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Abstract

Forecasting well responses, such as flow rates and pressures, is crucial for effective reservoir management and investment
decision-making in the development of subsurface reservoir resources. Recently, data-driven forecast methods, such as
data-space inversion (DSI) and a learning-based data-driven forecast approach (LDFA), have been introduced to mitigate
the computational cost and geological constraint issues of history-matching methods. However, DSI and LDFA have
extrapolation, conditioning, and prediction variance issues. In this study, we propose two simpler alternatives, a learning-
based pattern-data-driven forecast approach (LPFA) and an ensemble conditioning step (ECS), to resolve the issues asso-
ciated with DSI and LDFA. LPFA mitigates the extrapolation issue by scaling well responses for each instance using the
mean and variance of an observation period. ECS addresses the conditioning and prediction variance issues of LDFA and
LPFA by combining predictions of multiple learning models and screening out predictions that do not sufficiently honor
observed data. The prediction performances of DSI, LDFA, LPFA, and ECS were compared using two benchmark mod-
els: Brugge and Olympus models. Among these methods, LPFA provided the most accurate predictions for future well
responses and reasonable uncertainty intervals, achieving an error of 2.3%. Even when predicting well responses outside
the range of prior data, LPFA maintained a prediction error of 4.8%, unlike the other methods whose performance signifi-
cantly declined. ECS improved the prediction accuracy by 1-2% and reduced the uncertainty in the predictions of future
well responses by approximately 50%. Our approaches are generic and can be integrated with other data-driven forecast
methods to enhance prediction performance.
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Introduction

A well response refers to the behavior of a producer or injec-
tor, such as flow rates, bottom-hole pressure, and cumula-
tive flow rates, in response to various factors like reservoir
properties and operational conditions. Forecasting well
responses is crucial for effective reservoir management and
investment decision-making in the development of sub-
surface reservoir resources, including oil and gas produc-
tion, geothermal energy production, and geological carbon
storage. History-matching methods have been employed to
achieve reliable forecasts of well responses. In conventional
history-matching methods, prior reservoir models are cali-
brated to match simulated data to observed data. First, an
ensemble of prior models is generated based on well log,
core, and seismic data. In the calibration step, reservoir
model parameters are updated to minimize the objective
function using optimization algorithms. Various optimiza-
tion algorithms have been developed, including gradient-
based methods (Chen et al. 1974; Chavent, Dupuy, et al.
1975; Li et al. 2003; Gao et al. 2007; Bertolini and Schiozer
2011) and ensemble-based methods (Chen and Oliver 2013;
Luoetal. 2015; Kim et al. 2018; Jung et al. 2020; Kang et al.
2020). For example, a Quasi-Newton method, an iterative
ensemble smoother (IES), and an ensemble smoother with
multiple data assimilation (ES-MDA) are commonly used.
Future well responses are then predicted by numerically
simulating the calibrated reservoir models (Rwechungura et
al. 2011; Liu et al. 2023a). However, hundreds of forward
reservoir simulation runs may be required in the calibration
step of history-matching methods. Additional forward reser-
voir simulation runs may be needed to calibrate other prior
reservoir models representing reservoir uncertainty. Thus,
history-matching methods are resource-intensive and chal-
lenging, especially when time is limited.

Additionally, it is difficult to maintain geological con-
straints imposed on prior reservoir models in the calibra-
tion step of history-matching methods. Objective functions
of history-matching methods typically consist of two mis-
fits: the misfit between the simulated and observed data
and between the prior and posterior model parameters.
If the misfit between the simulated and observed data is
excessively weighted in the objective function, the poste-
rior model parameters may not satisfy the geological con-
straints. Thus, history-matching methods have a trade-off
issue for misfits.

Sun and Durlofsky (2017) proposed the data-space inver-
sion (DSI) method, which forecasts well responses rap-
idly without calibrating the prior reservoir models. In this
method, well responses are treated as random data variables
with a prior probability density function (PDF). The prior
PDF is estimated from simulated data of the prior reservoir

models. Using Bayes’ theorem, DSI then estimates the pos-
terior PDF of the well responses that honor the observed
data. Future well responses are predicted by sampling from
the posterior PDF once it is established. If the prior PDF
is non-Gaussian, a transformation is required, involving
a mapping operation and principal component analysis
(PCA). After the transformation, DSI employs the random-
ized maximum likelihood (RML) method to sample future
well responses from the posterior PDF. Sun and Durlof-
sky (2017) originally applied a simple mapping operation
that shifts, compresses, and stretches time series for trans-
forming non-Gaussian data into Gaussian form. However,
employing a simple mapping operation is difficult when
well operating conditions change sharply, as the transforma-
tions need clear patterns of well responses. To address this,
Sun et al. (2017) implemented a histogram transformation
instead.

Other researchers have extended DSI for various appli-
cations. Jiang et al. (2020); Liu et al. (2023b) treated well
operating conditions as random variables and applied DSI
to optimize the well operating conditions. Liu et al. (2021)
employed DSI for forecasting spatial data, such as satura-
tion and pressure profiles. Lima et al. (2020) reduced the
computational cost of DSI using an ensemble smoother
instead of gradient-based optimization methods.

Beyond DSI, machine learning (ML) has also been
widely adopted to forecast well responses (Liang et al. 2023;
Bigdeli and Delshad 2024). Some studies have focused on
improving efficiency in history matching using machine-
learning (Kim et al. 2020; Jiang and Durlofsky 2021; Jo et
al. 2022; Liang et al. 2023). Others have introduced forecast
approaches that do not rely on history matching, instead
solely based on a data-driven approach (Nwachukwu et al.
2018; Jeong et al. 2018; Lee et al. 2019; Zhong et al. 2019,
2020, 2021; Wang et al. 2021; Chahar et al. 2022; Xiao et
al. 2022, 2023a, b). Furthermore, efforts have been made to
integrate DSI with ML for enhanced performance (Xiao et
al. 2022, 2023a, b).

Jeong et al. (2018) proposed a learning-based data-driven
forecast approach (LDFA) that can quickly predict future
well responses. In LDFA, prior data, well responses of prior
reservoir models, are used as training data. The training data
are encoded and decoded using PCA to reduce the compu-
tational cost of the training process. LDFA builds a learn-
ing model reproducing the data-driven relationship between
historical and forecast data from an ensemble of prior reser-
voir models. Then, LDFA forecasts future well responses by
inputting observed data into the learning models. LDFA is
computationally efficient and easier to implement than DSI
because it employs well-established ML techniques, such
as artificial neural networks and support vector regression.
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However, neither DSI nor LDFA provides satisfac-
tory forecast results for observed data that fall outside the
range of prior data (i.e., extrapolating outside the range of
prior data). This extrapolation issue arises from PCA and
machine learning techniques. PCA is a common dimension
reduction technique suited for data interpolation rather than
extrapolation. Extrapolating with PCA can be problematic
because PCA assumes the primary structure captured by the
principal components will hold true for unseen data (Jol-
liffe 2002). For this reason, DSI has the extrapolation issue
because PCA is used in the histogram transformation that is
applied to input data in DSI. Machine learning techniques
that are used to predict future well responses in LDFA are
also often challenged in extrapolation tasks, as they are pri-
marily designed for interpolation within the range of prior
data (Goodfellow et al. 2016).

LDFA also has issues of conditioning and prediction vari-
ance. The input data of LDFA are well responses from the
initial time to the last observation time, whereas the output
data of LDFA are well responses from the initial time to a
future time. However, LDFA predictions may not be reliable
unless the predictions are conditioned to the observed data,
whereas DSI has an iterative process to honor the observed
data. Furthermore, the predictions of learning models may
have high variances even when the same training data are
used because the learnable variables, such as weights and
biases, are randomly initialized (Glorot and Bengio 2010;
Scardapane and Wang 2017). The random initialization of
the learnable variables may lead to learning models that
return significantly different predictions across multiple
instances of model training (Ahmed and Lofstead 2022).

This study proposes two simple approaches to mitigate
the extrapolation, conditioning, and prediction variance
issues of DSI and LDFA. The first approach involves the
development of a learning-based pattern-driven forecast
approach (LPFA) to solve the extrapolation issue by adding
a new scaling method to LDFA. The new scaling method
scales prior data for each instance (realization) using its
mean and standard deviation during an observation period.
The new scaling method is straightforward but can signifi-
cantly mitigate the extrapolation issue of DSI and LDFA.
The second approach introduces an ensemble conditioning
step (ECS) to address both the conditioning and prediction
variance issues in DSI and LDFA. ECS finds and selects
predictions honoring observed data in multiple learning
models. ECS can improve both accuracy and variance of
predictions.

In the following section, the formulations and procedures
of DSI, LDFA, LPFA, and ECS are presented. Then, the
performances of DSI, LDFA, and LPFA, with and without
ECS, are compared for the well-known benchmark mod-
els, the Brugge and Olympus models. In both benchmark
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models, LPFA provided the most accurate predictions for
future well responses even when the observed data were far
from the prior data. ECS improved the prediction perfor-
mance of LDFA and LPFA.

Methodology

This section outlines the procedures for the two data-driven
forecast methods (DSI and LDFA) and introduces the two
proposed methods (LPFA and ECS). The “Preliminar-
ies for Data-driven Forecast Approaches” subsection pro-
vides the necessary background information and common
notations required for understanding DSI and LDFA. The
“Data Space Inversion” and “Learning-based Data-driven
Forecast Approach” subsections detail the procedures and
formulations of DSI and LDFA. Finally, the “Learning-
based Pattern-driven Forecast Approach” and “Ensemble
Conditioning Step” subsections explain how the proposed
methods address extrapolation, conditioning, and prediction
variance issues.

e Preliminaries for Data-driven Forecast Approaches.

