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Preface

A theoretical analysis of the methods for chemical engineering processes modeling
is presented. The methods for modeling specific processes may be different, but in all
cases, they must bring the mathematical description closer to the real process by
using appropriate experimental data. These methods are presented in the cases of
co-current absorption column without packings, counter-current absorption column
with random packings, and modeling of processes with unknown mechanism.

The successful ethanol fermentation from lignocellulosic substrates is impeded
by the fact that cellulose and hemicellulose must be digested by different strains;
hence full substrate utilization is not possible by one microbial strain in one process.
That is why these two polysaccharides should be treated separately by different
microbial strains. The simplest way to accomplish these processes is to use a
bioreactor with separated compartments where cellulose and hemicellulose are
fermented by different strains: Saccharomyces cerevisiae for hexoses from cellulose
and Pichia stipitis for pentoses from hemicellulose. In the present work such a
two-step process is modeled for a continuous operation. As substrates glucose
(ahexose) and xylose (a pentose) resulting of acid pretreatment of the ligno-cellulose
are used. The addition of the produced ethanol in the first compartment to the second
one as starting substrate and its inhibition impact are taken into account. The dilution
rate, the initial substrate concentration, and the inhibition effects are considered too.
Mathematical models describing these fermentation processes are composed and
used for kinetic parameter estimation from own experimental data. Both product and
substrate inhibitions are taken into account. It is demonstrated that the simultaneous
glucose and xylose fermentation to ethanol by the strain Pichia stipitis is success-
fully described by the composed model. The conversion from monosaccharides to
ethanol takes place with a yield of 70%.

A new approach for the chemical processes modeling in column apparatuses is
presented in industrial column apparatuses. An exact approach for solutions of the
equations in the convective-type models is used. The use of experimental data, for
the average concentration at the column end, for a concrete process and column,

vii
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permits to be obtained the model parameters, related with the radial non-uniformity
of the velocity. These parameter values permit to be used the average-concentration
model for modeling of chemical processes with different reaction rates.

The designing mathematical model of an integrated bioethanol supply chain
(IBSC) that will account for economic and environmental aspects of sustainability
is presented. A mixed integer linear programming model is proposed to design an
optimal IBSC. Bioethanol production from renewable biomass has experienced
increased interest in order to reduce Bulgarian dependence on imported oil and
reduce carbon emissions. Concerns regarding cost efficiency and environmental
problems result in significant challenges that hinder the increased bioethanol pro-
duction from renewable biomass. The model considers key supply chain activities
including biomass harvesting/processing and transportation. The model uses the
delivered feedstock cost, energy consumption, and GHG emissions as system
performance criteria. The utility of the supply chain simulation model is demon-
strated by considering a biomass supply chain for a biofuel facility in Bulgarian
scale. The results show that the model is a useful tool for supply chain management,
including selection of the optimal bioethanol facility location, logistics design,
inventory management, and information exchange.

The integration of energy and mass processes is one of the most powerful tools
for creating sustainable and energy-efficient production systems. Process integration
covers a wide range of system-oriented methods and approaches that are used in the
design and reconstruction of industrial processes to obtain optimal use of resources.
Traditionally, methods have focused on energy efficiency, but more recently they
have also covered other areas, such as the integration of mass processes for the
efficient use of water and other resources. In production systems with batch pro-
cesses, the task of energy integration is significantly more complex due to the
presence of predominantly low-potential heat, which until recently was considered
not to be recoverable. In addition, the periodic and discrete nature of heat sources
and recipients imposes additional constraints that require process coordination. Two
main approaches for thermal integration of periodic processes are defined, direct and
indirect:

1. Direct heat integration determines the existence of heat exchange between tech-
nological flows that occur simultaneously over time. This approach to heat
recovery requires adherence to a strict production schedule to ensure energy
efficiency and product quality. In the chapter different variants for direct heat
integration are considered, with recirculation of the main fluids, or with the use of
intermediate heating and cooling agents. The corresponding mathematical
models are derived.

2. Indirect heat integration determines the existence of heat exchange between flows
that do not occur simultaneously in the system. This approach uses intermediate
fluids and a heat storage system (heat tanks) so that the heat can be stored,
transferred, and utilized in a future period of time. It allows the heat exchange
process to be less limited and less sensitive than schedules and provides some
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operational flexibility. The possibilities for heat integration with the use of one
common cold/hot heat tank and two separate ones but with a common heating/
cooling agent are considered. The respective mathematical models are also
presented.

Traditional approaches to modeling real chemical engineering processes are
based on fundamental chemical and physical laws, which include nonlinear alge-
braic and differential equations. From a computational point of view, these equations
have some difficulties with regard to the numerical methods used for their approx-
imation, as well as with the achievement of the desired accuracy of the calculations.
In recent years, there has been a growing interest in the application of the Artificial
Neural Networks (ANNs) method to solve a number of problems in the field of
chemical engineering related to fault detection, signal processing, modeling, and
control of chemical and biochemical processes in which traditional modeling
methods have difficulty and it is even impossible to develop physical models with
acceptable errors. Their main advantage is that they work only with data on the input
and output values of the process parameters. One model can be used to generate
multiple outputs. Once the neural network model is adequately trained and validated,
it is able to make predictions for new data about the input values of process
parameters that were not used in the development of this model. This chapter
presents the main characteristics of ANNs, the choice of architecture, the process
of training and validation of ANN models, as well as several types of ANNS, such as
feed-forward nets, recursive nets, and radial basis function nets and combined
models with examples of applications in chemical engineering.

Solar thermal energy is of intermittent and dynamic character, and efforts to use
this energy during non-sunshine periods are one of the current interests of
researchers. The research for the development of thermal energy accumulators has
prompted researchers towards the creation of compact solutions using latent heat
storage. Phase change materials as thermal energy accumulators are attractive
because of their high storage density and characteristics to release thermal energy
at constant temperature corresponding to the phase transition temperature. The
present chapter shows the recent state of the art on small-scale solar thermal dryers
integrated with phase change material as energy accumulators. This is an intensive
field of investigation for more than 30 years with importance for agriculture and food
industry especially in hot climate. A variety of commercial small-scale solar dryers
are offered as a low-cost, zero-energy solution for small farmers. And yet, there are
no commercial systems using latent thermal storage because at the present level of
development this unit will increase too much the price of the system, which
contradicts its purpose. The solution needs very simple design, accessible materials,
and optimal conditions for operation. The aim of the present chapter is to makes an
overview of the methods for theoretical evaluation and prediction, which are used to
design and assess these devices and to find the most appropriate of them for this new
solution. On the bases of modeling and simulation, it compares the most cost- and
energy-effective solar dryer systems with thermal storage among the great number of
designs, devices, and materials. The resulting conclusions from the collected and
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compared information will serve as prerequisites for a novel solution of a cost-
effective thermal energy storage for a small-scale solar dryer, which will lead to
improved efficiency of the drying process, due to controlled temperature and longer
operation time. This information might serve also in the development of the wider
field of thermal energy storage, which is an important part of the technologies of
renewable and waste energy conversion.

Sofia, Bulgaria Christo Boyadjiev
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The mathematical models of the industrial
processes

are relations between the physical models
and mathematical descriptions by
experimental data.
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Chapter 1 ®)
Introduction in the Chemical Engineering sz
Processes Modeling

Christo Boyadjiev

Abstract In the paper is presented a theoretical analysis of the methods for chem-
ical engineering processes modeling. The methods for modeling specific processes
may be different, but in all cases they must bring the mathematical description closer
to the real process by using appropriate experimental data. These methods are
presented in the cases of co-current absorption column without packings, counter-
current absorption column with random packings and modeling of processes with
unknown mechanism.

Key words Modeling - Physical model - Mathematical description - Experimental
data - Process kinetics - Thermodynamic approximation - Hydrodynamic
approximation - Boltzmann’s approximation - Absorption models - Guchmann’s
theorem

1 Prelude

The main problems in the chemical industry (biotechnology, heat energy) are the
optimal design of new devices and the optimal control of active processes, i.e.,
minimization of the investment and operating costs. These problems are solved by
chemical engineering with modeling methods [1].

The creation of the mathematical model begins with the formulation of the
physical model of the complex process, i.e., the definition of the simple processes
that make it up and the interactions between them. The second step is to define
simple processes that have mathematical descriptions (equivalent mathematical
operators). The other simple processes are introduced into the mathematical model
through quantitative information obtained from experimental data, which brings the
mathematical model as close as possible to the real process. The experiment brings
mathematics closer to physics (reality).

