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ABSTRACT

Liquid-solid fluidization technique is being applied where low-grade coal or minerals enrichment
is mostly density-based. Static and dynamic behavior of particles in a fluid medium has been
extensively investigated over the years because of its dynamic applications across various indus-
tries. In this work, bed characterization studies and experiments have been conducted to study
coal washing ability of the liquid-solid fluidized bed separator. Results have been recorded in
terms of ash rejection%, combustible recovery% and separation efficiency%. Minimum fluidization
velocity and pressure drop values have been predicted using existing theoretical correlations and
compared with the experimental values. A three-layered (4:5:3) feedforward back-propagation
(FFBP) neural network model was developed using Levenberg-Marquardt algorithm, LOGSIG and
MSE as training, transfer and performance functions respectively. Garson’s algorithm and connec-
tion weight approach have been employed for sensitivity analysis to interpret the neural network
results physically. Coefficients of correlation, all R (including training, validation & testing datasets)
obtained for outputs ash rejection (R=0.9960), combustible recovery (R=0.9952) and separation
efficiency (R=0.9944) suggest that predicted values are in agreement with the experimental val-
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ues and the developed model is a good fit.
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Introduction

Coal is responsible for fueling a significant part of world
electricity. Despite increasing usage of hydro, nuclear, oil,
gas and renewables, coal is still the fastest-growing energy
source in recent years. Mining of deeper seams is increasing
the ash content in the coal produced. Inherent ash is much
more in Indian coal (owing to its drift origin) as compared
to the extraneous ash and therefore calls for special technol-
ogies of fine coal washing. Increasing import of low ash coal
is affecting the national economy. Indian coal contains high

amount of impurities and substantial near gravity materials
(NGM) and needs to be beneficiated before being used for
coke making.[l"sl Because of poor liberation at coarse sizes,
beneficiation of coal fines is necessary to achieve high clean-
ability, better  productivity = and  environmental
compliability.*!

Converting static state of solid particles to dynamic fluid-
like state by an upward flowing fluid is known as fluidiza-
tion. The bed remains static at fluid velocities lesser than
minimum fluidization velocity (U,,s) and with higher veloc-
ities, the bed starts to fluidize and an interface develops
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Table 1. Range of input parameters for bed characterization & experiments.

Input parameters

Range/values

Feed size, um

Bed height, cm
Superficial velocity, cm/s
Overflow tap height, cm

10, 20, 30

12, 37, 62

—1000 + 850 (925), —850 + 500 (675), —500 + 300 (400), —300 + 210 (255), —210+ 150 (180), —150+ 100 (125)

0.35, 0.71, 1.06, 1.41, 1.77, 2.12, 2.48, 2.83, 3.18, 3.54
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Figure 1. Proximate analysis of coal feed sample.

inside the fluidization column.”~'°! Mixing and segregation
properties of fluidized bed separators can be exploited for
many industrial processes but are of particular significance
for mineral and coal separations, where a small amount of
valuable matter is mixed with a large number of gangue par-
ticles. Multi-variant nature of minerals and ores require ore-
specific fluidization conditions for processing. Physical prop-
erties of the mineral particles, properties of packed/fluidized
beds and superficial fluid (water, in this case) velocity are
major operating parameters in liquid-solid fluidization oper-
ation.""'? The minimum fluidization velocity is a charac-
teristic property of fluidized beds, marking a change of a
packed bed to fluidized state.'>~'”) Beneficiation studies by
gas-solid fluidization route has been reported by many
authors."*2! Kumari et al.l'?! reported process efficiency
and misplacement studies on liquid-solid fluidization for
coal beneficiation, using statistical optimization method. The
present study focuses on predicting the effect of bed height,
overflow tap height, superficial velocity and feed size on the
beneficiation of low-grade coal particles in a liquid-solid flu-
idized bed separator using artificial neural network. The per-
formance has been judged by outputs such as ash rejection,
combustible recovery and separation efficiency. Pressure
drop and bed expansion profiles have been studied with
change in superficial velocity. Experimental and predicted
values (using existing verified correlations) of minimum flu-
idization velocity, U, and pressure drop, AP have been
compared in this work.

Neural network modeling and sensitivity analysis are
being used for solving prediction, regression and classifica-
tion problems in various engineering fields.””*2®' The main
objective the present work is to develop an ANN based
model, which would help in developing the control

mechanism for plant operators. The industrial use of liquid
solid fluidization is increasing steadily in the mineral benefi-
ciation industries especially in coal washing. The present
paper aims at developing an artificial neural network model
which would provide opportunities for the plant operators
to control the operating parameters in a more precise man-
ner for Indian high ash non-coking coal.

