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paper [Reyes, A.; Alvarez, P.; Marquardt, F. Drying of carrots in a
fluidized bed: I.- effects of drying conditions and modeling. Drying
Technology 2002, 20 (7), 1463-1483.]. Simulated drying curves
obtained with this model fits adequately the curves determined
experimentally for the most operation conditions, which would
indicate that this model is appropriate to be used for rough estima-
tions in the design, the selection of optimal operational conditions,
and the scaling up of dryers.

Key Words: Drying modeling; Neural networks; Drying
simulations.

INTRODUCTION

The drying of particulate solids is a complex operation, since it
involves the consideration of simultaneous heat and mass transfer,
together with the characteristics of the dryer, the nature of the feed
material, the type of the air/feed contact, and the way in which the
energy is added to the system. To model such a process, it is necessary
to have good estimates of the rate of drying, the coefficients
of heat transfer, and the time of residence in the dryer.[* This information
has to be complemented by a complete knowledge of the physical
characteristics as well as the physical-chemical properties of the solids
involved.

Correlations to estimate the involved parameters only cover the
traditional types of dryers. In general, they do not include data about
the secondary geometry of the equipment, the type, form, size and initial
moisture of the feed material, etc. The incorporation of these variables in
the process models has usually been in empirical forms.

Drying processes are usually divided into two periods:

1. Constant rate drying: In this first period, the drying rate is only
determined by external conditions (temperature, flow, and
humidity of the drying air).

2. Falling rate drying: In this period, the drying rate diminishes
continually and is determined by the internal flow, of liquid
and/or vapor, in response to the external conditions.

In both periods, drying takes place through different combinations of
different steps of diffusion of the moisture. In the case of foods, the usual
approach to modeling mass transfer is to use the concept of effective
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diffusivity (D.), which allows describing the diffusion of moisture by
Fick’s second law:

X

==V (D,VX) (1)
Equation (1) can be integrated for different geometric forms and different
initial conditions for the boundary.™

These solutions do have a phenomenological base, but they do not
include all the above-cited operational variables. An alternative to
this approach is the use of nonparametric models, which by the use of
arbitrary mathematical functions make it possible to describe the drying
process with the direct inclusion of the operational parameters of the
dryer.

Among these nonparametric models, the neural networks have
become interesting in the last few years due to their capacity to correlate
efficiently multidimensional non-linear spaces. Neural networks were
already applied to model drying processes by Huang and Mujumdar,™
Heyd et al.l’) and Jay and Oliver.[) Although the work of these authors
has demonstrated that neural networks can be used to predict drying pro-
cesses, their adjustment requires a great amount of experimental data, and
even so, they do not give any additional information about the mecha-
nism involved in the process. Due to the limited amount of data and
noise in the data, the network outputs may not conform to the process
constrains. This inconsistency becomes more severe as the network makes
predictions beyond the limits of the training data (extrapolates).

Currently, researchers are investigating several designs and training
approaches to include prior knowledge into neural networks.'”” These
approaches exploit the knowledge available prior to receiving process
data and attempt to reduce the dependence on noisy and sparse data.
In one of their works,™ propose the following structures, as informed in
Table 1.

In Design Approaches, prior knowledge dictates model structure.
This reduces the dimensionality of the parameter space. In Training
Approaches, prior knowledge dictates the form of the parameter estima-
tion problem. This reduces the feasible region of the parameter space.

For drying processes, this prior knowledge can be included as a semi-
parametric design approach in the form of balance equations®'” or as
modular design approach where the network structure is designed follow-
ing some process mechanism (or process concept). As an elaboration of
this last methodology,!'""'? developed a so called Generalized Drying
Model (GDM), in which the architecture of the network was designed
to weight the contribution of the internal and external resistances in the

T1
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process, giving good results for the simulation of the drying of fish meal
in an indirect dryer, when compared with experimental data.

In the present paper, the GDM structure was applied to model and
simulate the batch drying of carrots in a fluidized bed under different
operating conditions (air velocity and temperature). The drying of the
carrot particles is accompanied by significant volume contractions,
caused by changes in their microstructure due to gradients of moisture, !
which creates complications in a phenomenological model of the process
based on equations. As it was mentioned, the GDM model can be ade-
quate to describe the drying profile considering the global aspect of the
operation, such as, input variables and transport resistances.

