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Abstract

The Underground Coal Gasification (UCG) process is a complex and multi-
physics phenomenon, thus making it difficult to develop a mathematical
model that encapsulates all dynamical aspects. In this regard, data-driven
modeling techniques offer a reliable alternative for prediction, control, and
optimization of dynamical systems, but their application in UCG is still
in the early stages. This work aims to bridge this gap by implementing
three cutting-edge nonlinear identification structures: Non-linear Autore-
gressive with Exogenous Inputs (NARX), Hammerstein-Wiener (HW), and
State-Space Neural Networks (SSNN) on the UCG process to obtain a mul-
tivariable control-oriented model. The contributions include synthesizing an
excitation signal for data acquisition, outlining the non-linear system iden-
tification procedure, and comparing predictive capabilities using statistical

tools. The simulation results demonstrate a rigorous comparison of various
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techniques for the heating value and flowrate of the syngas, which are the
outputs of the UCG process. The results of the analysis show that NARX
outperforms other structures in statistical metrics, with MAE, RMSE, and
Best fit values of 1.51,1.9, and 0.9, respectively, for the heating value; and
0.25,0.31, and 0.94, respectively, for the flowrate. Consequently, the outputs
of the NARX model are compared with the experimental data obtained from
the UCG project Thar, which show a good match for both outputs.
Keywords: Underground Coal Gasification (UCG), Non-linear sytem
identification, Data-driven modeling, Energy conversion process, Machine

Learning, Thar coal field

1. Introduction

Underground Coal Gasification (UCG) is an alternative method to con-
ventional coal mining that uses drilled wells to access coal beds. Its working
principle involves the injection of input gas mixture — see figure 1—, the inputs
of the process are composition (steam to Oxygen ratio) and flowrate of the
injected gases. Upon its interaction with already ignited coal bed, the in-
let gas mixture initiates a series of chemical reactions, which mainly include
pyrolysis, coal combustion and gasification. As a result syngas (hydrogen,
carbon monoxide, methane, carbon dioxide, and nitrogen etc) is produced
which is recovered from the production well. The output of the process are
heating value and flowrate of the syngas. The recovered gas can be further

processed for power generation and other industrial applications [1, 2].
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Figure 1: UCG process schematic

Because there are intricate chemical interactions and physical phenom-
ena involved, accurate modelling is essential for safe and effective operation.
In this regard, two modelling approaches are available: first-principle-based
and data-driven modelling. First-principle-based models incorporate laws
of nature, whereas data-driven models adopt the entirely different strategy:
formulating a mathematical map between input and output data of dynam-
ical system. However, this process is complex due to the lack of a-priori

knowledge of certain parameters and the structure of the model.

1.1. Motiwation

In our previous works, we have mainly explored the process models based
on the first principle and control-oriented models based on data-driven tech-

niques. For instance, in [3], a non-linear, time-dependent UCG model was

3
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formulated by assuming certain assumptions in the existing models of [4]
and [5]. Moreover, in [6], the analytical model considered was a set of partial
differential equations; despite giving accurate predictions of UCG output,
its 1D formulation constrained its ability to handle other process variables,
such as cavity growth and its shape. In [7], we parametrized and validated
the Cavity Simulation Model (CAVSIM), which was developed by [8], with
Underground Coal Gasification Project Thar (UPT) field data. CAVSIM is
a high-fidelity, 3D UCG process simulator that can predict the UCG plant’s
outputs and other process variables, such as cavity growth and its interaction
with environment, to a high degree of accuracy.

However, CAVSIM is represented as the bulk of computational routines
in FORTRAN, making it unsuitable for synthesising a model-based multi-
variable controller for the UPT field. Thus, a data-driven linear model of
the UPT gasifier was derived using the subspace N4SID technique with data
from CAVSIM [7]. While this model yielded statistically acceptable results
for the UCG process, it could only handle a limited range of inputs due to
its linear nature. However, in practical scenarios, the UCG reactor is driven
across a wide range of inputs to maximize output gas yield. Therefore, a
linear model-based controller does not ensure desired UCG system operation.
Hence, selecting a control-oriented, non-linear model is necessary to overcome

these constraints.

1.2. Related Work

Conforming to the theme of this work, we are going to thoroughly investi-

gate the different modelling strategies undertaken to model the UCG system

4
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with first-principles models in subsection 1.2.1, and data-driven models in