ANN modeling of liquid-solid fluidization of natural ores
and coal are very limited or not available for Indian coal
washing. Indian coal has a unique characteristic of high
near gravity materials (NGM) and the mineral materials are
well distributed in the coal matrix. Hence, it is essential to
develop unique ANN model for Indian coal. In this work,
an ANN model was developed to determine the output val-
ues computationally. A feed forward back-propagation
(FFBP) three-layered (4:5:3) neural network was designed to
model, predict and analyze the fluidization process of coal
beneficiation. The ANN model was trained to achieve the
target values with minimal errors, using Levenberg-
Marquardt (LM) algorithm.?”?®! The model was optimized
by re-training and minimizing of errors using back propaga-
tion (mean square error) method. The predictability of the
ANN model has been estimated with respective R values
(coefficient of correlation). Sensitivity analysis of input
parameters has also been carried out using Garson’s algo-
rithm and connection weight approach. The order of relative
contribution of the input parameters for different outputs
has been presented as ranking.

Materials and methods
Sample preparation

ROM non-coking coal was collected from Rajmahal coalfield
region in Jharkhand. ROM sample, as received, was first mixed
thoroughly by repeated hip and reclaiming processes, then cone
and quartering method was applied to generate the represented
sample for the study. This sample was crushed and size analyzed
into different size fractions: —1000 + 850 um, —850 + 500 um,
—5004 300 yum,  —3004210 um, —210+150um  and
—150+ 100 um. Coning and quartering method was used to
draw out representative samples for proximate and other charac-
terization analyses. Bed characterization and beneficiation studies
of the six size-fractions were carried out under different ranges
of input parameters mentioned in Table 1.

Characterization studies

An air-dried based proximate analysis of the six size-frac-
tions was carried out, as presented in Figure 1, for compari-
son and interpretation.
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Figure 2. SEM images of coal feed sample.

Proximate analysis of some size-fractions were carried
out by the authors in their earlier work and reported in a
paper.!"?! Mineralogical characterization studies of the coal
sample of size —1000+ 850 um have been done by SEM,
XRD and petrographic analyses.

Scanning Electron Microscopy (SEM) evaluation of the
coal feed particles was performed, using a FEI 430 Nova
Nano-SEM model JXA8230, while maintaining the acceler-
ation tension at 5kV.

The images of the SEM (Figure 2) show a large black
area, which indicates opaque and lustrous carbonaceous
matter. Light-brass grains indicate the presence of pyrite
(FeS,) and plate-like structure indicates feldspar (aluminium
silicates, KAISiz;Og) presence. It also shows the hematite
matter associated with alumina and quartz particles and por-
ous fractures, filled with organic matter.

Experimental

Figure 3 illustrates the working of the experimental set-
up.””’ A 1.5m high and 0.1m wide cylindrical column
made of glass was used for the fluidization studies. Different
rotameters, having various ranges were installed to ascertain
controlled flow and to maintain a pre-set flowrate of water
in an upward direction. U-tube mercury manometer was
used to measure the pressure drop across the fluidiza-
tion column.

The change in bed height was observed and noted manu-
ally. The different overflow tapping heights are at 12, 37, 62,

87 and 112cm, which were used for sample collection.
Experiments were conducted by changing the feed size, bed
height, superficial velocity and overflow tap height, as per
Table 1. Some of the data used in the present study has
been taken from the earlier published work of the authors
for comparison and interpretation for large range of input
parameters.!?!

Artificial neural network (ANN) modeling

Artificial neural network is a mathematical tool for predic-
tion of output or responses using learning algorithm and
used for parallel-processing capabilities via modeling. It uses
a set of algorithms, designed to recognize patterns and cre-
ate mapping between noisy set of input and output data and
then, predict data interactions. Outputs are calculated, using
a linear combination using its input weights and passing the
output through a non-linear transfer function.?*2>3!

f{WxX) + B)} (1)

where, Y is output, X is input, W are weights, B is offset
bias and f is the transfer function.

