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ABSTRACT

Predicting processes’ future behavior based on past data is vital for automatic control and dynamic
optimization in engineering. Recent advances in deep learning, particularly Artificial Neural Net-
works, have improved predictions in various engineering fields. Recurrent Neural Networks (RNNs)
are well-suited for time series data, as they naturally evolve through dynamic systems with recur-
rent updates. Despite their high predictive power, RNNs may underperform if their training ignores
the model's future application. In Model Predictive Control, for example, the model evolves over
time using only current information, relying on its own predictions at later steps. A model trained
for one-step-ahead predictions may fail when tasked with multi-step-ahead forecasting in auto-
regressive mode. This study explores deep recurrent neural network models for predicting critical
operational time series of a large-scale Electric Submersible Pump system. We present an innova-
tive training approach, framing the task as a multi-step-ahead prediction problem. Results show

that aligning model training with its future use is crucial to ensure real-time performance.
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INTRODUCTION

Models play an important role in chemical and indus-
trial engineering practice. First-principles models de-
scribe the energy and mass transport in unit operations
through continuous conservation laws, rate, and equilib-
rium expressions. They are usually capable of providing
reliable predictions in a broad range of conditions and
have parameters with physical meaning. On the other
hand, dynamic high-fidelity models can be tricky to frame
correctly and identify, especially for highly nonlinear sys-
tems with few observable states [1].

Black-box or data-driven models are often used to
circumvent such a problem. In this sense, Artificial Neural
Networks (ANNs) are essential for identifying nonlinear
dynamic systems in chemical engineering. ANNs have
been widely used since the 1980s for nonlinear dynamic
system identification, mainly as the nonlinear function for
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systems identification in the Nonlinear AutoRegressive
with Exogenous inputs (NARX) formulation [2], [3]. It is
well-known that the NARX formulation is suitable for pre-
diction tasks (short-term horizons) but may perform
poorly recursively for long-term predictions (simulation
mode).

In contrast, the Nonlinear Output Error (NOE) rep-
resentation is more appropriate for engineering systems
and long-term predictions (simulation) as noise is as-
sumed to be an output additive, i.e., there is a determin-
istic dynamic of states, and noise is placed only at ob-
servables [2], [4]. When the NOE nonlinearity is framed
with a neural network, its resemblance with recurrent
neural networks (RNNs) is evident [5]. NOE is one of the
most important representations for simulation in engi-
neering systems, but it is often misused and compre-
hended in practice.

In real-time applications requiring multi-step-ahead
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predictions and sensor feedback, such as predictive con-
trol, choosing the appropriate formulation for a data-
driven model plays an essential role in the final predictive
capacity and it can be a significant source of confusion.
To address these questions, this study assesses the per-
formance of a multi-step ahead predictor designed ex-
plicitly for model predictive control (MPC) applications.
The predictor employs deep recurrent neural networks
(RNNs) and is evaluated using real operating data from
an Electrical Submersible Pump (ESP) system deployed
in an offshore oil field.

Electric Submersible Pumps (ESPs) are a vital tech-
nology in the oil and gas industry, enabling the efficient
lifting of fluids from subsea reservoirs to the surface.
Their effective operation and control require a compre-
hensive understanding of the complex interactions be-
tween the reservoir, pump, and surface conditions. While
models are instrumental for understanding these dynam-
ics, first-principles modeling is particularly challenging
due to the complexity of the governing equations. This
makes data-driven approaches an appealing alternative
for modeling ESP system dynamics.

Several studies have investigated data-driven
methods for modeling ESP behavior. For example, Jor-
danou et al. (2022) developed an Echo State Network
(ESN) as a surrogate nonlinear dynamic model using
training data from a rigorous mechanistic model [6]. Sim-
ilarly, Abreu et al. (2024) applied ESNs for zone-based
Nonlinear Model Predictive Control (NMPC) of an ESP-
lifted oil well to maximize oil production using data from
a mechanistic model [7]. In another study, Costa et al.
(2024) proposed a deep neural network for system iden-
tification and uncertainty quantification, leveraging
mechanistic model data [8].