Let m denote a vector of reservoir model parameters, such
as permeability and porosity. To account for the uncertainty
of the reservoir model parameters, an ensemble of N, reser-
voir models, M = [my,ma, ..., my,], is generated. M is
referred to as the prior reservoir models. The prior data, the
well responses of the prior reservoir models, are obtained
from forward reservoir simulations. The well responses
consist of flow rates, bottom-hole pressure, or cumulative
flow rates. This procedure can be expressed as Eq. (1).
dﬁg:g(ml),l:l,Q,...,Ne, (D
where g(e ) returns a vector of forward reservoir simulation
results for the forecast times, and dy ; is a vector of well
responses at the forecast times for the [-th ensemble model.
dy can be expressed as Eq. (2).

dp=[df df. .. dn] @)

where t is the forecast time, N; is the total number of the
forecast times (1, t2,..., tn,), and d;, is a well response at
time step ty.

Let d,ps denote the observed data, which is a vector of
observations. d,ps can be expressed as Eq. (3).
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where 7 and N, are the observation time and the total num-
ber of observation times (7 1, T 2,..., T n. ), respectively.
The set of the observation times is a subset of the forecast
times.

e Data Space Inversion.

DSI generates multiple future well responses conditioned to
observed data within a Bayesian framework (Sun and Dur-
lofsky 2017). In DSI, well response is treated as random data
variable with a prior PDF. This prior PDF is estimated from

Get well responses from an
ensemble of reservoir models
and observed data

v

Estimate the prior PDF” of well
response

Does the prior
PDF" follow a
Gaussian?

Calculate the mean and
covariance matrix of the
posterior PDF”

v

Sampling the posterior PDF”

Fig. 1 Flowchart of data space inversion (DSI)

the prior data. Once the posterior distribution of data vari-
able given observed data is calculated, future well responses
are generated by directly sampling from the posterior PDF.
Figure 1 shows the procedure of DSI.

According to Bayes’ theorem, the posterior PDF of well
response, p (d|dops), is expressed as Eq. (4) (Bayes 1763).

dfldops) =
P (dyldobs) 2 (o)

o p(dobs |df) p (df) ) “4)

where p(ds) is the prior PDF of well response, and
P (dobs|dy) is the likelihood function. As dgps is a vector of
well responses at the observation times, the dops and dy are
related as Eq. (5).

*PDF: Probability Density Function
“*PCA: Principal Component Analysis
“*RML: Randomized Maximum Likelihood

Reparameterize the well
responses using PCA™ and a
histogram transform

:

Sampling the posterior PDF”
using the RML™ method

:

Get a future well response
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dobs:de+6' (5)

where H is a matrix for extracting simulation results that
correspond to the observation times, and € is a vector of the
measurement and modeling errors. € is assumed to follow
a Gaussian distribution with a zero mean and a covariance
matrix Cl.

As the error vector € follows a Gaussian distribution
with zero mean and a covariance matrix Ce, p (dops|dy) is
expressed as Eq. (6).

p(dobsldf) :p(f = dobs - de) X

1 6
exp (—2 (Hdj — dops)" C7V (Hdy — dobs)> ©)

If p (dy), follows a multivariate Gaussian distribution with
a mean vector dy,;or and a covariance matrix Cpq, the prior
PDF is expressed as Eq. (7).

1 _
p(d) o exp (=55 = i) Col (A~ i)} (D)

The mean vector, dprior, and the covariance matrix, Cpq,
are calculated from the prior data as Eqs. (8)-(9).

1
dprior = E Z lN:eldfwl (8)

1 T
de = N —1 Z ZN:GI (de,l - dprim‘) (df,l - dp'ri,or) . (9)

Combining Egs. (4), (6), and (7), the posterior PDF of well
response, p (dy|dops), is expressed as Eq. (10).

1
P (df|dobs) o exp <—5 (Hdg — dops)" O (Hdy — dons)
1 Tt (19
75 (df - dp'r'i,m') C[Td (df - d[n”iur)) .

Then, the mean and covariance matrix of the posterior PDF
are expressed as Egs. (11)-(12).

d: dpri,nr + (HTC:lH + C;;)ilHTC,:l (dohs - Hdprim') B (1 1)
~ -1
O (HTC;1H n CZ;}) : (12)

where ¢ and (' are the mean vector and covariance matrix
of the posterior PDF, respectively. Future well responses are
predicted by sampling the posterior PDF.

If p (ds) does not follow a multivariate Gaussian distri-
bution, the data variables d; need to be reparameterized to

@ Springer

new variables n that follow a multivariate Gaussian distri-
bution. Then, dy can be expressed as Eq. (13).

df=fo (), (13)

where f,, is the function of reparameterization from 7 to
dy.

Let  follow a multivariate Gaussian distribution with
mean 7 ,,.;,, and covariance C;, . Then, the conditional dis-
tribution of 1 given d,s can be expressed as Eq. (14).

P (nldobs) o< p (dobs|n) p (1) ox exp

(-5 (7 ) = o) € (T ) =)y

1 T
75 (T) - nprior) Cn ! (7) - 77prior)>
The data variable is reparameterized using PCA and a histo-
gram transformation. Let £ denote the reparameterized vec-
tor representing d¢. Then, d¢ can be expressed using £ as
shown in Eq. (15).

df ~ f& (f) = hr (dpca) = hr ((I)f + dprior)v (15)

where f¢ is the function of reparameterization from £ to dy,
hr is the histogram transformation, ® is the basis matrix of
PCA, and d),, is a matrix of the new data realizations using
PCA. Then, the posterior distribution of new parameters &

given dps can be expressed as Eq. (16).

L) — dop)”

p(€lde) x exp (=5

: (16)
O (HE (€)= dun) - €7

For sampling the posterior PDF, the RML method is used.
The RML method finds £ that maximizes the posterior PDF,
p (€ |dobs). The procedure of the RML method is defined in
Eq. (17).

& ot = axgmin [(HF (§) — ) O (HF (€) — d3,)

+(E -9 —¢)

>

where £ ,.,,,; is the result of the RML method, d7, . repre-
sents perturbed observations from a Gaussian distribution
N (dops, Ce),and € * represents variables sampled from the
standard normal distribution NV (0, I).

In conventional history-matching methods, an objective

function is formulated to quantify the discrepancy between



J Petrol Explor Prod Technol (2025) 15:32

Page 7 of 32 32

the simulated and observed data and between the prior and
posterior model parameters as Eq. (18) (Oliver et al. 2008).

J (m) % (dobs = H - g (m))" CZ* (dops — H - g (m))
(18)

+5 (m — Myprior) " O (m = Myprior)

where J (m) is the objective function, myor is the prior
estimate of the model parameters and C; is the covari-
ance matrix of the prior model parameters. Equation (10)
is a function of observable variables such as well responses
while Eq. (18) is a function of model parameters such as per-
meability and porosity. If the number of prior models is 100,
only 100 simulation runs are required to predict future well
responses in the data-driven forecast approaches including
DSI, LDFA, and LPFA. Even though additional observa-
tions are obtained, the data-driven forecast approaches do
not need additional simulation runs.

On the contrary, ES-MDA, which is one of the com-
monly used ensemble-based history matching methods,
requires more simulation runs than the data-driven forecast
approaches. In the ES-MDA procedure, model parameters
are typically assimilated four times consecutively (Emerick
and Reynolds 2013). If the assimilations are conducted four
times, ES-MDA requires (4+1) x 100=500 simulation
runs to predict future well responses. If additional obser-
vations are obtained, ES-MDA needs another 500 simula-
tion runs. Gradient-based methods require more simulation
runs to compute the gradient vector of the objective func-
tion in the iterations. In this regard, the data-driven forecast
approaches are more computationally efficient than the con-
ventional history matching methods when predicting future
well responses.

Compared with history matching methods, one draw-
back of the data-driven forecast approaches is that they do
not provide calibrated model parameters such as porosity
and permeability. The data-driven forecast approaches pre-
dict future well responses without calibrating prior models,
relying instead on the relationship between prior data that
are obtained by conducting reservoir simulation in prior
models. However, this drawback can be advantageous in
terms of addressing the ill-posedness of inversion problems.
Maintaining geological constraints imposed on prior mod-
els during the calibration step of history matching methods
is challenging, even when using a prior term in the objec-
tive function, as given in Eq. (18). The data-driven forecast
approaches, by not requiring calibration of model param-
eters, can avoid the ill-posed problems inherent in conven-
tional history matching methods.

e [ carning-based Data-driven Forecast Approach.

LDFA generates multiple future well responses using an ML
model. In LDFA, the learning model is trained to reproduce
the data-driven relationship between well responses before
and after the observation time from the prior data. Once
the data-driven relationship is trained, the learning model
generates future well responses from the observed data. The
learning model takes well responses during the observa-
tion period as input data and predicts well responses for the
entire period. As the dimensions of the input and output data
are large, the computational cost of training becomes high.
Therefore, in LDFA, the dimensions of the input and out-
put data are reduced using PCA to save the computational
cost. By reducing the data dimensions, the learning model
can learn the data-driven relationship using a simple feed-
forward network with one hidden layer. Due to its simple
structure, LDFA has the advantage of obtaining prediction
results quickly. Figure 2 shows the procedure of LDFA.

