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Abstract

Drying kinetics data for convection drying of industrially prepared roof tile clay slab were approximated with different mathe-
matical models. Applied conventional model analysis enables evaluation of main transport properties: effective diffusion coefficient,
mass and heat transfer coefficients, thermal conductivity, drying constant, and exponential model parameters. A neural network-

based drying model was established using backpropagation algorithm for dynamics modelling of moisture content and temperature
of thin clay sample. Obtained results confirm the assumption that both, the heat and mass transfers, are under external conditions.
Very small values of Biot numbers confirm that fact. Drying air temperature and initial moisture content of clay strongly influence

the drying kinetics and transport properties. The dependence between the drying air temperature and evaluated transport properties
shows an exponential trend. Tomas and Skansi exponential model parameter, n, is independent from temperature. At lower values
of initial moisture content of clay higher drying rates are achieved, which results with higher values of calculated transport prop-

erties. It was shown that neural network as an alternative method has potential for modelling the drying process and predicting
drying dynamics based on experimental data.
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1. Introduction

The separation of liquid from a moist material may be
carried out in a rough mechanical manner, without
phase change, or by heat supply, i.e. thermal drying.
Thermal drying is an important thermal separation
technique used in most technical fields, for example
pharmaceutical, foodstuff, ceramics, and paper indus-
tries. Heat may be supplied to a wet material by con-
ventional heating methods (convection, conduction,
radiation) or high frequency heating. Among many
drying processes, convection drying is mostly used[1].
Due to different properties associated with different

moist product, it follows that there are many process
variations and dryer designs. In the thermal drying
processes, heat and mass are simultaneously transferred.
The course and time of drying process depend on drying
conditions, on temperature and moisture profiles devel-
oped during the drying process, and above all, on
moisture movement in the material. Moisture move-
ment is governed by the properties, form and size of the
product and the type of moisture bond in the material.
Mathematical modelling of the drying process is very
difficult or impossible due to the different and changing
states of the moist product during drying. To date, no
uniform design concept for dryers exists.
Drying is a complex process involving simultaneous

heat, mass and momentum transfer phenomena, and the
effective models are necessary for process design, opti-
misation, energy integration, and control. The develop-
ment of mathematical models to describe the drying
processes has been the topic of many research studies
for several decades. Presently, more and more sophisti-
cated drying models are becoming available, but a
major question that still remains is the measurement or
determination of the parameters used in the models.
The estimation of necessary parameters should be fea-
sible and practical for general applicability of the drying
model [2].
For detailed description of the drying process, except

knowing the drying kinetics, it is necessary to determine
the influence of altering process conditions on essential
process parameters (drying rate, process duration,
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transport properties) [1,2]. The first step is to choose a
mathematical model that describes process kinetic. The
applicability of the models has to be substantiated by
comparing obtained mathematical solutions with
experimental results.
Developing traditional models based on first princi-

ples is typically very time-consuming, and it is difficult
for achieving accurate results with them.The neural
network approach provides a method to develop a
dynamic model that accounts for the instabilities and
unsteady-state operating conditions. To develop such a
model, the moving-window network architecture is used
[3]. The standard approach to the neural network mod-
elling of time-dependent processes uses a ‘‘black box’’
model, which requires no previous knowledge of a sys-
tem or a process. This type of model utilizes previously
recorded input/output processing patterns to predict
future responses to a given set of operating conditions.
The aim of this article was to test applicability of

several mathematical models (conventional and non-
conventional) to drying kinetics of convection drying of
a thin clay plate. The influence of air temperature and
initial material moisture content on the drying kinetics,
transport properties and exponential model parameters
were also examined.
2. Theory

Drying data, time varying moisture content and tem-
perature of the material were approximated with several
conventional (thin-layer equations, Fick’s and Fourier’
equations) and one non-conventional (neural network-
based) model.
2.1. Conventional mathematical models