However, to our knowledge, no prior work has
demonstrated the predictive capabilities of deep-learn-
ing-based, data-driven models using real operational
data from ESP systems. The remainder of this text is or-
ganized as follows:

The Methodology details the model representation,
data collection, model training and hyperparameter tun-
ing strategies. In the Results, the test set performance is
evaluated. The conclusions summarize the main findings
and points to future research directions.

METHODOLOGY

Recurrent Neural Networks

A recurrent neural network (RNN) is an artificial neu-
ral network designed to process sequential information,
such as time series data. It has a deterministic h state,
and an evolution rule defines how the state changes
based on its computed values and input data. This rule is
typically a parameterized function F(W,, W,, b,), such as
a multilayer perceptron in a standard RNN or a more
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sophisticated structure in
(LSTM) architectures [9].

Training an RNN involves evolving the states ac-
cording to the update rule and the current parameters.
These states are mapped to outputs matching the dimen-
sions of the observed data through a readout layer (G).
The prediction error is computed and used to adjust the
parameters, often through gradient descent. This pro-
cess is illustrated in Figure 1.
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Figure 1. Diagrammatic
computations

representation of RNNs

However, practical implementations raise several
questions: How many times should the states evolve?
How many state observations should be used to calcu-
late the error? There is no definitive answer to these
questions. The training approach should align with the
model's intended application [10]. In this work, we frame
the model training as the closest to match a potential final
application of model predictive control, as in [10].

Data collection and processing

Identifying nonlinear dynamic models from real pro-
cess data presents significant challenges. Industrial pro-
cesses typically operate at fixed set points, and shifting
these points to gather dynamic data involves safety and
financial risks. Consequently, many studies develop and
validate mechanistic models to be later used as a data
source instead - a strategy called simulation-assisted
identification [10]. However, identifying mechanistic
models for industrial-scale ESP systems is particularly
challenging.

In this work, real operational data was used to train
the models. Only a small subset of the total operational
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data - usually during startup and shutdown - proves use-
ful for dynamic model identification. The Figure 2 and the
the Figure 3 highlight these regions for the two normal-
ized target variables - TV1, TV2 and the two manipulated
variables - MV1, MV2. The variables and time have been
normalized to avoid disclosing sensitive information
about the data source. The two variables have different
levels of noise in the process and were selected to eval-
uate how robust to noise is the used methodology.

Normalized Time Series Data

' — MvL

T
0.6
0.4 ‘

0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4
Time Index -

Figure 2. ESP real operational data history for MV1, MV2
and TV2.
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Figure 3. ESP real operational data history for MV1, MV
and TV1.
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Figure 4. lllustration of the data preprocessing and
organization for RNN training targeted at an MPC
application. Adpated from [10].

The process data needs to be prepared differently
to accommodate the particularities of each representa-
tion (NARX, NOE) and the final application for parameter
identification (training) and inference. For this work, we
are adopting a multi-step ahead prediction strategy that
requires a unique data organization and follows the
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structure proposed in [10] and is depicted in Figure 4.
The proposed data organization aligns well with the com-
putations required in predictive control strategies, which
should favor the model's predictive accuracy when han-
dling this task. In contrast, Figure 5 illustrates the tradi-
tional approach for preparing the data for single-step-
ahead predictions. In this setting, the target output is a
one-dimensional sequence of points. Multi-step-ahead
predictions at inference time require a set of input distri-
butions the model was not trained for.
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Figure 5. lllustration of the traditional data processing for
single-step ahead prediction for training an RNN.

The dataset was split into training, validation, and
test sets, ensuring no time overlap. Time series data was
processed using a sliding window with a stride of 1, mov-
ing forward in time. The total window size was 12-time
steps, including features and labels.

For the target variable to be used as features (pre-
dictors), 8 of the 12-time steps were actual past obser-
vations (white circles with blue contours). At the same
time, the remaining 4 were repeated from the last valid
observation (filled blue circles). For the manipulated var-
iables (MV1 and MV2), all 12 points were actual observa-
tions (white circles with blue contours on the manipulated
variable). The target consisted of 4 future actual obser-
vations (white circles with pink contours), as illustrated in
the Figure 4.