The prior data are used as training data for a machine
learning model. The training input and output data is
described in Egs. (19)-(20).

dout = [g(ma), ..., g(mn,)]
_ { e } (19)
dtN;, 1 dth., N ,
din = Hdout
. dﬁ., 1 dn,' N (20)
s 1 dry_, N,

where d,,;: and d;,, represent the training input and output
data, respectively.

If the dimensions of the training input and output data,
N, x N, and Ny x N, are large, it is computationally
expensive to train a learning model. Thus, PCA reduces
the dimensions of the training input and output data. PCA
calculates the eigenvectors (the principal direction of a
covariance matrix) and eigenvalues (the dominance of the
principal directions). An eigenvector’s large eigenvalue
indicates that the data are widely spread along the direc-
tion of the eigenvector. PCA reduces the data dimension by
selecting eigenvectors corresponding to the dominant eigen-
values. LDFA computes the eigenvectors and eigenvalues
of a covariance matrix using singular value decomposition.
The number of chosen eigenvectors, /V, is determined by an
energy criterion as shown in Egs. (21)-(22).

S M N din
En,, = P R (21)
in min(Ne,N, )—1
SN NN
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Get well responses from an
ensemble of reservoir models
and observed data

Train or Test ?

Generate the input and
output data for training

v

Reduce the dimension of the
training data using PCA *

v

Train the learning model
using the dimension -reduced
training data

Fig. 2 Flowchart of learning-based data-driven forecast approach (LDFA)

N
Z ‘—Oin)\i out
BN = A 22
Z !.Illll(Ne,Nt)—l)\ ( )

i=1 i, out

where A ; ;, and A ; o are the i-th largest eigenvalues of
the training input and output data, respectively, and N;,, and
N,y are the numbers of chosen eigenvectors. After reduc-
ing the dimensions, LDFA builds a learning model and
trains it with the dimension-reduced training input and out-
put data. Then, the future well response is predicted using
the observed data. The observed data should be projected
onto the dimension-reduced space of the training input data
as Eq. (23).

Lobs = fl (dobs) 5 (23)

@ Springer

Test

“PCA: Principal Component Analysis

Reduce the dimension of the
observed data by projecting the
feature space of the training data

v

Obtain the dimension -reduced
forecast data using the trained
learning model

v

Back-transform the dimension -
reduced forecast data

v

Get a future well response

where x5 is the vector of the observations projected on a
dimension-reduced space of the training input data, and f;
is the reparameterization step.

Then, the learning model forecasts future well responses
corresponding to the observations as Eq. (24).

ff =L (Iobs) s (24)

where £ is the learning model, and Z is the output vec-
tor projected on the dimension-reduced space of the train-
ing output data. The prediction results are obtained from the
output vector Z; using the back transformation. Then, the
prediction results can be expressed using T as shown in
Eq. (25).

dy = fi (@) (25)
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where d, + is the prediction results, and f; ' is a back trans-
form function of f.

Multiple forecast processes are conducted to quantify the
uncertainty in prediction results. The observed data for the
multiple forecast processes are generated as Eq. (26),

dobs,j:dobs +€jaj:1727'~'7Nf (26)

where €; is a vector of the measurement and modeling
errors for the j-th forecast process, and N is the number of

Get well responses from an
ensemble of reservoir models
and observed data

Train or Test ?

forecast processes. € ; is sampled from a Gaussian distribu-
tion with zero mean and a covariance matrix C..

e [ carning-based Pattern-driven Forecast Approach.

DSI and LDFA do not provide satisfactory forecast results
for the observed data that are outside the range of prior data
due to the extrapolation issue. To mitigate the extrapolation
issue in DSI and LDFA, a new scaling method is proposed.
Figure 3 shows the procedure of LPFA. Compared to LDFA,
LPFA adds steps for the new scaling method (dashed line in

*PCA: Principal Component Analysis
== Steps added in LPFA procedure

Scale the observed data using the
new scaling method

y

Generate the input and
output data for training

Reduce the dimension of the scaled
observed data by projecting the
feature space of the training data

B 1
Scale the training data using the I
new scaling method

— J

v

Reduce the dimension of the
scaled training data using PCA *

v

Train the learning model
using the dimension -reduced
training data

v

Obtain the scaled and dimension -
reduced forecast data using the
trained learning model

v

Back-transform the scaled and
dimension-reduced forecast data

v

Get a future well response

]

L

Fig. 3 Flowchart of learning-based pattern-driven forecast approach (LPFA)
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Fig. 3). The new scaling method is employed to pattern the
prior data before the dimension-reduction step.

The standardization commonly used in ML is typically
applied to each feature or variable of a dataset individually,
addressing variations in their ranges and distributions that
can impact their importance during the learning process.
Standardization ensures that all features or variables have
comparable ranges and distributions. The training input
and output data are scaled by standardization as shown
in Egs. (27)-(32). The standardized training input data,
din, standardized> and the standardized training output data,
dout, standardized> are expressed as Egs. (27)-(32).

(171,1*& dTI,N,_.*Q
T1 T
oy oy
din, standardized = L (27)
dr 1= d dr . N, d
N, N,
LR TN, ]
dtl\lfid dtl,NU*Ti
ty . t1
Tty Tt
dout, standardized = L (28)
dth.li"]\lfit diy, . Ne tl\t/it
TNy o TNy _
dr = S Nea i=1 N.
dTi_F =1 Tl V=L . T (29)
e
do= — S Mg i=1 N,
dti == N 1=1%t;, 1y =1, ..., t (30)
€

1 _ 2
UTi:\/NZlN—e1<dTi,ld71)7i:17---7N7— (31)

1 -\
Uti_\/]\fcz lN:el<dtiJ_dti> 7Z:17~~~7Nt (32)

where d-, and o ,, are the mean and standard deviation

at an observation time 7 ;, respectively, and c_it,i and o4,
are the mean and standard deviation at a forecast time ¢;,
respectively.

However, standardization cannot address the extrapola-
tion issue for two primary reasons. Firstly, standardization
performs scaling for each feature. In the context of predict-
ing future well responses, the well response at each time
step corresponds to a feature, and the well response from
each reservoir model corresponds to an instance. There-
fore, standardization scales the well responses for each time
step tx. If scaling is performed at each time step, the differ-
ences in magnitude between well responses remain, which
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cannot solve the extrapolation issue. Secondly, standardiza-
tion assumes that the test data follows the distribution of
the training data, so the mean and standard deviation of the
training input and output data are used to scale the test data.
If the observed data is outside the prior data range, the test
data does not follow the distribution of the training data.
Additionally, scaling with incorrect means and standard
deviations degrades prediction performance.

To mitigate the extrapolation issue, a new scaling method
is proposed. The new scaling method is similar to standard-
ization but differs in the dimension along which the scal-
ing is performed. Unlike standardization, which performs
scaling for each feature or variable, the new scaling method
performs scaling for each instance. Furthermore, the new
scaling method scales the prior data using the mean and
standard deviation of the data during the observation times.
This approach is more realistic for predicting future well
responses because only data during observation period is
available. Additionally, the assumption that the distribu-
tion of the test data follows the training data is unneces-
sary because scaling is performed individually for each
reservoir model. The scaled training input data, d;y scateds
and scaled training output data, doy¢, scaicd, are expressed
as Eqgs. (33)-(36),

dr 1, 1— d dry, Ne— d
7,1 7., Ne
o1 O 7, Ne
din, scaled = ’ (33)
d7NT.1 5 dTNT,N€7 ;
7,1 7, Ne
o1 R
dyy 1— d diy, Ne— d
T .o T Ne
T, 1 o 97, Ne
dout,scaled = ’ (34)
dip,, 1™ d diy,, Ne— d
g T, 1 . 7, Ne
o1 O, Ne i
dri= — S Ng =1 N,
d‘r,l_ i=1%7 4,0 Ty eee e (35)
N,

1 _ 2
JT,Z_\/NZ?IT:[(dTmldT,l) 7l:1-,---7Ne (36)

where d- ; and o , ; are the mean and standard deviation,

respectively, during the observation times in the I-th ensem-
ble model.

The operational conditions are the same across prior
reservoir models for producers and injectors, respectively,
resulting in well responses that differ only in magnitude,
while patterns often remain similar. Therefore, predicting
future well responses based on these patterns can lead to
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more effective predictions. Scaling by instance removes
the magnitude differences for each instance, revealing the
various patterns of well response. This new scaling method
enables the learning model to effectively learn patterns,
which led to its integration into LDFA and the naming of
the approach as the learning-based pattern-driven forecast
approach.

Figure 4 shows an example explaining the difference
between standardization and the new scaling method. In
Fig. 4(a), the red line represents the test data, the oil pro-
duction rate of a true model, and the gray line represents
the prior data, the oil production rate of 103 prior reser-
voir models. Because the test data is outside the prior data
range, DSI and LDFA may provide unsatisfactory predic-
tion results due to the extrapolation issue. Figure 4(b) shows
the scaling results using standardization. Standardization
scales the oil production rate for each time step, resulting in
a similar distribution at each time step after scaling. How-
ever, the difference between the test data and the prior data

persists, leaving the extrapolation issue unresolved. On the
other hand, Fig. 4(c) shows the scaling results using the new
scaling method, where the test data is within the range of the
prior data. Additionally, the scaled data has a narrow distri-
bution due to the similar pattern of the oil production rate.
As a result, the observed data is expected to align closely
with the distribution of the prior data after scaling, thereby
mitigating the extrapolation issue.