Mathematical models usually describe drying kinet-
ics that involve transport properties as model
parameters.
The so-called thin-layer equation [2,4,5] has the fol-

lowing form (Model 1):

dX

dt
¼ �K� X� Xeq

� �
ð1Þ

In this equation K, s�1 is drying constant, and is the
most suitable quantity for purposes of design and opti-
misation of drying process.
Page [4] and Tomas and Skansi [6,7] added an expo-

nent n to time, to more precisely describe changes in the
experimental data (Model 2):

dX

dt
¼ �k�n�t n�1ð Þ � X� Xeq

� �
ð2Þ

where k and n are parameters influenced by the process
conditions, material properties and dominant transfer
mechanism.
A third mathematical model used for approximation

of experimental data is based on Fick’s equation of
unsteady-state diffusion [2,8]:

@X

@t
¼ r DeffrXð Þ ð3Þ

The solution of Fick’s equation for a slab is obtained
assuming constant diffusivity and convection boundary
condition (Model 3):
To determine resistances of heat transfer (thermal

diffusivity, heat transfer coefficient) II Fourier’s law
[9,10] is used (Model 4):
Nomenclature

Symbols
a thermal diffusivity, m2 s�1

Bi Biot number
d pore diameter, m
Deff effective moisture diffusion coefficient, m2 s�1

hH heat transfer coefficient, W m�2 K�1

hM mass transfer coefficient, m s�1

�H latent heat of evaporization, Jk g�1

k parameter in model 2, s�1

L half thickness of a slab, m
K drying constant, s�1

n parameter in model 2
q(d) frequency of pores with diameter d
Q(d) cumulative fraction of pores, %
R drying rate, kg m�2 s�1

t time, s
T temperature, �C
x slab thickness, m
X moisture content, kgw/kgdm

Greek symbols
l thermal conductivity, W m�1 K�1

� density, kg m�3

� mean square deviation

Subscripts and superscripts
calc calculated
dm dry material
eq equilibrium
H heat
M mass
m material
max maximal
s saturation
w water
0 initial
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@T

@t
¼ r arTð Þ ð4Þ

The transport properties (effective diffusion coeffi-
cient, mass and heat transfer coefficients, thermal con-
ductivity) and drying constants are estimated as
parameters of the selected mathematical models [Eqs.
(1)–(4)] by fitting them to experimental data.
Proposed model parameters are determined by

regression analysis. To test fitting of experimental data
to the model, the mean square deviation has been used.

�X ¼
1

n

X
i

Xi;calc � Xi
Xi

� �2

�T ¼
1

n

X
i

Ti;calc � Ti
Ti

� �2

ð5Þ

Criterion for determination of controlling mechanism
of mass and heat transfer was Biot number [2,9]:

BiM ¼
hMx

D

BiH ¼
hHx

l
ð6Þ
Given boundary conditions (Model 1 and Model 4)
assumed that there are significant external resistances
to heat and mass transfer. If Biot number is smaller
than 0.1, the drying process is externally controlled
[2,9,10], which means that internal resistance to mass
and heat transfer is negligible. In the case of porous
materials with large pores and for thin plates, the con-
dition Bi<0.1 is often fulfilled. At small Biot numbers
the surface temperature and the moisture content dif-
fers little from the temperature and the moisture con-
tent in the centre of the slab. This results in uniform
distribution of temperature and moisture across the
slab.
Fig. 2. Scheme of the laboratory test device for convective drying: 1—

samples; 2—digital balance; 3—digital thermometer; 4—dryer cham-

ber; 5—insulation.
Fig. 1. Pore size distribution (histogram and cumulative plot).
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2.2. Neural network application

