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ABSTRACT

Produced water, often co-produced with oil and gas, is typically hot and can serve as a valuable geothermal resource for generating energy
to support field operations or supply nearby communities and industries. Like hydrocarbon production, the volumetric rate of produced
hot water declines with time, making it essential to understand its decline behavior if it is to be harnessed as a sustainable alternative
energy source. In this study, production data from three wells, Anderson 28-33 1-H, Charlie Sorenson 17-8 3TFH, and Ross 7-17H,
located in the Mississippian/Devonian Bakken formation (Alger field), spanning August 2009 to August 2025, were analyzed to
characterize water-production decline trends. The classical Arps decline models (exponential, hyperbolic, and harmonic) and post-Arps
models (LGM, SEPD, PLE, Wang model, Duong model, and VDMA) were first employed to evaluate the decline performance of the
produced water. The best-performing Arps and post-Arps models for each well were selected and further compared against an LSTM
architecture trained on the same historical dataset. The study results showed that, for historical water production data with very little to
no fluctuations, empirical DCA models performed equally well as the data-driven LSTM model. However, in instances where production
data is severely noisy due to field operations, the data-driven LSTM outperforms the empirical DCA models, both qualitatively and
quantitatively. Despite the improved predictive ability of the LSTM model in capturing non-linear dependencies inherent in field data,
compared to empirical decline curve analysis models, the mean predictive errors were within 10 - 15%. This error could be further reduced
by integrating variables such as well shut-ins, operational interventions, changes in choke settings, artificial lift adjustments, workover
activities, water breakthrough events, reservoir pressure variations, and production constraints into the dataset used for training the LSTM
model. Including these factors would enable the LSTM model to better distinguish between transient operational effects and underlying
reservoir-driven decline behavior.

1. INTRODUCTION

Produced water, i.e., the in-situ formation water brought to the surface during oil and gas extraction, is the largest-volume byproduct of
hydrocarbon production (Neff et al., 2011). Historically regarded as a waste stream requiring handling, disposal, or reinjection, produced
water has more recently gained attention for its potential value in several secondary applications (Cooper et al., 2022; Eyitayo et al., 2023).
The most common secondary uses of produced water include reinjection for enhanced oil recovery (Cooper et al., 2022), hydraulic
fracturing (EPA, 2011), drilling and completion operations (Reynolds, 2003), limited agricultural applications following strict treatment
(Dolan et al., 2018; Sedlacko et al., 2019), and various industrial uses such as cooling, dust suppression, and construction (Farnan et al.,
2024; Veil, 2011). These conventional pathways dominate because they align well with existing oilfield infrastructure.

Beyond these traditional uses, produced water also carries significant thermal energy, particularly in reservoirs where formation water
temperatures commonly range between ~80-90 °C, and can be even higher (~120 °C) in certain basins (Gong et al., 2011; Liu et al., 2018).
This has catalyzed a growing interest in the concept of coproduced geothermal energy, whereby the heat content of produced water is
harnessed either for direct-use applications, such as heating greenhouses, aquaculture, and industrial preheating or, when temperatures are
sufficient, for power generation using binary cycle or Organic Rankine Cycle technologies (Johnson & Walker, 2010; Reinhardt et al.,
2011). Furthermore, several pilot projects have demonstrated that meaningful quantities of electricity can be produced from hot water
already being pumped to the surface (Gong et al., 2011; Limpasurat, 2010). However, the technical and economic viability of these systems
is strongly influenced by water temperature, flow rate, chemistry, and the overall production lifecycle of the field. While produced water
may be used simultaneously for geothermal heat extraction and other oilfield purposes, such dual use depends on the thermal load
extracted, regulatory allowances, water quality management, and compatibility with downstream operations.