C. Boyadjiev (b))
Institute of Chemical Engineering, Bulgarian Academy of Sciences, Sofia, Bulgaria
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The optimal design and control in the chemical industry is uniquely related to
processes rates, so all mathematical descriptions of processes are linked to algo-
rithms to determine these rates, i.e., processes kinetics.

2 Industrial Processes Kinetics

The industrial systems consist of separate phases (gas, liquid, solid) in the industrial
apparatuses volumes. They are in thermodynamic equilibrium when the velocities,
temperatures, and concentrations of substances in the individual parts or points of the
phases are equal.

The processes in the chemical industry (biotechnology, heat energy) are a result
of the deviation of the systems from their thermodynamic equilibrium [2]. One
system is not in a thermodynamic equilibrium when the velocities, concentrations
of the components (substances), and the temperatures at the individual points in the
phase volumes are different. These differences are the result of reactions, i.e., of
processes that create or consume substance and (or) heat. As a result, the industrial
processes kinetics is equivalent to the reactions kinetics [3].

The presented analysis shows that processes in the chemical industry are result of
reactions that occur in the phase volume (homogeneous) or on the boundary between
two phases (heterogeneous). Homogeneous reactions are generally chemical, while
heterogeneous reactions are chemical, catalytic, physical and chemical adsorption,
interphase mass transfer in gas-liquid and liquid-liquid systems (on the interphase
surface the substance disappears from one phase and occurs in the other phase).
The rates of these processes are determined by the reaction kinetics [3], which lies at
the basis of modeling in chemical engineering, and solving the basic problems in the
chemical industry (biotechnology, heat energy).

3 Modeling

The basics of modeling in chemical engineering, as part of human knowledge and
science, are related to the combination of intuition and logic that has different forms
in individual sciences [4]. In the mathematics, the intuition is the axiom (uncondi-
tional statements that cannot be proven), while the logic is the theorem (the logical
consequences of the axiom), but logic prevails over intuition. In the natural sciences
(physics, chemistry, biology), the “axioms” (principles, postulates, laws) are not
always unconditional, but logic prevails over intuition too.

The processes in chemical engineering take place in the industrial apparatuses,
where gas, liquid, and solid phases move together or alone. They are described by
variables, which are extensive or intensive. In the case of merging of two identical
systems, the extensive variables are doubled, but the intensive variables are retained.
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In the chemical industry (biotechnology, heat energy), processes take place in
moving phases (gas, liquid, solid). Reactions (reaction processes) lead to different
concentrations (and temperatures) in the phase volumes and the phase boundaries.
As a result, hydrodynamic processes, diffusion mass transfer, and heat conduction
are joined to the reaction processes. Under these conditions there are various forms
of mass transfer (heat transfer) that are convective (as a result of phase movements)
and diffusion (as a result of concentration (temperature) gradients in the phases).

Convective mass transfer (heat transfer) can be laminar or turbulent (as a result of
large-scale turbulent pulsations). Diffusion mass transfer (heat transfer) can be
molecular or turbulent (as a result of small-scale turbulent pulsations).

Mathematical models of industrial apparatuses aim at determining the concentra-
tion of substances (flow temperatures) in the phases. They have different degrees of
approximation—thermodynamic, hydrodynamic, and Boltzmann’s approximations.

4 Thermodynamic Approximation

The processes in chemical engineering are the result of a deviation from the
thermodynamic equilibrium between two-phase volumes or the volume and phase
boundaries of one phase and represent the pursuit of systems to achieve thermody-
namic equilibrium [2]. They are irreversible processes and their kinetics use math-
ematical structures derived from Onsager’s principle of linearity. According to him,
the average values of the derivatives at the time of the extensive variables depend
linearly on the mean deviations of the conjugated intensive variables from their
equilibrium states. The principle is valid close to equilibrium, and the Onsager’s
linearity coefficients are kinetic constants. When the process is done away from
equilibrium (high intensity processes) kinetic constants become kinetic complexes,
depending on the corresponding intensive variables. The thermodynamic approxi-
mation models cover the entire volume of the phase or part of it.

5 Hydrodynamic Approximations

The hydrodynamic level uses the approximations of the mechanics of continua,
where the mathematical point is equivalent to an elementary physical volume, which
is sufficiently small with respect to the apparatus volume, but at the same time
sufficiently large with respect to the intermolecular volumes in the medium. In this
level the molecules are not visible, as is done in the next level of detail of Boltzmann.

The models of the hydrodynamic approximations are possible to be created on the
basis of the mass (heat) transfer theory, whose models are created by the models of
the hydrodynamics, diffusion, thermal diffusion and reaction kinetics, using the
logical structures of three main “axioms,” related with the impulse, mass, and heat
transfer:
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1. The postulate of Stokes for the linear relationship between the stress and defor-
mation rate, which is the basis of the Newtonian fluid dynamics models.

2. The first law of Fick for the linear relationship between the mass flow and the
concentration gradient, which is the basis of the linear theory of the mass transfer.

3. The first law of Fourier for the linear relationship between the heat flux and the
temperature gradient, which is the basis of the linear theories of the heat transfer.

These are the laws of the impulse, mass, and energy transfer.

6 Boltzmann’s Approximation

In Boltzmann’s kinetic theory of the ideal gas, the hydrodynamic “axioms” are three
“theorems” that derive from the axiom of the “elastic shock” (in a shock between
two molecules the direction and the velocity of the movement change, but the sum of
their kinetic energies is retained, i.e., there is no loss of kinetic energy) and the rate
coefficients are theoretically determined by the average velocity and the average free
run of the molecules.

7 Mechanism of Influence of Reaction Kinetics

The mathematical model of an engineering chemical process is a mass (heat) balance
in the phase volumes, where the mathematical operators are mathematical descrip-
tions of the composite processes, and the relationship between them (differential
equations) corresponds to the mechanism of the complex process. The boundary
conditions of the differential equations are formulated at the interphase boundaries.
For this purpose, the knowledge of the mathematical descriptions of the velocity
distribution in the phases and the interphase boundaries is necessary.

Industrial processes are a set of physical and chemical reactions, hydrodynamic,
diffusion and thermal processes that take place in the industrial apparatus volume.
The problems in compiling the models of the kinetics of industrial apparatuses arise
from the need for information about the interaction between the individual processes
in the complex process (its mechanism) and a mathematical description of the
geometry of the industrial apparatus volume.

For the most part, industrial cases do not have the above information, which
requires simplification of the models and introduction of some effects through
experimentally determined parameters. As examples will be considered a
co-current absorption column without packings and a counter-current absorption
column with random packings.
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8 Co-Current Absorption Column without Packings

In the absorption columns without packings, the velocity distributions in the gas and
liquid phases and the interfacial limits are unknown, i.e., the differential equations
(mass balances in the phases) and their boundary conditions at the interphase
boundaries (velocity of the interphase mass transfer) cannot be formulated. These
problems are overcome by creating of convection-diffusion and average-
concentration models [5, 6]. In the convection-diffusion model, the velocity of the
interphase mass transfer is replaced by volume physical reaction and experimentally
determinable parameter. In this model, the velocities are unknown, so it can only be
used for qualitative analysis. From it the average-concentration models are obtained,
by model averaging along the cross section of the column. The obtained average-
concentration model involves average velocities and concentrations, and the velocity
distributions in the phase volumes are introduced with experimentally determined
parameters.

8.1 Convection-Diffusion Model

In the stationary case, the convection-diffusion model [3, 4] of the co-current
chemical absorption process, with a pseudo-first-order chemical reaction in the
liquid phase, in cylindrical coordinate system (r, z) [m], has the form:

Oc; Oc; 0%c; 10c; 0% .
uja—cz]Jrv"%:D-" (Wéij?%Jr a;,) + (=) k(er — yea) = (= Dkoea:

r=20, %EO; r=ro, cj:(j—l)c(l’;(_l; j=12;

2=0, a=cd, =0, ud=uc -D dar) (92,
aZ z=0 az z=0

r=ro, vj(ro,2)=0; z=0, u;=u;(r0); j=12.

In (1.1 and 1.2) u; = uy(r,z), v; = v{(r,z) and ¢; = c/(r, z) are the axial and radial
velocity components and transferred substance concentrations in the gas (j = 1) and
liquid (j = 2) phases, D; are the diffusivities in the phases, «} and ¢ are the inlet
velocities and the concentrations in the phases, k is the interphase mass transfer rate
coefficient, y—the Henry’s number, k, the chemical reaction rate constant. The
concentrations of the transferred substance in the phases are presented as kg-mol

of the transferred substance in 1 m> of the phase volume. The inlet velocities u(j)-
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(j = 1,2) of the gas and liquid phases are equal to the average velocities u; (j = 1,2)
of the phases in the column.

