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Nonlinear predictive control based on artificial neural network model for pilot
reformer plant: Approach for ratio control
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The reformer box is an important operation unit in many refineries such as petrochemical, oil refineries and DRI
(direct reduction of iron) production plants for producing syngas from different hydrocarbons. As the heart of a DRI
production plant in MIDREX technology, it is very crucial to control the syngas composition in desired condition,
especially hydrogen to carbon monoxide ratio which should be kept in a limited range of 1.6-2 to achieve the most proper
reducing gas for converting the iron pellets to sponge iron with best percentage of carbon. In operation, this process
package is difficult to handle from control stand point due to its nonlinear behavior, multivariable interaction and
existence of constraints on its different reaction conditions. Neural network techniques have been increasingly used for a
wide variety of applications where statistical methods have been traditionally employed. In this work we proposed a multi
input multi output (MIMO) feed foreward neural network based multivariable control strategy to simultaneously control
the inlet gas composition and reaction temperature, to control the outflow gas composition in desired condition. Modeling
and controlling were investigated by use of data collected from a methane reforming pilot plant using CO; and steam, in
process conditions near to those in a MIDREX reforming plant in sponge iron production. Different reaction temperatures
from 700 to 1100 °C with different values of gases were randomly selected and used to generate around 5000 data sets of
input- output data structure. Gas conversions and H./CO ratio were considered as the set points and tracking results of
each showed the effective performance of the neural network- model predictive control (NN-MPC) strategy in this
application.
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INTRODUCTION in a dynamic mode via black box estimators. One of

Model predictive control (MPC) is now the most these methods is the neural network, which has
widely implemented advanced process for the become an attractive tool in developing models for

control of technology. Control algorithms use an ~ Various types of complex non-linear systems [6,7].
explicit process model to predict the future A neural network-based predictive controller usually
performance of a plant and the term “model will be designed for non-linear systems with an
predictive control” came from this definition. The  iterative multilayer network prediction model in a
most important section of MPC is choosing the predictive strategy. Moreover, addition of different
model as it can simplify and accelerate the controller ~ constraints in MPC is a feature that makes this
if selected properly. Although plants normally method prominent to other control strategies.

operate in a nonlinear manner, most of the MPC One of the process systems, which is full of
techniques implemented are based on linear models, nonlinearities, is the reformer package which
which is mainly for their easier implementation, ~ Converts hydrocarbons, mainly methane, to syngas

stability and general robustness in comparison to using steam and carbon dioxide. The reaction takes

nonlinear ones which are relatively more complex. place in a tubular reactor filled 9f mc_)stly nickel alloy
Generally, nonlinear modeling methods can be  catalyst at around 900-1100 “C via an extremely
divided in two main groups: fundamental and endothermic reaction. Besides desired reactions,
empirical. The first group includes theorical and ~ Probability for occurrence of some undesirable
mathematical relations focused on mass, energy, reactions like production of coke will be high if the
momentum balance and kinetics of reactions. Such ~ Process parameters are not fixed at optimum, which
methods are very useful in case of availability of ~ €an lead to formation of hot spot and rupture of
mechanistic information. These methods have been  €forming tubes [8]. One of the main controlling set
widely used in MPC for some processes that exhibit ~ POINts in reforming tubes is H2/CO ratio in outflow
highly nonlinear behavior, as well as large operating gases which desw_ed value varies Wlth_lts application.
regions, such as different reactors for oil and gas ~ FOr €xample, in DRI plant using MIDREX
production [3-5]. The second one includes data from technology which is reviewed in this study, the ratio

driven models which can relate the input- output data should be 1.5-2 in order to be most efficient in its
usage.
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As some examples of NN-MPC applied in the
literature, in the following some of recent studies are
presented: Ruano et al. applied neural network based
MPC for controlling HVAC system in order to
maintain thermal comfort and simultaneously
minimize the energy spent in both winter and
summer time. Their report showed that their feasible
and robust approach is able to achieve energy
savings greater than 50%, under normal building
occupation [9]. In another work done by Shi Li a
NMPC was applied for an intensified continuous
reactor working in high pressure and temperature
conditions and designed to replace the traditional
batch reactor for a hydrogenation process. The
performances of nonlinear and linear MPC were
compared with satisfactory performance for NMPC
and failure of LMPC due to high nonlinearities of the
process [10] was found. A parallel-structured model
using NN (GNN) for incorporation into a general
NMPC structure to an experimental distillation
column control was proposed by Jing Ou. The
experimental results demonstrated the effectiveness
of the approach for a nonlinear process subject to a
variety of constraints and environmental effects [11].
Paisan et al. used a multi-layer feed forward neural
network model based predictive control scheme for
a multivariable nonlinear steel pickling process. The
results of this study were reported as better
performance in the control of the system over the
conventional Pl controller in all cases [12]. In
another paper, a nonlinear predictive control strategy
was developed and applied to an industrial
crystallization process simulator by Damour et al.
The control scheme comprised an artificial neural
network predictive controller and a more suitable
manipulated variable. Simulation results showed the
efficiency of the proposed control strategy to
improve the process control [13].