In summary, the new scaling method enables accurate
predictions even when observed data is outside the prior
data range, without the need to add additional training data.
This is because the new scaling method considers the unique
characteristics of changes in well responses.

LPFA integrates the new scaling method into LDFA and
proceeds as follows. First, forward simulations are con-
ducted on the ensemble of prior reservoir models to obtain
prior data, which are then partitioned based on the obser-
vation period. Subsequently, each set is scaled using the
new scaling method, and the dimension of the scaled data

2500
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(a) Oil production rate of 103 prior reservoir models and a true model
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=
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(c) Scaling results for the oil production rate
using the new scaling method

Fig.4 Example for scaling methods. The gray, red lines, and blue dashed line represent the prior data and test data, and the end of the observation

times, respectively
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is reduced using PCA. The resulting preprocessed data are
used as the training input and output data for the learning
model.

e Ensemble Conditioning Step.

The predictions of a single learning model may have high
variance due to different initializations and training condi-
tions, leading to inconsistent results. If the learning model
is overfitted or converged to a wrong local optimum, it pro-
vides unreliable predictions. Methods such as LDFA and

Get well responses from an
ensemble of reservoir models
and observed data

!

LPFA, which rely on a single learning model, are affected
by these conditioning and prediction variance issues. To
address these issues, an ensemble conditioning step is intro-
duced. The ensemble conditioning step predicts future well
responses using multiple learning models, which provide
predictions conditioned on the observed data. Figure 5
shows the procedure of the ensemble conditioning step.
ECS consists of two steps: ensemble learning and a con-
ditioning step. Ensemble learning is a technique that uses
multiple learning models instead of a single learning model
(Dietterich 2000; Sagi and Rokach 2018; Dong et al. 2020).

“Ecriterion - Criterion of relative error
**N,,, : Number of learning models

Build and train a learning model |«
No
Predict a future well response
from the trained learning model
i Yes
Calculate the relative error, €,
between the future well response = Get a future well response
and the observed data
No # of the future

Fig.5 Flowchart of ensemble conditioning step (ECS)
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well responses =
kK
N,,*?

Calculate a mean of the future
well responses




J Petrol Explor Prod Technol (2025) 15:32

Page 13 0f 32 32

Using multiple models ensures more accuracy in predict-
ing future well responses compared to using a single learn-
ing model. This approach leverages the diversity of the
models to improve robustness and reduce the likelihood of
overfitting.

In ensemble learning, each model is initialized with dif-
ferent random weights and biases. Random initialization
helps in exploring different parts of the loss surface, which
can assist in finding better local minima and avoiding sub-
optimal solutions that might result from poor initialization.
Additionally, training and validation data are randomly
sampled from prior data. This random sampling ensures that
each model in the ensemble learns from a different subset
of the data, further enhancing the diversity of the models.
As a result, the learning models are trained with different
initial weights and biases and different training datasets,
effectively implementing ensemble learning. Each model
predicts future well responses from the observed data as
shown in Egs. (37)-(38).

Ef, k= Ek (fl (dobs,true))a k= 13 27 ey Nma (37)

dep=ft@pn), k=1,2, ..., Ny, (38)

where Z¢ ; is the output vector from the -th learning
model, d, t, k 18 the prediction result from the k-th learning
model, N, is the number of learning models, and f; s the
back transform function of reparameterization. Then, future
well responses are the means of the prediction results of the
multiple learning models as shown in Eq. (39). Using more
learning models provides more consistent prediction results
but incurs more computational cost.

Z mdy, g (39)

Additionally, a conditioning step is implemented to improve
prediction performance. The conditioning step screens pre-
dictions that do not honor the observed data sufficiently
based on the relative error. The relative error between the
prediction and the observed data is calculated using Eq. (40).

N ‘d‘r fk_d'rlobsl
"= - S 7 (40)

TL,ObS

where €, is the relative error of the k-th learning model,
d, ., f, k 1s the prediction results of the k-th learning model
at 7 ;, and d; ;, ops 1s the observations at 7 ;. If the relative
error exceeds the criterion, €. jterion, predictions with €, >
€criterion are discarded.

Results

e Brugge Model.

The prediction performances of DSI, LDFA, LPFA, and ECS
are compared using the Brugge model. The Brugge model is
a benchmark model for testing different waterflooding opti-
mization and history-matching methods (Peters et al. 2010).
The Brugge Field, a synthetic oil field, is characterized by
an elongated east-west-oriented half-dome structure, which
includes a large boundary fault and an internal fault. The
size of the Brugge model is about 17,000 m x 9,000 m x
60 m with approximately 60,000 grid blocks. The simulation
model comprises nine layers, each containing 139 x48 grid
blocks, totaling 44,550 active cells. All results presented in
this paper are derived from this simulation model. Figure 6
shows the top depth of the Brugge model and the well loca-
tions. The Brugge model has 10 injectors and 20 producers.
In Fig. 6, ‘P’ denotes a producer, and ‘I’ denotes an injector.
P9, production well numbered 9, is operated at a constant
bottom-hole pressure (725.5 psi), and other producers are
operated at a constant liquid production rate (about 2,000
STB/day). The injectors are operated at a constant water
injection rate (4,000 STB/day).

The Brugge model consists of four formations arranged
from top to bottom: Schelde, Maas, Waal, and Schie. There
is no continuous shale barrier between different formations.
These formations have differences in the distribution of
rock facies, porosity, horizontal and vertical permeabilities,
net-to-gross, and initial water saturation. Table 1 shows the
average reservoir properties and the depositional environ-
ment of the four formations.

The Netherlands Organization for Applied Scientific
Research (TNO) developed the Brugge model and provided
104 realizations of geological models. All of the realiza-
tions have the same fault, structure, and grid system but they
have different rock facies, porosity, horizontal and vertical
permeabilities, net-to-grosses, and initial water saturations.
The 104 realizations were generated using different geosta-
tistical techniques such as sequential Gaussian simulation
(SGS), object-based modeling, and sequential indicator
simulation (SIS). Figure 7 shows three realizations among
the entire 104 ones. Realizations 1, 28, and 66 shown in
Fig. 7 were generated using SGS, object-based modeling,
and SIS, respectively. The 104 realizations were simulated
for ten years using the black oil reservoir simulator, ECIPSE
100 (Schlumberger 2021). These 104 instances, simulation
results of the 104 realizations, are used as training and test
data.

e Comparison of DSI, LDFA, and LPFA.
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Fig.6 Top depth (m) of the Brugge model and the well locations. The injectors and producers are labeled in black and white with I and P prefixes,

respectively

Table 1 Reservoir properties and depositional environment of the four
formations of the Brugge model

Formation Schelde Maas Waal Schie
Average thickness 10 20 26 5

(m)

Average porosity 20.7 19.0 24.1 19.4
(%)

Average permeability 1105 90 814 36
(md)

Average net-to-gross 60 88 97 77
(%)

Depositional Fluvial Lower Upper Sandy
environment shoreface  shoreface  shelf

To compare the performances of DSI, LDFA, and LPFA,
a realization is chosen as the true model, while the others
serve as prior models for generating prior data. The test is
conducted 104 times, each time selecting a different realiza-
tion as the true model. For the ML algorithms of LDFA and
LPFA, a feed-forward network with one hidden layer was
used. The results of these tests are presented in Tables 2 and
3. The simulation results of the true model and prior models
are used as the true well response and prior well responses,
respectively. Each well response includes oil and water pro-
duction rates and bottom-hole pressures at 498 dates (¢1, t2
,-- taggs = 0, 1,..., 3648 days). Among the 498 dates, only
8 dates (7 1, T 2,..., T 8=16, 151, 301, 451, 580, 703, 852,
1004 days) are used as the observation times. As described
in Egs. (21) and (22), the principal directions are chosen
using the energy criterion of PCA (Fy;,, and Ey,,,= 0.99)
to reduce the dimension of the prior data. The uncertainty in
the prediction results is quantified by repeating the forecast
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process 300 times. The observed data used in each forecast
process are perturbed by adding Gaussian random noises to
the well responses of the true model, as expressed in Eq. (5).
The standard deviation of the Gaussian random noise is 2%
of the observations. As different observed data are used in
each repetition, 300 different prediction results are obtained.
Then, the 10th and 90th percentiles (P and Pgyg) of the
prediction results are used as the uncertainty interval in the
results.

The prediction performances of DSI, LDFA, and LPFA
are evaluated under two scenarios: (i) prior data include
well responses close to the observed data, and (ii) prior data
do not include well responses close to the observed data. To
visualize whether the prior data include well responses close
to the observed data, the prior data and the true response
are visualized in a two-dimensional feature space obtained
by principal component analysis (PCA). In the following
figures, a red triangle represents the true well response and
gray circles represent the well responses of the prior mod-
els. In the feature space, the x- and y-axes represent the first
and second principal directions of the prior data with the
largest eigenvalues, respectively. In the following results,
the eigenvalues corresponding to first and second principal
directions are significantly larger than the other eigenval-
ues. Therefore, the original data are sufficiently described
using two principal directions. In a two-dimensional feature
space, similar data are located close to each other.