On the column wall the velocity components are zero (r = ry, u; = v; = 0,
j=1,2), i.e., there is no convective mass transfer. At the surface of the column, the
motionless gas phase substance is absorbed into the motionless liquid phase. As a
result, the concentration of the absorbent substance in the gas on the wall decreases
to zero and its concentration in the liquid increases maximally (until thermodynamic
equilibrium is reached), i.e., r =rg, ¢; =0, ¢ = c(]);(’l

In the physical absorption, the interphase mass transfer between gas and liquid
phases is a surface physical reaction. In (1.1) this reaction is presented as a volume
reaction and its rate Q = (—1)® ~ Pk(c; — yc,), j = 1, 2 participates in the mass
balances in the gas and liquid phases.

8.2 Average-Concentration Model

The averaging of the convection-diffusion model [5, 6] along the cross section of the
column leads to the average-concentration model:

dc;

a2+ ,(2) +er;(@)]uje; =
d’*c; ;
=D 3+ (=) k(e — e2) = (= kot (13)
=0, ©;(0)=@2-)d %—0’ ji=1.2,
where
01(2)2%/ uj ’Id ﬂ,(z)zr%/r;—éaaczfdr
i ’ (1.4)

Vj(Z):%/rgﬁvj%j%dr, €:r70.

The functions ai(z), B(z), r{z), j = 1, 2 are possible to be presented as next
approximations:

ajz) = 1+ajz+apd, Bi(z) =1+ b jyz+b pd,
yi(@)=14+gz+gp, j=12

(1.5)
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where the values of a;, aj», bj1, bj, gj1, 872,j = 1, 2 is possible to be obtained, using
experimental data for the average concentration at the column end:

Cm(l), j=1,2, m=1,...,10. (1.6)

The introducing of (1.5) into (1.3) leads to

az;
(I+ajz+apd)u;—* T + (14 bjpz+bpd) +e(148 2+ g pa’)|uc; =
d’c; - _ _
=D; 3+ (=1)*7k(@ — o) = (= Dot
_ dc;
z=0, CJ(O)E(Q—])C(;, d_ZJE ; J=1,2

(1.7)

where the unknown parameters values P(k, a;1, a», bj1, bj, g1, &2, = 1,2) must be
obtained, using experimental data, by the minimization of the least-squares function
Q with respect to P:

10

Q(P) = [e1(L.P) — el +Z & (1, P) — ean(D)%, (1.8)

m=1 m=

where ¢ (I, P), ¢,(I, P) are solutions of the average-concentration model (1.7).
The presented approach is used for modeling of chemical, absorption, adsorption,
and catalytic processes in column apparatuses without packings [35, 6].

9 Counter-Current Absorption Column with Random
Packings

Counter-current absorption column with random packings are characterized by the
presence of a layer of liquid that flows along the wall of the column and practically
does not participate in the absorption process and reduces the working volume of the
column. The created hydrodynamic situation does not allow the approach used in the
modeling of columns without packings.

9.1 Fluid Flow along the Column Wall

The liquid flow on the surface of the random packings and when it reaches the
column wall most of it flows on this surface and cannot return to the column volume
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due to the small contact surface between the wall surface and the random packings.
The thickness of the flowing layer of liquid increases and conditions are created for
the return of liquid from the layer to the packings and further the two effects are
equalized. In this way, the layer of liquid reaches a constant maximum thickness,
with which it moves to the end of the column. The amount of liquid entering the
flowing layer leads to a reduction in the amount of liquid in the volume of the
column, i.e., to the radial non-uniformity of the axial component of the liquid
velocity in the column and to the reduction of the mass transfer rate in the liquid
phase. In addition, this layer is not involved in the absorption process.

The effect of liquid flowing on the column wall is the result only of the geometric
shape of the random packings and thus determines the rate of absorption of slightly
soluble gases, which reaches a maximum value at maximum packings surface per
unit volume of the column and minimum thickness of the flowing layer of liquid.

9.2 Problems with Random Packings in the Columns

In the case of modeling the hydrodynamics in the gas and liquid phases in columns
with random packings, the following problems arise:

1. The flow rate of the liquid flowing on the surface of the random packings [m*s ']
and the retention of the liquid on this surface are unknown.

2. The flow rate of the liquid flowing on the column wall [m*s~'] and the retention
of the liquid on this surface are unknown.

3. The hydrodynamic resistance of the random packings on the gas phase is
unknown.

Theoretical analysis [7] shows that this problem can be overcome in the presence of
experimental data on the flow rate of the liquid flowing along the column wall, at
different packings heights and on the packing pressure drop, during the movement of
the gas phase. This requires the creation of a hydrodynamic model in which
the liquid and the gas move in separate channels and interact on the surface of the
flowing layer. The introduction of experimentally determined quantities into the
model brings it as close as possible to the real process.

9.2.1 Experimental Data

The wall flow thickness in columns with random packing changes smoothly from
0 to a constant maximal value d,,,x and can be expressed by an approximation
function 6(z):
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Z

5(2) :a+bz’

5(0) = O, 5(00) - é = 5maxa (19)

where z is the axial coordinate. The parameters (a, b) are possible to be determined
from experimental data for the flow rate of the wall flow Qy at various packing
heights [ in the column - Qwr(z), z=1;, i = 1, ..., n. The available experimental
data can be described by the following approximation:

Owr(@) = 7 (1.10)

From (1.10) is possible to determine the flowrate Q(z) of the wall flow per unit
periphery of the column (27ry).

_ Owrlz) _ < _ _
= 27[}’0 = e +I712Z’ my = 271'}’()](1, nyp = 277:7'0](2, (111)

0(z)

where rg is the column radius.

9.2.2 Phase Volume Parts in the Column Volume

The volumes of the solid, gas, and liquid phases per unit volume of the column can
be represented as:

€j9 j:O,l,Z, 80"_8]"_82:1, (1.12)
where the indices j = 0, 1, 2 corresponds to solid, gas, and liquid phases.

As a result of the liquid flow on the column wall, the liquid phase is divided into
two parts:

& = &1(2) + ex(z), (1.13)
where €,,(z) is the fraction of the liquid flowing along the wall.

The gas and liquid flow rates Qg, O, Owr [m*s™ 1 permit to be obtained the
gas-liquid and liquid-liquid ratios in the column volume:

- Q¢ = or - OL—Owr Owr
El=n—7—, H=——, § = Ep = 1.14
' 06+ 0, 2T 06+ 0; 2 270 (1.14)
and gas and liquid hold-up in the packing:

& = ?1(1 — 80), &) = Ez(l — 6‘0), & = ?2]82, &y = 52282. (115)
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The parameters €;, &, denote the volume fraction, as well as the cross-section
fraction, of the gas and liquid in the packing and are used to determine their inlet
average velocities:

) = QGZ, VW= QLZ, (1.16)
€17, ermr,
where ug, vg are the average velocities in the void cross section of the gas and liquid

phase at the inlet of the packing bed, Qs, O;—gas and liquid inlet flow rates.

9.2.3 Pressure Drop of Random Packings Columns

The hydraulic resistance of the fillings H, i.e., the pressure drop through a layer of
random packings with a thickness of 1 meter, at a given gas velocity:

0 _
=t —r02) (1.17)
20

is determined from experimental data on the pressure difference at both ends p® — p
(0, zo) of the random packings height z.

The obtained results permit to be used a physical model, where the gas and the
liquid move in parts of the column volume and through parts of the column cross
section (&1, €1, €») and contact on a cylindrical surface with variable radius
Ro(z) = ro — 6(2).

9.24 Hydrodynamics of the Liquid Phase in the Column Volume

The flows in the column are axially symmetrical and the model of the hydrodynam-
ics of the liquid phase in the volume of the column will be presented in a cylindrical
coordinate system (r,z), where r and z are the radial and axial coordinates. In the
packings columns, the pressure is constant during the movement of liquid under the
action of weight. In this case the axial and radial components of the velocity v, and v,
satisfy the Navier and Stokes equations:

2 2
vz%JrvravZ—u(a vy O VZ+1%) +e,

= 2 2
0z or 32Z 52r r or (1.18)
av,_H) av,_y av,+av, 10v, v,
o oy T\ %2 "o Tror )

The inlet boundary conditions are:
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ov,

0 ov,

z=0, v,=v, 2z =0, v, =0, 3z =0. (1.19)
The boundary conditions along the axis of the column are:
ov, ov
= —< = " =0. 1.2
r=0, P 0, 3 0 (1.20)

The effect of the flow of liquid on the wall of the column must be taken into
account when r = Ry(z) = ro — 6(z), where the amount of liquid which enters the
wall of the column through the surface 2zRydz by the radial velocity component v,,
i.e., 27Ryv,dz must be equal to the volume of the liquid layer obtained on the wall of
the column 2zryvodd, where vy = vo(z) is the surface velocity of the liquid layer:

2nRyv,-(Ro, 2)dz = 2mrovo(z)ds. (1.21)
As a result

rovo(z) doé  do a
r=Ro=r9—d(2), Vr(RO’Z):rOOiné()z)_z’ d—zzm- (1.22)

The axial component of the liquid velocity v, at the boundary r = ry — d(z) must
be equal to the surface velocity of the film flowing down the column wall vy(z):

r=ro—05(z) = ro v, = vo(2), (1.23)

-t
a—+ bz’
where the surface velocity changes smoothly from O to a constant maximal value and

can be expressed by an approximation function:

__z
a+ pz’

vo(2) (1.24)

The parameters (a, b, a, ) in the approximation functions (1.9 and 1.24) must be
obtained, using experimental data.