In the context of harnessing produced water as a geothermal resource, it is worth noting that geothermal energy is widely regarded as a
sustainable and low-carbon resource. Therefore, the sustainability of produced water as a geothermal feedstock, which requires
understanding how long such a thermal energy source remains available, needs to be thoroughly evaluated in targeted coproduced oil and
gas fields (C. E. Clark et al., 2011; Jamil et al., 2024). Importantly, because produced water volumes are directly tied to hydrocarbon
reservoir performance, its availability declines as oil and gas production matures (Veil et al., 2004). This further supports that the decline
behavior of coproduced geothermal water must be thoroughly characterized to assess long-term resource potential. Encouragingly, the oil
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and gas sector has developed a sophisticated toolkit for modeling production declines. Therefore, next-generation geothermal systems can
benefit substantially from leveraging knowledge of the hydrocarbon industry, technologies, and analytical frameworks to better understand
the sustainability and decline behavior of produced water. Such knowledge and technology adoption between the geothermal and oil and
gas factions is currently being championed by the GEODE consortium (Taverna & Leveille, 2025).

For the past decades, production decline in geologic formations has been modeled mainly using empirical and analytical models such as
Arp’s classical equations (Arps, 1945) and later extensions that incorporates formation type, presence of fractures, boundary-dominated
and transient flow regimes (A. J. Clark, 2011; Duong, 2010; Gupta et al., 2018; llk et al., 2008; Valké & Lee, 2010; Wang et al., 2017).
Although these methods have been successful, their accuracy is constrained by their individual limitations and assumptions they impose,
such as boundary or transient-dominated flow, reservoir flow regimes, and quality of dataset (Vega-Ortiz et al., 2023). Additionally, real
field data often exhibit noise, abrupt fluctuations due to operational changes, shut-ins, artificial lift adjustments, varying reservoir
pressures, water breakthrough effects, and measurement inconsistencies. These complexities fundamentally characterize the decline
behavior of produced fluids as a time series curve fitting and forecasting problem and therefore limit the predictive capability of traditional
decline curve models, which struggle to fully capture the nonlinear and time-dependent behavior inherent in produced water systems
(Vega-Ortiz et al., 2023).

With the emergence of machine learning, new data-driven approaches have shown strong potential to overcome these time series curve-
fitting limitations. Methods such as DeepAR, Prophet analysis, Recurrent Neural Network, Gated Recurrent Unit, Long Short Term
Memory, Extreme Gradient Boosting, etc., have been successfully applied to oil and gas decline forecasting in recent literature (Li & Han,
2017; Masini et al., 2019; Tadjer et al., 2021; Vega-Ortiz et al., 2023; Raslan et al., 2026). Among these, the Long Short-Term Memory
neural network has gained prominence for its ability to demonstrate attributes (learn temporal dependencies, handle noisy time-series data,
accommodate nonlinear trends, and adapt to changes in system behavior) that directly address the shortcomings of empirical models, and
the irregularities present in field production data (Vega-Ortiz et al., 2023). LSTM networks outperform many other time-series forecasting
models because they are specifically designed to remember long-range temporal patterns by using gated memory cells that prevent
information decay (Krichen & Mihoub, 2025). LSTMs adaptively learn nonlinear dependencies and handle irregular, noisy, or highly
fluctuating data more effectively.

Building on these insights, the present study investigates the feasibility of using LSTM to model and forecast the decline behavior of
produced hot geothermal water from the Bakken formation (Alger field). This study sheds light on the need for geothermal-integrated
DCA frameworks in geothermal coproduction. Additionally, this work demonstrates how machine learning can augment and extend
classical decline analysis techniques by applying data-driven forecasting to coproduced geothermal water. It also supports the broader
strategy of integrating oil and gas expertise into the development of next-generation geothermal energy resources.

2. REVIEW OF DECLINE CURVE ANALYSIS MODELS

Decline curve models adopted and analyzed in this study are briefly discussed in this section. These models include the classical Arps
models (Arps, 1945), Power Law Exponential (PLE) decline model (llk et al., 2008), Stretched Exponential Production Decline (SEPD)
model (Valkd & Lee, 2010), Duong model (Duong, 2010), Wang model (Wang et al., 2017), Variable Decline Modified Arps (VDMA)
model (Gupta et al., 2018), Logistic Growth Model (LGM) (Clark, 2011), and LSTM for decline curve analysis.