The Levenberg-Marquardt (LM) algorithm is a technique
for detection of function’s minima using second-order train-
ing speed. It is a combination of gradient descent and
Gauss-Newton methods. Gradient descent method deter-
mines the minima of a least square error function, using a
first-order iterative optimization whereas, in Gauss-Newton
method, the error is reduced by finding the minima of the

Y =
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Figure 3. Schematic diagram of experimental set-up.

least square function which is assumedly quadratic.?”*®
Back-propagation methods calculate the function gradient
with respect to all the weights of the network and to minim-
ize the prediction errors in order to determine optimal val-
ues of weights.!”>*"*?! Error is calculated in terms of mean
square error (MSE) and mean absolute percentage error
(MAPE). MSE is the squared average difference between tar-
get data and the data estimated. MAPE is the average abso-
lute percentage error, which is used to check the efficiency
of prediction. These errors can be calculated using the for-
mulae:

1 N N2
MSE — N;(Y,-—Yi) )

N

100 %* 27

MAPE = (3)

Where, N is total training samples, MSE is the error of net-
work for a single iteration, MAPE is the average percentage
error, Y; is targeted value and Y, is output value.
Coefficient of correlation (R) is a statistical measure of
degree of relationship between two variables and can vary in
the range —1 to 1. It can be expressed as [www.statistic-
showto.com]:

R — NQ_XY) - (X)) Y)

(4)
VINS X — (SXPINY Y2 - (S 1))

Coefficient of correlation value —1 represents a strong nega-
tive relationship and +1 represents a strong positive rela-
tionship between the data points. R values further away
from 0 and closer to +1 show that the model establishes a
strong relationship between dataset and is highly efficient
for the given process. NN toolbox available in MATLAB R-
2014A (trial version) was employed to carry out the compu-
tational studies.

Sensitivity analysis

Sensitivity analysis is carried out to identify the critical
parameters and their proportional contribution to the out-
puts. There are different sensitivity analysis methods sug-
gested for the determination of order of significance of the
input parameters on the outputs: A) Partial derivative (PaD)
method, B) Profile method, C) Stepwise method, D)
Connection weight approach (CWA) and E) Garson’s algo-
rithm (GA). Connection weight approach calculates the
product of all the connection weights (raw values) between
each input and output neuron and sums the products across
all the hidden neurons. Garson’s algorithm, also known as
weights method, utilizes absolute values of weights associ-
ated with each input neuron. The main issue with Garson’s
algorithm is that it fails to account for the different influen-
ces of weights because this method uses the absolute values
of connection weights, whereas the main problem with con-
nection weight approach that during summation, positive
and negative connection weights can cancel their contribu-
tion which leads to inconsistent results.!>*~>¢!

Results and discussion
Bed characterization studies

For a given feed size, bed height and superficial fluid velocity,
bed characterization or hydrodynamics studies determine
how the sample will behave inside the fluidization column.
Kumari et al.'"?! has discussed the pressure drop and bed
expansion profiles of the three size-fractions under study.
Figures 4-6 show the pressure drop and expanded bed profile
of other three size-fractions also at different bed heights.

It was observed that with increase in static bed height,
the pressure drop is increasing. Once the bed gets fluidized,
the pressure drop remains unchanged. On the contrary, the
height of packed bed is constant and starts increasing, only
after fluidization. Bed height expansion, following the same
pattern as that of pressure drop, shows increment in bed
height with increasing superficial velocity (after attainment
of fluidization). The velocity-ranges were observed for
packed and fluidized beds for all size-ranges and bed heights
to study the fluidization behavior. Figures 4-6 show the
pressure drop and bed expansion profiles of all particle size-
fractions at static bed heights of 10, 20 and 30 cm to under-
stand the effect of particle size on the hydrodynamics of the
fluidized bed. Data for plotting pressure drop curve and bed
expansion of three size fractions (i.e., —1000+ 850 um,
—850 + 500 um, —500+ 300 um) out of six size-fractions
were taken from the authors’ previous work.!"?! From the
figures, it can be observed that with the increase in particle
size, the pressure drop increases and bed expansion
decreases. This phenomenon happens because when particle
size increases, the force required to fluidize the particle
increases and it becomes more difficult for bed to expand at
the same input force. Another important observation from
the Figures 4-6 is that, during the packed bed condition, the
increase of pressure drop is not a smooth line curve having
uniform slope. Instead, the pressure drop curves have
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Figure 6. Pressure drop (A) and bed expansion (B) profiles of coal particles of various sizes at bed height of 30 cm.

variable slope in the static bed region. This phenomenon
happens because the coal particles are not of mono-size,
mono-density nature; they have a particle size distribution
even in close size-ranges.[13’37]

Estimation of pressure drop and minimum
fluidization velocity

Pressure drop across any column can be given as:

AP = (p,— ps).(1 - €).g.H (5)

Here, p, is particle density, p¢ is fluid density, H is
bed height.

