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Abstract

Accurate prediction of reservoir production remains a critical challenge due to the complex interplay of multiphase flow behavior,
temporal dynamics, and reservoir heterogeneity. This study proposes a Hybrid Physics-Informed Dynamic Productivity Index
(HPD-PI) model that integrates classical inflow performance relationships with data-driven temporal features to enhance
production forecasting. The model extends the conventional productivity index formulation by incorporating water-cut and gas-
oil ratio corrections, dynamic production trends, and temporal memory through lagged production terms. A comprehensive
dataset comprising production, pressure, and multiphase-flow parameters was used to evaluate the proposed approach. A baseline
Random Forest model was first developed for comparison, achieving a coefficient of determination (R?) of 0.8138. However,
analysis revealed that the model was predominantly driven by temporal dependencies with limited physical interpretability. In
contrast, the proposed Hybrid HPD-PI model achieved superior performance, with an R? of 0.9466, root mean square error
(RMSE) of 71.01, and mean absolute error (MAE) of 38.78. The improvement is attributed to the integration of temporal
memory, multiphase flow corrections, and dynamic behavior within a physically consistent framework. The results demonstrate
that the hybrid model effectively captures both short-term fluctuations and long-term production trends while maintaining
interpretability. The study highlights the importance of combining physical principles with data-driven techniques for robust
reservoir modeling. The proposed HPD-PI framework provides a reliable tool for production forecasting, reservoir management,
and decision-making, with potential applicability to a wide range of reservoir systems.

Keywords

Hybrid Productivity Index, Reservoir Modeling, Production Forecasting, Multiphase Flow, Water Cut, Gas-Oil Ratio,
Physics-Informed Modeling, Time-Series Analysis

1. Introduction

Reservoir performance prediction is a fundamental aspect making. Accurate estimation of production rate enables oper-
of petroleum engineering, playing a critical role in production ators to optimize recovery strategies, minimize operational
optimization, reservoir management, and economic decision- risks, and improve overall field performance. Traditionally,
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reservoir engineers have relied on analytical models such as
the productivity index (PI) and inflow performance relation-
ships (IPR) to describe the relationship between production
rate and pressure drawdown [18-20]. These models provide a
simplified representation of reservoir behavior and have been
widely adopted due to their ease of implementation and inter-
pretability.

The classical productivity index formulation assumes a lin-
ear relationship between production rate and pressure differ-
ential, based on steady-state flow conditions and single-phase
fluid behavior. While this assumption is valid under ideal con-
ditions, real reservoir systems rarely exhibit such simplicity.
In practical scenarios, reservoirs are characterized by multi-
phase flow, pressure depletion, heterogeneity, and evolving
operational conditions. The presence of water production,
commonly expressed as water cut, reduces effective oil mo-
bility and alters flow dynamics, while gas interference, repre-
sented by the gas-oil ratio (GOR), introduces nonlinear effects
that significantly impact production performance. These fac-
tors violate the assumptions underlying the classical Pl model,
leading to reduced predictive accuracy.

In addition to multiphase effects, reservoir performance
evolves due to depletion, formation damage, and changes in
operational strategies. Consequently, the productivity index
cannot be considered a constant parameter but rather a time-
dependent variable that reflects the dynamic nature of reser-
voir systems. Traditional models fail to capture this temporal
variability, making them less reliable for long-term forecast-
ing and real-time monitoring applications. Furthermore, pro-
duction data often exhibit irregularities arising from opera-
tional disturbances, sensor noise, and unexpected reservoir be-
havior. Classical physics-based models cannot detect or adapt
to such anomalies, further limiting their applicability in com-
plex reservoir environments.

Recent advances in machine learning have provided pow-
erful tools for modeling complex and nonlinear reservoir be-
havior. Several studies have demonstrated that data-driven ap-
proaches can significantly improve prediction accuracy in res-
ervoir performance analysis [1, 5, 7]. For example, Kang et al.
[1] and Chen et al. [5] showed that machine learning models
are capable of capturing intricate relationships between reser-
voir variables and production rates, outperforming traditional
analytical methods. Similarly, Rahmanifard and Gates [6]
highlighted the effectiveness of data-driven techniques for
production forecasting in unconventional reservoirs. Despite
these successes, purely data-driven models often suffer from
a lack of physical interpretability and may fail to generalize
beyond the conditions represented in the training data.