subsection 1.2.2

1.2.1. First-Principle based models

In comparison to data-driven approach, there has been strenuous inves-
tigations undertaken to model UCG process using first-principle based tech-
niques. Considering the multiphysics nature of this process- chemical kinet-
ics, Computational Fluid Dynamics (CFD), stress and structural analysis,
and thermodynamics etc- researchers have been coming up with models that
are severely bounded in terms of their scope, assumptions, predictive ca-
pabilities, and the relevant physics. The underlying simplifications whilst
deriving the model chiefly constitute dimensions and time response of the
model; incorporation of multi-physics modules: heat transfer and CFD; pre-
dictive capability range: cavity evolution and interaction with the environ-
ment. These parameters qualitatively scour the following aspects of a UCG
model: the model’s dimensions assumed in the problem formulation, i.e.,
1D, 2D, or 3D; the model’s time response—steady state, transient response,
pseudo-steady state, or semi-steady state; the inclusion of various heat trans-
fer mechanisms—conduction, convection, or radiation—by which heat is ex-
changed between the plant and its surroundings; the physical model, if any,
used to incorporate fluid-flow into the plant’s dynamics, i.e., Naiver-Stokes
equations, Darcy flow, or mixed approach; the capacity to simulate certain
physical phenomena such as chemical reactions, thermo-mechanical failure,
and bulk collapse; and the provisions to simulate water influx, heat, and
mass loss. Based on these criterion the UCG models can be categorized into

following groups: packed bed models, channel models, coal block models,
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and resource recovery models. Table 1 gives an extensive overview of the
first-principle UCG models based on the metrics as identified above.
Packed bed, channel, and coal block models are simpler and more suitable
for laboratory setups but cannot predict cavity geometry due to the lack
of a thermo-mechanical failure module. Resource-recovery models, on the
other hand, are more comprehensive and can be used in actual field setups
to predict cavity growth, but at the expense of greater mathematical and
computational complexity. Moreover, of the same model’s category, CAVSIM

is a widely used benchmark simulator in UCG sites worldwide.

1.2.2. Data-Driven based models

Recently, researchers have used data-driven techniques to model the UCG
process. Various Machine Learning (ML) algorithms have been employed to
capture the underlying dynamics of the system [34-38] in different scenar-
ios, including laboratory-scaled, field-test, and computer simulations. Some
researchers have also considered the synthesis of the excitation signal, which
is an essential step in system identification. Table 2 summarizes the key
components of the system identification process for the UCG system found
in the literature.

Table 2 highlights that different ML algorithms can be incorporated to
model the UCG process, and there is no all-encompassing model structure
that works equally well on all dynamical systems. Similarly, data acquired
through field tests tends to yield accurate outputs as important process vari-
ables can be captured. However, which process variables get excited depends

entirely on the information content of the excitation signal.
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Gunn & Whitman [9)] 1976 | 1D PS v v
Winslow [10] 1977 | 1D T v v D |V
Thorsness et al. [11] 1978 | 1D T v v v | D |V
Thorsness & Kang [12] 1985 | 2D T v v v |D |V v v
Abdel Hadi & Hsu [13] 1987 | 1D T v v v|D |V
Khadse et al. [14] 2006 | 1D PS v v v
Uppal et al. [6] 2014 | 1D PS v v v
Channel models
Magnani & Ali [15] 1975 | 1D v v p
Pasha et al. [16] 1978 | 2D T v v
P |V v
Dinsmoor et al. [17] 1978 | 1D T v v Vv
M |V v v
Eddy et al. [L8] 1983 | 1D T v v v
NS | v v
Kuyper & Van [19] 1994 | 2D T v v VIV
D |V ' v
Batenburg [20] 1995 | 1D SS v v e
D |V v
Pirlot et al. [21] 1998 | 2D S v v v
M |V v v
Perkins & Saha [22] 2008 | 2D T v v VIV p |y
Luo et al. [23] 2009 | 2D T v v v y
Seifi et al. [24] 2013 | 1D S VAR
Coal bed models
Tsang [25] 1980 | 1D T v v v b v
Massaquoi & Riggs [26] 1983 | 1D S v v b v v
Park & Edgar [27] 1987 | 1D T v v v NS v v v
Perkins & Sahajwalla [28] 2005 | 1D PS v v v Tl v
Resource recovery model
Britten & Thorsness [29] 1989 | 2D T v v v M
v v v v
Biezen et al. [30] 1996 | 3D PS v v v D
v v v v v
Nitao et al. [31] 2011 | 3D T v v v M
v v v v v
Samdani et al. [32] 2016 | 2D T v v v M
v v v
Akbarzadeh et al. [33] 2016 | 3D T v v D

Table 1: Summary of First principle modeling approach (T: Transient, S: Steady state, P:

Pseudo-steady state, SS: Semi-steady state, D: Darcy flow, M: Mixed and NS: Naiver Stokes)
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Table 2: Summary of Data-driven modeling approach (MISO: Multiple-inputs single-output,
SIMO: Single-input multiple-outputs, SISO: Single-input single-output, MIMO: Multiple-inputs multiple-

outputs and PRBS: Pseudo Random Binary Sequence)

1.3. Gap analysis

High fidelity, first-principle models like CAVSIM are not well suited for
model-based controller design precisely due to their complex structure. On
the contrary, the application of data-driven approach to UCG is in seminal
state. As the landscape of non-linear identification is vast and enriched with
the fusion of diversified fields, any lapse in any step can lead to erroneous
results; table 2 signifies that in almost all case studies a crucial step in
system identification for UCG is amiss: synthesis of the excitation signal.
Thus, training a ML algorithm without appropriate data acquisition will
perceive the problem as time-series prediction, rather than capturing the
dynamics of the process. Despite the fact that the data-driven techniques
have demonstrated exceptional performance in modelling a wide range of
dynamical systems such as aircraft [39], turbo-engines [40], and gas turbines
[41], it has not been widely adopted for a UCG plant. This approach, as

applicable to a UCG system, is still in a nascent state.
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1.4. Major contributions