Figure 8(a) and (b) show the feature space of the bottom-
hole pressure at P5 and the oil production rate at P9, respec-
tively. As the true response in Fig. 8(a) and (b) are located
within the prior data, these scenarios correspond to case (i).
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(c) Realization 66 (sequential indicator simulation)
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Fig.7 Three realizations of the log (permeability (md)) in the x-direction. (a) Realization 1, (b) Realization 28, and (c) Realization 66 are generated
using SGS, object-based modeling, and SIS, respectively

Table 2 Median relative errors of DSI, LDFA, and LPFA. WBHP, Table 3 Mean relative errors of DSI, LDFA, and LPFA.WBHP,
WOPR, and WWPR represent bottom-hole pressure, oil production WOPR, and WWPR represent bottom-hole pressure, oil production

rate, and water production rate, respectively rate, and water production rate, respectively

Well name and response DSI (%) LDFA (%) LPFA (%) Well name and response DSI (%) LDFA (%) LPFA (%)
P1 WBHP 1.14 2.16 1.08 P1 WBHP 6.65 7.90 2.96
P2 WBHP 1.20 0.29 0.48 P2 WBHP 4.01 2.38 0.78
P20 WBHP 1.04 0.93 1.42 P20 WBHP 3.93 1.33 1.44
PS5 WOPR 2.83 3.98 2.36 PS5 WOPR 6.37 7.73 3.67
P9 WOPR 6.18 12.23 3.56 P9 WOPR 18.20 39.28 5.05
P20 WOPR 3.41 2.63 2.03 P20 WOPR 6.98 6.67 2.18
P1 WWPR 4.03 11.71 2.65 P1 WWPR 9.81 23.36 3.39
P5 WWPR 2.73 6.70 2.10 P5 WWPR 7.32 16.70 3.25
P20 WWPR 1.41 0.80 3.25 P20 WWPR 4.25 4.19 4.36
Mean of median relative error  2.49 2.85 2.28 Mean of mean relative error 9.28 11.39 4.89
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Fig. 8 Feature spaces of the true
response and the prior data that
include well responses close to
the observed data. The x- and
y-axes represent first and second
principal directions of the prior
data with the largest eigenvalues
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(a) P5 bottom-hole pressure

Figures 9 and 10 present the P,y and Pgq of the prediction
results made by DSI, LDFA, and LPFA for the cases shown
in Fig. 8(a) and (b), respectively. In the following figures,
a red line (True) represents the true well response, gray
lines represent the well responses of the prior models, a red
diamond (Obs) represents the observed data, a blue dashed
line represents the end of the observation times, and black
dashed lines (Estimates) represent the Py and Pgg of the
predictions. For the prediction to be reliable and accurate,
black dashed lines should honor the red line with acceptable
uncertainty range. As shown in Figs. 9 and 10, the true well
response lies within the uncertainty intervals of the predic-
tion results. Because the prior data include well responses
close to the observed data, DSI, LDFA, and LPFA were able
to accurately predict the future well response.

Figure 11(a) and (b) show the feature space of the bot-
tom-hole pressure at P6 and the oil production rate at P5,
respectively. (Figure 12) As the true well response falls
outside the prior data, these scenarios correspond to case
(ii). Figures 13 and 14 show the Py and Py of the predic-
tion results made by DSI, LDFA, and LPFA for the cases
depicted in Fig. 11(a) and (b), respectively.

In case (ii), as shown in Figs. 13 and 14, reliable predic-
tions are not achieved by DSI and LDFA due to the extrapo-
lation issue. In contrast, accurate predictions are provided
by LPFA, even when the prior data do not include well
responses close to the observed data. This improvement is
achieved by the implementation of the new scaling step. Fig-
ure 12 shows the feature space of the scaled true response
and the scaled prior data. The new scaling step removes the
magnitude differences for each instance, thereby bringing
the true response within the range of the prior data.

Additionally, the performances of DSI, LDFA, and
LPFA are compared across the entire ensemble models of
the Brugge models. The forecast performance is calculated
using the two distinct metrics. The first metric is the median
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relative error, which is the median of the average of the rela-
tive errors over all times. The second metric is the mean rel-
ative error, which is the median of the average of the relative
errors over all times. The median relative error and mean
relative error are defined as Eq. (41) and Eq. (42).
N, g — dt,,tmel) )

1
Median relatvie error =median (* Z i

t dll. true

(41)

j=1,...,N.

1 di, j — di; tr

. N, di 5 —di o

Mean relatvie error =mean | ~ i:'iM ,
t d{,,, true

. N (42)
J=L .y Ne

The median relative error provides an overview of the typi-
cal prediction accuracy of each method. Because the median
is not sensitive to outliers, it effectively reflects the general
performance of the methods across most cases. Table 2
shows the median relative errors of DSI, LDFA, and LPFA.
Considering the noise level (2%) in the observed data, the
accuracies of DSI, LDFA, and LPFA with an average of
2~3% of median relative error are acceptable.

The mean relative error, on the other hand, is sensitive to
outliers. It reflects the performance of each method, includ-
ing cases where the observed data fall outside the range of
prior data. Table 3 shows the mean relative errors of DSI,
LDFA, and LPFA. Considering the case of predicting well
responses outside the range of prior data, LPFA maintains a
prediction error of 4.89%, unlike other methods whose per-
formance significantly declines.

In summary, while DSI and LDFA provide satisfactory
performance in most scenarios, their performance degrades
when observed data is outside the range of prior data. In
contrast, LPFA maintains its performance across different
conditions, making it a more robust choice for predictions
in scenarios where observed data may not always be within
the range of prior data.
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Fig.9 Prediction results of P5 bottom-hole pressure using (a) DSI, (b) LDFA, and (c) LPFA. Gray lines represent the well responses of prior mod-

els, and blue dashed line marks the end of the observation times

e FEnsemble Conditioning Step.

The performances of LDFA and LPFA, both with and with-
out ECS, are compared. For ensemble learning, ten learn-
ing models (N,,=10) are used, as expressed in Eq. (37).
In the conditioning step, a relative error criterion of 4%
(€criterion = 0.04) is applied, as described in Eq. (40). To
verify that ECS improves the prediction performances of
LDFA and LPFA, the prediction process is repeated four
times, both with and without ECS. Since the learnable vari-
ables of each learning model, such as weights and biases,
differ across the four repetitions, the learning models yield
different predictions.

Figures 15 and 16 show the prediction results of LDFA
without ECS and with ECS, respectively. In Fig. 15, the true
well response does not consistently lie within the uncer-
tainty interval of the prediction results. This inconsistency
arises because each learning model starts with different

initial weights and biases, leading to variations in the opti-
mal weights and biases obtained during training. In Fig. 15
(a), (¢), and (d), the predictions fail to sufficiently honor the
observed data. While the predictions in Fig. 15 (b) align
well with the observations, the appropriate learning model
honoring the observations is not always guaranteed.

In Fig. 16, the true well response lies within the uncer-
tainty interval of the prediction results for all predictions.
This is attributed to ECS applied to LDFA, which ensures
predictions honor the observations in multiple learning
models. Consequently, ECS mitigates the conditioning
and variance issues of LDFA predictions. Similarly, ECS
enhances the prediction performance of LPFA, as illustrated
in Figs. 17 and 18.

To quantitatively compare performance, the improve-
ment in prediction accuracy of LPFA with and without ECS
is evaluated using the oil production rate data. The pre-
diction accuracy improves from 4.49 to 3.27% due to the
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Fig. 14 Prediction results of P5 oil production rate obtained using DSI, LDFA, and LPFA. Gray lines represent the well responses of prior models,

and blue dashed line marks the end of the observation times

conditioning step. Furthermore, the uncertainty in future
well response predictions is reduced by approximately 50%
as a result of ensemble learning.

e Sensitivity Analysis.

In this section, a sensitivity analysis is conducted to evalu-
ate the influence of various factors on the prediction results
of the proposed method (LPFA with ECS). The sensitivity
analysis involves predicting future well responses under
varying observation errors, observation periods, prediction
periods, and production strategies.

In the base case, the observation error is set to a noise
level of 2% (e =2%), the observation period is up to 1,000
days, the prediction period is 10 years, and the production
strategy is a constant liquid rate. Figure 19(a) presents the
uncertainty interval of the prediction results for the oil pro-
duction rate at P10 under these base case settings.

@ Springer

Figure 19(b) shows the effect of a higher noise level (e =
4%) on the reliability of the uncertainty interval. Compared
to the base case (¢ = 2%), the uncertainty interval widens
because the perturbed observations deviate further from the
true data, increasing the uncertainty in the input data.

Figure 19(c) examines the impact of extending the obser-
vation period (to 1,500 days) on the uncertainty interval.
The results show a narrower uncertainty interval compared
to the base case, as the additional observed data enhances
prediction reliability by reducing the uncertainty in the
input data.

Figure 19(d) evaluates the effectiveness of the proposed
method for long-term prediction (over 30 years). To demon-
strate this, a flow simulation is conducted for an additional
20 years under the same production and injection strat-
egy. Predictions are made using observations up to 1,000
days, consistent with the base case. The results confirm
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Fig. 15 Four predictions of P10 oil production rate using LDFA without ECS. Gray lines represent the well responses of prior models, and blue

dashed line marks the end of the observation times

that the proposed method remains effective for long-term
predictions.

Figure 19(e) explores the impact of changing the produc-
tion strategy on the prediction performance. The produc-
tion strategy of P10 is altered from a constant liquid rate
(approximately 2,000 STB/day) to a constant bottom-hole
pressure (1,000 psi). The results underscore the adaptability
of the proposed method to changes in production strategies.

e Olympus Data Set.

The prediction performances of DSI, LDFA, and LPFA
are evaluated using the Olympus model, which serves as a
benchmark for field development optimization under uncer-
tainty (Fonseca et al. 2020). The synthetic reservoir model,
Olympus, is inspired by Brent-type oil fields in the North
Sea. The field spans approximately 9,000 m x 3,000 m and
includes a large boundary fault as well as six internal faults.

