highest range compression, reflecting their significant
influence on production behavior and confirming SHAP’s capability to identify critical
areas for targeted optimization.
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Figure 10. Egg model SHAP dependence plots: Cross-plots between the SHAP values and the history
matching (HM) parameter values: (a) NW—The degree of Corey for the relative phase curve of water;
(b) No—The degree of Corey for the relative phase curve of oil; (¢) SOWCR—Residual oil saturation;
(d) SWCR—Critical water saturation; (e) KRORW—The relative phase permeability of oil with critical
water saturation; (f) KRWR—The relative phase permeability of water with residual oil saturation;
(g) KB—2nd coefficient in the exponential porosity—permeability equation; (h) KA—I1st coefficient
in the exponential porosity—permeability equation; (i) Kx/Ky—Permeability anisotropy coefficient
in XY direction; (j) KROLW—The relative phase permeability of oil with residual water saturation;
(k) Kv/Kh—Vertical permeability anisotropy coefficient. The green area shows the range of values
for each HM parameter for subsequent initialization of PSO in a SHAP-assisted workflow.

Table 6. Egg model parameter ranges in conventional and SHAP-assisted workflows (WFs) with the
percentage reduction of initial ranges in SHAP-assisted WF relative to the conventional approach.

Conventional WF SHAP-Assisted WF Range
HM (Initial Ranges) (Redefined Ranges) Reduction
Parameters
Min. Value Max. Value Min. Value Max. Value %

Ka 54.0 61.0 56.5 61.0 35.8
Kg 4.6 6.0 4.6 5.6 28.6
SWCR 0.10 0.16 0.13 0.16 50.0
SOWCR 0.16 0.30 0.16 0.24 43.0
KRORW 0.50 0.80 0.65 0.80 50.0
KRWR 0.50 0.80 0.50 0.68 40.0
No 2.5 5.5 2.5 4.0 50.0
Nw 1.5 4.5 2.9 4.5 46.7

Note: Kp—T1st coefficient in the exponential porosity—permeability equation; Kg—2nd coefficient in the expo-
nential porosity—permeability equation; SWCR—Critical water saturation; SOWCR—Residual oil saturation;
KRORW-—The relative phase permeability of oil with critical water saturation; KRWR—The relative phase per-
meability of water with residual oil saturation; No—The degree of Corey for the relative phase curve of oil;
NW-—The degree of Corey for the relative phase curve of water. Fixed at the base value: Ky /Ky—Permeability
anisotropy coefficient in XY direction, KROLW—The relative phase permeability of oil with residual water
saturation; K, /Ky —Vertical permeability anisotropy coefficient.
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3.2.2. Production Match Quality Across Egg Model

The comparison of the behavior of the GOF in the conventional WF and the SHAP-
assisted WF over generations is shown in Figure 11. The superior early performance of
the SHAP-assisted WF (19-66% lower median GOF from the 1st to the 6th generation) is
primarily due to SHAP-guided parameter screening and range refinement, which restrict
the optimizer to regions of the parameter space empirically associated with lower misfit
values. As a result, PSO spends fewer iterations exploring non-informative or high-misfit
regions, leading to faster convergence. From the 7th to 17th generation, the advantage of the
SHAP-assisted WF decreases to 2-16%. This diminishing difference reflects the progressive
saturation of the refined search space, where both workflows increasingly explore similar
high-quality regions and approach comparable local optima. Accordingly, the minimum
GOF achieved by the SHAP-assisted WF is lower in early generations (up to 0.15 difference)
but converges toward conventional values in later stages (difference < 0.08). This behavior
confirms that SHAP primarily improves optimization efficiency rather than altering the
final attainable solution quality, explaining why both workflows converge to statistically
similar results as the number of generations increases.

(2) 16 B Conventional WF: Each PSO result box (b) B Conventional WF: Averaged box

B Conventional WF: Averaged box I SHAP-Assisted WF: Averaged box

141+ BN SHAP-Assisted WF: Each PSO result box 1 —+— Conventional WF: Averaged box median trend

| I SHAP-Assisted WF: Averaged box 104 —+— SHAP-Assisted WF: Averaged box median trend
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Figure 11. Comparison of global objective function (GOF) behavior in the synthetic reservoir model
(Egg model) between the conventional WF and the SHAP-assisted WF: (a) The red and green boxplots
show the distribution of GOF for each generation, across all PSO initializations and WF types;
(b) Enlarged averaged boxplots. The brown and blue boxplots represent the average distribution
across 10 PSO initializations for each WF, aggregated over generations. Black circles indicate the
generation numbers corresponding to the production schedules shown below.