Finally, the hydrodynamic model of the liquid phase in column volume can be
written as:
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ov, ov, 0%v, 0%, 10w,
vZ—Z—I—vr or _y(az2 o +;ﬁ> T
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RIS

; ov, Yy ov, B 0%y, . 0%, 10v, v ).
‘0z  "or \oz2 orr ror rX)’
ov ov
0 r .
Z:O’ VZ:VZ’ a_ZZ:()s Vr:(), aZZOs
_ v, _ ov, R B . VoVo(Z) o
r=0, E_O’ 3, =0; r=ro—96(z), v; =w(z), v,_md—z,
Z dé a Z
8(z) = , = = .
@) a+bz’ di (g4 bz)? »o(2) a+pz
(1.25)
9.3 Liquid Layer Hydrodynamics
The wall flow in the column is described by the equations:
" aw1+w 5wz_y 52wz_i_32wz_~_lawZ n
¢ 0z "or 072 or2 r Or &
w aWr<FW aWr - azwr+ azwr law,_& .
‘0z "or \0z  orr ror rr)
- - ow, B ow,
z=0, w,=0, 5170’ w, =0, aZ70,
r=ro, W’_O’ W":O’ "21’0—5(1)7 Wy _VO(Z)7 Wy = r:r;()z—()é(z(i)
Z dé a z
5 - N —_ = . =
@) a+bz’ di (g4 bz)? vo(2) a+fz
(1.26)

9.3.1 Parameters Identification

The comparison of (1.25) and (1.26) shows that there are a common boundary
condition at an unknown boundaryé(z):

r=ro—96(z), w;=v,=v(2), (1.27)

where the surface velocity of the wall flow vy(z) is unknown too.
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The flow rate of the liquid flowing on the wall, per unit of column circumference
Q(2) in (1.11), which has passed from the bulk of the liquid in the column, depends
on the functions 6(z), vo(z) and must be determined by the equations:

ro r,,—(s(z)
Z 0 0 oL
_ _ dr — e, =2 (108
Q) my + moz _Z( ) waar 0/ [vz VZ} S ernrl ( )

i.e., the flow rate of the wall flow is equal to the difference in the flow rates of the
liquid in the bulk of the column in presence and absence of a wall flow. The
conditions (1.28) and the solution of the system of eqgs. (1.25 and 1.26) permit to
be obtained the parameters (a, b, a, ), using a suitable algorithm [7].

9.3.2 Gas Phase Hydrodynamics

The hydrodynamics of the gas phase will be represented in a cylindrical coordinate
system (r, zp), zo = [ — z, where the axial coordinate is directed back to the axial
coordinate of the liquid phase. The movement of the gas is the result of the pressure
gradient along the height of the column (hydraulic resistance), which depends on the
packings and is determined experimentally. The axial u, and radial u, components of
velocity in the gas phase and pressure (per unit volume) p satisfy the Navier—Stokes
equations:

P 0z

Ou, Ou, 10p 0%u, 0%u, 10u,
MZ—Z.()—’—urW_ l/<az(2] + o ;aI‘)’

ou, Ou,  10p 0*u, ', 10u u,
”ZazO+”’ ar__EE—‘_D(az%—’_arz ror r2)
Ouz | Ouy Uy _ g,
Ozo Or r 7 (1.29)
Ou, ou,
20=0, u,= u(z), az; =0, u =0, 72 =0, p :po;
Ou, Ou, _ _ .
r_07 W_O’ ar _07 p—p(O,Z),
r= L~ % u;, = —vo(l —z0), u,=0.

T b - 20)

The pressure in the gas phase p(r, zg) is possible to be presented in (1.29) as

0_
v_g O _y_r=r0z) (1.30)
r 029 20
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where H is the packing pressure drop, i.e., the pressure drop through a packing layer
of a thickness of 1 meter at a given gas velocity.

10 Modeling of Processes with Unknown Mechanism

There are complex processes whose mechanism is unknown. A typical example of
this is complex chemical reactions, the rate of which depends on the concentrations
of several substances, but the simple chemical reactions and the relationships
between them are unknown.

The kinetics of processes with an unknown mechanism can be modeled on the
basis of the axiom, according to which “The mathematical structure of the quanti-
tative description of real processes does not depend on the measuring system of the
quantities involved in them.” On the basis of this axiom, Guchmann’s theorem can
be proved [8]—“If mathematical structure is invariant with respect to similar trans-
formations, it is possible to be presented as power functions complex,” i.e., “Math-
ematical structure of the quantitative description of real systems is possible to be
presented as power functions complex,” because the mathematical structure which is
invariant with respect to similar transformations is mathematical structure of real
processes which does not depend on the measuring system.

The kinetics of the chemical engineering processes depends on a set of variables.
If the velocity of these processes is denoted by y and the values of these variables are
X1, - - ., X, the equation of the kinetic model will have the form:

y=Ff(x1, ..., x). (1.31)

This function is a mathematical structure that is retained when changed the

measurement system of the variable, i.e., this mathematical structure is invariant
with respect to similar transformations [7]:

.Y,':k,‘xi, i= 1, N (N (132)

i.e., fis a homogeneous function:

ky = flkixt, ... koxy) = dplky, .. k) f (X1, o .ox), K
=gk, ... k). (1.33)

A short recording of (1.33) is:
Jxi] = olki] flxi]. (1.34)

The problem consists in finding a function f that satisfies Eq. (1.34). A differen-
tiation of Eq. (1.34) concerning k; leads to:
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offx| _ 0¢
—_— == i). 1.
S =5 T (139)
On the other hand
off@] _ of[x] 0% _ Of[xi]
= — 1.36
8k1 521 8k1 821 ( )
From (1.35 and 1.36) follows
ag—)[_::i] x1 = ay flx, (1.37)
where
0¢
=== . 1.38
«=(56),.. 138
The Eq. (1.37) is valid for different values of k; including k; =1 (i =1, .. .,n). As
aresultx; =x;, i =1, ...,n and from (1.37) follows
1 af [e4]
- L =1 1.39
f ox;  x ( )
ie.,
f=anxi. (1.40)
When the above operations are repeated for x», . . ., x,,, the homogenous function
f assumes the form:
f=hke g (1.41)

i.e., the function fis homogenous if it represents a power functions complex and as a
result is invariant with respect to similarity (metric) transformations. The parameters
k, ay, ..., a, are determined by experimental data of the industrial process velocity.

The power functions complex (1.41) is used in the similarity criterion models
equation in the similarity theory [7], where x;, i = 1, ..., n are similarity criterions.
The information about the process mechanism permits to be obtained dimensionless
combinations of the model parameters (similarity criteria), which represent the ratio

of the efficiency of two processes. For example [1]:
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DI kl
FOZMT’%, Da:E,

(1.42)

are the Fourier and Damkohler numbers and represent the ratio of the efficiency of
the convective and diffusion mass transfer (Fo) and convective mass transfer and
chemical reaction rate (Da). In (1.42), D is diffusivity, ry, /—linear characteristic
scales, uo—velocity characteristic scale.

The power functions complex (1.41) is used by the dimension analysis [1], but the
dimension criteria do not represent the ratio of the efficiency of two processes,
because the method is used in absence of the processes mechanism information.

11 Conclusions

In the paper is presented a theoretical analysis of the methods for chemical engi-
neering processes modeling. The methods for modeling specific processes may be
different, but in all cases they must bring the mathematical description closer to the
real process by using appropriate experimental data.

The role of the kinetics of industrial apparatuses for solving the problems of
optimal design and control is analyzed. The thermodynamic, hydrodynamic, and
Boltzmann approximations for the mathematical description of the kinetics of
industrial apparatuses are described.