The undertaken experimental research served as a
base for the application of recurrent neural network,
having purpose in its utilisation for modelling of drying
process dynamics. The network was trained using back-
propagation algorithm applying cascade learning by use
of genetic algorithm in the building of hidden layer
structure [11]. The number of hidden nodes was opti-
mized to achieve the best possible performance.
Cascade learning algorithm starts off with no hidden
process elements, only connection are direct connec-
tions from the input layer (and the bias) to the output
layer; hidden units are added one a time. Purpose of
each new hidden unit is to predict the current
remaining output error in the network. Hidden pro-
cess elements (PE) receive input from all previous
hidden process elements as well as from the input
buffer; in other words, the hidden layer has cascade
connection.
Fig. 3. The influence of air temperature on drying kinetics of clay at constant initial moisture content (X0=0.18 kgw/kgdm).
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3. Materials and methods

3.1. Materials

Material used in the experimental measurements was
an illite-montmorillonite clay (�=2278 kg/m3) contain-
ing the quartz, kaolin, feldspat and iron hydroxides.
Thin 65�55�2 mm plates (slabs) were cut of from a raw
industrially shaped, flat roof tile. Initial moisture ratio
was 18%–22% (wet basis).
The clay gives 1.4–6.1% of the residue on a sieve of
104 holes/cm2, and 30% of particles are less than 2 mm.
The drying shrinkage 7–8%, which points to the sig-
nificant sensitiveness of that clay while drying [12].
Pore size distribution has been determined by nitro-

gen adsorption within the material by ASAP 2000 sys-
tem. Pore size analysis gives cumulative adsorption
surface area of 32.46 m2/g, cumulative adsorption pore
volume of 0.05276 cm3/g, micropore volume of
0.000867 cm3/g, and average pore diameter of 65.013 A.
Fig. 4. The influence of initial moisture content of the material on drying kinetics of clay at constant air temperature (T=70 �C).
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Porosity of dry illite-montmorillonite clay was "=0.11.
Pore size distribution is given in Fig. 1.
Equilibrium material moisture content at given tem-

peratures was determined from the sorption isotherms
evaluated by Tomas [12].

3.2. Experimental setup

Measurements were carried out in the convective drier
shown in Fig. 2. The superficial air velocity had a con-
stant value of 0.43 m/s with the relative humidity of 67%.
There were 20 experiments carried out at various

temperatures (30, 35, 40, 45, 50, 55, 60 and 70 �C).
Material samples had different initial moisture contents
from 0.17 up to 0.25 kgw/kgdm . The mass and tem-
perature change of the wet sample were measured con-
tinuously during the drying process. Two identical
samples were used in order to measure the mass and
temperature during the drying process.
It was shown earlier, even for a sample with dimen-
sions 138�65�16 mm, that there is no temperature
gradient within the material [12].
4. Results

In order to determine the transport properties and the
most appropriate mathematical model, the drying
kinetics of the illite-montmorilonite clay were analysed
Fig. 5. Applied recurrent neural network architecture for moisture content.
Table 1

The parameters of the neural network performance
Avg. Abs.
 Max. Abs.
 RMS
X(t)
All
 0.00112
 0.0118
 0.0017
Train
 0.00114
 0.0115
 0.0018
Test
 0.00105
 0.0118
 0.0016
T(t)
All
 0.272
 2.77
 0.495
Train
 0.287
 2.77
 0.535
Test
 0.238
 1.53
 0.385
Table 2

Calculated (Tomas and Skansi model) and measured values of max-

imum drying rate and critical time
T, �C
 30
 40
 50
 60
 70
(dX/dt)max,calc, kgw/kgdmmin 10�3
 2.22
 3.67
 4.95
 6.25
 8.76
(dX/dt)max,exp, kgw/kgdmmin 10�3
 1.99
 3.15
 4.17
 5.69
 9.25
tc,calc, min
 14
 9
 5
 5
 3
tc,exp, min
 30
 23
 17
 7
 4
Table 3

