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Abstract: This paper presents enhancing real-time supervision
and control of industrial processes over wireless network
architecture using model predictive controller. The research
reviewed various related literatures on Real Time Operating
Center (RTOC) and their importance on industrial control
systems. From the review it was observed that one of the major
components of RTOC is the Remote telemetry Unit (RTU) or
Programmable Logic Controller (PLC). These systems are
embedded with Proportional Integral Differential (PID)
controllers for processing of data collected and transmitted to the
RTOC monitor via the communication bus; however the delay
response time of the PID controllers induce latency on the data
transmitted, thus affecting the quality of RTOC analysis and as a
result has remained a major problem all over the world. This
problem was addressed in this research using artificial neural
network (ANN) based model predictive controller. The ANN was
trained using data collected from an oil and gas drilling process
to develop a predictive model which was used to collect time
series data of the plant and send to the RTOC monitor in real-
time. The system was implemented with Simulink and the
performance was evaluated. The result showed that the
predictive controller was able to collect data and transmit to the
RTOC at 22.5ms, which according to IEC 60870-6 and IEC
62591 Standard for RTOC satisfy the requirement for real-time
and better then the 40ms achieved in the conventional system.
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I. INTRODUCTION

Drilling is one of the main processes for the extraction of
oil and gas. This step involves the dug of wells or rigs on
the earth crust from which crude oil are extracted. During this
process various activities with the potential to cause harm
occurs such as flammable gas release among other events
which are classified according to the occupational Safety and
Health Administration (OSHA) as harmful, and has to be
monitored and controlled.

In simple terms, monitoring is an observation process where
the behavior of a system is analyzed via data collection. In the
early 70s, monitoring of offshore oil and gas events like
drilling process relied mainly on instrumentation data for
analysis and decision making. However, this approach was
later improved on due to the advancement in information
technology and telecommunication, thus leading to the
introduction of information and knowledge based center

concept which triggered pilot programs like the Real Time
operation Centers (RTOC) [1]. In order words, the concept of
real time monitoring is nothing new during the process of
drilling among other offshore activities.

According to [2], real time monitoring is the continuous
delivery of updated information at approximates zero latency.
However, to achieve this has become a major challenge due to
the limitations of the information technology system deployed
at the drilling site for remote data collection. In many RTOC
location, Remote telemetry Unit (RTU) are majorly employed
over Programmable Logic Controller (PLC) due to their
ruggedness and ability to withstand harsh environment and
ability to collect data, process and transmit remotely to the
control center for analysis [3, 4, 5]. These RTU are embedded
with Proportional Integral Differential (PID) Controllers,
sensors and communication bus which works hand in hand for
data collection, processing and transmission, however the
main challenges with these embedded RTU systems are the
issues of poor sensitivity of the sensor and delay response
time on the controller which exceeds the requirements in [6, 7,
8, 9, 10] for real time data collection. Hence it is important
that an improved system which has the capacity for high data
sensitivity and also an enhanced control system be used to
optimize the performance of the RTU system to achieve real
time data supervision objectives.

To realize this, the study proposed to use Phasor Measurement
Unit (PMU) and Model Predictive Controller (MPC). The
PMU is a device which uses synchophasor to synchronize and
collect data in global positioning satellite time [11], while the
MPC uses online process model to approximate time series
challenges associated with nonlinear systems. These two
devices will be interconnected and used to improve the
conventional RTU system for real time supervision process.
According to [12], MPC are of many types but the use of
artificial neural network MPC provides faster processing time
when compared to the rest. This is because the neural network
neural network has the ability to learn and make accurate
decisions and hence will be trained with data collected from
the case study drilling process for reference model, and then
uses the intelligence (reference model) for time series
predictions. This when achieved will provide reliability, data
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integrity and help achieve optimal safety of lives and
properties during the process of offshore drilling.