The analysis of the oil production curves in Figure 12 reveals a consistent trend. Similar
to the SRM-6 model, the optimization algorithm demonstrates a reduced likelihood of
entering irrelevant solution domains when SHAP values are incorporated. At the 1st
generation (Figure 12a,d), both WFs show broad production uncertainty, but the SHAP-
assisted ensemble already exhibits tighter bounds and improved alignment with historical
data. By the 9th generation (Figure 12b,e), both WFs demonstrate a similar variance in
the production curves, although for a fair assessment, in the SHAP-assisted approach,
the production curves are clustered more closely around the historical data, even if this
superiority is insignificant. The reason for this improvement in the SHAP-assisted WF
is that it narrows the parameter search space early on by focusing the optimizer on the
most influential parameters. At convergence (17th generation, Figure 12¢,f), the difference
between the SHAP-assisted ensemble and the conventional workflow becomes negligible,
with both approaches demonstrating similarly tight clustering around the historical data.
This is because, by the 17th generation, the search space has been sufficiently explored
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and refined, and both methods eventually converge to similar optimal solutions. At
this stage, SHAP’s early advantage in guiding the optimization becomes less relevant,
as both workflows have sufficiently explored the parameter space, resulting in similar
final outcomes.
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Figure 12. Synthetic reservoir model (Egg model) oil production comparison between conventional
and SHAP-assisted workflows: (a) Field oil production rate at the 1st generation; (b) Field oil
production rate at the 9th generation; (c) Field oil production rate at the 17th generation; (d) Cumula-
tive oil production at the 1st generation; (e) Cumulative oil production at the 9th generation; and
(f) Cumulative oil production at the 17th generation.

A critical consideration when aggressively reducing the parameter search space (by
29-50%) is the risk of inadvertently excluding the “true” global optimum. To evaluate this,
the redefined bounds were cross-referenced with the known “True Values” of the synthetic
models (Tables 1 and 2). For the SRM-6 model, all true values were successfully retained
within the SHAP-refined bounds (Table 5). For the Egg model, the vast majority of true
parameters were preserved; however, highly correlated parameters (such as the porosity—
permeability coefficient K4 and residual oil saturation SOWCR) fell marginally outside the
redefined intervals (Table 6). This phenomenon highlights a fundamental characteristic
of reservoir history matching: the non-uniqueness of the inverse problem (equifinality).
In complex parameter spaces, particularly those governing relative permeabilities, dif-
ferent combinations of variables can compensate for one another to produce an identical
dynamic response. The SHAP analysis does not merely hunt for a single deterministic
“true” point; rather, it identifies a highly productive sub-space—a manifold of equivalent
solutions—where parameter interactions consistently minimize the objective function. As
demonstrated by the superior early convergence and matching quality in the Egg model
(Figures 11 and 12), the data-driven range reduction focuses the global search capability
on the most viable parameter combinations, successfully achieving an optimal equivalent
solution without compromising the overall robustness of the algorithm.
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3.3. Siberian Reference Field Real-World Application
3.3.1. SHAP Dependence Range Reduction Plots Across Siberian Reference Field