They are presented the cases of co-current absorption column without packings,
counter-current absorption column with random packings, and modeling of pro-
cesses with unknown mechanism.
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Chapter 2 ®)
Modeling of Ethanol Fermentation from oy
Low-Grade Raw Materials, Including

Cellulose and Hemicellulose in a Two-Step
Bioreactor

V. Beschkov, P. Popova-Krumova, D. Yankov, G. Naydenova,
and L. Valchev

Abstract The successful ethanol fermentation from lignocellulosic substrates is
impeded by the fact that cellulose and hemicellulose must be digested by different
strains, hence full substrate utilization is not possible by one microbial strain in one
process. That is why these two polysaccharides should be treated separately by
different microbial strains. The simplest way to accomplish these processes is to use
bioreactor with separated compartments where cellulose and hemicellulose are
fermented by different strains: Saccharomyces cerevisiae for hexoses in cellulose
and Pichia stipitis for pentoses in hemicellulose. In the present work such a two-step
process is modeled for a continuous operation. As substrates glucose (a hexose) and
xylose (a pentose) resulting of acid pre-treatment of the lignocellulose are used. The
addition of the produced ethanol in the first compartment to the second one as
starting substrate and its inhibition impact are taken into account. The dilution
rate, the initial substrate concentration, and the inhibition effects are considered too.

Mathematical models describing these fermentation processes are composed and
used for kinetic parameter estimation from own experimental data. Both product and
substrate inhibitions are taken into account. It is demonstrated that the simultaneous
glucose and xylose fermentation to ethanol by the strain Pichia stipitis is success-
fully described by the composed model. The conversion from monosaccharides to
ethanol takes place with yield of 70%.

Key words Ethanol fermentation - Cellulose - Hemicellulose - Two-step bioreactor -
Modeling - Parameter evaluation

V. Beschkov (<) - P. Popova-Krumova - D. Yankov - G. Naydenova
Institute of Chemical Engineering, Bulgarian Academy of Sciences, Sofia, Bulgaria

L. Valchev
Department for Pulp and Paper, University of Chemical Technology and Metallurgy, Sofia,
Bulgaria

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2022 19
C. Boyadjiev (ed.), Modeling and Simulation in Chemical Engineering, Heat and
Mass Transfer, https://doi.org/10.1007/978-3-030-87660-9_2


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-87660-9_2&domain=pdf
https://doi.org/10.1007/978-3-030-87660-9_2#DOI

20 V. Beschkov et al.
Notations

Dr Dilution rate, h™

ki Substrate inhibition constant, g.dnf3

kp Inhibition constant, g.dm >

ks Saturation constant, g.dm >

n Power value in Eq. (2.1)

P Product (ethanol) concentration, g.dnf3

0 Substrate feeding flow rate for continuous process, dm> h™"

S Substrate concentration, g.dm >

t Time, h

\% Reactor volume, dm>

X Biomass (microbial cell) concentration, g.dm73

Yp;s  Product yield coefficient, g/g

Yx/s Biomass yield coefficient, g/g

Greek Symbols

a  Kinetic rate constant for microbial growth-associated ethanol production, [—]
B Kinetic rate constant for non-growth-associated ethanol production, h™"

y  Rate constant for ethanol decay, h!

p Specific microbial growth rate constant, h™'

Indices

1 Refers to processes in reactor 1 and to glucose as substrate with S.cerevisiae
2 Refers to processes in reactor 2 and to xylose as substrates with P. stipitis
crit  Refers to critical inhibition value in Eq. (2.1)

i Refers to substrate inhibition constant in Eq. (2.1)

max Refers to maximum specific growth rate

P Refers to product inhibition constant in Egs. (2.2 and 2.7)

S Refers to saturation constant in microbial growth equations, Eqs. (2.1, 2.2,

2.7)

1 Introduction

The extended practical application of ethanol as fuel or fuel additive was hindered
due to economic and social reasons. The main problem consisted in the extensive use
of cereals as renewable substrate for ethanol fermentation. This fact leads to sub-
stantial increase of the cereal prices on the world market making the poor countries
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- S Xylose
| Lignocellulosic |—>| Air dried |—>| Grinding |—>| Pretreatment |—>| Filtration |-> ferm)(;ntation

Solid
residues

v A Lignin

Product recovery Boiler fuel

t t -

Ethanol Excessive
electricity or heat

Scheme 2.1 Schematic overview of biomass-to-ethanol conversion process [5].

Saccharification H Fermentation

poorer. That is why attention was paid to the so-called “second generation” raw
materials, i.e., lignocellulosic waste from agriculture. The lignocellulosic materials
are mainly composed of cellulose, hemicellulose, lignin, and other minor compo-
nents. The cellulose-based bioethanol production includes the following steps [1].

The main problem in this direction is the necessity of saccharification preliminary
to the fermentation step either by chemical or enzyme processes. The fermentative
ethanol production from lignocellulose feedstock consists in several consecutive
steps, cf. Scheme 2.1.

1. Pre-treatment of the raw material to break down the hemicellulose and lignin
structures in order to improve the substrate digestibility [2].

2. Saccharification of the raw material. The traditional ones are starch containing
cereal crops being hydrolyzed by chemicals (e.g., sulfuric acid [3, 4]) or amylo-
Iytic enzymes (alpha-amylase amyloglucosidase) to mono- and oligosaccharides.
Lignocellulose is saccharified by cellulases [3].

. Removal or separation of lignin from the hydrolyzate.

. Fermentation to yield some 10-12% vol. of ethanol.

. Ethanol concentration up to 96% vol. by distillation.

. Production of absolute ethanol (more than 99% ethanol content) by molecular
sieve applications.

AN AW

Hemicellulose is a complex, heterogeneous mixture of sugars and sugar deriva-
tives that form a highly branched network. The monomers that comprise hemicel-
lulose are hexoses (glucose, galactose, and mannose) and pentoses (arabinose and
xylose). Those monosaccharides are released after hydrolysis.

Lignin and associated phenolic acids, although present in relatively small con-
centrations, play an important role in cell wall degradation. The chemical structure of
lignin is very complicated [6], as it is a three-dimensional cross-linked aromatic
polymer made up from phenylpropane units. No single established structural scheme
for lignin has been established so far.

The fermentation step for hexoses as substrate is made by yeasts, like
S. cerevisiae and bacteria, e.g., Z. mobilis [7]. However, these microbes are not
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capable to ferment pentoses, like arabinose and xylose, which are products of
hemicellulose pre-treatment and saccharification. Other microbes like Pichia stipitis
[8-10] are needed. That is why, the complete conversion to ethanol needs either
separate fermentation of hexoses and pentoses in different fermenters or to do it in
one step in one bioreactor. The latter approach poses some difficulties due to
formation of various intermediates which might inhibit the target processes, the
competitive growth and metabolism of the different microbes, etc.

In the present work, own experimental data on the parallel fermentation of
glucose (S1) and xylose (S2) accomplished by yeasts Saccharomyces cerevisiae
() and Pichia stipitis (II) in two individual bioreactors are presented. Mathematical
models encountering two types of product inhibition will be applied to handle the
experimental data.

2 Mathematical MODELING

There are some efforts for modeling the ethanol fermentation from glucose [7, 11],
as well as the simultaneous ethanol production from glucose and xylose by single
microbial strain, usually modified by genetic procedures [7, 12—14], or by consor-
tium of two strains, separately converting hexoses and pentoses to ethanol [15]. In
[15], product inhibition is described by Monod-Yerusalimskii growth kinetics with
no substrate inhibition involved. Only microbial growth-associated ethanol produc-
tion is presumed in [11, 15].

The simple ethanol fermentation from glucose has been modeled by Oliveira et al.
[11], cf. Eqs (2.1).

dX S r\"
E_ﬂx’ﬂ_ﬂmaxisz(l_P ) ,OSnSl

ks + S+F
dP 2.1)
E— aﬂX
ds dP
=Y

In this case growth-associated fermentation is considered with Levenspiel-type
product inhibition. The yield coefficient Yp/s is given by the stoichiometric ratio (Yp,
s = 0.511 g/g) or by other empirical considerations, for example Yp,s = 0.40 g/g, as
assumed in [11].