Keeping in mind, any backsliding in the non-linear system identification
process and its subsequent applications in controller design for a UCG system
as inspired from the related work, the contributions of this work are iterated

as follows.

e Design of excitation signal: Amplitude Modulated Pseudo Random
Binary Signal (APRBS) for non-linear system identification of the Thar
coal UCG process.

e Derivation, identification, and validation of three different model structures-
Nonlinear Autoregressive Network with Exogenous Inputs (NARX),
Hammerstein-Wiener (HW), and State Space Neural Networks (SSNN).

e Explanation of the working principle of system identification process

applied to UCG, ensuring reusability and scalability.

e Control theory applications are discussed along with design limitations

and how easily model structures may be created.

The rest of the paper is arranged in the following manner. The nonlinear
system identification of the UPT gasifier is discussed in section 2. The re-
sults and discussions are presented in section 3, a comprehensive qualitative
comparison of the identified models is given in 4, and the article is concluded

in section 5.
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2. Non-linear System Identification of the UCG Process

System identification is an important modelling paradigm that attempts
to capture the important dynamics of the physical system by setting up
a mathematical map. Though much involved, a holistic overview of the
system identification process is illustrated in figure 2. It is pertinent to
mention here that the inputs to the UCG process (CAVSIM in this case) are
the flowrate and the composition (steam to Oxygen ratio) of the inlet gas
mixture, whereas, the flowrate and the heating value of the syngas are the

outputs of the process.

(1) Heating value. (2) Flowrate

Figure 2: System identification pipeline in MATLAB

2.1. Design of Fxcitation Signal

The Design of Experiment (DoE) is a critical task in controlling the be-
havior of a system’s states, as it involves synthesizing an excitation signal.
For non-linear identification, this task is more complex than for linear identifi-

cation. Excitation signals can be broadly categorized as impulse, step, ramp,

10
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sinusoidal, PRBS, and random for linear system identification, and chirp,
sweep, multisine, burst, and Amplitude Modulated Pseudo Random Binary
Sequence (APRBS) for non-linear systems. The selection of signals depends
on the context of the design scenario, and each signal has its strengths and
weaknesses. Therefore, multiple signals can be used to gain a comprehensive
understanding of the system. In this work, an APRBS signal is used due to
its ease of design, rich frequency content, and experimental viability [42].
PRBS is commonly used for linear system identification, but it is not
appropriate for non-linear problems because it only alternates between two
extreme values and cannot provide additional system information. To over-
come this limitation, APRBS was proposed by [43], where each step of the
PRBS signal is given a different amplitude value. Thus, APRBS is based on
the design of PRBS. The PRBS signal is parametrized by several parameters,
i.e., signal bandwidth, clock frequency, switching time, sampling time, etc.,
whose appropriate selection is critical in determining the efficacy of PRBS
in exciting the modes of a dynamical system. Though there has been some
discussion in the literature guiding the reader in synthesizing PRBS [43, 44],
the discussion is mostly scattered; here we attempt to present the guidelines

in a unified approach.

2.1.1. Signal Bandwidth

The signal bandwidth is a critical parameter that determines both the
frequency range of system excitation and the level of noise present in the
signal. Therefore, the bandwidth must be selected based on the system’s

characteristics. If the system parameters are already known, the bandwidth

11
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can be determined using the following inequality

1
=g Sw<wn =7 1)

where, w; and wy in (rad/s) are the lowest and highest frequencies, T}, (s)
and Ty (s) represent the lowest and highest time constants of the dynamical
system, while § and & represent the settling time parameter and the ratio of
open-to-closed-loop time constants, respectively. s a measure of how fast
the system reaches its steady state after being excited by an input signal,
whereas ¢ is a measure of how much feedback is present in the system. It is
pertinent to mention that some prior tests such as staircase experiment, step

response need to be conducted to determine the values of 5 and & [45].

2.1.2. Clock Frequency

This parameter dictates how frequently the new values of the PRBS signal
are generated by the shift register. Consequently, it plays a vital role in de-
termining some statistical properties, such as frequency content, correlation,
noise levels, etc., of the signal. To excite the dynamical systems that have
a wide bandwidth, a higher clock frequency is recommended, but this comes
at the cost of increased noise level and sampling time, thus increasing the
computational cost. On the contrary, if the system’s bandwidth is limited,
a lower clock frequency may be selected, thus reducing the computational
burden. Therefore, keeping the conflicting objectives in mind, a trade-off be-
tween sampling rate, bandwidth, and computational cost has to be reached;

however, the general rule of thumb in selecting the clock frequency is:

fck = 2-5fint> (2)

where f;,,; (Hz) is maximum frequency of interest.
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2.1.3. Switching Time