To address these challenges, hybrid modeling approaches
that integrate physical principles with machine learning have
emerged as a promising direction. Physics-informed machine
learning frameworks incorporate governing equations and do-
main knowledge into data-driven models, thereby improving
both interpretability and predictive robustness [11, 13]. These
approaches have shown significant potential in subsurface
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flow modeling and reservoir simulation. However, existing
studies primarily focus on general predictive frameworks and
do not explicitly reformulate the productivity index to incor-
porate multiphase effects, temporal dynamics, and anomaly-
aware behavior within a unified mathematical structure.

Therefore, there remains a critical need for a comprehen-
sive formulation that bridges the gap between traditional phys-
ics-based models and modern data-driven techniques. Such a
formulation should be capable of capturing multiphase flow
effects, adapting to time-varying reservoir conditions, and re-
sponding to anomalous production behavior while maintain-
ing physical consistency and interpretability.

In this study, a Hybrid Physics-Informed Dynamic Produc-
tivity Index (HPD-PI) model is proposed to address these lim-
itations. The proposed model extends the classical productiv-
ity index by incorporating multiphase flow corrections
through water cut and gas-oil ratio terms, introducing tem-
poral dynamics via production rate evolution, and integrating
anomaly-aware intelligence derived from machine learning
models. By combining physical principles with data-driven
adaptability, the HPD-PI model provides a unified and robust
framework for reservoir performance prediction.

The main contributions of this work include the develop-
ment of a dynamic productivity index formulation that ac-
counts for time-dependent reservoir behavior, the integration
of multiphase flow effects into the productivity model, the in-
corporation of temporal production dynamics, and the inclu-
sion of anomaly detection mechanisms to capture irregular
reservoir behavior. The proposed approach enhances predic-
tive accuracy while preserving physical interpretability, mak-
ing it suitable for real-time reservoir monitoring and intelli-
gent production optimization.

2. Related Studies

Recent advancements in reservoir engineering have demon-
strated a progressive shift from traditional analytical models
toward data-driven and hybrid modeling approaches. This
transition is largely driven by the increasing complexity of
reservoir systems and the limitations associated with classical
productivity index formulations. Early analytical models, such
as decline curve analysis and inflow performance relation-
ships, established fundamental relationships between produc-
tion rate and pressure drawdown [18, 20]. These models have
been widely adopted due to their simplicity and interpretabil-
ity. However, they are based on restrictive assumptions, in-
cluding steady-state flow conditions, single-phase fluid be-
havior, and constant reservoir properties, which limit their ap-
plicability in real-world reservoir systems.

In practical scenarios, reservoir flow behavior is inherently
multiphase, involving oil, water, and gas interactions. The
presence of water production, quantified as water cut, signifi-
cantly reduces effective oil mobility and alters production ef-
ficiency. Similarly, gas interference, typically represented by
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the gas-oil ratio (GOR), introduces nonlinear effects that dis-
rupt stable flow regimes and reduce oil productivity. Recent
studies have highlighted the importance of incorporating mul-
tiphase behavior into reservoir modeling. For instance, Sepah-
vand et al. [8] developed machine learning models for predict-
ing gas-oil ratio, demonstrating its strong influence on reser-
voir performance. Additionally, reservoir conformance and
water breakthrough studies have shown that neglecting multi-
phase effects can lead to substantial prediction errors, partic-
ularly in mature and heterogeneous reservoirs.

The emergence of machine learning has provided new op-
portunities for modeling complex and nonlinear reservoir be-
havior. Several studies have demonstrated the effectiveness of
data-driven approaches in predicting reservoir performance.
Kang et al. [1] proposed a stacking ensemble model for
productivity prediction in tight oil reservoirs, achieving im-
proved accuracy compared to conventional approaches. Simi-
larly, Zhu et al. [3] developed a machine learning-based
framework for early productivity forecasting in multilayered
wells, while Chen et al. [5] applied machine learning tech-
niques to estimate production capacity in fractured shale res-
ervoirs. Rahmanifard and Gates [6] further emphasized the
potential of data-driven methods in forecasting production
from unconventional reservoirs. Recent studies have also ex-
plored machine learning applications in reservoir characteri-
zation and prediction. Cheddad [14] applied machine learning
to permeability prediction in heterogeneous reservoirs, while
Risha et al. [15] focused on uncertainty-driven modeling of
microporosity. Ivlev [16] further demonstrated the use of ma-
chine learning for integrating well and seismic data in com-
plex reservoir environments. Despite their predictive strength,
these models are often considered black-box approaches and
lack physical interpretability, which limits their reliability and

generalization in unseen reservoir conditions. Despite their
predictive strength, these models are often considered black-
box approaches and lack physical interpretability, which lim-
its their reliability and generalization in unseen reservoir con-
ditions.