There are different attempts for the modeling of ethanol fermentation, applying
various kinetic equations for microbial growth [7, 11-13]. Basically two types of
kinetic models are applied: the Levenspiel’s model (2.1) and the one of Monod-
Yerusalimskii (2.2), taking into account the product (P) inhibition, i.e., ethanol:
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13).4 kp S
2 X L
at HA, U Iumdka"—PkS"—S

(2.2)

In the first case (Eq.2.1), the substrate inhibition of microbial growth is consid-
ered by the Haldane’s model. The substrate consumption and the product formation
are associated with the microbial growth. In this paper we shall consider product
conversion associated both with microbial growth and with the culture in its station-
ary state. For modeling of these processes, we present by the following system of
ordinary differential equations with the appropriate initial conditions.

oS a
= =——uX—-pX 2.3
TR P B (2.3)
dpP

t=0,X=X0,5=80,Pyp=0 (25)

The model (2.3-2.5) assumes both growth-associated (by the term auX) and non-
growth-associated ethanol production by the term X and further consecutive con-
version of ethanol (as intermediate) into final products like acetaldehyde and acetic
acid by the term yX. This model, Egs. (2.2-2.5) comprises the model (2.1) as
particular case when = 0 and y = 0.

In all these cases we presume that only already hydrolyzed substrates including
low molecular oligosaccharides and monosaccharides (i.e., glucose and xylose) are
subjected to fermentation.

2.1 One-Step Fermentation

This process is related to batch or continuous process where only one substrate (i.e.,
glucose) is digested and fermented to ethanol. We shall consider the case of product
inhibition according to the Monod-Yerusalimskii model, cf. Eq. (2.2). In this case
the system of ordinary differential equations comprises Eqs. (2.6) with initial
conditions, Eq. (2.5).

2.2 Two-Step Fermentation

Things become more complicated at the two-step fermentation because of the
presence of hydrolyzates and monomers from cellulose and hemicellulose. There
are two approaches to carry out these processes: in one-step process involving two
separate strains digesting glucose and xylose simultaneously in one reactor and
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/J ' ‘
S10'520

R1 i R2
S, S5 Py X

S, S, P,
P, X1, X,

Fig. 2.1 A sketch of the two-step fermentation in bioreactor with separated compartments

another one, where the two processes are separated spatially and take place in two
consecutive bioreactors with two separate strains, cf. Figure 2.1.

The alcohol fermentation of hexoses (glucose in particular) is carried out in the
first compartment R1 and the pentoses (xylose, namely)—in the second one, R2. The
residual glucose from compartment R1 enters the compartment R2 and can be
subjected to fermentation by the second strain. It is important that the ethanol,
being product in R1 is supplied to reactor R2 where the second strain suitable for
xylose fermentation is inoculated. Note that the ethanol is inhibitor for the fermen-
tation in the second reactor. The continuous mode of the two-step process helps to
minimize the adverse effect of product inhibition.

In the present study we shall consider glucose and xylose as substrates represen-
tative for hexoses and pentoses. The continuous two-step fermentation will be
described by the following system ordinary differential equations:

DX, = u Xy
— ! —

D, (8} —58y) = YX/SﬂIXl s X
D, (P = Py) = Yp/s1 oy, Xy + p1 X

( 1 1) P/S1 Yx/s1#1 1+ AiX
DrXQ :/,thz (26)
D,(S2—8,) = -2 X, — p,X

(83— $2) YX/Szllz 2 — X
D.(P—P,) = YP/S2i/42X2 + /X

Yx/s2

Dr:Q/V

Here S; and S, denote the two substrates—glucose (S;) and xylose (S,), and
ethanol is denoted by P with indices “1” and “2” for the first and the second
compartment, respectively. The microbial cell concentrations are denoted by X;
for Saccharomyces cerevisiae and for Pichia stipitis—X, The dilution rate D, is
the ratio between the feeding flow rate Q and the reactor volume V.
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For the case when both glucose and xylose are simultaneously fermented, the
mathematical model with the associated initial conditions is the following:

0X> ke 5 >
4 _ X, — DX -
at = Up X2 — 25 Ho = /’tma)w k +P2 kS] + Sl kS7 =+ S2
081 a1
at ( 1 1> YX2/51 Hat2 ﬁl ’ ( )
oS
2 =D,(8-5) - HoXo = frXo

ot

sz /5,

%_DV(P(Z)_I%)+YPz/s2{{ﬁ+yX7/ }XZ*'(/’)] +ﬂ2) }_}’PZ

t=0, X, =X5, S =5}, =55, P,=PF

The feeding flow rate is denoted by Q and V is the total volume of the bioreactor.
The ratio Q/V is the dilution rate D,. At D, — 0, batch mode processes take place.

The systems (2.1), (2.6), and (2.7) were solved by the software package
MATLAB 2013A, and the kinetic constants were determined from experimental
data after optimization procedure by the least squares method. Both one-step and
two-step fermentation processes are available.

The results of the mathematical modeling were coupled to own experimental data
for verification and model parameter estimation minimizing the sum of the squares
of the computed and the experimental values for the substrates (glucose and/or
xylose) and the product: ethanol and biomass:

B 1< 1
Q = ]T[ ; [X(tl) exp tl + ; t| - exp t])] +N
= 2
x> [P(t) = Pexp(t)] (2.8)
i=1
where t;(i = 1,...,N) is the numbers of sampling during the experiment.

The experimental conditions are described below.

3 Experimental

The following experiments of alcohol fermentation using two different substrates
were carried out.
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3.1 Alcohol Fermentation of Acid Hydrolyzate
of Lignocellulosic Materials

Substrate was supplied by the Bulgarian company Svilosa SA. In this study the
residual hexoses (glucose, etc.) and the oligosaccharides were subjected to alcohol
fermentation by the yeast Saccharomyces cerevisiae after acid pre-treatment. The
strain Saccharomyces cerevisiae Meyen and Hansen 1883 (NBIMCC 541) was
supplied by the National Bank of Industrial Microorganisms and Cell Cultures
(Bulgaria). It is equal to the strains ATCC 9763, CBS 2978, DSMZ 1333, NCYC 87.

The yeast culture was maintained on medium Ne 285 (of the National Bank of
Industrial Microorganisms and Cell Cultures, Bulgaria) with a content, containing
the following components, g/l: yeast extract, 3; malt extract, 3; peptone, 5; glucose,
10. The components were dissolved in 1 liter of distilled water. The acidity was
adjusted to pH 6.0 by NaOH. The medium was sterilized for 20 min at 121 °C.

The strain was cultivated at 25 °C, for 18-24 h in the above liquid medium.
Afterwards the experiments were carried out at 25 and 30 °C with and without
addition of glucose to the broth. Experiments with Saccharomyces cerevisiae were
performed on medium 285 with added 5 g/l glucose (reactor R1) and hydrolyzate
provided by Svilosa SA as a liquid phase. The experiments were performed at 25 °C,
aerobically, static, for 72 h. Samples were taken for reducing sugars, biomass, and
for glucose, xylose and ethanol. The experiments were carried out in shaking flasks
in a rotary shaker (New Brunswick Scientific, NJ, USA) at 200 rpm or under static
conditions (in reactors R1 and R2).

The hydrolyzate contains also pentoses as product of hemicellulose hydrolysis,
like D-xylose. Therefore, another strains capable to digest pentoses are required.
Usually they are from the Pichia genus.

This process was carried out in an individual reactor R2 using the yeast
Schefferomyces stipitis (Pichia stipitis) CBS 7124. The strain Schefferomyces stipitis
(Pichia stipitis) CBS 7124 was supplied by the National Bank of Industrial Micro-
organisms and Cell Cultures (Bulgaria).

The strain was cultivated at 25 °C, for 18-24 h in a liquid medium GPYA
(Glucose-peptone-yeast extract) (of the National Bank of Industrial Microorganisms
and Cell Cultures, Bulgaria), containing the following components, g/l: yeast
extract, 5; peptone, 5; glucose, 40. The components were dissolved in 1 liter of
distilled water.

The experiments, for ethanol production, from cellulose hydrolyzate ¢supplied by
the Bulgarian company Sviloza SA); by Pichia stipitis CBS 7124, were performed in
3 reactors, 60 ml each. Fermentation medium (GPYA) and hydrolyzate were in
different ratio (hydrolyzate: GRYA; 1:1; 1:3; 1:4). The components of GPYA
(without glucose) were added to the hydrolyzate. The hydrolysate contained also
5 g/l xylose. The experiment was carried out aerobically at 27 °C, under static
conditions, for 173 h. The content of the lignocellulose substrate after acid hydro-
lysis is given in Table 2.1.
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E‘able zlill Coﬁte(?t (l)f the Component Concentration, g dm >
ignocellulose hydrolyzate D-cellobiose 0.149
supplied by Sviloza SA
D(+)-glucose 0.879
D(+)-xylose 3.870
D(+)-manose 0.091
Hydroxymethylfurfural 0.056
Furfural 0.007

This substrate was treated in parallel by S. cerevisiae in reactor R1 and by
P. stipitis in reactor R2 for xylose digestion. The two reactor system comprised
glucose and xylose fermentation where the fermentation process by S. cerevisiae is
taking place in reactor R1 and the fermentation by P. stipitis is accomplished in
reactor R2. Note that P. stipitis is capable to convert glucose to ethanol too.