After estimating the uncertainties and parameterizing the HM variables, the field reser-
voir model is initially calibrated using 255 parameters: from the seismic horizon reference
position to the endpoints of the relative permeability. Because the dataset is very large, only
the 25 most important HM parameters (10%) were selected for the demonstration of the
proposed approach. The purpose of this reduction was not to reflect the full complexity
of the field, but to focus on illustrating the application of the method itself. For instance,
the parameters “¢;,” (porosity configuration coefficient) and “FWL (4)” (water-oil contact
in the 4th block) control storage capacity at two scales—the full hydrodynamic model and
the designated unit block—thereby capturing both field-level volumetric effects and local
compartmentalization [67,68]. These parameters were selected to illustrate how the method-
ology works in real-world cases while maintaining a manageable number of parameters for
demonstration. In parallel, for example, region-specific KRWR parameters control water mo-
bility in areas with the largest contribution to total water production. However, matching of
water rates has been impeded by significant uncertainty in fault geometry and transmissibility
and by potential injection-induced hydraulic fractures in injection wells [69,70]. Under these
conditions, HM parameters controlling water mobility exert a significant influence on the
OF. In real practice, it is possible to evaluate and automatically fine-tune the entire set of
HM parameters and their ranges. Similar to the synthetic models (SRM-6 and Egg models),
sensitivity analysis was conducted using both Tornado and SHAP beeswarm plots. Since
the set of HM parameters is large, the sensitivity estimates varied significantly between the
conventional and SHAP-assisted methodologies (Figure 13), illustrating the impact of using
different sensitivity analysis methods on the selection of parameters.
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Figure 13. Global sensitivity analysis of history matching (HM) parameters in the Siberian reference
(SR) field: (a) Tornado plot quantifying the relative change in global objective function (AGOEF, %);
(b) SHAP beeswarm plot illustrating feature importance via game-theoretic marginal contributions,
with color intensity indicating high (red) to low (blue) feature value.
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Sensitivity analysis in the conventional WF reveals that while the top ranks are domi-
nated by local parameters, the primary influence among global parameters is attributed
to TOP_J1_STD_M. Although ranked 5th overall in the Tornado analysis, this parameter
(which modulates the position of the J1 formation top) contributes notably to the overall
GOF variation. The sensitivity analysis tends to lower the formation top and raise the
water-oil contact in block 4 (FWL (4)) to increase water production. However, since these
are global parameters, they significantly affect the entire model and production across all
wells. In contrast, SHAP-based sensitivity analysis identifies a more pronounced impact
of water relative permeability parameters in regions of predominant water production
(e.g., KRWR Well (1-4)) and water saturation dependence parameters (SWN Well (5-7)),
allowing for a more localized and refined adjustment in these areas. These conclusions
presume that the parameterization and uncertainty quantification are sufficient to achieve
a matched model, considering the complexity and heterogeneity of the RSM. Figure 14
shows the SHAP dependence plots for the HM parameters.
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Figure 14. SHAP dependence plots for key history matching (HM) parameters in the Siberian
reference (SR) field model: (a) ¢;,; (b) KRWR Well (1); (c) KRWR Well (2); (d) KRWR Well (3);
(e) FWL (4); (f) SWL (R); (g) TOP_J1_STD_M; (h) K (J1) Well (1)-R; (i) o - (COS(t)); (j) Kreg.int;
(k) KRWR Well (4); (I) Sycrm); (m) No Well (5); (n) Socr; (0) NwWell(2); (p) SWL (L);
(q) KRWUWell(2); (r) K (J1) Well (3)-R; (s) KRWUWell (8); (t) SWNWell (5)-R; (u) SWNWell (6)-R;
(v) SWNWell (7)-L; (w) N,Well (1); (x) NoWell (3); and (y) SWNWell (1)-L. The green regions
indicate HM parameter ranges where the OF tends to decrease. All abbreviations are listed in

the nomenclature.
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Consequently, these ranges are selected as redefined boundaries and used to ini-
tialize the PSO algorithm. Table 7 presents a systematic comparison of parameter-range
transformations across workflow realizations in the SR field model.

Table 7. History matching (HM) parameter ranges across workflow (WF) realizations in the Siberian
reference (SR) model: comparison of initial ranges (conventional WF) and redefined ranges (SHAP-
assisted WF), with percentage reduction where applicable.

Parameter Conventional WF SHAP-Assisted WF Range
HM Parameter Group Desi . (Initial Ranges) (Redefined Ranges) Reduction
esignation