Ergun proposed an equation explaining the friction and total
energy loss inside a packed bed,**! which can be rearranged as:

AP 1 — €)? 1 — &
— 150 (—S)LZU + 1.75¥p—f.U2
e d, e d,

(6)

Pressure drop values have been predicted for fluidized and
packed beds using equations (5) and (6) respectively.
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superficial velocity of 0.35cm/s, bed height of 10cm and J A
p 8 f
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the above mentioned experimental conditions are 0.1334, (10)

0.1334, 0.1334, 0.2688, 0.4002 and 0.5336 kPa for all six size-
fractions respectively. Equation (5) is applied for the fluid-
ized bed and Equation (6) is applied for packed bed condi-
tions. These values have been compared with the
experimental pressure drop values and presented in Figure
7A. It shows that the experimental values are close to the
predicted values. The given arrangement of Ergun equation
(Equation 6) shows its resemblance with the Kozney-
Carmen equation which is used for pressure drop calcula-
tion of a fluid flowing in a laminar fashion via packed
bed.*” The equation is given as:

AP —180u (1 — €)°

= Us

7
L qDSdeZ 83 ( )

This equation relates the permeability of fluidization bed,
packed with solids to inter-particle porosity (1-€ ), bed
morphology (€ ) and particle size (d,) and shape ().
Another equation proposed to determine minimum fluidiza-
tion velocity was by Wen & Yu,*! which is

Umf = -2 ((V1135.7 4 0.0408 Ar) - 33.7)

8
od ®)

Minimum fluidization velocity values were calculated using
the above mentioned formulae (Equations 6, 7 & 8).

Figure 7B shows the comparison of experimental and
predicted values of minimum fluidization velocity. The val-
ues predicted using Ergun equation were found nearest to
that of the experimental values.

Effect of operating parameters on the outputs

The effect of different operating parameters has been individu-
ally studied to observe the coal fluidization behavior, under
various experimental conditions. The parameters under study
are a) feed size, b) overflow tap height, ¢) bed height and d)
superficial velocity. Ash rejection% and combustible recovery%
have been calculated, using the equations given below:'*"

Separation efficiency indicates the fluidized bed separator
performance and efficiency of the separation process.
Separation efficiency% has been calculated, using the for-
mula:

Y.(100 — A,)

Separation efficiency (%) = (100 — Ay) -
—4f

Y.A,
Ay
(11)

where Y, is clean coal yield%, A, is clean coal ash% and A
is feed ash%.

Effects of bed height & overflow tap height

At 2.12 cm/s superficial velocity, 37 cm overflow tap height
and feed size of —850+ 500 um, effect of bed height at 10,
20 and 30 cm on ash rejection% and combustible recovery%
were studied. Effect of process efficiency was also studied at
2.12 cm/s superficial velocity; 62 cm overflow tap height and
feed size of —500+ 300 um. With an increase in static bed
height from 10 to 20 cm, ash rejection% decreases and then
increases when bed height increases from 20 to 30cm; as
can be seen from Figure 8A. With the increase in static bed
height, the amount of coal sample increases suggesting that
a particular superficial velocity is required to fluidize par-
ticles of certain size, density (weight) and shape. At the
given velocity, optimum result of separation efficiency 8.94%
in case of feed size —850+ 500 um and separation efficiency
of 14.09% in case of feed size —500 + 300 um were obtained
at the bed height of 20 cm.

Effect of overflow tap height (12, 37 and 62cm) was
studied by maintaining the bed height at 10 cm, superficial
velocity at 2.12cm/s and feed size-range at —850 4+ 500 um
and —500+ 300 um respectively. This set of experiments
was mainly done to observe the dilation features of the par-
ticle bed. It can be seen from Figure 8B that with increase
in overflow tap height, ash rejection% increases. But the
least combustible recovery% was obtained at upper overflow
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tap height (62cm). In case of bed height 10cm, the beds
were dilated only upto 17cm in case of feed size-range of
—850 4 500 um and —500+ 300 um (based on bed charac-
terization studies). So, concentrates obtained at higher over-
flow tapping heights don’t show good carbonaceous matter
recovery as suspended particles don’t fluidize beyond a cer-
tain height at a given superficial velocity. Further, with
increase of overflow tap height at any particular operational
superficial velocity, the bulk density of the particle bed
decreases. This reduces the yield and ultimately the com-
bustible recovery. Optimum separation efficiencies of 5.89%
and 9.24% were obtained in case of feed size-range of
—850 + 500 um and —500 + 300 um respectively.