Switching time T}, (s) reflects the duration for which the signal holds
a particular binary value. Consequently, it directly impacts the frequency
characteristics of the signal, with shorter switching time resulting in higher
frequency components and vice versa. The system’s dynamical properties,
such as how fast it responds to the input and the frequency range of interest,
play a key role in the proper selection of Ty, (s). Therefore, Ty, (s) should be
small enough to be able to excite the system for a range of frequency interest
while long enough to reduce the aliasing and noise levels. To ensure that
the PRBS signal is sufficiently random and does not exhibit any predictable
behaviour, Ty, is particularly recommended to be much shorter than the

duration of the sequence itself; therefore, it can be selected as follows:

287 <T. < 277'67’]{,
[ T

(3)
where n is the number of shift registers.

2.1.4. Number of Shift Registers

They are an integral component in generating a PRBS sequence; by cre-
ating a feedback loop and repeatingly shifting their input, they generate a
sequence of binary values with the desired properties. The number of shift
registers (n) used determines the signal’s length and period and can affect
other parameters such as correlation properties. In a system identification
context, the PRBS must desirably have an increasing number of (n) if the
range of interested frequencies spans a wide bandwidth. A larger number
of (n) implies a long period and a flatter spectrum, thus covering more fre-

quencies. By the same token, fewer (n) are sufficient and computationally
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efficient for the system spanning lower bandwidths. Moreover, the length of
the signal is 2™ — 1, implying that it wholly depends on n. The number of
shift registers for system identification purposes can be selected as:

2
2" — 1 = max ( gﬁTH,ptd> , (4)

sw

where p represents the number of plant’s inputs and t4 (s) is the time-delay,

to be defined shortly.

2.1.5. Sampling Time
The sampling time ¢, is the time interval between successive samples of
the PRBS signal, and it is typically chosen to be faster than the switching

time of the signal in order to accurately capture its dynamics.

TS’LU
ts = . D
: 9

2.1.6. Delay Time

For MIMO systems, multiple input channels can be simultaneously ex-
cited with APRBS. To ensure that each channel receives a distinct contri-
bution from excitation, the input signals must be uncorrelated. This can be

accomplished by adding a delay t4 to the signal, as shown below:

5TH
tqg = .

(6)

2.1.7. Signal Amplitude

When defining the range of a PRBS signal for non-linear system identifi-
cation, the amplitude is constrained by economic viability and the saturation
points of the actuators to avoid unrealistic operating regions. Once a stan-

dard PRBS is generated, steps are randomly counted and are assigned levels
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within the interval from maximum to minimum. Increasing the length of the
experiment can decrease the number of gaps in the input space to obtain an
APRBS signal that fully covers the input space.

In this work, for data acquisition, we have considered CAVSIM as the
benchmark. Moreover, due to the limitations of the FORTRAN programming
language in which CAVSIM’s computational routines are written, CAVSIM
had limitations in terms of graphical capabilities and a lack of toolboxes
for data acquisition and controller design; therefore, we integrated CAVSIM
with MATLAB [46]—the integrated package is available at [47]. This in-
tegration helped streamline the system identification process so that its all
steps—data collection, data pre-processing, model identification, validation,
and analysis—could be carried out in one place—see figure 2.

Based on above guidelines, important parameters derived for APRBS are

given in table 3, and the subsequent inputs are given in figures 3a, and 3b.

WH wi fck Tsw n ts td ﬁ 5

0.1rad/s 0.015rad/s 0.25Hz 27s 4 6.75s 45 3 2

Table 3: APRBS parameters
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Figure 3: Plots of excitation signals for UCG system

In figures 3a and 3b, the amplitudes for u; (the steam-to-oxygen ratio)
and uy (flowrate) are selected as per actuator constraints at UPT as 0 <
ul < 1, and 5 < w2 < 15. Likewise, the signal length is selected so as
to encompass the range of input space, as discussed by [44, 48], as follows:

signal length > 2" — 1 x T}, = 405 s.

2.2. Model Estimation using Machine Learning Algorithms

The models considered in this work belong to a certain class of ML algo-
rithms that follow the same structural procedure of training, validation, and
testing as outlined in figure 2. The general formulation of the ML algorithm

is as follows:

D ={(z1,41), (x2,92) - .-, (Tn, yn)} € X XY, (7)
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where (x,,,y,) are labelled dataset taken from unknow probability distribu-
tion P. And the task of the algorithm is to make a prediction y; against the
given input x;. The output, or prediction, y; is a function of the structure of
the given ML algorithms and varies from algorithm to algorithm. The prob-
lem is formulated by defining and finding the minimum of the cost function.
In system identification context, where the algorithm predicts a continous
numerical value of the y;, Mean Squared Error (MSE) is the apt choice for

the cost function and has the following form

n

MSE = 5 (5 — i) ©)

i=1
where n is the total number of samples, y; is the actual value for the i-th
sample, and g; is the predicted value for the i-th sample.