The motivation behind this paper was also
training an NN-predictive control network for
setting the conversions and the outflow gas ratios
specially hydrogen and carbon monoxide. The
neural network was trained by use of around 5000
input-output samples extracted from a reformer pilot
plant in randomly sufficient numbers to cover the
whole operating range. 6 inputs were CHy4, CO, CO,,
H,O and H, volumetric flowrate and reaction
temperature and 5 output parameter were for gas
compositions. All the implementations for ANN and
MPC were done in MATLAB/SIMULINK
environment. After the network was designed and
trained the controller performance was investigated
in terms of set point tracking and system forward
movement and its arrangement to provide the

required changes.

METHODOLOGY
Data generation

A pilot plant was built specifically to evaluate
experimental data gathering of methane reforming
with steam and carbon dioxide. The basic design of
this pilot plant was scaled down from an industrial
unit of DRI production using MIDREX technology.
It essentially consists of a tubular reactor with 2”
diameter and 2 m height, filled with three levels of
catalysts (inert, semi-active and active) with
different percentage of nickel oxide. The reactor was
fixed in a cubic electrical heater designed to reach to
1400 °C with three heating zones. Five temperature
sensors (TT) were implemented on inlet, outlet and
three sections of heater to accurately control the
reaction temperature. Five mass flow controllers
(Alicat- MCR) for gas cylinder lines and one vortex
flow meter (Yokogawa-DY015) on the steam line
were used to accurately control the reactant flow
rates. The plant is schematically shown in Figure 1.

Methane, steam, carbon dioxide, carbon
monoxide, hydrogen and nitrogen were mixed and
preheated up to around 500 °C through electrical
heaters, and then the mixture flowed to the reactor
on three levels of catalysts. The reaction occured at
900-1100 °C and produced syngas was then cooled
via a water condenser and was subjected to
composition  analysis  through online gas
chromatography. The typical reaction conditions,
and catalyst properties used in MIDREX plant used
in operation of the pilot are listed in table 1.

Application of artificial neural network

One of the main features of the neural network is
parallel processing of databank for capturing the
dynamics of a complex and multivariable system. In
case of enough and informative dataset in hand, a
good network of neurons, layers and connections in
its various types, like multilayer perceptron, radial
basis function, recurrent neural network, etc., can
predict the behavior of an unknown system and
consequently can keep the system optimized and in
desired position when used in a predictive control
strategy. In this study, a multilayer perceptron feed
forward neural network with back-propagation
algorithms was used to predict the reformer behavior
and syngas produced.

The model had 6 inputs, 4 hidden layers with 5
neurons in each one and 5 neurons in the output
layer. The considered learning rule and training
function are Levenberg Marquardt (LM) and
trainlm, respectively.

287



B. Parvizi et al.: Nonlinear predictive control based on artificial neural network model for pilot reformer plant...

MFCS

Fig. 1. Schematic diagram of the experimental system

Table 1. Reaction conditions in a MIDREX reformer

Catalytic refromer

GC and cormputer

Catalyst parameters

Type Particle size (mm) Porosity Sphericity
Raschig ring 16x6x1 0.52 0.656
Tortuosity Loose density(kg/m?) Bed density (kg/m®)
2.74 2390 1362
Reaction conditions
Pressure (bar) Temperature (°C) CO, % CO%
2 900-1100 15.21 17.4
H, % H.0 % N, % CH41%
31.09 13.94 1.5-2 19.73
The algorithm is an iterative technique that algorithm [14].
locates the minimum of a function that is expressed T f ;;ll'u_;a; ;;; ____ |
as the sum of squares of non-linear functions [8]. A PR | o
number of 3461 data were utilized during training Reference o »|  Newal f---!
session and 742 data were used for testing the Input Model|—py Optimization Network