2.1 Classical Arps Models

The exponential, hyperbolic, and harmonic decline Arps models were founded on the premise that future well performance will follow
the same mathematical trend exhibited in its past production history. This foundation assumes that production rate, time, cumulative
output, and decline percentage follow reproducible functional relationships and that these relationships, once identified, may be reliably
extrapolated. Additionally, all three Arp’s models assume a boundary-dominated flow regime and a near-constant bottom hole pressure
and skin coefficient (Tang et al., 2021). Analytically, the exponential, hyperbolic, and harmonic decline models can be represented by
Equations 1, 2, and 3, respectively, where q;, D;, and b are the initial rate of production, decline rate, and decline exponent, respectively.
The decline exponent, b, assumes values of 0 <b < 1, depending on the nature of the production decline.
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2.2 Power Law Exponent Model (PLE)

PLE model (Equation 4), as proposed by llk et al. (2008), characterizes production behavior using a decline rate that evolves with time
(Equation 5). D, represents the long-term decline rate at very large production times, and it is typically treated as a constant for shale
gas systems. The parameter n governs how the decline rate shifts over time. This model is also known to be suitable for low-permeability
gas shales.
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2.3 Stretched Exponential Production Decline Model (SEPD)

SEPD was developed using production data from ~7000 Barnett shale wells. This model was designed to capture the extended, nearly flat
terminal decline characteristic of shale gas wells. According to (Valkd & Lee, 2010), the decline rate of systems that behave similarly to
the final stage of shale gas production can be tracked using Equation 6. z and n are both empirical constants.

n

q= qie_(%) (6)

2.4 Duong Model

Duong (2010) formulated the empirical decline curve model (Equation 7) for both linear and bilinear fracture-flow regimes. This
empirical model is premised on the idea that shale gas wells typically exhibit prolonged fracture-dominated linear flow. a and m are
empirical constant tuning parameters. Duong (2010) recommends an m > 1. However, for this study, all parameters are optimized with
Excel Solver to get values that yield the minimum mean prediction errors of our chosen wells.

g = gt-me(Tm) @D (7)

2.5 Wang Model

Wang et al. (2017) extended fracture-dominated linear flow decline analysis by incorporating a time-dependent index. This decline curve
model bridges features of both the stretched exponential and Duong decline curve models (Equation 8). 4 and n are both empirical
constants. Though Wang et al. (2017) recommend n to be 2 based on production data from shale gas wells, an optimized value of n and 2
is estimated for the purpose of applying this model for geothermal coproduction in other oil and gas fields.

q= qe-An0" ®)

2.6 Variable Decline Modified Arps Model

Gupta et al. (2018) modified the classical Arps models to incorporate a time-dependent decline rate. Rather than assuming a constant
decline parameter, the VDMA model applies a power-law form to capture the progressive change in decline behavior with production
time (Equation 9). a is the decline index governing how rapidly the decline rate evolves.

q= qe Pt 9)

2.7 Logistic Growth Model

Clark (2011) adapted logistic growth model, which was originally developed for population dynamics, to forecast the production of shale
gas wells. The variant of LGM suited for decline curve analysis contains a carrying capacity term, K, a hyperbolic exponent, n, and an
empirical constant, a (Equation 10). In original terms, the carrying capacity denotes the overall hydrocarbon volumes that the well can
produce to the surface by depending only on primary recovery. The empirical constant, a, also reflects the time exponent n that needs to
elapse for half of the carrying capacity to be brought to the surface. For this study, we will define the carrying capacity as the amount of
geothermal water the individual wells can produce by using the natural energy of the reservoir.
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2.8 LSTM Decline Forecasting Model