To address these challenges, hybrid modeling approaches
that integrate physical principles with machine learning have
been introduced. Physics-informed machine learning frame-
works incorporate governing equations and domain
knowledge into data-driven models, thereby improving pre-
dictive accuracy while maintaining consistency with physical
laws. Karniadakis et al. [11] introduced physics-informed
neural networks, which embed physical constraints into neural
network architectures. Willard et al. [13] further explored the
integration of physics-based models with machine learning,
demonstrating enhanced robustness and generalization. In res-
ervoir engineering applications, Kanin et al. [4] combined
mechanistic modeling with machine learning to generate per-
meability maps consistent with well test measurements, high-
lighting the advantages of hybrid approaches.

Although these advancements represent significant pro-
gress, existing studies remain limited in their ability to provide
a unified productivity-based formulation that captures multi-
phase effects, temporal reservoir dynamics, and anomaly-
aware behavior simultaneously. Classical models lack adapt-
ability, machine learning models lack interpretability, and hy-
brid approaches have not explicitly reformulated the produc-
tivity index to integrate these critical aspects into a single
framework. This gap highlights the need for a comprehensive
and adaptive model that combines the strengths of physics-
based and data-driven approaches while addressing their indi-
vidual limitations.

Table 1. Summary of Related Studies on Reservoir Productivity Modeling and Machine Learning Approaches.

Study Purpose & Ap-

Author(s) plication Area

Methodology Dataset

Technique Key Findings Limitations

Productivity prediction  Supervised Field production  Stacking . - Lacks physical
Kang etal. [1] in tight oil reservoirs learning data ensemble ML High prediction accuracy interpretability
Nashed etal.  Waterflood optimiza-  Data-driven Water injection ML regres- Improved injection effi-  No temporal dy-
[2] tion modeling data sion ciency namics
Zhuetal. [3] Earl_y productivity fore- I\/_IL?based pre- Multilayered Deep learning A_ccurate early predic- Ignores mu_ltl-
casting diction well data tion phase physics
Kanin et al. [4] Reseryow permeability !—|ybr|d model Well test data Mechanistic Improv_ed permeability Not Pl-based
mapping ing ML estimation
Chen et al. [5] !:’roductlvny pre_dlctlon Machlne Shale dataset ML regres- (_Zaptures nonlinear rela- Black-box nature
in shale reservoirs learning sion tionships

Rahmanifard & Production forecasting  Literature re-

Multiple datasets

Comparative ML improves forecast-  Limited physical

Gates [6] review view analysis ing accuracy grounding
Sepahvand et GOR prediction ML modeling  Reservoir dataset ML regres- Accurate GOR estima- N_ot integrated
al. [8] sion tion with Pl
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Study Purpose & Ap-

Author(s) plication Area Methodology Dataset Technique Key Findings Limitations
Khashman et . . Analytical Carbonate reser- . Useful for field evalua-  Static assump-
Productivity evaluation . . PI analysis - .
al. [9] modeling voir tion tions
Roustazadeh et F_Qecovery factor predic- ML modeling  Reservoir dataset XGBoost High predictive perfor- L|r_n_|ted interpret-
al. [10] tion mance ability
Karniadakis et Physics-informed ML~ PINNs Synthetic/physi- Deep learning Impr_oved accur_acy with  Not _re_serv0|r-
al. [11] cal systems physics constraints specific
Tuetal. [12] Hyb“q physics-ML Hybrid ap- Energy systems  Physics + ML Better generalization Not applled 0
modeling proach reservoirs
Willard etal.  Hybrid modeling Survey Multi-domain Physics + ML Robust and interpretable No PI reformula-
[13] framework models tion
Where W, is the water cut, and GOR is the gas-oil ratio.
3. Meth | The function f(W,, GOR) modifies the ideal production rate
. Methodology to reflect multiphase flow behavior.

This section presents the development of the proposed Hy-
brid Physics-Informed Dynamic Productivity Index (HPD-PI)
model. The formulation begins with the classical productivity
index, extends to incorporate multiphase flow effects, intro-
duces dynamic reservoir behavior, and finally integrates tem-
poral memory to improve predictive performance.