Min. Value Max. Value Min. Value Max. Value %
Critical oil saturation Socr — — 0.335 0.352 —
Critical water saturation Swer(m) — — 1.000 1.150 —
Fault conductivity Feon.23) 0 ! - o o
Fcon.(34) 0 1 - — —
Fluid contacts FWL (4) 2778.0 2787.0 2778.0 2781.7 59
Irreducible water SWL (R) 0.049 0.292 0.130 0.292 33
saturation SWL (L) 0.508 0.751 0.625 0.751 48
KRWR Well (1) 0.10 0.40 0.18 0.40 27
KRWR Well (2) 0.10 0.40 0.23 0.40 43
KRWR Well (3) 0.10 0.40 0.18 0.40 27
KRWR Well (4) 0.10 0.40 0.22 0.40 40
KRWU Well (2) 0.40 0.65 0.53 0.65 52
KRWU Well (4) 0.40 0.60 — — —
Relative permeability KRWU Well (8) — — 0.51 0.60 —
parameters KRORW Well (4) 0.10 0.40 — — —
N, Well (1) 2.00 437 2.00 437 0
N, Well (2) 2.00 4.37 — — —
N, Well (3) — — 2.00 4.37 —
N, Well (4) 2.00 437 — — —
N, Well (5) — — 2.00 3.75 —
Ny Well (2) — — 1.00 1.44 —
Reservoir distribution NTG 0.39 0.61 — — —
Kreg int 3.00 5.00 3.50 5.00 25
Kv/Ky (J1) and (J2) 0.20 1.00 — — —
. . K (J1) Well (1)-R 2.30 2.60 242 2.60 40
Reservoir permeability K (J1) Well (3)-R 2.20 2.60 2.47 2.60 68
K (J1) Well (4)-R 2.20 2.50 — — —
K (J1) Well (4)-L 0.50 1.10 — — —
Reservoir porosity Pm 0.30 0.70 0.47 0.70 43
Structural surfaces TOP_J1_STD_M —3.00 3.00 —0.50 3.00 42
o - (COS(t)) 0.020 0.050 0.037 0.050 57
. SWN Well (1)-L — — —0.060 —0.020 —
Water saturation in the SWN Well (5)-R — _ ~1.855 ~1.700 _
transition zone SWN Well (6)-R — _ ~1915 —1.675 _
SWN Well (7)-L — — —0.025 0.021 —

Note: All abbreviations can be seen in the nomenclature.

3.3.2. Production Match Quality Across Siberian Reference Field

To assess the scalability of the SHAP-assisted WF under real-field complexity, the
convergence behavior of the GOF and the production performance of each fluid type
were compared between the conventional and SHAP-guided WFs in the SR field model,
as illustrated in Figure 15, which shows box-plots representing the distribution of GOF
for each of the 10 PSO realizations (red for conventional WE, green for SHAP-assisted
WEF). Additionally, for ease of interpretation, an averaged box-plot is presented for each
generation from 30 RSM models (brown for conventional WF; blue for SHAP-assisted WEF).

The SHAP-assisted WF yields median GOF values that are 7-15% lower than those of
the conventional WE, while mean GOF values display a similar quantitative advantage. The
minimum GOF achieved by SHAP-assisted ensemb]es is also lower in every generation,
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with margins ranging from 0.2 to over 1.6 in absolute value. Furthermore, the analysis of
oil, water and gas production curves corroborates these results as illustrated in Figure 16.
The analysis of production curves demonstrates a substantial reduction in production rate
mismatches over nearly the entire HM period.