Long Short-Term Memory networks are a specialized class of recurrent neural networks designed for forecasting sequential data by
capturing long-range temporal dependencies that conventional RNNs cannot sustain due mainly to vanishing or exploding gradients. An
LSTM unit incorporates gating mechanisms, such as input, forget, and output gates, that regulate information flow through a persistent
cell state c;. This enables robust learning of nonlinear, time-dependent production trends. In this study, each LSTM decline model employs
a stacked architecture designed to capture both short and medium-term temporal dependencies. The network consists of (a) a first LSTM
layer with 64 hidden units and sequence output enabled, (b) a dropout layer for regularization, (c) a second LSTM layer with 32 hidden
units, (d) a second dropout layer, and (d) a fully connected output layer producing a single scalar prediction. The LSTM updates follow
the standard gated formulations (Equation 11 — 16), which enable it to learn dynamic decline patterns, noise characteristics, and nonlinear
dependencies in production data. Figure 1 also shows the schematic of a basic LSTM model.

fe = o(Wrlhe—y, xc] + by) (11)
C, = tanh(W,[he_q, %] + bc) (12)
i = oWilhe_y,x,] + b)) (13)
or = o(Wylhe—y,x:] + by) (14)
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Ct = ftOCt_l + itOCt (15)
he = 0,Otanh(c;) (16)
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Figure 1: Basic Schematic of how an LSTM model arrives at predictions.

3. METHODOLOGY

3.1 Data Collection and Pre-Processing

A consolidated dataset of cogeothermal water production was obtained from three wells, namely, Anderson 2833 1-H, Charlie Sorenson
17-8 3TFHP, and Ross 7-17 H, completed in the Mississippian/Devonian Bakken formation (Alger field) and covering the period from
August 2009 to September 2025 (Figure 2 shows raw datasets). To preserve the inherent variability and operational noise characteristic
of real field performance, the Anderson 2833 1-H dataset was intentionally left unprocessed. For the other two wells, months with no
recorded production were removed from the dataset. However, when zero-production months occurred within otherwise productive years,
those entries were estimated using the mean monthly water production and corresponding time value to maintain temporal continuity.
Monthly water volumes were converted to flow rates by dividing by the number of days over which the reported cumulative volume was
produced. Such preprocessing was necessary to ensure temporal consistency, reduce discontinuities, and prevent artificial gaps or noise
from biasing parameter estimation and predictive performance of models. Figure 3 shows the preprocessed dataset used for the decline
curve analysis. For LSTM decline modelling, further data preprocessing, such as normalization and supervised sequence construction,
was required.

3.1.1 Normalization

To stabilize training and ensure numerical consistency of the LSTM decline model, the production rate series was normalized using min—
max scaling (Equation 17), where gnin and gmax are the minimum and maximum observed water production rates in the dataset,
respectively. All LSTM modeling was performed in the normalized space, and predictions were subsequently transformed back to physical
units.

‘Tt — dt — 9min (17)

Amax — min

3.1.2 Supervised Sequence Construction

The LSTM time series was reformulated as a supervised learning problem using a sliding window approach. For a given look-back window
L, input—output pairs were defined using conditions presented in Equation 18. This formulation allowed the LSTM to infer g, from the
preceding L months of production history. In this work, four values of L (1,3,6,and 12 months) were adopted. The best-performing look-
back window was selected for further comparison.

X = [Ge-1, Ge-r4+1) s Ge—1l, Ye = G fort=L+1,.. ,T (18)
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Figure 2: Raw geothermal water production rates from (a) Anderson 2833 1-H, (b) Charlie Sorenson 17-8 3TFHP, and (c) Ross 7-17 H production wells in the Bakken formation
(Alger field) (North Dakota Department of Mineral Resources, 2025).

Figure 3: Cleaned geothermal water production rates from (a) Anderson 2833 1-H, (b) Charlie Sorenson 17-8 3TFHP, and (c) Ross 7-17 H production wells in the Bakken
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3.2 Decline Curve Modelling

The preprocessed datasets were subsequently used to construct decline curves using all seven empirical formulations. This step enabled a
comprehensive evaluation of decline behavior across the three wells in the Bakken Formation (Alger field). Empirical parameter
estimation for each model, including decline rates, characteristic time constants, hyperbolic and stretching exponents, and other model-
specific coefficients, was estimated using Excel’s optimization framework, where model constants were tuned to minimize the mean
prediction error between observed and modeled production. Owing to their foundational role in decline-curve analysis, the Arps
formulations were treated separately from the newer empirical models. This allowed their exponential, hyperbolic, and harmonic behaviors
to be assessed independently. From this suite of empirical evaluations, the best-performing Arps model and the leading non-Arps model
were selected for direct comparison against the data-driven LSTM forecasting approach.