Mass and heat transfer resistances
T, �C
 Mass transfer resistance
 Heat transfer resistance
1/hM�10�6,

s/m
L/Deff�10�4,

s/m
1/hH,

m2K/W
L/l,
m2K/W
30
 3.07
 6.49
 3.623
 0.0244
40
 2.42
 5.99
 2.949
 0.0204
50
 1.83
 1.17
 2.262
 0.0156
60
 1.47
 0.94
 1.786
 0.0126
70
 1.27
 0.43
 1.504
 0.0106
646 A. Sander et al. / Ceramics International 29 (2003) 641–653



on the laboratory scale. Transport properties (effective
diffusion coefficient, thermal conductivity, heat and
mass transfer coefficients, drying constant, parameter k
and n) were determined from experimental data, as
parameters of proposed conventional models.
The influence of drying air temperature and initial

moisture content on drying kinetics of convective dry-
ing of clay are shown on Figs. 3 and 4. Since the initial
moisture content varies a little (for a given initial
value) the time dependent moisture content curves are
presented in a normalised form. Increase of hot air
temperature results in steepest functional dependence
(X(t)�Xeq)/(X0�Xeq) (higher drying rates), reducing the
drying time, for a given initial moisture content. At
lower temperatures existence of the constant drying
rate period is visible. This period is longer for lower
temperatures. For experiments carried out at tempera-
tures higher than 60 �C, the constant drying rate period
does not longer exist, because the process reaches its
maximum drying rate for a very short time (3–6 min),
Fig. 6. Aproximation of experimental data, X(t), with proposed mathematical models (X0=0.18 kgw/kgdm).
A. Sander et al. / Ceramics International 29 (2003) 641–653 647



and then its rate exponentially decreases. Since initial
moisture content affects the drying kinetics, experi-
ments were performed at three different initial moisture
contents. When initial moisture content is lower, the
maximal drying rate is higher and drying time is
reduced.
The neural network input layer includes the initial

moisture content, X0, the temperature of the air stream,
Ta, and the time-dependent variable: the moisture con-
tent in the last five time steps, X(t��t),. . .,X(t�5�t),
and the sample temperature in the last five steps,
T(t��t),. . .,T(t�5�t). The output layer includes pre-
dicted future moisture content and the temperature
sample during the drying process. Prior to building the
network, data that will be used for network training,
and testing have been selected. The neural network has
afterwards been built within hidden layers by adding
hidden nodes. Final network architecture, which has
Fig. 7. Aproximation of experimental data, T(t), with proposed mathematical models (X0=0.18 kgw/kgdm).
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been built by adaptive gradient learning algorithm with
sigmoid transfer function, has one hidden layer consist-
ing of eight nodes. The network structure for dynamic
modelling of moisture content is shown in the Fig. 5.
The neural network for prediction of sample tempera-
ture has a similar structure. Finally, the network
performance was tested. After network constituting and
training, its work has been checked using previously
selected testing data sets. This procedure has been
undertaken using NeuralWare software package ‘Pre-
dict’ and ProfII/Plus.
All the measures in Table 1 are calculated on the real

world target outputs. Avg. Abs. is the average absolute
error between the target output and the prediction.
RMS is the root mean square error between the target
output and the prediction. Finally, the neural network-
based model was compared with obtained data using
conventional models.
As mentioned earlier, all applied mathematical mod-

els involve material equilibrium moisture content so its
values were determined by means of sorption isotherms
for a given material.
In order to find out which of applied models bet-