(a) M Conventional WF: Each PSO result box (b) I Conventional WF: Averaged box
50 I Conventional WF: Averaged box I SHAP-Assisted WF: Averaged box
N SHAP-Assisted WF: Each PSO result box 40 —e— Conventional WF: Averaged box median trend
I SHAP-Assisted WF: Averaged box —+— SHAP-Assisted WF: Averaged box median trend
45 —+— Conventional WF: Averaged box median trend
—=— SHAP-Assisted WF: Averaged box median trend
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Figure 15. Comparison of global objective function (GOF) behavior in the Siberian reference (SR)
field model between the conventional workflow (WF) and the SHAP-assisted WEF: (a) The red and
green boxplots show the distribution of GOF for each generation, across all PSO initializations and
WEF types; (b) Enlarged averaged boxplots. The brown and blue boxplots represent the average
distribution across 10 PSO initializations for each WF, aggregated over generations. Black circles
indicate the generation numbers corresponding to the production schedules shown below.
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Figure 16. Siberian reference (SR) field optimization behavior comparison between conventional
and SHAP-assisted workflows: Field production rate at the 1st generation for (a) oil, (b) water, and
(c) gas; Field production rate at the 5th generation for (d) oil, (e) water, and (f) gas. Conventional WE
ensembles are shown in gray; SHAP-assisted WF ensembles are shown in red (oil), blue (water), and
green (gas). Historical data are indicated by black markers. The actual information regarding the
figure has been anonymized because of the data confidentiality constraints set by the partner company.
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Overall, the analysis of optimization trajectories across early, intermediate, and late
stages (Table 8) demonstrates that SHAP-assisted WF achieves accelerated convergence
to equivalent solution quality with substantially greater computational efficiency than
conventional approaches. During early optimization (1st generation), SHAP ensembles
demonstrate pronounced superiority with median error reductions of 69.8% (SRM-6), 65.9%
(Egg), and 15.4% (SR field). This advantage persists through intermediate stages but pro-
gressively diminishes. By late optimization (13th—17th generations), relative reductions
narrow to 13.4-26.9% (SRM-6), 1.1-5.0% (Egg), and 4.8-7.4% (SR field), converging toward
statistically equivalent final GOF values: SRM-6 1.53 vs. 1.33; Egg 1.33 vs. 1.32. Compu-
tational savings across all models are quantified in Table 8. SRM-6 and Egg Model each
require 1 fewer generation (5.9% reduction), while the SR real field model requires 3 fewer
generations (60% reduction in computational cycles), demonstrating that SHAP-assisted
optimization achieves equivalent calibration quality with systematically reduced com-
putational burden. While SHAP-assisted optimization does not guarantee superior final
model quality, it delivers substantially greater computational efficiency, and practitioners
can reduce computational burden by 6-60% while obtaining calibration quality statisti-
cally indistinguishable from conventional workflows. The experimental results revealed
a critical distinction between SHAP-based and Tornado-based parameter assessment. It
was observed that SHAP consistently identified combinations of parameters that yielded
systematically high misfit values, which were overlooked by the Tornado method. For
example, SHAP analysis revealed subspaces where joint parameter variations consistently
produced responses with large objective function values. These areas were excluded before
HM, reducing the search space for optimization by a measurable margin (e.g., the 25-68%
reduction in parameter uncertainty bounds detailed in Tables 5-7). Critically, Tornado’s
univariate approach failed to flag these areas because individual parameter perturbations
remained within the marginal parameter thresholds. Consequently, the workflows ini-
tialized with parameters assessed by SHAP required fewer iterations to reach equivalent
calibration thresholds. For instance, in the SRM-6 model (Figure 7), the SHAP-assisted
workflow achieved, at generation 2, a median GOF comparable to the conventional work-
flow at generation 6, effectively yielding an equivalent history match quality while saving
4 optimization generations (i.e., 120 simulator runs per trial). This outcome stems directly
from the ability of SHAP to evaluate interactions across a sampled parameter space, a
capability absent from sequential, single-parameter analyses. The results demonstrate that
SHAP-based pre-assessment enhances HM efficiency by empirically eliminating non-viable
regions detectable only through joint evaluation of parameters. This accelerated conver-
gence and improved stability are statistically supported by the narrower interquartile
ranges in the convergence distributions (Figures 7, 11 and 15) and the systematically lower
standard deviations across all repeated trials (Table 8).

Table 8. Comparison of optimization performance across all RSMs and key optimization stages.

. . . . ian in

Model Gen Median  Median Min Min STD STD Rlﬁlei 3 on Recll\illc tion
Conv SHAP Conv SHAP Conv SHAP (%) (%)
SRM-6 1 42.33 12.79 2.76 2.21 35.23 6.51 69.8 19.9
SRM-6 5 9.35 5.77 2.06 1.67 7.86 3.48 38.2 18.9
SRM-6 9 4.61 3.26 1.08 1.18 3.33 2.37 29.3 -9.2
SRM-6 13 2.59 1.89 0.85 0.92 241 1.58 26.9 -8.1
SRM-6 17 1.53 1.33 0.85 0.89 1.52 0.98 13.4 -53
Egg 1 7.86 2.68 1.85 14 3.21 0.72 65.9 24.4
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Table 8. Cont.
Model  Gen  Median Median  Min  Min  STD  STD Rt’geﬁ;‘;n Redom
Conv SHAP Conv SHAP Conv SHAP o o
(%) (%)
Egg 5 2.22 1.64 14 1.27 0.95 0.46 26.2 9.8
Egg 9 1.65 1.43 1.13 1.21 0.45 0.26 13.7 -7
Egg 13 143 1.35 1.12 1.18 0.27 0.13 5 —-5.9
Egg 17 1.33 1.32 1.07 1.19 0.16 0.07 1.1 —11
SR field 1 38.13 32.24 30.9 29.85 4 1.02 15.4 3.4
SR field 2 36.21 31.52 31.47 29.74 2.85 0.77 13 55
SR field 3 34.84 31.03 29.72 29.78 2.6 0.73 10.9 —0.2
SR field 4 32.76 30.35 29.89 29.49 1.78 0.62 7.4 1.3
SR field 5 31.53 30.02 29.63 29.32 1.83 0.46 4.8 1