GDM NEURAL NETWORK ARCHITECTURE

The architecture of the GDM network is based on the work of
Cubillos et al.l'!l which defines a feed-forward neural network, in
which the hidden layer is made up by two sub-layers, one of linear and
the other of sigmoidal nodes, as shown in Fig. 1(a). In this architecture
the inputs to the net are time and all the external variables of the drying
process. The linear and sigmoidal sub-layers represent the external
and internal resistances respectively, while the single output node weights
both resistances to yield the solid’s moisture content. So, the drying curve
(moisture content vs. time) can be obtained for different operational
conditions.

Lineal
Sub-layer

External
Inputs

éigmoidal
Sub-layer
a b

Figure 1. Model architectures: (a) General GDM model; (b) Model selected in
this work.
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In the GDM sigmoidal sub-layer, the activation functions in each
node are given by:

S[f1=1/(exp(=/)) 2
Where “f”, the node confluence, expressed by:
f=0xU+b 3)

U represents the input vector to the node, b the bias, and ®, the synaptic
weights.

For the linear sub-layer, the activation functions are the node
confluence only, that is:

Lif1=s “)

The GDM output, that is, the solid’s moisture content, is
obtained by:

X =0F«L[f]+ O % S[f] (5)

EQUIPMENT, MATERIALS, AND
EXPERIMENTAL METHODS

Equipment

The fluidized bed chamber (Fig. 2) consists of a truncated conical
base section with a 0.25m bottom diameter and a 0.5m upper diameter
(angle of 11°), and a 1m high cylindrical column. The base section
contained a blade agitator, connected through a vertical shaft to a
1/4 HP variable-speed motor. A motor of 10 HP powers the air blower.
More details can be obtained in Reyes and Navarro.['

Materials

The drying experiments were carried out with the Chantenay variety
of carrots (Daucus Carota). Water washed carrots were peeled manually
and cut into 3-mm slices by an electric sausage slicer, and then manually
into 9mm squares, which had a moisture content of 13.9 (kg water/kg
d.b.). To minimize the enzymatic reactions, the samples were blanched in
water for 8 min at 90°C, which resulted in an observed loss of 11% of the
mass of the solids by dissolution, which agree with the observation by

F2
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Figure 2. Flow sheet of the dryer. A. Heater, B. Fluidization chamber, C. Variable
frequency motor, D. Cyclone, E. Centrifugal blower, F. Sampling port.

Kincal and Kayman,!"” and which they assigned to sucrose diffusion and
reduction of sugars, and which could be increased with the blanching time.

Drying Procedure and Determination of Particle Shrinking

A batch of 3 kg of the blanched parallelopiped particles, with a mois-
ture content of X,~ 15.4 (kg water/kg d.b.), was dried at pre-established
temperatures, air velocities and rate of agitation, with samples taken
every 2min at the beginning, and every Smin in the later stages of the
process. Lots of 10 or 20 particles of each sample were submerged in a
toluene-containing burette, to determine their volume, and the moisture
content was determined in similar additional lots by standard gravimetric
methodology at 80°C.

RESULTS

In a previous paper,!'! the experimental data was reported, corre-
sponding to 26 drying runs. The mean experimental error reported was
6% where the mayor deviations were observed in the first Smin of the
drying, due to a certain heterogeneities of the bed, since at high moisture
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content, the movement of the particles is not enough to guarantee a good
fluidization. In this work, a set of 12 drying curves with different inlet
temperatures (70, 90, 100, and 120°C), and air velocities (1.1, 1.7, and
2.2m/s) were selected, with 233 experimental data points. Mechanical
agitation practically did not influence the drying curves, therefore this
variable was not included in the present study.

GDM Model

The GDM architecture was synthesized considering time, air velocity,
and inlet temperature as inputs, and the dimensionless moisture content
(X) as output.

The two hidden sub-layers have linear and sigmoidal nodes with their
corresponding biases.