The reservoir, which is 50 m thick, is divided into two zones
by an impermeable shale layer: the upper zone contains flu-
vial channel sands, while the lower zone consists of clino-
forms composed of alternating layers of coarse, medium,
and fine sands. The permeability distribution for the upper
and lower formations, illustrated in Fig. 20, highlights the
presence of highly permeable channels in the upper forma-
tion and less heterogeneity in the lower formation.

The model comprises grid cells approximately 50 m x
50 m x 3 m each, totaling 341,728 cells, with 192,750 cells
being active. It incorporates five facies types across differ-
ent layers, with petrophysical properties such as porosity,
permeability, and net-to-gross generated using standard
geostatistical techniques. Table 4 show the reservoir proper-
ties for the different facies.

No porosity-permeability relationship was assumed due
to limited early-stage data availability. The ratio between
vertical permeability and horizontal permeability is 0.1. The
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Fig. 16 Four predictions of P10 oil production rate using LDFA with ECS. Gray lines represent the well responses of prior models, and blue dashed

line marks the end of the observation times

oil-water contact (OWC) is determined as 2,092 m with an
in-situ hydrostatic pressure of 205 bar based on the well
logs. The model also considers initial water saturation dis-
tribution based on capillary pressure curves and fluid prop-
erties such as oil viscosity and formation volume factor.

An ensemble of 50 realizations was generated, vary-
ing facies by altering the random seed. Known properties
such as grid and fault geometries were consistent across all
realizations. Uncertain properties included facies, porosity,
permeability, NTG, initial water saturation, and transmis-
sibility across faults. The ensemble was created by generat-
ing a high-fidelity base model of approximately 5 million
grid cells, drilling five wells, and generating synthetic
logs to inform the ensemble generation. Each high-fidelity
model was upscaled for flow simulations using a flow-based
upscaling method (Gautier et al. 1999; Cao and Kitanidis
1999; Ebrahimi and Sahimi 2004; He and Durlofsky 2006;
Hassanpour et al. 2010), maintaining a constant OWC
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location across realizations. The Olympus model includes
11 producers and 7 injectors operated at constant bottom-
hole pressures of 150 and 235 bar, respectively, for 20 years.
Figure 21 illustrates the top depth of the Olympus model
and the locations of the wells. These 50 realizations are sim-
ulated using ECIPSE 100. The simulation results of these 50
realizations serve as training and test data.

To compare the prediction performances of DSI, LDFA,
and LPFA, one realization is selected as the true model, and
others are used as prior models. The simulation results of the
true and prior models are used as the true well and prior well
responses, respectively. Each well response includes the oil
and water production rates and bottom-hole pressures at 241
dates (1, to,..., t241 =0, 31,..., 7304 days). Among the 241
dates, 12 dates (7 1, T 2,..., T 12=0, 181, 365, 546, 730, 911,
1095, 1276, 1460, 1642, 1826, 2007 days) are used as obser-
vation times. Other parameters for DSI, LDFA, and LPFA
are identical to those used in the Brugge model.
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of DSI, LDFA, and LPFA are compared for two cases: (i)
prior data include well responses close to the observed data,
and (ii) prior data do not include well responses close to
the observed data. Ten learning models (/N,,=10) and 4%
as the criterion for relative error (€cpiteriq = 0.04) are used
for ECS.

Figure 22 presents the prediction results for the oil pro-
duction rates at P4 when the prior data include well responses
close to observed data (case (i)). The true well response lies
within the uncertainty intervals of the prediction results
generated by DSI, LDFA, and LPFA. Conversely, Fig. 23
shows the prediction results for the oil production rates at
PS5 when the prior data do not include well responses close
to the observed data (case (ii)). In this scenario, only LPFA
provides an accurate uncertainty interval containing the true
well response, as observed in the Brugge model.

The Brugge and Olympus models used in this study do
not represent all geological settings. However, the Brugge
model assumed three distinct depositional environments
and was generated using different geostatistical techniques.
Furthermore, the Olympus model was generated using stan-
dard geostatistical techniques for five facies. Having been
successfully applied to complicated geological models such
as the Brugge and Olympus models, it is expected that LPFA
can be applied in different types of geological settings.

In this study, the learning-based pattern-driven forecast
approach (LPFA) and ensemble conditioning step (ECS)
are proposed to address the extrapolation, conditioning and
prediction variance issues in data-space inversion (DSI) and
the learning-based data-driven forecast approach (LDFA).

1. Accurate predictions can be achieved using LPFA, even
when observed data are outside the prior data range.
This capability arises from the transformation of prior
data into pattern data using the new scaling method.

2. The application of ECS ensures that predictions suf-
ficiently honor observed data while simultaneously
reducing prediction variance. This outcome is achieved
by selecting only learning models that provide predic-
tions honoring the observed data.

3. Both the new scaling method and ECS are adaptable
to a variety of data-driven forecast methods, helping to
mitigate challenges associated with extrapolation, con-
ditioning, and prediction variance.

4. The successful application of LPFA and ECS to com-
plex geological models such as the Brugge and Olym-
pus models suggests their potential effectiveness in
diverse geological settings.

5. Significant advantages are offered by LPFA and ECS in
terms of prediction accuracy and uncertainty reduction.
However, as these methods are data-driven, retraining
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Fig. 18 Four predictions of P10 oil production rate using LPFA with ECS. Gray lines represent the well responses of prior models, and blue dashed

line marks the end of the observation times

the learning model becomes necessary when operating
conditions or geological information change. Moreover,
addressing high uncertainty in reservoir parameters
may require a large suite of models, resulting in higher
computational costs. Balancing prediction accuracy
with computational efficiency is therefore crucial for
practical implementation. A potential solution to miti-
gate these computational challenges is to selectively
and appropriately choose prior models that effectively
represent response patterns, thereby reducing the num-
ber of simulation runs needed to generate prior data.

6. As data-driven methods, LPFA and ECS can be utilized
to forecast various well responses, including water or
gas injection rates and heat extraction rates. This adapt-
ability makes them applicable to a wide range of subsur-
face applications, such as enhanced oil recovery, carbon
capture and storage, and geothermal energy production.
Their flexibility to integrate seamlessly with existing
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data-driven frameworks and adapt to diverse geological
settings underscores their practical utility.

APPENDIX

To illustrate the new scaling method in detail, an example
predicting the oil production rate of P9 in the Brugge model
is provided. The Brugge model consists of 104 realizations,
with the 104th realization selected as the true model for this
example. Table 5 presents the oil production rates over time
for both the training and test datasets. The oil production
rates at the observation times (7 1,..., 7 n, ) for each real-
ization serve as input to the learning model, while the rates
at the forecast times (%1,..., tn,) serve as output.

As explained in the Sect. 3.1.1, each well response
includes oil production rates at 498 dates (/V; = 498) span-
ning 0 to 3,648 days (¢, to,..., t49s = 0, 1,..., 3648 days).
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Fig.20 Logarithm values of the x-direction permeability of a realization in the Olympus model set. The Olympus model has two rock formations:
(a) the upper formation and (b) the lower formation, separated by an impermeable shale formation

Table 4 Reservoir properties for the different facies of the Olympus the input and output data of the 104th realization are scaled

model using a mean of 18.9 and a standard deviation of 21.3. The
Facies Channel ~ Shale Coarse ~ Medium  Fine results of the new scaling method are presented in Table 6.
type sand sand sand sand As illustrated in Fig. 4(c), the new scaling method enables
Perme- 400~1,000 1 150~400 75~150 ~ 10~50 the scaled test data lies within the distribution of the scaled
ability .. .
(md) training data, even when the test data falls outside the range
Porosity  0.2~0.35 0.3 02~03 0.1~02  0.05~0.1 of the training data.
(%)
Net-to- 0.8~1 0 0.7~09 0.75~0.95 09~1
gross
(md)
Zone Upper Upper Lower Lower Lower
present formation forma- formation formation formation

tion,

Barrier

Among the 498 dates, only 8 dates (N, =8,71, T 2,...,T g
=16, 151, 301, 451, 580, 703, 852, 1004 days) are used as
observation times.

The new scaling method scales data using the mean and
standard deviation of each realization. When predicting
a well response, only data from the observation period is
available. Thus, the mean and standard deviation are calcu-
lated solely from the observed data. For the [-th realization,
the input and output data are denoted as d;y,,; and dous, 1,
respectively, while the mean and standard deviation of the

input data are denoted as d.,; and o - ;, respectively. As
shown in the rightmost two columns of Table 5, the mean
and standard deviation of the input data are computed for
each realization.