Note: Gen—generation number, Conv—Conventional WF, SHAP—SHAP-Assisted WF, and STD—Standard deviation.

Overall, in both synthetic benchmarks (SRM-6 and Egg) and the real-field SR case,

the SHAP-assisted WF consistently proved its enhancement in optimization efficiency,

achieving equivalent or superior history match quality with 6-60% fewer PSO generations

while systematically refining parameter ranges by 25-68% through interpretable, data-

driven sensitivity analysis.

4. Recommendations for Future Work

To build upon the current adaptive HM-WF, which integrates ML and SHAP-based

sensitivity analysis, several promising directions for future research can be identified

as follows.

The solution space exploration relies on a fixed ensemble of models generated during
the initial design of experiments, potentially omitting promising regions that emerge
only during later optimization stages. Future work should develop adaptive opti-
mization frameworks that dynamically incorporate newly evaluated models during
optimization (e.g., at intermediate re-evaluation stages), enabling iterative expansion
of the parameter space with concurrent SHAP analysis to guide sampling toward
underexplored yet promising regions.

Interpretability of parameter importance depends on SHAP values from a single ML
algorithm, which may yield biased or non-robust sensitivity rankings due to algorithm-
specific learning patterns. This limitation can be addressed by performing SHAP
analysis across multiple complementary algorithms (e.g., gradient boosting, random
forests, support vector regression) and clustering the resulting values to identify
consistent parameter importance trends, thereby enhancing both interpretability and
adaptability of the sensitivity assessment.

The optimization algorithm is initialized with a random population, disregarding
high-quality models already identified during design of experiments. A more efficient
approach would seed the initial population with top-performing models from the
experimental design, combined with SHAP-derived estimates of influential param-
eter ranges. This informed initialization should accelerate convergence for complex
reservoirs, though care must be taken to preserve population diversity and avoid
premature convergence.

Finally, the application to the SR field case revealed that aggressive parameter range
narrowing during late-time matching produced over-constrained solutions deviat-
ing from historical production data. Future implementations should adopt adaptive
constraint strategies with judicious range reduction criteria and improved response sur-
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face model parametrization to maintain optimizer flexibility in data-scarce reservoirs
while preserving history match quality throughout the entire production timeline.

5. Conclusions

This study presents a Shapley Additive Explanations (SHAP)-assisted workflow that
integrates CatBoost regression with SHAP value analysis to refine parameter ranges in
automated history matching (AHM). The approach aims to improve match quality, accel-
erate convergence, and reduce computational cost by identifying influential parameters
and constraining their uncertainty ranges prior to optimization. Tested on two synthetic
models (SRM-6, the Egg model) and a real-field case (the Siberian reference (SR) field), the
framework consistently outperformed conventional Tornado-based sensitivity analysis.
Key findings include:

1.  Integration of SHAP value analysis with CatBoost regressor: SHAP values extracted di-
rectly from existing Latin Hypercube Sampling (LHS) ensembles enable interpretable,
model-agnostic sensitivity analysis without additional simulation runs, eliminating
the need for dedicated Tornado experiments. In high-dimensional settings (e.g.,
SR field with 255 HM parameters), Tornado analysis proves impractical, requiring
511 supplementary simulations (approximately 10 days at 30 min per run) with lim-
ited analytical utility beyond basic sensitivity ranking. SHAP leverages pre-existing
simulation data, providing substantially more efficient feature attribution.