This process resulted in a 3-dimensional feature
tensor X € R™*12%3 where n,, is the number of sequences
of size 12 and 3 corresponding to the two MVs and the
target variable being predicted. The target is also a 3D
tensor Y € R™>4x1,

Model Training and Hyperparameter Tunning

The estimation of the predictor’s parameters consti-
tutes the model training. One model was trained for each
target variable (TVs), forming two multiple-input single-
output (MISO) models. The mean squared error is the
most common cost function for continuous numerical
variables such as those used here.

For the proposed predictor, the cost function to be
minimized is here proposed to be written as:

1 ~ 2
JW,b) = =¥y %1 (Fijer W, b) = Yie) (1)
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i varies from 1 to the number of training sequences
m. k varies from 1 to the number of time-steps 4. W and
b are the trainable weights and biases. Typically, the
number of sequences is chucked into smaller data sets,
forming batch sequences for updating the parameters.

In RNN parameter identification, layer-wise gradi-
ents are typically computed using Backpropagation
Through Time (BPTT) to solve the optimization problem.
However, this method often leads to convergence prob-
lems in recurrent neural networks due to vanishing or ex-
ploding gradients. Over the years, various RNN variants
have been proposed to address these issues. Among
them, the Long Short-Term Memory (LSTM) variant has
been widely adopted to extract long-range patterns in
time series data [9]. Therefore, this architecture was
used in this work.

Model selection entails defining its architecture be-
fore parameter estimation, including the number of lay-
ers, neurons, activation functions, and optimizer param-
eters such as learning rate, momentum (for momentum-
based optimizers), decay, epochs, and mini-batch size.
The hyperparameter space comprises a set of discrete
and continuous variables, making their selection a com-
plex task. One recent approach to select them efficiently
is wrapping another learning algorithm (hyper-learner)
around the original learning problem to select hyperpa-
rameters by monitoring a cost function from a separated
dataset (validation data set). The hyper-learner may also
have more parameters, but it is simpler to choose than
the hyperparameters.

Machine learning practitioners often employ explor-
atory random and grid search for hyperparameter tuning
[11]. However, they are very time-consuming as they al-
locate the same resources for all sampled hyperparame-
ters. Most recently, it has been possible to find a method
called HYPERBAND [12], which has the advantage of be-
ing up to 30 times faster in search speed than random
grid search. HYPERBAND formulates hyperparameter op-
timization as a pure-exploration problem where a prede-
fined resource is allocated to randomly sampled configu-
rations.

The neural network’s initialization, the training pro-
cess, and the hyperparameter tuning were implemented
using TensorFlow 2.10.1 [13] and Keras [14] tuner version
1.4.7, respectively.

Inference and state initialization

RNNs have a deterministic state variable that
evolves according to the update rule (parameterized
function F(W,, W,, b,)) in Figure 6. The initialization of
this variable defaults to the null vector in many deep
learning frameworks, including TensorFlow. During train-
ing with gradient descent, the default policy is that the
states are restarted to zero for each batch. It has been
shown that this is an effective way of learning the
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patterns in time series. However, this policy must be
modified during real-time inference in a predictive control
environment to accommodate the incoming data stream.
In this sense, we propose the following state update pol-
icy for inference:

Algorithm 1 Neural Network Inference Policy
1: Input: Time-series data X € BT *¥, LSTM model M, warm-up steps W,
step size 5.

. Qutput: Predictions ¥, True Values Y, ..

: Step 1: Preprocessing

: Normalize each feature f:

Xy —min(Xy)
f=—
T max(Xy) — min(Xy)

: Reshape data to 3D:

wr

Xap € ]Ele,."_

5. Step 2: Warm-up
: Extract the first W time steps

-1

Xw = Xapl:,: Wil

& Reset the LSTM model’s M state.
9: Pass Xy through M to initialize the state:

_'1!I:XH' ).
10: Save the updated state Syy.
11: Step 3: Forecasting Loop
12: Initialize empty sets Y. Yirue.
1% for i =0to [@J —1do
14:  Define start and end indices:

start =W +i-5 end=W 4 (i+1)-5.
15:  Extract future data
Xg = Xap[:,start : end,:].