To solve the optimization problem, one of the ubiquitous algorithms used
is Levenberg-Marquardt (LM) [49]. It is a second-order training algorithm
that is used to solve optimization problems where the cost functions are non-
linear. Its approach involves iteratively improving the initial guess of the
model’s parameters by using a blend of the gradient descent and Newton
methods.

In this work, the model structures considered for system identification
of the UCG process are the NARX, HW, and SSNN. In the subsequent
subsections, we are going to briefly describe their structure and subsequent

training and identification.
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2.2.1. NARX

It is well known that Neural Networks (NN) are a universal function ap-
proximator [50], and exploiting this property of NN, researchers are actively
applying them in system identification paradigm. Generally, a dynamical
system can be represented either in state-space form or input-output rela-

tionship; the latter assumes the following representation

yp(k) = Y(yp(k — 1), ..., yp(k —n),u(k — 1), ..., u(k —m)) + &(k), (10)

where () is a nonlinear function, n is the order of the model, m and p
are positive integer constants, u(k) is a vector of input control signals of the
dynamical system, and £(k) is the disturbance vector. Our aim in system
identification is to estimate the map (-) between inputs and outputs, and
if ¢(+) is approximated using NN, equation (10) is then called NARX.

Let U € 2! and Y € #°! be the input and output vector of the UCG
process, respectively, then the NARX model that identifies the UCG process

is given by
Y(t)=Z(Y(t-1),Y(t-2),...Y(t—n),U(t—1),U(t-2),....,U(t—m)), (11)

where n is the number of past outputs used as inputs to the model (lag order),
and m is the number of past inputs used as inputs to the model (input delay).

The function .# is typically modeled using a feedforward neural network—
see figure 4 for the schematic of NARX- with one or more hidden layers, and
can be written as

F =9" (iWyiy(t—i)#—injx(t—j)—i—b) : (12)

i=1 j=1
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where Wy, Wys, ..., Wy, and Wz, Wz, ..., Wx,, are the weights for the
past outputs and inputs, respectively, b is the bias term, and ¥ is the acti-
vation function.

The weights and bias terms are estimated during the training phase using
a dataset of input-output pairs (u(t), y(t)). The goal is to minimize the mean

squared error between the model predictions and the true outputs.

Input layer Hidden layer Output layer
( o o o h
Steam to . S w2

Oxygen ratio
u,(t-1)

Inlet gas
flowrate

u,(t-1) Heating value

yz(t)

Flowrate

a»'s

Figure 4: NARX general structure

The NARX model’s nonlinear part can be represented as a multiple-input
multiple-output or multiple (2)-input single output models, with the former

being called NARX MIMO, and latter NARX SISO. The trained parameters
of the NARX model are summarized in table 4.

2.2.2. Hammerstein- Wiener
The Wiener, Hammerstein, and Hammerstein-Wiener (HW) modeling

techniques utilize block structures to represent dynamical systems. These

19
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2 2 1 10 tanh(.) ReLU 2 2

Table 4: NARX parameters

structures consist of interconnected blocks with both static non-linearity and
dynamic linearity functionalities, making them suitable for modeling various
types of systems. When there is prior knowledge of a plant’s dynamics, these
structures can be used for grey-box modeling. Among these configurations,
the HW model is widely used. In the following paragraphs, we will briefly
explain the HW model

The HW model’s unified structure expands the identification range of
dynamical systems, specifically when non-linear actuators and sensors are
present. The HW model consists of a linear block—modelled as transfer
function—~fanked at both ends by two inputs and outputs static non-linear

blocks. Figure 5 gives the structure of the HW model for UPT gasifier.

Figure 5: General srtucture of HW
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The HW approach seeks to represent a system as a combination of parallel
linear and nonlinear components. Various nonlinear functions can be utilized
with the HW method, including piecewise linear functions, wavelet networks,
one-layer sigmoid networks, dead zones, saturation, and one-dimensional
polynomials. Thus, the pool of known non-linear estimators and transfer
functions allows the HW structure to identify diverse set of dynamical sys-
tem, and are particularly useful in grey-box modeling paradigm. In figure 5,
it can be seen that for the HW model, inputs to the plants are first passed
through the non-linear block G, taking on the following form

w(k) = G(u(k)), (13)

where G(.) can be any non-linear function identified above.

Similarly, the outputs from G(.) get mapped by the linear block H, which
are typically given by a transfer function. The input/output relation of linear
block is given as follows

v(k) = H(2)z(k), (14)

where H(z) is defined as follows

H(z) = Hi(2) Hia(2) :B(z)’

HQI(Z) HQQ(Z) F(Z)

where H (z) is a transfer function matrix with elements H;;(z), B(z) is a poly-

! representing the numerator of the transfer function,

nomial of degree n in z~
and F(z) is a polynomial of degree m in 27! representing the denominator
of the transfer function.

Finally, the output of the linear block is fed to to the static non-linear

21



341

342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

output, thus the output of the model takes the form
Y(k) = F(V(k)), (15)

where F' can be any non-linear function identified above.