For the LSTM-based decline analysis, the preprocessed data were partitioned into training and testing sets using an 80/20 split, normalized
to stabilize learning, and subsequently used to train a sequence-to-sequence forecasting model for benchmarking against the empirical
decline-curve predictions. To preserve temporal causality, the dataset is partitioned chronologically rather than randomly. The first 80%
of the available supervised samples were used for training, while the remaining 20% were reserved for out-of-sample testing. Additionally,
all LSTM models were trained using the Adam optimizer to minimize the mean squared error (MSE).

3.2.1 Error Metrics

The accuracy of the empirical and data-driven predictions was quantified using the mean absolute error, mean absolute percentage error
(MAPE), and the root mean square error (RMSE). MAPE measures the average relative deviation between predicted and observed values
as defined in Equation 19, while RMSE evaluates the magnitude of absolute prediction errors and is given by Equation 20. To further
understand the behavior of model inaccuracies throughout the decline process, error distributions for all models were visualized using
histograms. This allowed identification of specific regions, early-time transients, mid-life transition zones, or late-time tail behavior, where
prediction errors were most pronounced, thereby providing additional diagnostic insights beyond aggregate error metrics. qq, g, and N
are the actual well flow rate, predicted flow rate by models, and total number of recorded datapoints of each well, respectively.

MAPE = 1003
- N

qa — @
qa

(19)

RMSE = (20)
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4. RESULTS AND DISCUSSION

4.1 Decline Curve Analysis of Classical Arps Models

Figure 4(a—c) illustrates the performance of the classical Arps decline models: exponential, hyperbolic, and harmonic, when applied to
the three wells under study. Each model was calibrated using Excel’s nonlinear optimization to identify the decline parameters that
minimized absolute percentage error, including both the nominal decline rate, D;, for all models and the hyperbolic exponent, b, for the
hyperbolic case. For Charlie Sor. 17-8 3TFHP well, where the cleaned production data exhibited minimal noise and consistent downward
trends, both the hyperbolic and harmonic models reproduced the qualitative trajectory of the decline. Quantitatively, the harmonic model
provided the most accurate overall fit and achieved an MAPE of 12.2% and an MSE of 14.3 BBL/month, while the hyperbolic model
performed comparably with a MAPE of 12.4% and an MSE of 14.4 BBL/month.

In contrast, the Anderson 2833 1-H and Ross 7-17 H wells displayed substantial disturbances in their water-production time series, arising
from possible operational and reservoir-related effects such as intermittent choke adjustments, transient water breakthrough, offset-well
interference, workovers, or pressure perturbations induced by nearby water injection. These features introduced large deviations from
monotonic decline and resulted in poor quantitative performance for all Arps models. Although hyperbolic and harmonic curves
qualitatively followed the general decreasing trend in Anderson 2833 1-H well, they failed to capture abrupt excursions in the data, and
therefore, produced localized errors exceeding 100% in intervals dominated by noise. The Ross 7-17H well posed an even greater
challenge. Despite data cleaning, the production record remained dominated by erratic variations. This hindered any of the Arps models
from matching the observed decline either qualitatively or quantitatively. These outcomes emphasize the sensitivity of empirical decline-
curve models to deviations from stable boundary-dominated flow and highlight the limitations of Arps-based forecasting in environments
where field activities or reservoir phenomena obscure the underlying decline signal.

Across all three wells, the harmonic model consistently outperformed the exponential and hyperbolic models and offered the most stable
behavior in both low-noise and moderately noisy data conditions. Because of this superior performance and its ability to capture the
curvature observed in unconventional decline without imposing the restrictive constant-decline assumption of the exponential model, the
harmonic formulation was selected as the reference decline-curve model for comparison against the long-short-term-memory (LSTM)
time-series forecasting approach. Performance of all three models across all three wells is presented in Table 1.