Effects of feed size and superficial velocity

Maintaining the bed height, superficial velocity and overflow
tap height constant at 10cm, 2.12cm/s and 12cm respect-
ively, the effect of feed size (-1000+ 850, —850+ 500,
—500+ 300, —300+210, —210+ 150, —150+ 100 um) on
the process efficiency was investigated. The results shown in
Figure 9A indicate that ash rejection% is highest at coarsest
feed size ie, —1000+ 850 um with very low combustible
recovery%, which may be due to the reason that the larger
particles requiring higher superficial velocity to fluidize and
segregate. At the same velocity in case of finer feed, finer
gangue particles also can report to the upper zone of the
column along with carbonaceous materials, resulting in high
combustible recovery% but lesser ash rejection%. Highest
separation efficiency of 10.14% was obtained feed size
—300 + 210 um with ash rejection of 93.81%.

While maintaining the bed height at 10 cm, overflow tap
height at 12cm and feed size of —1000 + 850 um, the effect
of superficial velocity (0.35, 0.71, 1.06, 1.41, 1.77, 2.12, 2.48,
2.83, 3.18 and 3.54cm/s) was studied and the results are
reported in Figure 9B. From the results, it was observed
that an increase in superficial water velocity results in the
consistent increase in combustible recovery%, with simultan-
eous decrease in ash rejection%. Thus, selecting an appropri-
ate superficial fluid velocity is very crucial for achieving an
optimum output. At superficial velocity of 3.54cm/s,

separation efficiency was observed to be the highest
(27.71%), in the set of experimental conditions maintained
for the present study. This set of experimental condition
was noted as the best for achieving the maximum separation
efficiency, which suggests highest process performance.

Figure 10 shows the SEM images of the concentrate and
tailing obtained at experimental conditions of feed size-
range of —1000+ 850 um, bed height of 10 cm, superficial
velocity of 3.54cm/s and overflow tap height of 12cm. It
can be seen that the concentrates show enhanced carbon-
aceous matter to that of the coal feed sample, confirming
coal cleaning and gangue separation inside the fluidiza-
tion column.

Pre-processing and modeling of FFBP neural network

Generalization is the ability to handle the unseen and
unorganized data and ANN models should have good gener-
alization ability to improve the network efficiency. Neural
networks are capable of auto-generalization. In the process
of  modeling, initiated by training method
(Levenberg-Marquardt algorithm), random and noisy input
dataset is classified into significant outputs and arranged in
a meaningful pattern. Moreover, before training the input
dataset using Levenberg-Marquardt algorithm (“trainlm”),
Bayesian regularization (“trainbr”) method was applied for
regularization and generalization of the input dataset. This
function is also available in “neural fitting tool
(nftool)” section.

Liquid solid fluidization processes are very complex unit
operations, which depends on the number of operating
parameters. Further, the heterogeneous characteristics of coal
adds to the complexity of the problem. In addition to this,
most of the time outputs dependency on the input parameters
are nonlinear in nature. Furthermore, a few thumb rules are
generally being used to choose number of nodes/neurons for
the hidden layer. There are many rules-of-thumb for deter-
mining an acceptable number of neurons to use in the hidden
layers, such as the following [Source: https://www.heatonre-
search.com/2017/06/01/hidden-layers.html]:


https://www.heatonresearch.com/2017/06/01/hidden-layers.html
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Figure 9. Effect of (A) feed size and (B) superficial velocity on ash rejection, combustible recovery and separation efficiency.

Dute 18 Jun 2018
Time 163323 .

Date :18 Jun 2018
Time 163646 wpsan o

Figure 10. SEM images of coal concentrates (A&B) and tailings (C&D) at feed size-range of -1000 + 850 um, bed height of 10 cm, superficial velocity of 3.54 cm/s &

overflow tap height of 12 cm.

e The number of hidden neurons should be 2/3 the size of
the input layer, plus the size of the output layer.

e The number of hidden neurons should be less than twice
the size of the input layer.

Using these rules as starting point for neural architecture
formation and finalizing the optimal number of neurons for
hidden layer through trial and error. Different architectures
were tried for training the network (based on the previous
literature data for other mineral processing systems) using
the software. The architecture which has given the least
error (MAPE/MSE) values or maximum R values was
selected for ANN modeling. Hence, a three-layered ANN
architecture having one hidden layer was found most suit-
able for handling such complex system.***?! A three-layered
(4:5:3) FFBP neural network, for modeling the liquid-solid
fluidization system, has been presented in Figure 11.