To obtain the HW parameters, it is necessary to conduct a training phase
that minimizes the gap between the measured and estimated outputs. The
parameters of the HW model’s linear and nonlinear components can be cal-
culated using iterative methods such as the gradient descent scheme. In this
study, the "nlhw” subroutine available in MATLAB is utilized for this pur-
pose. Table 5 presents the key parameters of the HW model that has been
identified for the UCG process.

Gl GQ F1 F2 n m

w

Deadzone Deadzone Piecewise Piecewise 2

linear linear

Table 5: HW parameters

2.2.3. State Space Neural Network

One of the most ubiquitous ways to model or represent dynamical sys-
tems is state-space representation that also preserves the system’s physical
interpretability in its first-principle canonical form, thus offering opportuni-
ties to analyse and control the plants. Despite having distinct structures and
ways to model information, state-space representation and Recurrent Neural
Networks (RNN) are often considered prime candidates to model dynamical

systems. Borrowing bits of structural representation and learning algorithms
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from both gives rise to the notion of SSNN. Though SSNN are a subset of
RNN;, their architecture bears little resemblance to that of traditional NNs,

with the former being more akin to state-space representation.

2.2.8.1 SSNN Architecture

The mathematical formulation of a genereal non-linear discrete time process

is as follows

r(k+1)=F (x(k),u(k)), (16)

y(k) =9 (z (k) +v(k),
where x € R*, u € R", and y € R™, are system’s states, inputs, and outputs
respectively. Similarly, .# and ¢ are the non-linear mappings approximated
using NN.
SSNN is a subset of RNN such that its structure has the flexibility of
representing a dyanmical system in non-linear state-space form. Figure 6

represents the general structure of SSNN.
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Figure 6: General srtucture of SSNN

Furthermore, the SSNN’s architecture can also be construed as two blocks
of NN with an estimated state-space between them. The structure of SSNN
lends it a mathematical form, see equation (17), that bears resemblance to

state-space representation of a non-liear dynamical system

& (k+1)=WhrZz (Wrz (k) + Wiu (k) + B") + B, an
g (k) =W (Wh2z (k) + B"?) + B",
where Z (k) € R® is the estimated state vector, ¢ (k) € R™ is the estimated
output vector, u (k) € R™ is the input vector, W;, W,,, W,., Wy, Wj, are weight
matrices that determine the strength of the connections between the nodes

of the neural network, By, B, By, Bjs are bias vectors that shift the acti-

vation functions of the nodes, .# and ¢ are non-linear activation functions
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that introduce non-linearity into the network. The parameters h and h2 are
the number of hidden nodes in the first and second layer of the network,
respectively.

The estimation of dynamical system by SSNN requires finding the right
values of weights (17), and biases (B); whereas, the parameters .%, ¢4, s—
number of states—, h and hy are updatable parameters. Moreover, prior to
training, SSNN needs to know the value of xy— initial conditions—, and total
number of inputs and outputs of plant—n and m respectively. Given the op-
timal values of weights and biases, SSNN can replicate the behavior of the ac-
tual process. Moreover, unlike other neural structures such as Multi-Layered
Perceptron (MLP) and Feed-Forward Neural-Network (FFNN), SSNN is also
capable of estimating the values of system’s states & (k) V k, owing to its dis-

tinct structure.

2.2.3.2 SSNN Training

The SSNN learning process involves determining the appropriate weights and
biases values that minimize the difference between its predicted and actual
values. To accomplish this, learning is framed as a non-linear optimization
problem, where the objective function or cost function is minimized to deter-
mine the optimal values of W and B. Generally, Mean Squared Error (MSE)

is taken as the cost function
1 1
E=§Z!|6(k)|\2=§Zl\y(k)—z?(/€)\l2- (18)
k=1 k=1

The MSE is minimized by the gradient descent algorithm to find the values

of weights and biases such that difference between model’s prediction (y (k))
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and actual plant (y (k)) is minimal. For training SSNN in this work, we
used MATLAB’s "nlssest” subroutine. The functions .# and ¢ are neural
networks with one hidden layer and tanh(.) activation function, and the other

important parameters of the SSNN after training are given in table 6.

n m s h ho

2 2 2 10 b}

Table 6: SSNN parameters

Before we discuss results and analysis, let’s consider how ML model struc-
tures and data preprocessing affect 1/O data quality for system identifica-
tion. We used NARX, SSNN, and H-W models with different tuning param-
eters requiring optimization. Increasing model complexity, i.e., increasing
the number of tuning parameters, improves performance but demands more
computational resources; thus, balancing models’ complexity and computa-
tion is crucial [51]. Moreover, in this work, we used trial and error method
iteratively to determine the ML model’s tuning parameters that yielded the
best performance. Similarly, prior to models’ training, data quality is vital,
as real-world sensor data may contain noise and errors. Data preprocess-
ing tasks, which include outlier detection, missing value handling, feature
selection, and dimensionality reduction, enhance data quality. It also helps
identify key inputs using techniques like correlation analysis and principal
component analysis [52]. However, in this study, we attempted to model and
simulate the actual scenario of the Thar field, which has only two measur-
able inputs: the steam-to-oxygen ratio and its flowrate. Moreover, since the

training data was generated from the CAVSIM simulator, there was less need
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for data preprocessing [45].