Table 1: Metrics from decline curve analysis using the Arps models.

Current well name Arps model Decline rate (Di) Eiggsngg(t)l(ig) RMSE MAPE (%)
Exponential 0.0183 - 38.1 42.8
Anderson 28-33 1-H Hyperbolic 0.0641 0.99 26.4 211
Harmonic 0.0641 1 26.3 211
Exponential 0.0559 - 31.8 58.3
Charlie S. 17-8 3TFH Hyperbolic 0.1871 0.99 14.4 12.4
Harmonic 0.1871 1 14.3 12.3
Exponential 0.0145 - 8.2 20.0
Ross 7-17H Hyperbolic 0.0369 0.99 6.2 13.9
Harmonic 0.0369 1 6.2 13.8
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Figure 4: Classical Arps decline curve fits (exponential, hyperbolic, and harmonic) modeled from historical production data for
the (a) Anderson 2833 1-H, (b) Charlie Sor. 17-8 3TFHP, and (c) Ross 7-17H wells.

4.2 Decline Curve Analysis of Post-Arps Models

Figure 5(a-c) compares the post-Arps decline models, Power Law Exponential (PLE) (llk et al., 2008), Stretched Exponential Production
Decline (SEPD) (Valké & Lee, 2010), Duong model (Duong, 2010), Wang model (Wang et al., 2017), Variable Decline Modified Arps
(VDMA) (Gupta et al., 2018), and Logistic Growth Model (LGM) (Clark, 2011), against the production histories of the Charlie Sor. 17-
8 3TFHP, Anderson 2833 1-H, and Ross 7-17H wells. Like the classical Arps models, all post-Arps models were affected by the noise
present in the datasets, which originates from normal field operations. This sensitivity arises because most post-Arps models remain
structural variants of the Arps models. They only modify the functional form of the decline rate, typically by allowing time-dependent
effective decline (Wang, VDMA), empirical flow-regime corrections (Duong), stretched or power-law relaxation (SEPD, PLE), or
logistic-type saturation behavior (LGM), yet they somewhat rely on the assumption that underlying production follows a smooth,
monotonic decline dominated by reservoir physics rather than operational noise. Additionally, these models were originally developed
using datasets from systems with extended and well-behaved transient flow regimes, particularly shale gas wells, which typically exhibit
strong power-law transient signatures absent or masked in noisier water-production environments.

For Charlie Sor. 17-8 3TFHP well, where the cleaned dataset preserved a clear decline trend with minimal operational distortion, several
models matched the qualitative behavior of the decline. The Wang, VDMA, LGM, and Duong models reproduced the curvature of the
early-time and mid-time decline because they incorporate mechanisms that mimic a gradual reduction of effective fracture contribution
or a transient linear-to-boundary-dominated transition. SEPD, PLE, and VDMA, however, matched the data only beyond month 25
because their formulations assume a prolonged transient flow regime or stretched/power-law decay that is not fully representative of the
early-time decline for this well. Quantitatively, the Wang model provided the best fit, achieving an MAPE of 11.1%.

For Anderson 2833 1-H and Ross 7-17H wells, the structural assumptions of the post-Arps models were strongly violated. None of the
models were able to produce physically meaningful early time matches for these wells, and all failed to quantitatively predict the decline
in regions affected by severe noise, large operational perturbations, or abrupt rate discontinuities. In the Anderson 2833 1-H well, some
models were able to mimic the general direction of the decline. For the Ross 7-17H well, the noise overwhelmed the decline signal to the
extent that no model, classical Arps or post-Arps, was able to qualitatively or quantitatively match the production behavior. For model
selection, the Wang model was chosen for the Charlie Sorenson 17-8 3TFHP well because it achieved the lowest error and provided the
most stable representation of the decline. For the Anderson 2833 1-H and Ross 7-17H wells, the Logistic Growth Model (LGM) was
selected, as it delivered the best performance (yielded MAPEs of 19.4% and 20.4%, respectively) among the post-Arps models despite
the high noise levels in both datasets.
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Table 2: Metrics from decline curve analysis using Post-Arps models.