Each realization is scaled using its own mean and stan-
dard deviation of the input data. For instance, the input
and output data from the first realization are scaled using
a mean of 103 and a standard deviation of 117. Similarly,
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Fig. 22 Prediction results of P4 oil production rate using DSI, LDFA, and LPFA. Gray lines represent the well responses of prior models, and blue
dashed line marks the end of the observation times
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Table 5 P9 oil production rate over time for both training and test data sets. The rightmost two columns show the mean and standard deviation of

input data for each realization

Observation T1 T2
times (7))
Forecast t1 tio
times (%)
Training data Realization Input 0 0

1 (din, 1)
Output 0 0
(dout, 1)

Realization Input 0 0

2 (din, 2)
Output 0 0
(dout, 2)

Realization Input 0 0

103 (din, 103)
Output 0 0
(dout, 103)

Test data Realization Input 0 0

104 (din, 104)
Output 0 0
(dout, 104)

TN, - e - &-,- . oL
tis0 tis1 e tNy,

243 ; - 103 117
243 245 289 - -

411 - L 160 180
411 415 551 - -

4.51 - - 2.61 3.06
451 4.48 S 451 ; ;

39.2 - - 18.9 213
39.2 39.2 50.1 - -

Table 6 The results of the new scaling method. Each realization is scaled using its mean and standard deviation of the input data

Observation T1 T2 . TN, - o _
times (7))
Forecast t1 tio e t150 tis1 BN tn,
times (t)
Scaled Realization Input -0.879 —0.879 e 1.19 - e -
train 1 (din, scaled,1)
data Output -0.879 -0.879 e 1.19 1.21 e 1.59
(dout,scaled,l)
Realization Input —0.887 —0.887 e 1.40 - e -
2 (din,scaled,Q)
Output —0.887 —0.887 e 1.40 1.42 e 2.17
(dout,scaled,2)
Realization Input —0.852 —0.852 0.622 - e -
103 (din,scaled,lo.'j)
Output —0.852 —0.852 0.622 0.611 0.623
(dout,scaled,103)
Scaled Realization Input —0.886 —0.886 0.951 - e -
test 104 (din,scaled,104)
data Output —0.886 —0.886 0.951 0.952 e 1.46
(dout,scaled,104)
Acknowledgements We thank Schlumberger for providing ECLIPSE Declarations

2021.3.

Funding This work was supported by the Korea Institute of En-
ergy Technology Evaluation and Planning (KETEP) grant fund-
ed by the Ministry of Trade, Industry and Energy (MOTIE) (No.
20214000000500, Training program of CCUS for the green growth)
and Energy & Mineral Resources Development Association of Korea
(EMRD) grant funded by MOTIE (No. 2021060002, Graduate educa-
tional program for Digital Oil Field).

@ Springer

Conflict of interest The authors declare that there is no conflict of in-
terest.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format,
as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate
if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless



J Petrol Explor Prod Technol (2025) 15:32

Page 31 0f 32 32

indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.o
rg/licenses/by/4.0/.

References

Ahmed H, Lofstead J (2022) Managing Randomness to Enable Repro-
ducible Machine Learning. Proceedings of the 5th International
Workshop on Practical Reproducible Evaluation of Computer
Systems. https://doi.org/10.1145/3526062.3536353

Bayes T (1763) LII. An essay towards solving a problem in the doctrine
of chances. By the late Rev. Mr. Bayes, F. R. S. communicated by
Mr. Price, in a letter to John Canton, A. M. F. R. S. Philos Trans
R Soc Lond 53:370—418. https://doi.org/10.1098/rstl.1763.0053

Bertolini AC, Schiozer DJ (2011) Influence of the objective function in
the history matching process. J Pet Sci Eng 78:32—41. https://doi.
org/10.1016/j.petrol.2011.04.012

Bigdeli A, Delshad M (2024) The Evolving Landscape of Oil and Gas
chemicals: convergence of Artificial Intelligence and Chemical-
enhanced oil recovery in the Energy Transition toward Sustain-
able Energy Systems and Net-Zero emissions. J Data Sci Intell
Syst 2:65-78. https://doi.org/10.47852/bonviewJDSIS42022111

Cao J, Kitanidis PK (1999) Adaptive-grid simulation of groundwater
flow in heterogeneous aquifers. Adv Water Resour 22:681-696. h
ttps://doi.org/10.1016/S0309-1708(98)00047-5

Chahar J, Verma J, Vyas D, Goyal M (2022) Data-driven approach
for hydrocarbon production forecasting using machine learning
techniques. J Pet Sci Eng 217:110757. https://doi.org/10.1016/j
.petrol.2022.110757

Chavent G, Dupuy M, Lemmonier P (1975) History matching by Use
of Optimal Theory. Soc Petrol Eng J 15:74-86. https://doi.org/1
0.2118/4627-PA

Chen'Y, Oliver DS (2013) Levenberg—Marquardt forms of the iterative
ensemble smoother for efficient history matching and uncertainty
quantification. Comput Geosci 17:689—703. https://doi.org/10.10
07/s10596-013-9351-5

Chen WH, Gavalas GR, Seinfeld JH, Wasserman ML (1974) A New
Algorithm for Automatic History Matching. Soc Petrol Eng J
14:593-608. https://doi.org/10.2118/4545-PA

Dietterich TG (2000) Ensemble methods in machine learning. In: Josef
K and Fabio R (eds) Multiple Classifier systems. MCS 2000. Lec-
ture notes in Computer Science. Springer, Berlin, Heidelberg, pp
1-15.

Dong X, Yu Z, Cao W et al (2020) A survey on ensemble learning.
Front Comput Sci 14:241-258. https://doi.org/10.1007/s11704-0
19-8208-z

Ebrahimi F, Sahimi M (2004) Multiresolution Wavelet Scale up of
unstable miscible displacements in Flow through Heterogeneous
Porous Media. Transp Porous Media 57:75-102. https://doi.org/1
0.1023/B:TIPM.0000032742.05517.06

Emerick AA, Reynolds AC (2013) Ensemble smoother with multiple
data assimilation. Comput Geosci 55:3—15. https://doi.org/10.10
16/j.cageo.2012.03.011

Fonseca RM, Rossa E, Della, Emerick AA et al (2020) Introduction to
the special issue: overview of OLYMPUS optimization Bench-
mark Challenge. Comput Geosci 24:1933—1941. https://doi.org/1
0.1007/s10596-020-10003-4

Gao G, Li G, Reynolds AC (2007) A stochastic optimization Algo-
rithm for Automatic History Matching. SPE J 12:196-208. https:
//doi.org/10.2118/90065-PA

Gautier Y, Blunt MJ, Christie MA (1999) Nested Gridding and stream-
line-based Simulation for fast Reservoir Performance Prediction.
Comput Geosci 3:295-320. https://doi.org/10.1023/A:10115352
10857

Glorot X, Bengio Y (2010) Understanding the Difficulty of Train-
ing Deep Feedforward Neural Networks. In: Proceedings of the
Thirteenth International Conference on Artificial Intelligence and
Statistics, PMLR. http://proceedings.mlr.press/v9/glorot10a.htm
1. Accessed 19 Sep 2024

Goodfellow I, Bengio Y, Courville A (2016) Deep learning. MIT Press

Hassanpour RM, Manchuk JG, Leuangthong O, Deutsch CV (2010)
Calculation of permeability tensors for unstructured Gridblocks.
J Can Pet Technol 49:65-74. https://doi.org/10.2118/141305-PA

He C, Durlofsky LJ (2006) Structured flow-based gridding and upscal-
ing for modeling subsurface flow. Adv Water Resour 29:1876—
1892. https://doi.org/10.1016/j.advwatres.2005.12.012

Jeong H, Sun AY, Lee J, Min B (2018) A learning-based data-driven
forecast approach for predicting future reservoir performance.
Adv Water Resour 118:95-109. https://doi.org/10.1016/j.advwa
tres.2018.05.015

Jiang S, Durlofsky LJ (2021) Data-space inversion using a recurrent
autoencoder for time-series parameterization. Comput Geosci
25:411-432. https://doi.org/10.1007/s10596-020-10014-1

Jiang S, Sun W, Durlofsky LJ (2020) A data-space inversion procedure
for well control optimization and closed-loop reservoir manage-
ment. Comput Geosci 24:361-379. https://doi.org/10.1007/s105
96-019-09853-4

Jo S, Jeong H, Min B et al (2022) Efficient deep-learning-based history
matching for fluvial channel reservoirs. J Pet Sci Eng 208:109247.
https://doi.org/10.1016/j.petrol.2021.109247

Jolliffe IT (2002) Principal component analysis, 2nd edn. Springer,
New York, NY, New York

Jung H, Jo H, Kim S et al (2020) Use of Channel Information Update
and Discrete Cosine Transform in Ensemble Smoother for
Channel Reservoir Characterization. J Energy Resour Technol
142:012901. https://doi.org/10.1115/1.4043856

Kang B, Jung H, Jeong H, Choe J (2020) Characterization of three-
dimensional channel reservoirs using ensemble Kalman filter
assisted by principal component analysis. Pet Sci 17:182—195. ht
tps://doi.org/10.1007/s12182-019-00362-8

Kim S, Min B, Lee K, Jeong H (2018) Integration of an iterative
update of sparse geologic dictionaries with ES-MDA for history
matching of Channelized reservoirs. Geofluids 2018:1-21. https:
//doi.org/10.1155/2018/1532868

Kim S, Lee K, Lim J et al (2020) Development of ensemble smoother—
neural network and its application to history matching of channel-
ized reservoirs. J Pet Sci Eng 191:107159. https://doi.org/10.101
6/j.petrol.2020.107159

Lee K, Lim J, Yoon D, Jung H (2019) Prediction of shale-gas produc-
tion at duvernay formation using deep-learning algorithm. SPE J
24:2423-2437. https://doi.org/10.2118/195698-PA

LiR, Reynolds AC, Oliver DS (2003) History matching of three-phase
Flow Production Data. SPE J 8:328-340. https://doi.org/10.2118
/87336-PA

Liang B, Liu J, You J et al (2023) Hydrocarbon production dynam-
ics forecasting using machine learning: a state-of-the-art review.
Fuel 337:127067. https://doi.org/10.1016/j.fuel.2022.127067