structure. Among structures and configurations
tested, four hidden layers predicted the best and
nearest results to the actual ones. The log sigmoid
function was employed as an activation function and
872 numbers of epochs considered to overcome over
and under fitting of data. The prediction error
between the plant and network outputs was used as
the training signal. So NN plant model which uses
plant inputs and outputs in its history to predict
future values of the plant output will be used in the
NN-based model predictive controller and will
calculate the predicted control input that will
optimize plant performance over a specified future
time horizon. The NN-MPC structure is shown in
Fig. 2. As depicted, the structure is composed of two
neural networks, one which mimics the plant
behavior (yellow block) and the other the model in
MPC controller. For a desired time horizon, the
controller will optimize the plant output using the
neural network plant model for calculating controller
moves and predicting plant output. Neural network
controller was trained in order to produce the correct
controller moves generated by the optimization
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RESULTS AND DISCUSSION

ANN model with the above description was
developed with the aim of estimation of the output
parameters for the catalytic reformer, from input
parameters. Around 70 % of the datasets were used
for training of the neural network. The performance
indicators related to the train, test and validation of
the ANN model including the R? and MSE are listed
in Table 2.

Table 2. Performance of the developed ANN network

No. of data MSE R?
Train 3461 7.19e° 9.99e?
Validation 742 1.83e* 9.97e?
Test 742 5.43e% 9.99e?!
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A comparison between the real experimental and
predicted data separately is presented in Figures 3, 4,
5 6, and 7 for CHs, CO, CO; H: and H:O,
respectively.
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Fig. 3: (a) Comparison of model output and real data
(b) and related Error for outlet CH4 composition
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Fig. 4. (@) Comparison of model output and real data
(b) and related error for outlet CO composition
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As can be seen, there is excellent agreement
between the predicted results by ANN and the real
datasets from experimental setup, it is so obvious

@

WPC_Contral

that the neural network fits and follows the real data
diagram in a consistent way.

Also the error plot, as can be defined the
difference between the modeled and real
experimental data shows the deviation more clearly,
however there are some steep differences in some
data which can be due to some outlying experimental
data, all of them are in an acceptable range. It should
be noted that in order to have a clearer plot, 200 sets
of data are used in each graph which can be
generalized to all datasets.

General mechanistic model mentioned in section
2, was coded in MATLAB/SIMULINK
environment. The system was composed of 6 input
variables (CH4, CO, CO,, H,0, H, volumetric flow
rate, and reaction temperature) and 5 output
variables (outflow composition of each above
gases). The schematic views of structured neural
network MPC in Simulink is shown in Fig. 8.

There are two main blocks, as system NN model,
which is the plant model and MPC control which
includes NN controller and optimizer. One of the
MPC strategies in this study was to use the gas
conversions as the measured variable while the
flowrate of the inlet gas and temperature was the
manipulated variable. The predictive controller was
implemented using prediction horizon of 4 and
control horizon of 3.
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Fig. 8 (a) General view of the NNMPC §tructure; (b) Detailed structure of the MPC controller
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Figure 9 shows the methane conversion
obtained when the reference set point was 0.94.
The process was observed to overshoot before
attaining steady state after about 20 sec.

Figures 10, 11, 12 and 13 depict the conversion

of CO, CO,, H; and H.0, respectively. As it can be
seen in each of the graphs, the system has got
its stability after around 20 sec at the optimum
desired conversion.

As the other MPC strategy used in this study,
was the H»/CO ratio which as mentioned above
should be between 1.5- 2.

By considering this range as our set point and
also by manipulating this value, the inputs
arrangement were change to produce required
control signal.