16:  Apply zero-order hold (ZOH) to the Target Variable with index 3:

X[t 2] = Xaplstart +¢ — 1,2, ¥te{1,....5}

17 Predict outputs:

Y = :Ul"X,g'].
18:  Save predictions ¥ and true values:
Yirue = Xapli,start : end, 3],
19:  Restore the state Sy:
set_stm_states( M, Sy ).
20:  Perform one additional step to update the state:
X, = K';;_JE.(‘ud vend + 1,1,
if X; # 0 then
Use M(X,) to update the state Syy.
end if

end for
. Qutput: Predictions ¥, True Values Y, ..

BDOED b2 b2 b2
[ R

Figure 6. Algorithm for inference and state initialization.

The algorithm operates in two alternating phases to
emulate real-time application behavior. The first phase
updates the internal states of the LSTM model using the
most recent incoming data, ensuring that the model up-
dates its states based on the latest observation. The sec-
ond phase performs a 4-time-step-ahead prediction
based on the updated state. These two phases are exe-
cuted alternately across the test set, simulating a real-
time scenario where the model continuously processes
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new data while concurrently making multi-step future
predictions based on the last observation and MV’s ac-
tual inputs.

Results and Discussion

The hyperparameter search space was limited to
the numbers of neurons in the LSTM layer between 60
and 160 and step of 20, the activation function between
hyperbolic tangent and rectified linear unit and minibatch
size between 16 and 256 with step of 32. The ADAptive
Moment estimation (ADAM) optimizer was used with a
fixed learning rate of 0.001. The validation data set error
was used to determine the best architecture during the
search. The hyperband was parametrized with a factor of
maximum allocated epochs of 100 and 1 iteration. The
best configurations for TV1 and TV2 are displayed in the
tables.

Table 1. Hyperparameters for TV1 and TV2 RNNs.

Neurons Activation Batch size Variable
60 tanh 16 TV1
160 tanh 16 TV2

After finding the best hyperparameters, the model
was retrained with the selected architecture for 1000
epochs, with early stopping and 100-step patience, by
monitoring the validation set to avoid overfitting.

By applying the algorithm in Figure 6, a test set
mean absolute error of 1.22 x 1073 for TV1 and 2.3 x 1073
for TV2.

The Figure 7 and Figure 8 show the parity plot and
history for TV1. In the parity plot, predictions and actual
values seem to be randomly distributed along the diago-
nal line in Figure. Still, there is a considerable variance
due to the noise in the data. In Figure 8, it is possible to
observe that the predictions follow the observations sat-
isfactorily.
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Figure 7. Parity plot for TV1.
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The Figure 9 and Figure 10 show the parity plot and
history for TV2 for the test set data set. They show that
the predictions' dynamic behavior is close to that of the
actual values. However, a slight bias prevents a better
prediction. The prediction bias is more evident in Figure
10 where the target variable 2 is displayed over time.
However, for a real-time model-based application such
as MPC, this mismatch would fit into the minimum re-
quirements, and the additional modeling efforts and data
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requirements would be beneficial, but the improvement
in control performance may become marginal [15].

CONCLUSIONS

This works investigates the formulation of dynamic
system identification for an industrial size electrical sub-
mersible pump system using a multi-step ahead predictor
targeted at model predictive control. The data pro-
cessing considers how information is processed in real-
time and formulate the model architecture and parameter
identification accordingly. It has been shown the strategy
provides a satisfactory predictive capacity and further
attempts of improving may become marginal in a possible
control strategy implementation. Future works might ex-
plore the use of new deep learning architectures for pro-
cessing sequenced information such as Transformers
and the introduction of physics constraints of the ob-
served variables for enhanced extrapolation power.
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