3. Results and Discussion

In this work, all the models are trained to make single-step ahead predici-
ton (SSP), wherein the model makes the next prediction of outputs based on
the current values of inputs and outputs unlike multi-step ahead prediction
(MSP). SSP is more suitable for situations where information about the im-
mediate future is of greater importance. This is the case with UCG, which
is a slow process and does not require long-term forecasting. Moreover, from
an online control perspective, SSP is preferable as the control actions require
information about the current values of the system’s outputs. SSP is simpler
to train as the models need to learn one step ahead map, whereas in MSP,
models have to learn multiple mapping functions for different time horizons,
thus making them more difficult to train.

At this point, it is worth reiterating that input/output measurement data
for the UPT process has been taken from CAVSIM; with this in mind, we
can now turn our attention to the main discussion. The models used in this
study belong to a specific class of ML algorithms. The input-output data, see
figures 3 and 7-10, were split into 70-30 segments randomly for training and
validation; this is because APRBS signal has a pseudo-random nature, and
the system modes are not excited in a deterministic order [53]. Moreover,
after training and validating models, the performance of individual models
is compared with each other. Finally, the best-trained model is selected, and
its performance is further tested on actual data taken from an experimental

setup that was previously unseen by the trained model. The statistical tools
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us used to evaluate the models’ performances are Root Mean Squared Error

wr (RMSE), Mean Average Error (MAE) and Best fit, which are presented in

us  table 7.

Tool Formulas Criterion

RMSE \/ L3y — )2 Low values indicate good fit

MAE L3y — il Low values indicate good fit

BEST FIT 1— V2o Wi vi)” = High values indicate good fit
\/ iy (yr#)
Table 7: Performance measures and criteria

449 Figures 7-10 are the predictions of the heating values and flowrate of

w0 all model structures after being trained on 70 % of the training-validation
s data-set. It is important to reiterate that figures 3 and 7-10 contain a 70-30
»s2  training—validation data-set; however, due to the random splitting of this
3 data-set, as discussed in the previous paragraph, the distinction between
s training and validation data-sets is not realizable. Similary, figures 11a and
w5 11b represents the residuals of heating values and flowrate respectively, of
6 all model structures. A closer look at the residuals of output 1 (figure 11a)
7 reveals that NARX MIMO gave the minimum error between the actual and
ss predicted output, with a maximum value of 3.96 KJ/mol in the positive
w0 direction, while SSNN yielded the maximum error of 17.84 KJ/mol in the

w0 positive direction. Similarly, the residuals of output 2 (figure 11b) show that

28



461

462

463

464

HW and SSNN gave the minimum and maximum errors of 2.28 and 4.92

mol/s, respectively, in the negative direction; table 8 quantifies the residuals

of both outputs of all models. However, the results show that there is no clear

winner in terms of performance, as different models outperformed each other

at different time instances. Additionally, there was a high frequency of lower

error terms that were bounded under a certain threshold with occasional

outliers.
Model Heating value (KJ/mol) Flowrate (moles/s)
Average Max Min Average Max Min
NARX-MIMO 0.80 3.96 3.63 x 107° 0.25 240 227 x 1075
NARX-SISO 1.23 9.81 1.85x107° 0.25 247 290 x 1075
H-W 1.10 7.62  4.83x107* 0.45 2.28 2.24 x 107°
SSNN 2.28 17.84 8.03 x 107° 0.79 492 4.32x 1074

Table 8: Residuals of all models’ predictions
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Figure 8: Training and validation of NARX SISO
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Figure 11: Residuals of the outputs

The models’ performance relies heavily on parameter fine-tuning, which
was achieved through a trial-and-error strategy. MAE and RMSE metrics
were used to track the absolute difference between the predicted and actual
output, providing linear and quadratic scores, respectively. As demonstrated
in figure 12, NARX MIMO exhibited the lowest MAE and RMSE scores
in both training and testing phases, outperforming HW, NARX SISO, and
SSNN. For output 2- see figure 13- NARX MIMO and NARX SISO showed
similar metric values, followed by HW and SSNN, respectively. The average
values for both outputs- figures 14 and 15- displayed a consistent pattern,
with NARX MIMO outperforming the other models.
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Figure 16 shows box and whisker plots to select the best models for pre-
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diction and control. These plots offer a visual representation of data distri-
butions and can reveal information about skewness, outliers, and percentiles.
They are often used in statistical analysis to compare multiple datasets and

identify abnormal values.
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Figure 16: Box and Whisker plots for model selection

Regarding the central tendency of heating value and flowrate —refer to fig-
ures 16a and 16b respectively—, all models except SSNN exhibit a proximity
to zero. Further, for heating value, the models exhibit error spread in an in-
creasing order of NARX MIMO, HW, NARX SISO, and SSNN, respectively.
In contrast, for flowrate, the NARX MIMO, NARX SISO, and HW models
indicate nearly similar error spreads, with the SSNN being an outlier.