3.1. Classical Inflow Formulation

The starting point of the proposed model is the conventional
productivity index (PI) relationship, which expresses the pro-
duction rate as a function of pressure drawdown, as given in

(1):

q =] = Puy) 1)
where q is the production rate, J is the productivity index,
B, is the reservoir pressure, and P, is the flowing bottom-
hole pressure. The term (B. — P,,z) represents the pressure
driving force governing fluid flow toward the wellbore (draw-
down pressure).

Although (1) provides a simplified representation of reser-
voir behavior, it is based on assumptions of steady-state flow,
single-phase conditions, and constant productivity, which
limit its applicability in real reservoir systems.

3.2. Multiphase Flow Correction

To account for multiphase flow effects, the classical inflow
equation is generalized by introducing a correction function
f(W,,GOR), as expressed in (2):

q =J(P = Pys) - f(W, GOR) 2
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3.2.1. Water-Cut Effect

Water cut is defined as the fraction of produced liquid that
is water, as shown in (3):

dw
¢~ qotaqw (3)
The complementary oil fraction is given in (4):
_ Yo
1= VVC - qot+aw (4)

To incorporate reservoir-specific sensitivity, the water-cut
effect is generalized using a linear approximation, as ex-
pressed in (5):

gW) =1 —aW; ®)

Where « is a water-cut sensitivity coefficient.

3.2.2. Gas-Oil Ratio Effect

The effect of gas-oil ratio is modeled using an exponential
decay function, as given in (6):

h(GOR) = e~PGOR (6)

where B is a gas sensitivity parameter controlling the influ-
ence of gas interference on production.

3.2.3. Combined Multiphase Correction

The combined multiphase correction function is obtained
by multiplying the water-cut and gas effects, as expressed in

(7):
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f(W,,GOR) = (1 — aW,)e FEOR (7

Substituting (7) into (2), the modified inflow relationship
becomes:

q =](Pr _ow)(l_avvc)e_ﬁGOR (8)

3.3. Dynamic Productivity Index Formulation

To capture time-dependent reservoir behavior, the produc-
tivity index is reformulated as a dynamic variable, as shown
in (9):

J=Ja(®) 9)

The dynamic productivity index is defined as a function of
production trend and anomaly behavior, as given in (10):

d
Ja(®) =Jo - h(Z}, AD) (10)
Where J, is the baseline productivity index, Z—z represents

the temporal rate of change of production, and A.is the anom-
aly score.

3.3.1. First-Order Approximation

To ensure consistency with the baseline condition h (0,0) =
1, a first-order Taylor expansion of the correction function is
performed, leading to (11):

n(54.) ~1+y5t- o4,

i (11)

Substituting (11) into (10), the dynamic productivity index
is obtained as:

Ja®) = Jo(1 +y 52— 54,) (12)

3.3.2. Numerical Implementation

The temporal derivative of production is approximated us-
ing finite difference methods, as shown in (14):

aq

—_—
=

dt

qt—dt-1
At

(13)

The structure of (12) ensures that the model reduces to the

baseline productivity index when % =0 and A, = 0. The

term yZ—‘Z captures temporal production dynamics and allows

the productivity index to increase or decrease depending on
production trends. In contrast, the anomaly term appears with
anegative sign as —3d4;, reflecting the assumption that anom-
aly intensity represents degradation in reservoir performance.
Consequently, higher anomaly values reduce the effective
productivity index, ensuring physical consistency.

53

The anomaly score A, is obtained using a machine learn-
ing-based anomaly detection model, such as an LSTM auto-
encoder trained on historical production data [17]. In this
study, a proxy anomaly score derived from historical produc-
tion deviations is used to approximate abnormal behavior.

Substituting Eqg. (8) into the multiphase formulation yields:

qa = Ja(®) (B — Pyp) (1 — aW)e PR (14)

3.4. Hybrid HPD-PI Formulation

While the initial formulation of the HPD-PI model captures
the influence of pressure drawdown, multiphase flow effects,
and dynamic reservoir behavior, it does not explicitly account
for the strong temporal dependency observed in production
data. Reservoir production is inherently autocorrelated, with
current production rates strongly influenced by recent produc-
tion history.