The best architecture of the network was determined by looking
for the optimal number of nodes in each hidden sub-layer, which mini-
mizes the error between the predicted and the experimental moisture
content. The design of the network, its programming and training were
carried out by means of the neural network toolbox of Matlab.

The resulting architecture is shown in Fig. 1(b), were only a single
node for each sub-layer in the network is adequate to reproduce the
experimental process data. For this structure, the output of the network,
expressed as moisture content, is given by the following equation:

X =0« L[O] « U +b'1+ O % S[O] x U + 5] (6)

Output weights values are reported in Table 2. The values are 1.088 for
the sigmoidal sub-layer and 2.627 for the linear sub-layer. These values
indicate that both resistances are present in the process, and that the
external resistance (convective) could be more important one.

Prediction of the Drying Curve

In Fig. 3, the values determined experimentally for the exit moisture
are compared with those calculated on the basis of the neural network

Table 2. Outputs weight values.

Linear layer Sigmoidal layer

OF=2.627 05=1.088

T2

F3
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1.0

0.8
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0.4

X/Xo Mod.

0.2

0.0

T T T T T T T T T
0.0 0.2 04 0.6 0.8 1.0
X/Xo exp.

Figure 3. Experimental and simulated moisture content.

104, . GDM Model
| T=90C A
2 . T=100C .
0.8 44 T=120°C .

=
40 50

Time (min)

Figure 4. Experimental and modeled drying curves for V"'=2.2 (m/s).

with the selected architecture. It can be shown that the model is able to
fit reasonably the experimental data without biases and exhibits a good
performance in the extreme points. The total fit has a cumulative sum
squared error of 0.0052.

With the GDM model, it is possible to obtain the drying curves for
different operating conditions, as shown in Figs. 4 and 5, where the

F4 F5
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1.0

GDM Model
0.8 - NN V=115 ®
V=17 ms) @
A V=22 (mfs) A
0.6 Aa
o
S
5
0.4
0.2 1
0.0 - - - T r
0 10 20 30 40 50 60

Time (min)

Figure 5. Experimental and modeled drying curves for 7="70°C.

1.0
T=100"C—V=2.0 (m/s) —e—
T=10'C-V=22 (mfs) —o—
0.8
S 0.6
s
s
0.4
0.2
0.0 T T T T 7
0 10 20 30 40

Time (min)

Figure 6. Simulated drying curves for others operation conditions.

experimental data are presented together with the calculated data for
several air velocities and inlet air temperatures. Results show reasonable
concordance between calculated and the experimental data, with
maximum deviations for the prediction for 90°C, especially for the
points collected before Smin of drying. Besides, most of the predicted
curves show the typical S-shape, which is characteristic of drying
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processes with combined resistances, and Fig. 5 shows how they are
influenced by the air velocity.

In addition, Fig. 6 shows how the GDM model can be used to predict
drying curves for other operational conditions allowing the use for
optimal design and operations.

CONCLUSIONS

This work shows that the GDM neural model can be used for mod-
eling and simulation of drying processes difficult to model by traditional
approaches. This model, in general yields satisfactory predictions for the
drying curves for different combinations of operating conditions, and can
be used for rough estimations, reducing time consuming and costly
experiment. In order to improve the accuracy of the GDM approach it
is necessary altering the NN model or using hybrid schemes.

NOMENCLATURE
b Bias vector (—)
D, Effective moisture diffusivity (m?/s)
f Node confluence (—)
S[-] Sigmoidal activation function (—)
L[] Linear activation function. (—)
T Drying temperature (°C)
U Input vector (Time, Inlet Temperature, Air velocity)
v Air velocity inside of the drying chamber (m/s)
X Moisture content, d.b. (kg water/kg d.b.)
X, Initial moisture content, d.b. (kg water/kg d.b.)
0 Drying time (min)
oF Weights between linear sub-layer and inputs (—)
o7 Weights between sigmoidal sub-layer and inputs (—)
or Weights between linear sub-layer and output node (—)
o35 Weights between sigmoidal sub-layer and output node (—)
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