Although it is common practice to validate a model using training-validation

data-set, it is crucial to also evaluate the model’s performance using exper-
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w1 imental data that was not used for training. This is because a model may
w2 perform well on the training-validation data-set, but may not generalize well
w3 to new experimental data, thereby affecting the model’s ability to accurately
s predict a system’s behavior under real-world conditions [54]. Furthermore,
a5 this evaluation can provide insights into the model’s stability, robustness,
w5 and generalizability to new, untested data. To this end, an unseen input
w7 signal obtained from a field-setup [7] was fed into the NARX MIMO, which
w8 was selected based on its superior relative performance as evident from the
w0 statistical analysis. The output of the NARX MIMO was then compared
so0 with CAVSIM, the results of which are given in figures 17a and 17b

180 T T T T T T T 30
Measurement Measurement
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175 1
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(a) Heating value prediction by NARX MIMO for(b) Flowrate prediction by NARX MIMO for exper-

experimental data imental data

Figure 17: Comparison with experimental data

501 Observations show that maximum deviations in predictions from actual
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values are 7 KJ/mol and 0.7 mol/s for heating value and flowrate, respec-
tively. Additionally, statistical analysis demonstrates similar performance
of NARX MIMO in predicting flowrate on experimental data, compared to
the training and validation phases, with MAE, RMSE, and Best fit values
of 0.13, 0.16, and 0.9 respectively; similarly, the metrics of heating value
are 3.84, 4.43, and 0.7 respectively. Overall, NARX MIMO performance is

acceptable against experimental data from a practical standpoint.

4. Qualitative Assessment of Models’ Performance And Their Ap-

plication Scope

This section aims to serve two purposes: to draw a qualitative comparison
between the trained models and their potential applications in the field of
UCG. The analysis showed that NARX MIMO exhibited the most accuracy
in both training and experimental phases. To present our findings in a com-
prehensive manner, we have included a comparison table 9 that highlights
the features of each of these structures.

The table shows that NARX MIMO and NARX SISO structures have
a simple and fast training process with few tunable parameters, but NARX
SISO is not suitable for control applications. Overall, the results presented in
this table provide valuable insights into the strengths and weaknesses of each
of the system identification structures, which can be useful for researchers and
practitioners working in the field of UCG process identification and control.
It is important to note that while the results presented in the table may be
specific to UCG processes, the methodology and approach used in this study

can be applied to other complex and nonlinear systems as well.
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Finally, to wrap up, we are going to briefly reiterate the contribution and
highlight the M1l models’ application in a wider context. The aim of this work
was to rigorously follow the SI pipeline (see figure 2) to the UCG Thar pro-
cess. One of the distinguishing features of current work is the methodological
synthesis of the excitation signal, APRBS, to capture the full non-linear op-
erating range of the UCG process’ dynamics. The information richness of
our APRBS is further validated by NARX-MIMO predictions on experimen-
tal data, which was previously unseen by ML models (see figure 17). The
experimental validation of ML models is amiss in the context of UCG liter-
ature (table 2), where conventional validation on 70-30 datasets is usually
performed. Moreover, these ML models are control-oriented, a demonstra-
tion of which is given in our earlier work [46], wherein we designed Model
Predictive Control (MPC) for the UCG plant with NARX-MIMO as the
mathematical model employed by MPC for prediction purposes. Further-
more, apart from prediction and control purposes, these ML models can be
utilized for open-loop trajectory optimization of the UCG process, wherein
the optimal trajectories of the UCG’s inputs can be found to maximize the
heating value and flowrate of syngas. This can be achieved by using ML
models as surrogate models for trajectory optimization of UCG plants using
black box optimization (BBO)[55]; where surrogate models provide the ini-
tial conditions for the search algorithms, consequently restricting the search

space and making BBO algorithms faster.
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5. Conclusion and Future Work

The system identification of Underground Coal Gasification (UCG) pro-
cesses is a challenging task due to the complex and nonlinear nature of the
process. In this research article, we have explored and compared three dif-
ferent system identification structures, namely NARX, HW, and SSNN. In
order to evaluate the performance of these structures, we have used statisti-
cal metrics-MAE, RMSE, and Best-fit-and compared their prediction accu-
racy. The metrics showed that NARX MIMO had the superior performance
than all other models in terms of prediction on both training and experi-
ental phases. Moreover, this study also provided a quantitave comparsion
of models in terms of predicitve capabilities, ease of implementation, and
applications in control systems.

For future work, we have twofold agenda: considering NARX MIMO as
a surrogate model for trajectory optimization of UCG system using Black-
Box optimization techniques—with CAVSIM being the Black-Box—, and
considering SSNN for designing Gain-Scheduled Model Predictive Control
for the same. Similarly, an exciting avenue of research that could precede
this work is the online training of ML models, wherein the tuning parameters
are udpated in real-time operation as the input/output data become available

through sensors.
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