To address this limitation, the proposed model is extended
to incorporate temporal memory through lagged production
terms. The resulting Hybrid HPD-PI1 model is expressed as:

qr = 01qr-1 + 60,9, +]0(Pr - ow)(1 — aW,)e PGOR 4

ySl— 64, (15)
where q,_, and g,_, represent production rates at previous
time steps, and 8, and 6, are temporal weighting coeffi-
cients.

The first term captures the intrinsic temporal dynamics of
reservoir production, reflecting decline trends and operational
continuity. The second term represents the physics-based in-
flow relationship incorporating multiphase flow effects. The
third term introduces dynamic corrections based on changes
in production rate and anomaly behavior.

3.5. Dataset Description and Preprocessing

The dataset used in this study is derived from the publicly
available Volve Field Dataset, provided by Equinor. The
Volve dataset represents real production data from an offshore
oil field located in the North Sea and includes detailed well-
level operational, pressure, and production measurements. It
has been widely used as a benchmark dataset for reservoir en-
gineering and production forecasting studies.

The dataset contains key variables such as oil production
rate (qo), gas production rate (q4), water production rate (q,,),
bottom-hole pressure (P, ), wellhead pressure, choke size,
and temperature measurements. These variables were used to
derive additional features required for modeling.

Data preprocessing involved handling missing values, re-
moving non-producing periods, and ensuring physical con-
sistency of the variables. Missing values in pressure-related
features were treated using group-wise interpolation within
each well to preserve reservoir continuity and avoid unrealis-
tic discontinuities. Rows with insufficient production data
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were excluded from the analysis.

Feature engineering was performed to incorporate both
physical and temporal information. Water cut was computed
in equation (3), and the gas — oil ratio was defined as:

GOR =72 (16)

Temporal features were introduced to capture production
dynamics. Lagged production values (q;—1, q:—») Were gen-
erated for each well, and the rate of change of production was
calculated using historical observations as defined in Eq. (5).
Additionally, rolling statistical measures were used to esti-
mate an anomaly score (A:) based on deviations from recent
production trends.

To ensure numerical stability and robustness, extreme val-

. . d . e
ues of dynamic variables such as d—‘z were clipped within per-

centile bounds, and anomaly scores were constrained within a
predefined range.

3.6. Model Implementation and Evaluation
Strategy

The proposed Hybrid HPD-PI model and the baseline ma-
chine learning model were implemented and evaluated using
a time-aware validation strategy. The dataset was sorted
chronologically and divided into training and testing subsets,
with 80% of the data used for training and the remaining 20%
reserved for testing. This approach ensures that future infor-
mation is not used during training, thereby avoiding data leak-
age and maintaining forecasting realism.

The Hybrid HPD-PI model parameters were estimated us-
ing nonlinear least-squares optimization, allowing the model
to fit the observed production data while maintaining its phys-
ical structure. The inclusion of temporal memory, multiphase
corrections, and dynamic terms enables the model to capture
both physical and temporal characteristics of reservoir behav-
ior.

For comparison, a Random Forest regression model was de-
veloped as a baseline. The model was trained using the same
dataset and a combination of physical and temporal features,
including pressure drawdown, water cut, gas-oil ratio, and
lagged production variables. The Random Forest algorithm
was selected for its ability to capture nonlinear relationships
and its robustness to complex datasets.

Model performance was evaluated using three standard re-
gression metrics: root-mean-square error (RMSE), mean ab-
solute error (MAE), and coefficient of determination (R?).
These metrics provide a comprehensive assessment of predic-
tion accuracy, error magnitude, and explanatory power.

4. Results and Discussion

This section presents a comprehensive evaluation of the

proposed Hybrid Physics-Informed Dynamic Productivity In-
dex (HPD-PI) model using real reservoir production data. The
objective is to assess the model’s ability to accurately predict
production rates while maintaining physical interpretability.
The results are analyzed in terms of data characteristics, mul-
tiphase flow behavior, temporal dynamics, and model perfor-
mance in comparison with a baseline machine learning ap-
proach.

4.1. Production Data Characteristics and
Temporal Behavior

Figure 1 shows the distribution of production rates reveals
significant variability, with a wide spread of values ranging
from low to high production regimes. This variability reflects
the heterogeneous nature of the reservoir, where production
performance is influenced by factors such as reservoir pres-
sure depletion, well conditions, and fluid composition. The
presence of a positively skewed distribution indicates that
while most production values are moderate, occasional high-
production periods occur, likely corresponding to optimal op-
erating conditions or early production stages.