Lima MM, Emerick AA, Ortiz CEP (2020) Data-space inversion with
ensemble smoother. Comput Geosci 24:1179-1200. https://doi.or
2/10.1007/s10596-020-09933-w

Liu D, Rao X, Zhao H et al (2021) An improved data space inversion
method to predict reservoir state fields via observed production
data. Pet Sci 18:1127—-1142. https://doi.org/10.1016/j.petsci.202
1.07.008

@ Springer


https://doi.org/10.1023/A:1011535210857
https://doi.org/10.1023/A:1011535210857
http://proceedings.mlr.press/v9/glorot10a.html
http://proceedings.mlr.press/v9/glorot10a.html
https://doi.org/10.2118/141305-PA
https://doi.org/10.1016/j.advwatres.2005.12.012
https://doi.org/10.1016/j.advwatres.2018.05.015
https://doi.org/10.1016/j.advwatres.2018.05.015
https://doi.org/10.1007/s10596-020-10014-1
https://doi.org/10.1007/s10596-019-09853-4
https://doi.org/10.1007/s10596-019-09853-4
https://doi.org/10.1016/j.petrol.2021.109247
https://doi.org/10.1016/j.petrol.2021.109247
https://doi.org/10.1115/1.4043856
https://doi.org/10.1007/s12182-019-00362-8
https://doi.org/10.1007/s12182-019-00362-8
https://doi.org/10.1155/2018/1532868
https://doi.org/10.1155/2018/1532868
https://doi.org/10.1016/j.petrol.2020.107159
https://doi.org/10.1016/j.petrol.2020.107159
https://doi.org/10.2118/195698-PA
https://doi.org/10.2118/87336-PA
https://doi.org/10.2118/87336-PA
https://doi.org/10.1016/j.fuel.2022.127067
https://doi.org/10.1007/s10596-020-09933-w
https://doi.org/10.1007/s10596-020-09933-w
https://doi.org/10.1016/j.petsci.2021.07.008
https://doi.org/10.1016/j.petsci.2021.07.008
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1145/3526062.3536353
https://doi.org/10.1098/rstl.1763.0053
https://doi.org/10.1016/j.petrol.2011.04.012
https://doi.org/10.1016/j.petrol.2011.04.012
https://doi.org/10.47852/bonviewJDSIS42022111
https://doi.org/10.1016/S0309-1708(98)00047-5
https://doi.org/10.1016/S0309-1708(98)00047-5
https://doi.org/10.1016/j.petrol.2022.110757
https://doi.org/10.1016/j.petrol.2022.110757
https://doi.org/10.2118/4627-PA
https://doi.org/10.2118/4627-PA
https://doi.org/10.1007/s10596-013-9351-5
https://doi.org/10.1007/s10596-013-9351-5
https://doi.org/10.2118/4545-PA
https://doi.org/10.1007/s11704-019-8208-z
https://doi.org/10.1007/s11704-019-8208-z
https://doi.org/10.1023/B:TIPM.0000032742.05517.06
https://doi.org/10.1023/B:TIPM.0000032742.05517.06
https://doi.org/10.1016/j.cageo.2012.03.011
https://doi.org/10.1016/j.cageo.2012.03.011
https://doi.org/10.1007/s10596-020-10003-4
https://doi.org/10.1007/s10596-020-10003-4
https://doi.org/10.2118/90065-PA
https://doi.org/10.2118/90065-PA

32 Page 32 of 32

J Petrol Explor Prod Technol (2025) 15:32

Liu P, Zhang K, Yao J (2023a) Reservoir automatic history matching:
methods, challenges, and future directions. Adv Geo-Energy Res
7:136-140. https://doi.org/10.46690/ager.2023.02.07

Liu W, Xu Y, Rao X et al (2023b) Reservoir closed-loop optimization
method based on connection elements and data space inversion
with variable controls. Phys Fluids 35:113322. https://doi.org/1
0.1063/5.0172378

Luo X, Stordal AS, Lorentzen RJ, Neevdal G (2015) Iterative ensemble
smoother as an approximate solution to a regularized minimum-
average-cost problem: theory and applications. SPE J 20:962—
982. https://doi.org/10.2118/176023-PA

Nwachukwu A, Jeong H, Pyrcz M, Lake LW (2018) Fast evaluation
of well placements in heterogeneous reservoir models using
machine learning. J Pet Sci Eng 163:463-475. https://doi.org/10.
1016/j.petrol.2018.01.019

Oliver DS, Reynolds AC, Liu N (2008) Inverse theory for Petroleum
Reservoir characterization and history matching. Cambridge Uni-
versity Press

Peters E, Arts RJ, Brouwer GK et al (2010) Results of the Brugge
Benchmark study for flooding optimization and history matching.
SPE Reservoir Eval Eng 13:391-405. https://doi.org/10.2118/11
9094-PA

Rwechungura R, Dadashpour M, Kleppe J (2011) Advanced History
matching techniques reviewed. SPE Middle East Oil Gas Show
Conlf. https://doi.org/10.2118/142497-MS

Sagi O, Rokach L (2018) Ensemble learning: a survey. WIREs Data
Min Knowl Discov 8:e1249. https://doi.org/10.1002/widm.1249

Scardapane S, Wang D (2017) Randomness in neural networks: an
overview. WIREs Data Min Knowl Discov 7:¢1200. https://doi.o
1rg/10.1002/widm.1200

Schlumberger (2021) ECLIPSE reference manual

Sun W, Durlofsky LJ (2017) A New Data-Space Inversion Procedure
for efficient uncertainty quantification in Subsurface Flow prob-
lems. Math Geosci 49:679-715. https://doi.org/10.1007/s11004-0
16-9672-8

Sun W, Hui MH, Durlofsky LJ (2017) Production forecasting and
uncertainty quantification for naturally fractured reservoirs using

@ Springer

a new data-space inversion procedure. Comput Geosci 21:1443—
1458. https://doi.org/10.1007/s10596-017-9633-4

Wang S, Qin C, Feng Q et al (2021) A framework for predicting the
production performance of unconventional resources using deep
learning. Appl Energy 295:117016. https://doi.org/10.1016/j.ape
nergy.2021.117016

Xiao C, Wang G, Zhang Y, Deng Y (2022) Machine-learning-based
well production prediction under geological and hydraulic frac-
ture parameters uncertainty for unconventional shale gas reser-
voirs. J Nat Gas Sci Eng 106:104762. https://doi.org/10.1016/j.
jngse.2022.104762

Xiao C, Zhang S, Ma X et al (2023a) Robust production forecast
and uncertainty quantification for waterflooding reservoir using
hybrid recurrent auto-encoder and long short-term memory neu-
ral network. Geoenergy Sci Eng 230:212252. https://doi.org/10.1
016/j.geoen.2023.212252

Xiao C, Zhang S, Ma X et al (2023b) Deep-learning-generalized
data-space inversion and uncertainty quantification framework
for accelerating geological CO2 plume migration monitoring.
Geoenergy Sci Eng 224:211627. https://doi.org/10.1016/j.geoen
.2023.211627

Zhong Z, Sun AY, Jeong H (2019) Predicting CO2 Plume Migration in
Heterogeneous formations using conditional deep Convolutional
Generative Adversarial Network. Water Resour Res 55:5830-
5851. https://doi.org/10.1029/2018 WR024592

Zhong Z, Sun AY, Wang Y, Ren B (2020) Predicting field production
rates for waterflooding using a machine learning-based proxy
model. J Pet Sci Eng 194:107574. https://doi.org/10.1016/j.petr
01.2020.107574

Zhong Z, Sun AY, Ren B, Wang Y (2021) A deep-learning-based
Approach for Reservoir Production Forecast under uncertainty.
SPE J 26:1314-1340. https://doi.org/10.2118/205000-PA

Publisher’s note Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.


https://doi.org/10.1007/s10596-017-9633-4
https://doi.org/10.1016/j.apenergy.2021.117016
https://doi.org/10.1016/j.apenergy.2021.117016
https://doi.org/10.1016/j.jngse.2022.104762
https://doi.org/10.1016/j.jngse.2022.104762
https://doi.org/10.1016/j.geoen.2023.212252
https://doi.org/10.1016/j.geoen.2023.212252
https://doi.org/10.1016/j.geoen.2023.211627
https://doi.org/10.1016/j.geoen.2023.211627
https://doi.org/10.1029/2018WR024592
https://doi.org/10.1016/j.petrol.2020.107574
https://doi.org/10.1016/j.petrol.2020.107574
https://doi.org/10.2118/205000-PA
https://doi.org/10.46690/ager.2023.02.07
https://doi.org/10.1063/5.0172378
https://doi.org/10.1063/5.0172378
https://doi.org/10.2118/176023-PA
https://doi.org/10.1016/j.petrol.2018.01.019
https://doi.org/10.1016/j.petrol.2018.01.019
https://doi.org/10.2118/119094-PA
https://doi.org/10.2118/119094-PA
https://doi.org/10.2118/142497-MS
https://doi.org/10.1002/widm.1249
https://doi.org/10.1002/widm.1200
https://doi.org/10.1002/widm.1200
https://doi.org/10.1007/s11004-016-9672-8
https://doi.org/10.1007/s11004-016-9672-8

	﻿Learning-based pattern-data-driven forecast approach for predicting future well responses
	﻿Abstract
	﻿Introduction
	﻿Methodology
	﻿Results
	﻿Conclusions
	﻿﻿Appendix﻿
	﻿References