800 1000 1200

Figure 14 shows the control object change
bychanging in desired ratio from 1.6 to 1.8 and 2. It
can be seen in figures 15 (a-e) that in order to
track the reference signal how each input
variable would change. The performance
obtained with the neural network plant model
in the predictive control scheme was indeed
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CONCLUSION REFERENCES:
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control of constrained nonlinear systems was
studied. The neural network controller was designed
by minimizing an MPC type cost function off-line
for a set of training data got from a reformer pilot
plant. The neural network designed as plant model
predicted the plant behavior with a very good
accuracy. Implementation of the NN-MPC
controller for the set point tracking case revealed that
this controller was able to force process output
variables follow their target values smoothly and
with a good and logical margin.
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HEJIMHEEH ITPEJICKA3BAILl KOHTPOJI HA OCHOBATA HA U3KYCTBEH MOJIEJI HA
HEBPOHHA MPEXA 3A IIMJIOTHA YCTAHOBKA: [I0XO/1 3A KOHTPOJI HA
CBbOTHOIUEHUATA

b. IMapeuzu™, A. Xannapxauu, 1. ITanuzmap
Hnemumym no mamepuanu u enepeus, Kapaooic, Upan
IMoctenuna na 23uoemBpu, 2017 r.; kopurupana Ha 9 suyapu, 2018 .
(Pesrome)

PedopmMepsT € BaskHa OnepannoHHa eIUHUIA B MHOTO pad)uHEepHH, HATIpUMep, 3a He)T 1 Macyo, KakTo U B 3aBOJHM 32
JIMPEKTHA PEIYKIHUs Ha XKEIsI30, 32 MPOM3BOJICTBO HA CHHTETHYCH Ta3 OT passiMuHK BbINIeBOJOpoau. KaTo mneHTpanHa
4acT OT 3aBOJI 33 TUPEKTHA peAyKuus Ha xkeis30 upe3 MIDREX TexHomOrHS, € MHOTO BaXKHO JIa C€ KOHTPOJIMPA ChCTaBbT
HA CHHTETHYHHS Ta3 B JKCJIAHU CHOTHOIICHHS, OCOOCHO CHOTHOIICHHETO BOJOPOMI:BBIIIEPOJ, KOCTO TPsAOBa Ja € B
uHTepBasia oT 1.6-2 3a na ce moyyuyn HaN-MOAXOSIIUAT PEAYLUpAI] Ta3 32 KOHBEPTUPAHE HA JKCIIC3HUTE MCICTH B
rb0OCCTO KEJSI30 ¢ Hal-IoOPO MPOICHTHO ChABPKAHHME HA BBIJICPON. T0O3HM Mpollec Ce YIpaBisBa TPYIHO MOpaad
HEJIMHCIHOTO OTHACSHE, MHOTOCTPAHHOTO B3aUMOJICHCTBHC M HAIUYMCTO HA OTPAHUYCHUS BBPXY PCAKIIMOHHHUTE
ycnoBusi. TeXHUKHUTE Ha HEBPATHUTE MPEIKH CE U3MOJI3BAT BCE MMOBEYE 32 FOJISIM OPO# MPHIIOKEHUS, KbACTO TPAJAUIIMOHHO
Ce M3MO0J3BAT CTATUCTUYECKH METO/IU. B HacTosiara craTus ce mpejiara HeBpajiHa Mpeka ¢ MHOTO BXOJIOBE M U3XO/U
3a MHOTOCTPaHEH €JHOBPEMEHEH KOHTPOJ Ha ChCTaBa Ha BXOJSIIMS ra3, PEaKIMOHHATA TeMIlepaTypa U ChCTaBa Ha
M3XOMAIIMS ra3. MoJenupaHeTo U KOHTPOJIBT Ca W3CJIe/IBaHU BbpXy 0a3a MaHHH, ChbOpaHM OT MHJIOTHA YCTAHOBKA 3a
pedopmuHT Ha MeTaH ¢ m3nomBane Ha CO, n mapa npu ycnmoBusa 6mm3ku 1o te3un B MIDREX pedopmunar 3aBox 3a
MIPOM3BOJICTBO Ha I'bOeCcTO kei30. Peakunonnn Temmeparypu ot 700 mo 1100 °C ¢ pasauyHu MPOW3BOIIHO M30paHu
CTOWHOCTH Ha ra30BETE Ca M3IMOJI3BAHU 3a T'CHEpPHpaHe Ha CTPYKTypa oT okojio 5000 Habopa OT BXOISIIU-U3XO SN
nannu. Konsepcusita Ha ra3a u cwotHommenuneto Ho/CO ca 3amazenu napaMeTpu U pe3yinTaTuTe OT MPOCIEISIBAHETO UM
Mmoka3BaT e()eKTUBHOCTTA HA MOJIENa 3a MPECKa3Ball KOHTPOJI C M3IOJI3BaHE HA HEBPAJTHU MPEKH.
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