ter correlates experimental data, parallel survey of
measured and calculated data (conventional and
nonconventional models), for initial moisture content of
about 0.18 kgw/kgdm, is show in Fig. 6. The best corre-
lation for mass transfer is achieved with the neural net-
Fig. 8. The influence of drying conditions on effective diffusion coefficient and mass transfer coefficient.
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work based model, even though all models are compa-
tible with the experimental data. The mathematical
model, T(t), for heat transfer also correlates highly with
measured material temperature (Fig. 7). Deviation
between measured and calculated data for all conven-
tional models is higher at lower process temperatures.
This can be explained with non-existence of a constant
rate period at higher temperatures. Concerning the type
of proposed conventional mathematical models (expo-
nential), the differential form of those equations cannot
indicate the existence of a constant rate period
(equations has one maximum). That results in slight
differences between calculated (Tomas and Skansi
model) and experimental values (Table 2).
Since properties and behaviour of materials during
drying depend on porous material structure, the pore
size distribution of illite-montmorilonite clay was deter-
mined. As mentioned earlier, the micropore portion is
negligible. This fact was taken into account when
boundary conditions were defined. As expected, the
drying process is governed by the external resistances to
heat and mass transfer (because of the inner pore struc-
ture and sample geometry—thin plate). Obtained Biot
numbers, for both mass and heat transfer, are very
small (BiM ranges from 3.42�10�3 to 2.12�10�2; BiH
from 1.4�10�4 to 1.5�10�4). The surface temperature
and moisture content differ little from their values at the
centre of the slab, so temperature and moisture dis-
Fig. 9. The influence of drying conditions on drying constant and parameters k and n.
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tribution across the material is uniform. The rate of
heating and dehumidification depend only on the inten-
sity of heat and mass transfer at the solid/air interface,
so the process of mass and heat transfer is externally
controlled. To substantiate that, resistance to heat and
mass transfer are shown in Table 3. It can be seen that
external resistances, 1/hM and 1/hH, are much larger
than internal resistances, L/l and L/Deff.
The influence of drying air temperature and initial
moisture content of material on approximated values of
transport properties, parameters k and n, and maximum
drying rate are presented in Figs. 8–11. The increase of
temperature, for a given initial moisture content, causes
an exponential increase of the effective diffusion coeffi-
cient, thermal conductivity, heat transfer coefficients
and parameter k, while the mass transfer coefficient and
Fig. 10. The influence of drying conditions on thermal diffusivity and heat transfer coefficient.
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drying constant increases linearly. Parameter n is inde-
pendent of temperature.
Exponential dependencies of the above parameters

are probably caused by the exponential temperature
dependence of vapour pressure inside the material
(Antoine Reid correlation). It was shown earlier that
parameter n value depends on the way that heat is
supplied to a material (drying method) [13]. The max-
imum drying rate also increases exponentially with
temperature, while critical time (the beginning of fall-
ing rate period) decreases. Similar relations were
obtained when the influence of initial moisture content
on evaluated parameters were analysed. Higher values
of transport properties, Tomas and Skansi model
parameter k and maximum drying rate were achieved
at lower initial moisture contents. Initial moisture con-
tent slightly affects Tomas and Skansi model parameter
n (exponent on drying time).
Fig. 11. The influence of drying conditions on maximum drying rate and critical time.
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5. Conclusion

This paper argued conventional mathematical mod-
els, and a neural network-based model in describing the
drying kinetics of thin industrially prepared clay plate,
in isothermal conditions.
Effective diffusion coefficient, mass and heat transfer

coefficients, thermal conductivity, drying constant, and
exponential model parameters in isothermal condition,
being the main transport properties of thin clay plate
were approximated, and correlated with drying condi-
tions (drying temperature and initial moisture content).
The influence of air temperature, and initial material

moisture content on the drying kinetics, transport
properties and exponential model parameters were ana-
lysed. Increase in temperature causes increase of all the
coefficients, except for exponential model parameter, n,
that is independent of temperature. Higher values of
transport properties, Tomas and Skansi model para-
meter k and maximum drying rate were achieved at
lower initial moisture contents. Initial moisture content
slightly affects Tomas and Skansi model parameter n
(exponent on drying time).
Very small Biot numbers, less than 0.1, for both heat

and mass transfer, indicate that the heat and mass
transfer are under external conditions.
Good fitting between experimental results and process

models has been found.
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