Il. LITERAURE REVIEW

[13] Developed a large scale and temporal fading channel
model for indoor industrial facilities monitoring based on
radio frequency. The model was implemented and deployed
for the supervision of an industrial facility. The result despite
the success can be improved using predictive control. [14]
Presented a paper which investigated the effect of latency on
industrial wireless network. From the study it was observed
that distance between the control center and the field and also
the nature of the environment (like offshore shore for oil
exploration) can also affect the quality of data integrity via
latency. In [15] the effect of packet losses in industrial control
technical process system was evaluated. From the research, it
was observed that the inability for wireless network to provide
reliable networking performance has hindered its adoption in
many industrial settings. [16] Used embedded approach which
integrated ARM?7 processor with Ethernet to achieve near real
time supervision performance, but the limitation is the ARM 7
controller are not compatible with basic desktop operating
system (like windows) and also the routing performance for
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time data delivery suffer latency. Having reviewed some of
these studies, it is clear that despite the success achieved,;
there is need for an intelligent system which collects data in
real time and transmit to the RTOC for accurate analysis.

I1l. MATERIAL AND METHODS

The major materials used are PMU based sensing element
[11], artificial neural network model predictive controller
[12], communication bus, Antenna, transmitter, receiver,
human machine interface [12, 16]. These materials were used
to develop the improved RTOC based on the specification and
guideline according to IEC 60870-6 [19] and IEC 62591
methodology for real time and wireless communication. The
artificial neural network was designed and trained to develop
a prediction model using data collected from the Nigerian oil
and gas industry (Nigerian National Petroleum Corporation
(NNPC)) and then deployed for monitoring time series events
at the offshore, the data captured for the training were
collected by the PMU which uses synchophasor systems to
synchronize data in real time, then transmit to the control
center via the communication bus. The improved system
block diagram is presented in figure 1;
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Figure 1: The Improved RTOC
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The figure 1 showed how the PMU was used to collect data
from the drilling site and process with the neural network
predictive controller for real time transmission to the RTOC
via the transceiver antenna system.

IV. SYSTEM DESIGN

To design the improved RTOC system, the dynamic model of
the drilling process developed in [20] was used as the plant
model. Data of the plant was collected using PMU designed in
[11] and then feed to the neural network architecture
developed in figure 2 for offline training to achieve a
reference model of the predictive controller. This reference
model was used for time series supervision of the plant
dynamics for real time data collection.
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Figure 2: modeling diagram of the ANN

Where y,(t) is the input time series plant data, u(t) is the input
from the training data, S* is the summation function, | is the
activation function , yn,(t+1) is the time series data to be
trained using training algorithm as presented in figure 3;
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Figure 3: system identification modeling diagram

From the figure 3, the time series data collected were trained
by the neural network using back propagation algorithm and
generate a predictive model for time series data collection of
the dynamic plant behavior. The training algorithm is
presented in figure 4;

International Journal of Research and Innovation in Applied Science (IJRIAS) |Volume VI, Issue IX, September 2021 |ISSN 2454-6194

s ™ f/ c ™
( start /‘ . )
( A ) (B j\

Assign e/ . Update
Activation ' l Output
Function Calculate T Layer

Weight
tput at iy
- oo e
output
Generate ; file 4
input layer (0j) Calculate
patterns Pj ¥ updated
Calculate s Output
l error at L END ) Layer error
Randomize Output l
weight at layer (ej} | ej="Fj-0j Update
each level Hidden
A Layer
N Weight
Calculate LR Y

3 cua < erroracceptable >—( € )
output at \\ 5 // . P
hidden . ) y alculate

updated

layer Hj ~. P

N Hidden
Yes Layer error
Calculate y l

error at F\h B ,J PN
hidden — //,. s \\\

layer " updated Weight = ™.

o]
\‘\‘m!:ut\n?\leigh't' ﬁ
\'ES\/
(s )
/

hN ,

(a )

p. A

Figure 4: The Back propagation learning algorithm

The back propagation algorithm was used to train the neural
network to generate the model predictive control system as
shown in equation 1;

J =200+ ) =y E+ ) +p T uie+j—1) -
wi(t+/-2))2  Equation 1

The model presented the controller which collects time series
data of the dynamic plant behavior. Where Ny, Ny,
and N, define the horizons over which the tracking error and
the control increments are evaluated. Theu' is the
tentative control signal; y, is desired response, and y is the
network model response. The p value determines the
contribution that the sum of the squares of
the control increments has on the performance index.