1400

1200 4

1000 4

Frequency
= @ @
=] =]
=] =] S

[¥]
=]
(=]

’ 0 1000 2000 3000 4000 5000 6000
Oil Production Rate

Figure 1. Distribution of Production Rate in the Reservoir Dataset.

Beyond the static distribution, the temporal evolution of
production provides deeper insight into reservoir dynamics.
The production time series exhibits non-monotonic behavior
characterized by fluctuations, intermittent increases, and grad-
ual declines. This deviates from the assumptions of classical
decline models, which typically assume smooth and continu-
ous decay. The observed irregularities are indicative of com-
plex reservoir processes, including operational adjustments,
pressure support mechanisms, and multiphase interactions
shown in Figure 2.
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Figure 2. Temporal Variation of Production Rate Showing Dynamic
Reservoir Behavior.

These observations justify the incorporation of temporal de-
rivatives (%) and lagged production terms in the proposed

model, as they enable the capture of both short-term fluctua-
tions and long-term trends.

4.2. Influence of Multiphase Flow on
Production

The relationship between water cut and oil production high-
lights the critical role of multiphase flow in reservoir perfor-
mance. As water cut increases, a consistent decline in oil pro-
duction is observed. This behavior can be attributed to the dis-
placement of oil by water, which reduces effective oil satura-
tion and impairs flow efficiency within the reservoir. The
nearly monotonic decline confirms that water production is a
dominant limiting factor in mature reservoirs shown in Figure
3.

6000

5000 4

'
o
o
o

0il Production Rate
N w
o (=]
o o
o o

1000 -

0.0 02 0.4 06 0.8 10
Water Cut

Figure 3. Relationship Between Water Cut and Oil Production Rate.

Similarly, the gas-oil ratio exhibits a nonlinear relationship
with production displayed in Figure 4. At lower GOR values,
the impact on oil production is relatively mild; however, as
GOR increases, a more pronounced reduction in oil produc-

tion is observed. This behavior reflects the increasing domi-
nance of gas in the flow system, which reduces the effective
mobility of oil and alters pressure gradients within the reser-
voir.
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Figure 4. Nonlinear Impact of Gas-Oil Ratio on Oil Production Per-
formance.

The observed nonlinear trend validates the use of an expo-
nential decay formulation for GOR in the proposed model. To-
gether, these results confirm that multiphase flow effects must
be explicitly incorporated to achieve realistic production pre-
dictions.

4.3. Baseline Machine Learning Model Analysis

The baseline Random Forest model achieved an R? value of
0.8138, with an RMSE of 132.52 and MAE of 76.90. While
these results indicate strong predictive capability, further anal-
ysis reveals that the model relies heavily on lagged production
features.

Specifically, feature importance analysis shows that the
first lagged production term accounts for over 85% of the pre-
dictive contribution, indicating that the model primarily learns
temporal dependencies rather than underlying physical rela-
tionships. This behavior is expected in time-series data, where
production values are highly autocorrelated.

However, the limited contribution of physical variables
such as pressure drawdown, water cut, and GOR suggests that
the model lacks interpretability. Although it captures patterns
effectively, it does not provide meaningful insights into reser-
voir mechanisms, which is a key requirement for engineering
applications.

4.4. Performance of the Hybrid HPD-PI Model

The Hybrid HPD-PI model demonstrates a substantial im-
provement in predictive performance, achieving an R? of
0.9466, RMSE of 71.01, and MAE of 38.78. This represents a
significant reduction in prediction error compared to the base-
line model.
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Table 2. Model Performance Comparison.

Model RMSE MAE R?
Random Forest (Baseline) 132.52 76.90 0.8138
Hybrid HPD-PI (Proposed) 71.01 38.78  0.9466

The improvement can be attributed to the hybrid structure
of the model, which integrates temporal memory, physical
constraints, and dynamic behavior. Unlike the baseline model,
the Hybrid HPD-PI model explicitly combines these compo-
nents, allowing it to capture both data-driven patterns and
physical relationships. The model successfully tracks the
overall production trend while also capturing short-term vari-
ations, indicating robustness under varying reservoir condi-
tions.

4.5. Physical Interpretation of Model
Parameters

The optimized parameters provide meaningful insights into
reservoir behavior. The temporal coefficients indicate strong
dependence on recent production history, confirming the au-
toregressive nature of reservoir systems. This aligns with the
physical understanding that reservoir depletion and flow con-
tinuity influence future production.