Current well name Post-Arps model Empirical constants  MAPE (%)
D; = 0.569
PLE (llk et al., 2008) D, = 0.0104 21.1
n =0.640
. T=229
SEPD (Valk6 & Lee, 2010) n=0.464 19.6
m =0.915
Duong model (Duong, 2010) a=0382 29.0
Anderson 28-33 1-H
D; =0.232
VDMA (Gupta et al., 2018) a=0535 19.6
1=0.122
Wang model (Wang et al., 2017) n=1833 20.9
K =14745.8
LGM (Clark, 2011) n=0.942 19.4
a=829
D; = 0.788
PLE (llk et al., 2008) Dy, = 0.012 19.9
n =0.449
. T =345
SEPD (Valké & Lee, 2010) n = 0.864 14.7
Duong model (Duong, 2010) m=12 11.3
g g a=0.864 :
Charlie S. 17-8 3TFH
D; =0.671
VDMA (Gupta et al., 2018) a=0679 14.7
A=0.399
Wang model (Wang et al., 2017) n=1301 111
K =33563.1
LGM (Clark, 2011) n=0.375 11.4
a=215
D; = 0.662
PLE (llk et al., 2008) Do, = 0.005 24.3
n=0.632
. T=193
SEPD (Valké & Lee, 2010) n=0298 22.0
m =1.06
Duong model (Duong, 2010) a=0797 20.5
Ross 7-17H
D; = 0.414
VDMA (Gupta et al., 2018), a=0702 22.0
1 =0.252
Wang model (Wang et al., 2017), n=1230 20.5
K = 3558497.7
LGM (Clark, 2011) n=0.592 20.4
a=15578.6
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Figure 5: Post-Arps decline curve fits modeled from historical production data for the (a) Anderson 2833 1-H, (b) Charlie Sor.
17-8 3TFHP, and (c) Ross 7-17H wells.

4.3 LSTM Time Series Decline Analysis

Figure 6 illustrates the qualitative performance of the four LSTM decline-forecasting models developed using different look-back
windows of 1, 3, 6, and 12 months for each well. The look-back window controls the length of historical information available to the
network when predicting future production and therefore directly influences the model’s ability to capture short-term fluctuations versus
longer-term decline structure. Across all wells, clear differences were observed in how effectively each look-back configuration tracks
the underlying production trend. For each well, the LSTM configuration that demonstrated the most stable qualitative behavior and
superior quantitative accuracy was selected for further comparison with the empirical decline-curve models. Tables 3-5 summarize the
quantitative performance of all LSTM models across the three wells.

For the Ross 7-17H well, the LSTM with a look-back window of 3 months produced the best overall performance, yielding the lowest
training and testing MAE values of 3.9 and 4.1, respectively. This result indicates that a relatively short historical memory was sufficient
to capture the dominant production dynamics of this well, while longer look-back windows offered no additional predictive benefit and,
in some cases, degraded performance due to over-smoothing. In contrast, the Anderson 2833 1-H well benefited from a longer temporal
context. The LSTM with a 6-month look-back window achieved the lowest training and testing MAE values of 9.7 and 6.4, respectively,
suggesting that incorporating a broader production history improved the model’s ability to filter noise and learn the underlying decline
behavior. A similar outcome was observed for the Charlie Sorenson 17-8 3TFHP well, where the 6-month look-back LSTM outperformed
all other configurations, achieving a training MAE of 7.1 and a testing MAE of 1.1. The very low testing error for this well reflects the
relatively smooth production profile and the suitability of a longer memory length for capturing its decline structure.

Based on these results, the LSTM models with look-back windows of 3 months for Ross 7-17H and 6 months for both Anderson 2833 1-
H and Charlie Sorenson 17-8 3TFHP were selected for direct comparison with the empirical decline-curve models.