Sample from both reactors were taken regularly and they were analyzed for
sugars and ethanol. In parallel, the biomass concentration was monitored by the
sample turbidity.

3.2 Analyses

The different sugar content as well as the ethanol concentration were determined by
HPLC under the following conditions. The HPLC system consisted of a pump
Smartline S-100, Knauer, refractometric detector—Perkin Elmer LC-25RI, column
Aminex HPX-87H, Biorad, 300x7, 8 mm and specialized software Knauer. As a
mobile phase, 0.01 N H,SO,4 was used, at a flow rate 0.6 ml/min. The biomass
concentration was determined by optical density measurements at 620 nm with a
spectrophotometer VWR UV-1600PC. The total reducing sugars concentration were
determined titrimetrically by the Bertrand method.

4 Results and Discussion

4.1 Results of the Mathematical Modeling

Some model results on ethanol fermentation with inhibition described by the
Monod-Yerusalimskii model, Eq. (2.2) with the system (2.6) at different dilution
rates are shown in Fig. 2.2.

The effect of the residence time, i.e., the dilution rate on the fermentation process
is shown. The limiting case when Dr. — 0 corresponds to the batch process with
strong variation of the concentrations in time. The results presented in Fig. 2.2 show
that at Dr. < 0.001 the system behaves as under batch conditions.



28 V. Beschkov et al.

Xt — Sl

Dr=0.001
= = =Dr=0.005
5 || Dr=0.01

..... Dr=0.05
Dr=0.1

Dr=0.001
4f|= = =Dr=0.005

_____
e
-

Dr=0.1 ~.
0 0 n .
o 20 40 60 80 100 120 140 160 I:SO 0 20 40 60 80 100 120 140 160 180
t, t,h
5
el P ey :
e~ Dr=0.001
____________ = = =Dr=0.005 P
45 7 Dr=0.01
----- Dr=0.05
4 61 Dr=0.1
35
5
3
25 4r
2 ~ 3
N
~
1.5 Dr=0.001
= = =Dr=0.005 2r ——
1 o001 | NC 1A e
----- Dr=0.05 e
05 Dr=0.1 L
0 . . . . . . . . o . . . .
0 20 40 60 80 100 120 140 160 680 0 20 40 60 80 100 120 140 160 180
t, th

Fig. 2.2 Results of mathematical modeling for ethanol production by S. cerevisiae for different
dilution rates. Biomass (X;), substrate (S; and S,) and product (P,) time profiles for different
dilution rates. Kinetic parameters are estimated from Experiment 3, Table 2.2

4.2 Results of Parameter Estimation from Experimental Data
by the Mathematical Models

Ethanol from cellulose hydrolyzate by S. cerevisiae. The results obtained by the
mathematical modeling of ethanol production from glucose, cf. Egs. (2.3-2.5), at
product inhibition described by the model of Monod-Yerusalimskii, Eq. (2.2) by
S. cerevisiae are compared to own experimental data. They are shown in Fig. 2.3.
One reactor R1 is considered. The estimated model parameters are shown in
Table 2.2.

The evaluated parameters in the model (2.3-2.5) for different experiments are
shown in Table 2.2. The yield coefficient Yp,5s = 0.511 is the stoichiometric one for
glucose (or xylose) conversion to ethanol:

The presented model predicts the further conversion of ethanol to acetaldehyde
and acetic acid. The comparison shows that the estimated parameters for two
experiments are in good agreement, particularly for the maximum specific growth
rate {nax, and the production rate constant f for the stationary phase of the culture.
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Fig. 2.3 Data for glucose fermentation by S. cerevisiae. Concentration profiles for biomass (X),
glucose (§), and ethanol (P) compared to the experimental data after parameter evaluation.

Xo = 0.083; Sy = 16.1693; Py = 0.5 ppay = 0.2029 h™; k, = 0.4537; k, = 15,023; /¥y,
s = 1.019; Yps = 0.511; f = 0.073 h~'; y = 0.058 h~'. Concentrations in g/I.

Table 2.2 Model parameters for fermentation of glucose by S. cerevisiae in reactor R1. Sub-
strate—cellulose hydrolyzate. Dr. = 0.001 h™'. Concentrations are in g dm>. Experiment 1:
Xo = 0.106; Sg = 16.5; Py = 0. Experiment 2: X, = 0.083; Sp = 16.2; Py =0

Parameters Experiment 1 Experiment 2
maxs B! 0.246 0.2029
kp, g dm > 0.3247 0.4537
ks, g dm™? 1.3707 1.5023
alYxs, [-] 1.0784 1.0919
ph! 0.0071 0.0073
7, h! 0.0065 0.0058

The values of the rate constant # for the non-growth-associated ethanol production
show moderate contribution compared to the growth-associated one. The other
model parameters, i.e., the saturation constant ks, the product inhibition constant
kp differ, but they are of the same order of magnitude. That is why the proposed
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Fig. 2.4 Comparison of evaluated kinetic curves according to the model of Oliveira et al. [11],
cf. Table 2.4, with experimental data, Experiment 2. Biomass (S. cerevisiae), substrate, and product
time profiles for Dr. = 0.001 h™!; (a) biomass; (b) glucose; (c) ethanol

model fits well our experimental data and it can be used for predictions on the
fermentation operation for making decisions on the process conduction.

Comparison with the model of Oliveira et al. [11]. We have tried to handle our
experimental data by the model of Oliveira et al. [11] where the ethanol production
by glucose was considered as growth associated only, cf. Eqs (2.1). The results are
demonstrated in Fig. 2.4 and Table 2.3. A comparison of the evaluated parameters by
the present model, i.e., Egs. (2.6), Table 2.2 and the values by the model of Oliveira
et al. [11] was made in Table 2.3. The main growth kinetic parameters, i.e., the
maximum specific growth rate p,,x and the saturation constants kg estimated by
these two models are comparable. Although the curves of the Oliveira model fit well
the experimental data for biomass and glucose, there is large discrepancy for the
results for ethanol because the model [11] does not take into account the further
decay of ethanol because of its further conversion, cf. Fig. 2.4. It is obvious that our
model, Egs. (2.6) fits better the experimental results, cf. Fig. 2.3 because it takes into
account the ethanol conversion to other products.

Ethanol from cellulose hydrolyzate by P. stipitis. The values of the estimated
parameters for simultaneous glucose and xylose fermentation by P. stipitis by the
model (2.7) are shown in Table 2.4. Besides the saturation constants, rate and yield
coefficients ks, a1/Yxa/s1, @2/Yx2/s2, B2, the scatter of the determined parameters are
relatively low, i.e., below 10%. It is an indication for the validity of the used model.
The comparison of the model and the experimental data is shown in Fig. 2.5. There is
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Table 2.3 Parameters for glucose to ethanol fermentation estimated by the model of Oliveira et al.
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[11], Egs. (2.1). Own experimental data obtained by S. cerevisiae. Concentrations are as they are in

Table 2.2

Experiment 1 Experiment 2

Oliveira et al. Present model, Oliveira et al. Present model,
Parameter | [11] Table 2.2 [11] Table 2.2
tmaxs B 10,2357 0.246 0.291 0.2029
ks, gdm > |1.1839 1.3707 1.202 1.5023
k gdm ™ | 0.4042 n.a. 0.499 n.a.
kp,gdm™> |n.a. 0.3247 n.a. 0.4537
o, [—] 1.2825 1.0784 1.5875 1.0919
Pax 63.42 n.a. 64.583 n.a.
n 0.715 n.a. 0.758 n.a.
p.h! na. 0.0071 na. 0.0073
7, h! n.a. 0.0065 n.a. 0.0058

Table 2.4 Model parameters for simultaneous fermentation of glucose and xylose by P. stipitis in
reactor R2 and Dr. = 0.001 h™'

Parameter Experiment 1 Experiment 2 Experiment 3 Average Scatter, %
Mmax h ™! 0.6756 0.6982 0.7869 0.7202 8

kp g.dm™? 0.2621 0.2951 0.2746 0.2772 6

ksy g.dm™ 0.8648 0.7001 0.623 0.7293 17

kg» g.dm™> 1.2589 1.1803 1.0762 1.1718 8
a/Yxossi[—] 3.871 3.3262 4.3868 3.8613 14
plh! 0.0084 0.0084 0.0096 0.0088 8
arlYxass2.1—1 0.0083 0.0153 0.01406 0.0125 30

fr h! 0.0166 0.0121 0.0098 0.0128 27

yh! 0.0074 0.0075 0.0077 0.0076 2

Initial concentrations are in g dm >

Experiment 1: X,° = 0.105; S,° = 10.84; $,° = 5.42; P,° = 0.35. Experiment 2: X,° = 0.101;
S,° = 13.69; S,° = 4.84; P,° = 0.425. Experiment 3: X,° = 0.099; S,° = 19.85; S,° = 4.85;
P>° =0.38. Ypis1 = Ypis2 = 0.511 (g/g)

a pretty good agreement between the experimental and model data, particularly for
ethanol evolution and decay, due to formation of further products, e.g., acetaldehyde
and acetic acid.