Four nodes of first (input) layer represent feed size, bed
height, superficial velocity and overflow tap height; middle
layer has five nodes (black box containing activation function)
and three nodes of last (output) layer indicate ash rejection,
combustible recovery and separation efficiency. Output values
can be predicted using the developed model by feeding new
input dataset of the process. 70% data have been used for train-
ing and 30% for verification and testing purposes. The network
specifications have been mentioned in Table ST1 (supplemen-
tary file). Network specifications are: Levenberg-Marquardt
algorithm as training function; MAPE and MSE as performance
function; learning rate as 0.10; momentum coefficient as 0.40;
Logarithmic sigmoid function (LOGSIG) as transfer/activation
function; number of iterations as 1000 and epoch as 65. Table 2
shows the entire 37 datasets used in modeling of the system.

Some data points have been collected from the previously
published work of the authors."? Backpropagation algo-
rithm was applied to the dataset, in an iterative manner, to
obtain minima of error function. Transfer function LOGSIG
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Figure 11. Artificial neural network (ANN) scheme.

Table 2. Experimental data set.

Run No. Feed size-range, um Mean particle size, um Bed height, cm Superficial velocity, cm/s Overflow tap height, cm
1 —1000 + 850 925 10 212 12
2 —850 + 500 675 10 212 12
3 —500+ 300 400 10 212 12
4 —300+ 210 255 10 2.12 12
5 —210+150 180 10 212 12
6 —150 4100 125 10 212 12
7 —500+ 300 400 10 212 12
8 —500+ 300 400 10 2.12 12
9 —500 + 300 400 10 212 12
10 —850 + 500 675 10 212 12
" —850 + 500 675 10 212 37
12 —850 4500 675 10 2.12 62
13 —500 + 300 400 10 212 62
14 —500 + 300 400 20 212 62
15 —500+ 300 400 30 212 62
16 —850 + 500 675 10 2.12 37
17 —850 + 500 675 20 212 37
18 —850 + 500 675 30 212 37
19 —1000 + 850 925 10 0.35 12
20 —1000 + 850 925 10 0.71 12
21 —1000 + 850 925 10 1.06 12
22 —1000 + 850 925 10 141 12
23 —1000 + 850 925 10 1.77 12
24 —1000 + 850 925 10 2.12 12
25 —1000 + 850 925 10 2.48 12
26 —1000 + 850 925 10 2.83 12
27 —1000 + 850 925 10 3.18 12
28 —1000 + 850 925 10 3.54 12
29 —1000 + 850 925 10 212 12
30 —1000 + 850 925 20 2.48 37
31 —1000 + 850 925 30 2.83 62
32 —850 + 500 675 10 248 62
33 —850 + 500 675 20 2.83 12
34 —850 + 500 675 30 212 37
35 —500+ 300 400 10 2.83 37
36 —500+ 300 400 20 2.12 62
37 —500 + 300 400 30 2.48 12

Table 3. Weights and biases for the input-hidden and hidden-output layers.

Neurons in the hidden layer

Inputs/Outputs Initial bias (bo) Neuron 1 Neuron 2 Neuron 3 Neuron 4 Neuron 5
A: Feed size - —0.2279 —1.1846 0.047 1.0447 1.1532
B: Bed height - —0.9552 —0.9183 0.3168 0.4153 —0.2559
C: Superficial velocity - —1.2226 1411 —2.0374 —1.1669 —1.104
D: Overflow tap height - —1.3869 0.381 0.3593 —1.3256 1.3299
BiaShigden-output - 2.0935 1.0467 0.5648 1.1319 22125
Ash rejection 1.6215 0.5004 —0.7888 0.7855 —0.7056 —1.0267
Combustible recovery 0.7914 0.5698 1.0407 0.6841 —0.2429 1.0521

Separation efficiency —1.744 0.9839 1.0916 0.0301 —0.8249 —0.4477
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Figure 12. Experimental vs. ANN-predicted values of training, validation & testing datasets for ash rejection.
Table 4. MAPE, MSE and R values for training, validation and testing sets.
Training Validation Testing

Responses MAPE MSE R MAPE MSE R MAPE MSE R
Dataset used 25 6 6
Ash rejection 5.6302 1.542 0.9961 1.0816 0.6166 0.9988 5.1850 2.9433 0.9927
Combustible recovery 10.4349 0.2869 0.9952 4.8567 0.0957 0.9988 11.5141 1.5095 0.9983
Separation efficiency 9.3342 0.7027 0.9867 5.9821 2.1879 0.9996 6.8117 1.6778 0.9798

(Log-Sigmoid) is represented by the equation below [www.
mathworks.com]:

1
1 + e

LOGSIG (n) (12)

Table 3 represents the biases and weights for input-hid-
den and hidden-output layers.