Table 3: LSTM performance metrics for ROSS 17-7H.

look-back period  train train test test
(Months) RMSE MAE RMSE MAE

1 19.7 114 5.6 4.4

3 6.0 3.9 55 4.1

6 6.4 4.4 5.9 4.4

12 7.9 53 55 3.8
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Table 4: LSTM performance metrics for Anderson 2833 1-H.

look-back period train train test test
(Months) RMSE MAE RMSE MAE
1 485 294 14.6 11.9
3 22.7 11.9 12.7 7.0

6 19.8 9.7 12.6 6.4
12 20.7 10.3 12.7 6.9

Table 5: LSTM performance metrics for Charlie Sorenson 17-8 3TFHP.
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look-back period  train train test test
(Months) RMSE MAE RMSE MAE
1 72.3 40.6 2.6 21
3 12.9 8.1 1.7 1.2
6 9.8 7.1 14 1.1
12 9.8 6.9 21 1.7
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Figure 6: LSTM decline curve fits modeled from historical production data for the (a) Anderson 2833 1-H, (b) Charlie Sor. 17-8
3TFHP, and (c) Ross 7-17H wells.

4.4 Model Comparisons

Figure 7 compares the performance of the best-performing LSTM models against the best-performing Arps and post-Arps decline-curve
models for the three representative wells. For the Charlie Sorenson 17-8 3TFHP well, which exhibits relatively smooth production
behavior, all models demonstrate comparable predictive performance. The LSTM model with a 6-month look-back window achieved an
MAPE of 11.6%, the Wang model with 11.1%, and the harmonic decline model with 12.3%. The slightly superior performance of the
Wang model relative to the harmonic model can be attributed to its ability to capture time-varying decline behavior through its flexible
formulation, which relaxes the constant-decline assumption inherent in the harmonic model. For smooth datasets, this added flexibility
provides marginal improvements without introducing overfitting.

In contrast, for the Anderson 2833 1-H and Ross 7-17H wells, which exhibit significant noise and variability representative of most field
production datasets, the LSTM models clearly outperform the empirical decline-curve models, both qualitatively and quantitatively. For
the Anderson well, the LSTM model achieved a MAPE of 15.2%, compared to 21.1% for the harmonic model and 19.4% for the LGM
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model. Similarly, for the Ross well, the LSTM model yielded a MAPE of 13.4%, outperforming the harmonic model (13.8%) and
substantially outperforming the LGM model (20.4%).

These results highlight the robustness of the LSTM framework in handling noisy production data, where its data-driven architecture
enables it to learn complex, non-linear temporal patterns that are not adequately captured by traditional Arps or post-Arps formulations

=
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Figure 7: Data-driven and empirical DCA model comparisons for (a) Anderson 2833 1-H, (b) Charlie Sor. 17-8 3TFHP, and (c)
Ross 7-17H wells.

CONCLUSION AND RECOMMENDATION

This study successfully demonstrated the superior predictive capability of a data-driven Long Short-Term Memory (LSTM) model over
traditional empirical decline-curve models for forecasting the decline behavior of produced water in oil fields. Across wells with varying
data characteristics, the LSTM framework consistently provided more accurate predictions, particularly in datasets exhibiting noise and
fluctuations that are representative of real-field production conditions. Unlike empirical Arps and post-Arps models, which rely on fixed
functional forms and simplifying assumptions, the LSTM model effectively captured complex, non-linear temporal patterns inherent in
produced water data.

Despite the demonstrated superiority of the LSTM model, its predictive performance can be further improved by incorporating additional
operational and reservoir-related factors that contribute to fluctuations and noise in production data. Future studies should focus on
obtaining and integrating variables such as well shut-ins, operational interventions, changes in choke settings, artificial lift adjustments,
workover activities, water breakthrough events, reservoir pressure variations, and production constraints into the training dataset.
Including these factors would enable the LSTM model to better distinguish between transient operational effects and underlying reservoir-
driven decline behavior. Secondly, attempts can be made to combine black-box LSTM models with white-box regression models guided
by real physics constraints to generate a grey-box model for more enhanced interpretability.

Furthermore, expanding the framework to incorporate multivariate inputs and real-time field data, as well as evaluating model

generalizability across larger well populations, would enhance the robustness and practical deployment of data-driven decline forecasting
tools in field-scale reservoir management.
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