The water-cut coefficient demonstrates a significant nega-
tive impact on oil production, reinforcing the importance of
water management in reservoir operations. The gas-oil ratio
coefficient captures the suppressive effect of gas on oil flow,
consistent with multiphase flow theory.

The negative value of the dynamic coefficient associated
with production rate change indicates that declining produc-
tion trends lead to further reductions in output, effectively cap-
turing depletion dynamics. The negligible contribution of the
anomaly term suggests that production variability in this da-
taset is primarily governed by temporal and physical factors
rather than irregular disturbances.

4.6. Discussion of Key Findings and
Implications

The results highlight several important findings. First, tem-
poral dependency plays a dominant role in production predic-
tion, necessitating the inclusion of lagged production terms.
Second, multiphase flow effects significantly influence pro-
duction behavior and must be incorporated for realistic mod-
eling.

The failure of the initial physics-only formulation under-
scores the limitations of purely mechanistic models in captur-
ing complex reservoir dynamics. By integrating temporal
memory with physical relationships, the Hybrid HPD-PI
model overcomes these limitations and achieves superior per-
formance.

From a practical perspective, the proposed model provides
a valuable tool for real-time production forecasting and reser-
voir management. Its ability to balance accuracy and interpret-
ability makes it particularly suitable for engineering decision-
making, where both predictive performance and physical un-
derstanding are essential.

5. Conclusion and Recommendations

This study presented a Hybrid Physics-Informed Dynamic
Productivity Index (HPD-PI) model for predicting oil produc-
tion in reservoir systems by integrating classical inflow rela-
tionships, multiphase flow effects, temporal dynamics, and
data-driven components within a unified framework. The pro-
posed model was developed to address the limitations of con-
ventional productivity index formulations, which assume
steady-state and single-phase flow, as well as purely data-
driven approaches that often lack physical interpretability.

The results demonstrated that the baseline machine learning
model achieved a reasonable predictive performance with an
R? value of 0.8138; however, the model relied heavily on tem-
poral features, particularly lagged production values, with
minimal contribution from physical parameters. This confirms
that while data-driven models can capture patterns in produc-
tion data, they may fail to provide meaningful insights into the
underlying reservoir mechanisms. In contrast, the proposed
Hybrid HPD-PI model significantly improved predictive per-
formance, achieving an R? of 0.9466, RMSE of 71.01, and
MAE of 38.78. This improvement is attributed to the incorpo-
ration of temporal memory, multiphase flow corrections, and
dynamic production behavior within a physically interpretable
structure.

The model parameters provide important insights into res-
ervoir behavior. The strong influence of lagged production
terms confirms the inherent autocorrelation in reservoir sys-
tems, while the water-cut sensitivity coefficient highlights the
substantial negative impact of water production on oil output.
The gas-oil ratio parameter reflects the suppressive effect of
gas on oil flow, and the dynamic term effectively captures pro-
duction decline trends. The anomaly component showed neg-
ligible contribution in this study, indicating that production
variability is largely governed by temporal continuity and
physical flow mechanisms rather than irregular disturbances.

Overall, the Hybrid HPD-PI model demonstrates a robust
balance between predictive accuracy and physical interpreta-
bility, making it a valuable tool for reservoir performance
evaluation and production forecasting. Based on these find-
ings, it is recommended that the model be further validated
across different reservoir types and geological settings to as-
sess its generalizability. Additionally, future research should
explore the integration of more advanced anomaly detection
techniques, such as deep learning-based models, to enhance
the responsiveness of the anomaly term. The inclusion of ad-
ditional reservoir properties, including permeability, porosity,
and well completion data, may further strengthen the physical
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component of the model. Furthermore, the proposed frame-
work can be extended for real-time production monitoring and
optimization within digital oilfield environments, and its ap-
plicability to gas reservoirs and unconventional systems
should also be investigated to broaden its scope.

Abbreviations

HPD-PI Hybrid Physics-Informed Dynamic
Productivity Index

Pl Productivity Index

GOR Gas-Oil Ratio

Wc Water Cut

RMSE Root Mean Square Error

MAE Mean Absolute Error

R=2 Coefficient of Determination

ML Machine Learning

RF Random Forest

LSTM Long Short-Term Memory

IPR Inflow Performance Relationship
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