The ANN model was validated using data consisting of
the two end values (lowest and highest) of the entire range
of input datasets. Outputs were predicted using the network.
ANN-predicted and experimental values of ash rejection has
been plotted in Figure 12. Similarly in Figures SF1 and SF2
(supplementary file), comparison of predicted and experi-
mental values of combustible recovery and separation effi-
ciency respectively have been presented.

R, MAPE and MSE values observed in training, validation
and testing stages of modeling have been given in Table 4.

R values were observed sufficiently close to 1. Hence, this
ANN model can be used for the prediction of the output
characteristics of present study with the fluidized bed separ-
ator. To check the performance of the ANN model, it has
been compared with the results of a regression model.
Regression model has been developed using a statistical soft-
ware “Origin 8 (trial version)”. To generate a multiple linear
regression model, all the input and output data points were
fed to the software. R values obtained from the analysis of
datasets are 0.8812 (ash rejection), 0.6614 (combustible
recovery) and 0.7828 (separation efficiency). These R values
have been mentioned below in Table ST2 (supplementary
file) against the all R values obtained from the developed
ANN model. It can be seen from the R values, that ANN
model was able to predict the process performance better
than the multiple linear regression model.

Sensitivity analysis

Connection weight approach (CWA) and Garson’s algo-
rithm (GA) were used to determine the sensitivity of the
outputs with respect to each operating variable. Order of
significance of input parameters and interpretations for each
output has been discussed. Equations used for calculating
relative contribution of input parameters, as per “Garson’s
algorithm,” are:12>4244]

(13)

Rik (14)

Y, (szl

By incorporating equation 13 in equation 14, the equation
mentioned is obtained:

3o (CiYi)
221 (Z;hil (Cinjk))

Formulae used for calculating relative contribution of input
parameters, as per “connection weight approach,” are:*!

Sii Xj
iij = ———
2?1:1 XiJ'

2 ((25)w)
= (5 (%))

By combining equations 16 & 17, the following equation
was obtained:

Rik = (15)

(16)

Rik = (17)
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Table 5. Relative contribution analysis for ash rejection, combustible recovery and separation efficiency.

Garson’s algorithm (GA)

Connection weight approach (CWA)

Input
Output parameters Relative contribution, % Ranking of input parameters Si-value Ranking of input parameters
Ash rejection Feed size, um 27.1081 1 —1.2780 2
Bed height, cm 23.131 4 —0.3317 4
Superficial velocity, cm/s 24.0932 3 0.3321 3
Overflow tap height, cm 24.6677 2 1.7786 1
Combustible recovery Feed size, um 27.0574 1 —0.3457 4
Bed height, cm 25.2178 2 1.1832 2
Superficial velocity, cm/s 24,9239 3 0.3641 3
Overflow tap height, cm 22.8008 4 —2.4494 1
Separation efficiency Feed size, um 26.6183 2 —3.4767 1
Bed height, cm 28.292 1 1.5464 2
Superficial velocity, cm/s 20.6325 4 —0.4206 4
Overflow tap height, cm 24.4572 3 0.6847 3

Table 6. Order of significance of input parameters as per GA, CWA and Taguchi methods.

Output Method Order of significance

Ash rejection GA Feed size > Overflow tap height > Superficial velocity > Bed height
CWA Overflow tap height > Feed size > Superficial velocity > Bed height
Taguchi-ANOVA Overflow tap height > Feed size > Superficial velocity > Bed height

Combustible recovery GA Feed size > Bed height > Superficial velocity > Overflow tap height
CWA Overflow tap height > Bed height > Superficial velocity > Feed size
Taguchi-ANOVA Overflow tap height > Feed size > Superficial velocity > Bed height

Separation efficiency GA Bed height > Feed size > Overflow tap height > Superficial velocity
CWA Feed size > Bed height > Overflow tap height > Superficial velocity

Taguchi-ANOVA

Feed size > Superficial velocity > Bed height > Overflow tap height

S0 (SiyYie)
Z?I:I (Zfil (Siinjk))

Rik (18)

where Xj; is connection weight between the input neuron i and
hidden neuron j, Yj is connection weight between the hidden
neuron j and output neuron k and Ry is percentage of the
impact of the input variable A; on the output variable B,.
Relative contribution of inputs are calculated using correspond-
ing absolute Si-values. Negative value of an input parameter
suggests it will have an adverse influence on that particular out-
put.?>344¢] Gj_values, relative contribution and ranking of each
input parameter on all the outputs are mentioned in Table 5.