2. Systematic data-driven parameter range refinement: The SHAP-assisted method iden-
tified parameter subspaces where the objective function (OF) decreased relative to
the base model, allowing targeted range reduction and more efficient PSO initial-
ization. Results demonstrate a 25-68% reduction in parameter uncertainty ranges
across the SRM-6, Egg, and SR field models. This data-driven constraint of parameter
search spaces directly enables more focused optimization workflows with improved
initial conditions.

3. Computationally efficient achievement of equivalent final calibration quality: Com-
parative analysis of optimization performance across all three reservoir simulation
models reveals that the SHAP-assisted workflow achieves equivalent final history
match quality while requiring 6-60% fewer optimization cycles. Specifically, SRM-6
and the Egg Model each attain the conventional workflow’s final GOF with 1 fewer
generation (5.9% reduction), while the SR field model reaches equivalent calibration
quality by Generation 2, compared with Generation 5 in the conventional workflow,
representing a 60% reduction in required computational cycles. Early-stage optimiza-
tion demonstrates a pronounced SHAP advantage (69.8% median GOF reduction
for SRM-6, 65.9% for Egg, 15.4% for SR field at 1st generation), which progressively
diminishes through intermediate stages and converges to statistical equivalence by
the final optimization phase. Throughout all optimization stages, SHAP-assisted en-
sembles consistently exhibit greater stability (lower standard deviation and box-plot
range), indicating greater computational efficiency.
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Nomenclature

The following abbreviations are used in this manuscript:

AHM

Al

Feon.(23) and Feon (34)
FWL

GOF

HM

K (J1) Well (1)-R
K (1) Well (3)-R

K (1) Well (4)-R

Ka

Kg

KROLW

KRORW
Kiw_Sorw

KRWR

KRWR Well (1) to
KRWU Well (8).

KRWU Well (8), etc.

Ky /Ky
Ky /Ky, (1) and (12)
Kx/Ky
ML

No
NTG
N

OF

PSO
RSM
SHAP
STD
SOWCR
SR

SRM

SW,

SWCR
SWL

Assisted / Automated History Matching

Artificial Intelligence

Fault Ne23 and fault Ne34 conductivity

Free Water Level Depth

Global Objective Function

History Matching

Permeability Parameter of the J1 Formation Within the Voronoi Region
of Well 1

Permeability Parameter of the J1 Formation Within the Voronoi Region
of Well 3

The Permeability Parameter of the J1 Formation Within the Voronoi
Region of Well 4

Coefficient “a” In the Exponential Porosity—Permeability Equation
Coefficient “b” In the Exponential Porosity—Permeability Equation
Relative Phase Permeability of Oil with Residual Water Saturation
The Relative Phase Permeability of Oil with Critical Water Saturation
Water Relative Permeability at Residual Oil Saturation

Relative Phase Permeability of Water with Residual Oil Saturation
Relative Phase Permeability of Water with Residual Oil Saturation

in Well 1 to Well 8 Voronoi region

Relative Phase Permeability of Water with maximum water saturation
in Well 8 Voronoi region

Vertical Permeability Anisotropy Coefficient

Vertical permeability anisotropy multiplier in the J1 and J2 formations
Permeability Anisotropy Coefficient in XY Direction

Machine Learning

Corey Exponent of Relative Permeability for Oil

Net-To-Gross

Corey Exponent of Relative Permeability for Water

Objective Function

Particle Swarm Optimization

Reservoir Simulation Model

Shapley Additive Explanations

Standard Deviation

Residual Oil Saturation

Siberian Reference Field

Synthetic Reservoir Model

First Coefficient in The Natural Logarithmic Water Saturation-J-Function
Equation

Critical Water Saturation

Irreducible Water Saturation
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SWN Well (1)-L Normalized Water Saturation Marginal Parameter Within the Voronoi

Region of Well 1
Normalized Water Saturation Marginal Parameter Within the Voronoi
SWN Well (5)-R .
Region of Well 5
SWN Well (6)-R NorTnalized Water Saturation Marginal Parameter Within the Voronoi
Region of Well 6
SWN Well (7)-L Nor.malized Water Saturation Marginal Parameter Within the Voronoi
Region of Well 7
TOP_J1_STD_M Parameter for Varying the Position of the J1 Formation Top
WEF Workflow
o - (COS(t)) Effective Component of Phase Surface Tension
Om Porosity Configuration Coefficient
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