V. IMPLEMENTATION

To implement the new RTOC system developed, the
mathematical and modeling diagrams developed were used
and deployed with optimization toolbox, neural network
toolbox, and Simulink. The plant data collected from [20] was
imported into the neural network model in figure 2 and then
trains using the training algorithm in figure 4 to generate the
predictive control model in equation 1. The implementation
tool for the design deployment of the controller and the
training is presented as shown in figure 5;
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Figure 5: The Simulink of the improved RTOC system

The figure 5 presented the simulink architecture of the neural

network based model predictive controller, alongside the Performance Evaluation

training tool for the system. Before training, the neural
network tool automatically divide the data collected into three
multi set of test, train and validation set in a ratio of 70:15:15;
then training was done using the parameters in table 1.

Table 1: Simulation parameters

Parameters Values
Size of hidden layers 10
Training epochs 1000
Controller training segments 100
No. delayed reference input 2
Maximum feature output 31
Number of non hidden layers 2
Maximum interval per sec 2
No. delayed output 1
No. delayed feature output 2
Minimum reference value -0.7
Maximum reference value 0.7

To evaluate the performance of the improved RTOC system
developed, the Mean Square Error (MSE) analyzer model in
[21] was employed as;

MSE = %zgy:l[so () - S;(m)]*>  Equation 2

Where S, is the reference predictive control model in equation
1; Sf is the time series data collected and n is the number of
data sample collected, N is the average time for n sample of
data collected. The other model used for the evaluation of the
controller is the step response time model adopted from [21]
and was used to compute the response of the RTOC
performance.

VI. RESULTS AND DISCUSSIONS

Recall that in section (iv) the plant data was automatically
divided into three multi sets for training, test and validation.
The result presented their performances using the MSE model
in equation 2. The aim here is to achieve a MSE value equal
or approximately MSE=1; the result is presented in figure 6;
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Figure 6: MSE performance of the predictive controller
The result shows that the MSE value achieved is 0.00100 after the data and make accurate time series data collected. For

686 iterations of epoch values. From these result, the better investigation the regression graph in figure 7 was used
implication shows that the predictive controller perfectly learn which discussed the regression value for each multi sets.
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Figure 7: The Regression performance
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From the regression result, it was observed that the training
process achieved an accurate regression performance with an
R=0.96422; when the predictive controller was used tested on
the oil and gas plant for data collection, the regression value is
R=0.94665. The aim here is to achieve a regression equal or
approximately R=1; from the result achieved it was observed
that the average R value achieved in the study for the multi
sets is 0.96168 which is the overall regression value. The next
result presented the step response performance of the system
when deployed as an improved RTOC system for supervision
and time series data acquisition in the oil and gas plant under
study as shown in the RTOC monitor in figure 8;
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Figure 8: The Step response of the new RTOC system

The result in figure 8 shows the time take for the new
predictive control system to collect data and send to the
monitoring section based on the step response model in [21].
The result shows that the controller detect the PMU data at
2.2ms, process and transmit to the RTOC monitor at 22.5ms.
The result showed that the new RTOC system was able to
perform monitoring in real time going by the standards and
specification of IEC 60870-6 requirements and also the recent
work of [9] which achieved 40ms.

VII.CONTRIBUTION TO KNOWLEDGE

Having completed this research, the following were
contributed to knowledge;

i. A neural network based model predictive controller
was developed and used to improve RTOC system
performance for drilling process supervision

ii. The research achieved a data collection time of
22.5ms against 40ms achieved in [9].

VIIl. CONCLUSION

PLC/RTU is the most vital components used in the present
day RTOC system; however the delay response time in the
PID controller embedded with these (RTU/PLC), induces
latency which affects the integrity and reliability of data
collected and analysis. This has become a major challenge and
has hindered the effective application of RTOC in many
industrial settings today. This problem was rectified
improving the PLC/RTU using artificial neural network based
model predictive controller. The controller was developed and
used to replace the PID logic solver in the conventional
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RTOC setup. The result showed that the new system satisfied
the RTOC requirement according to IEC 60870-6
methodologies and will provide reliable data for analysis and
hence improve quality assessment and overall RTOC
performance in the oil and gas industry among others.
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