Order of significance of input parameters obtained for
individual responses using Taguchi-ANOVA methodology
and sensitivity analysis approaches are tabulated in Table 6.

Based on the results obtained from GA, feed size is the
most important parameter for ash rejection with relative con-
tribution 27.1081% and combustible recovery with relative
contribution 27.0574%, whereas for separation efficiency with
relative contribution 26.6183%, bed height was found to be
the most significant parameter. As per the CWA results, over-
flow tap height is the most effecting parameter for ash rejec-
tion with Si-value of 1.7786 and combustible recovery with Si-
value of —2.4494 and feed size, for separation efficiency with
Si-value of —3.4767. Order of significance of input parameters
obtained in connection weight approach (CWA) of sensitivity
analysis for individual responses was found to be similar to
the order of significance of input parameters obtained with
statistical optimization using Taguchi-ANOVA method
reported by Kumari et al.!'? Hence, CWA is considered better
than GA for determining the order of significance of input
parameters in this work.

Conclusions

In this study, upgradation of low-grade coal was attempted
through liquid-solid fluidization method and process was
optimized by conducting several experimental runs at differ-
ent set of operating conditions. Main purpose of the present
paper was to develop an Indian coal specific model, which
would help the coal washing operators in controlling the
operating parameters. ANN is one of the very important
modeling tool, which is used for continuous online control-
ling of the operating parameters in the plant conditions.
Hence, the empirical model based on a three-layer (4:5:3)
FFBP neural network was developed in the present study. It
has been used for process modeling and response prediction
of the liquid-solid fluidization system. Summarizing the sig-
nificant points of this study as follows:

i. Bed characterization study is very significant for ana-
lyzing liquid-solid fluidization process and associated
critical parameters. It was observed that pressure drop
curves have variable slope in static bed region whereas
bed expansion starts at the onset of fluidization inside
the column. This can be attributed to that fact that the
coal particles are not of mono-size, mono-density
nature and have size distribution even in close size-
ranges. It was used to determine the range of superfi-
cial velocity for all size-ranges and bed heights (packed
and fluidized beds) to study the fluidization behavior
of coal particles under study.

ii. Mathematical correlations used in this study assume
particles are operating under certain conditions inside
fluidization column. Comparison of experimental and
predicted pressure drop and minimum fluidization
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velocity values revealed that experimental values were
closest to values predicted using Ergun’s equation.

iii. Optimum result, with a maximum separation efficiency
of 27.71%, was achieved at operating set of conditions
of feed size-range: -1000 + 850 pum, bed height: 10 cm,
superficial velocity: 3.54cm/s and overflow tap height:
12cm. Results were satisfactory for achieving certain
ash rejection and thus liquid-solid fluidization tech-
nique can be suggested for coal cleaning and coal tail-
ings utilization for the recovery of carbonaceous values.

iv. An artificial neural network model was developed
using Levenberg-Marquardt method as training algo-
rithm, LOGSIG as transfer function and MSE as per-
formance function. All R values of 0.9960, 0.9952 and
0.9944 obtained for responses ash rejection, combust-
ible recovery and separation efficiency respectively,
suggest that predicted data are in agreement with target
(experimental) data. Thus, the developed ANN model
can be recommended for process modeling and per-
formance  analysis  of  liquid-solid  fluidized
bed separators.

v. Order of significance obtained from two methods of
sensitivity analysis, Garson’s algorithm and connection
weight approach, show the variability in influence of
input parameters for individual responses. Rankings
obtained state that the order of significance of input
parameters and the most sensitive parameter should be
maintained more carefully to achieve superior perform-
ance of the fluidized bed separator followed in the
given order.

Limitation of this study is that an empirical model is not
applicable for general purpose and is suitable for specific
cases. The model developed will only be suitable for Indian
high ash and high NGM complex non-coking coal. The
developed ANN architecture can then be extended for con-
trolling the continuous liquid-solid fluidization systems. For
doing that, the present ANN model has to be modified
(small modification is required) to include the continuous
training of ANN with the changing input data set. However,
this is beyond the scope of the present manuscript for which
industrial data from continuous liquid-solid fluidization sys-
tem is required.
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