5 Conclusions

The presented mathematical modeling does not claim for generality. It does not
include the use of more complicated substrates, like oligosaccharides and their
conversion to monosaccharides. However, it can be extended and applied for various
cases of substrates and microbial strains. What is important, the model considers the
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Fig. 2.5 Comparison of experimental kinetic data with experimental ones, cf. Table 2.3. Experi-
ment 3. Biomass (P. stipitis), substrate, and product time profiles for different dilution rates.
(a) biomass; (b) glucose; (c) xylose; (d) ethanol. Dr. = 0.001 h!

ethanol like intermediate and can predict its further conversion to other products,
e.g., acetaldehyde and acetic acid. That is why one of the main merits of the model is
its ability to predict the maximum ethanol concentration and the moment when the
fermentation must be stopped to avoid losses of product. The model is applicable for
multiple substrates, like glucose and xylose involving different microbial strains for
each of the substrates.

The model is applicable either for batch or continuous processes taking place in
two consecutively arranged reactors for separation of the processes with two differ-
ent substrates and different strains.

Acknowledgement This work was supported by grant DFNI E02/16 of the Fund for Scientific
research, Republic of Bulgaria.
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Chapter 3 )
Modeling and Simulation of Chemical Shex
Processes in Industrial Column

Apparatuses

B. Boyadjiev and Christo Boyadjiev

Abstract A new approach for the chemical processes modeling in column appara-
tuses is presented in industrial column apparatuses. An exact approach for solutions
of the equations in the convective type models is used. The use of experimental data,
for the average concentration at the column end, for a concrete process and column,
permits to be obtained the model parameters, related with the radial non-uniformity
of the velocity. These parameter values permit to be used the average-concentration
model for modeling of chemical processes with different reaction rates.

Key words Convection-diffusion model - Velocity components - Average-
concentration model - Parameters identification

1 Introduction

The modeling and simulation of the chemical processes in column apparatuses is
possible, using the new approach [1-3] on the basis of the physical approximations
of the mechanics of continua, where the mathematical point (in the phase volume or
on the surface between the phases) is equivalent to a small (elementary) physical
volume, which is sufficiently small with respect to the apparatus volume, but at the
same time sufficiently large with respect to the intermolecular volumes in the
medium. On this base are presented convection-diffusion and average-concentration
type models.

The convection-diffusion type models permit the qualitative analysis of the
processes. These models are the base of the average-concentration models, which
allow a quantitative analysis of the chemical processes in column apparatuses [4].

In the case of the chemical reactions in the industrial column apparatuses, the
effects of the radial component of velocity and the axial diffusion transfer are not
negligible and must be taken into account in the convection-diffusion and
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average-concentration type models [6]. The using of the perturbations method [4, 5]
permits to be obtained approximations solutions of the model equations. In this
paper will be presented an exact approach for solutions of the equations in the
convective-type models of industrial chemical processes in column apparatuses.

2 Convection-Diffusion Model

A theoretical analysis of the effect of the radial velocity components and the axial
diffusion transfer in the industrial column chemical reactors will be presented in the
case, when the radial velocity component is not equal to zero for pseudo-first order
chemical reactions. In the stationary case, the convection-diffusion model [3, 4] has
the form:

u%ij%fD aizc+1%+aizc ,kc-
0z or 02 ror 0r? ’
r=20, %E; r = ro, %EO; z=0, CECO, uocozuco—D%.
or r 0z
(3.1)
@+@+K:O; r=ro, v(ro,z) =0, z=0, u=u(r0). (3.2)
dz Or r

In (3.1, 3.2) ¢(r,z), D, are the concentrations [kg-mol-me] and the diffusivities
[m>s~!] of the reagents in the fluid, u(7, z) and v(r, z)—the axial and radial velocity
components [m~s_1], (r,z7)—the radial and axial coordinates [m], k—chemical
reaction rate constant, u°, co—input (z = 0) velocity and concentrations.

The theoretical analysis of the model (3.1, 3.2) will be made, using generalized

variables [1]:

r=roR, z=1Z, €= r—lO, c(r,z) = c(roR,12) = C(R,Z), (3:3)
u(r.2) = u(roR.1Z) = U(R.Z), v(r.2) = v(roR.1Z) = eV(R,Z).

As a result, from (3.1-3.3) is possible to be obtained:

2 2
UEJFVE—F <52E+1E+E> — DaC;

0Z OR 07> ROR OR?
_ oCc _ B oc _ _ _ B ». 0C
R =0, ﬁ:o, R=1, aR_o, Z=0, C=1, 1=U eFan.

(3.4)
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42 42=0, R=1, V(1,Z)=0; Z=0, U=U(RD0). (35

In (3.5) are used the parameters:

Dil L
FO—MO—’%, Da—uo» (36)

where Fo and Da are the Fourier and Damkohler numbers, respectively. In industrial
conditions, the parameters Fo < 102 are small and the model (3.4) has a convective
form:

oc dcC ,
Uﬁ—F Vﬁ = —DaC,

Z=0, C=1, R=1,

(3.7)

o
S
ll

3 Axial and Radial Velocity Components

The theoretical analysis of the change in the radial non-uniformity of the axial
velocity component (effect of the radial velocity component) in a column can be
made by an appropriate hydrodynamic model, where the average velocity at the
cross section of the column is a constant (inlet average axial velocity component),
while the radial non-uniformity of the axial velocity component decreases along the
column height and as a result a radial velocity component is initiated. In generalized
variables (3.3) is possible to be used the model:

U= (2-04Z)-2(1 -04Z)R*, V=02(R-R), (3.8)

where the velocity components satisfy the Eq. (3.5). The velocity components (3.8)
are presented on Figs. 3.1 and 3.2.

Eq. (3.7) is solved using the Method of Lines [6], by discretizing it with respect to
R, =ilm, i =0, ..., n with 3 points central finite difference scheme, thus
transforming it from partial differential equation to a system of ordinary differential
equations with respect to Z:

dCy )
U(RO’Z) 4z - _DaCO’
dc; Cir1 —Ciy
U(R;,Z = —-V(R) 5——— — DaCy;
(Rr.2) dz (&) Riy1 — Ri ‘ (3.9)
dc, )
U(R,,Z) " = ~DaC;

Zz=0, C=1, C¢=1, C,=1;, i=1....n—1.
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C(R,Z)

Fig. 3.3 Concentration distributions C(R, Z) for different Z = 0.1, 0.3, 0.5, 0.7, 1.0

The problem (3.9) is stiff, that’s why it is solved using MATLAB variable-step,
variable-order solver odel5s, using second order backward differentiation formulas
(BDF, also known as Gear’s method).

The solutions of (3.7) in the case Da = 1 is presented on Fig. 3.3.

4 Average-Concentration Model

The functions u(r, z), v(r,z), c(r,z) in (3.1) can be presented with the help of the
average values of the velocity and concentration at the column cross-sectional area
[1-3]:

ﬁ:rj—z/m(r)dr, ¢(z) :%/rc(r,z)dr, (3.10)
0 0
ie.,
u(r,z) =uUR,Z), v(r,z)=euV(R), c(rz)=7c(z)c(r2). (3.11)

As a result, the following is obtained [3]:
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__ dc . _
+ W(Z) + 87(2)}“@ = DP — kc;

(3.12)

where

/ rVa—Edr,
/ or (3.13)
e(r,2) =C(R,Z), U=U(R,Z), V=V(R).

The theoretical analysis of the model (3.12) will be made, using the next
generalized variables and functions:

_c(r,z) C(RZ) alz) — B /
o) = = G = CR ). al) =A(Z) =2 0/ RU(R,2)C(R,Z)dR,
1 - 1 ~
§&) = p12) = B(2) =2 [ RURZ) SoaR. 1) = 1(2) = 6(2) =2 [ RV(R) SR
0 0
(3.14)
and as a result:
dC — L, d*C
AZ Z) + G(Z)|C = *Fo"— — DaC;
()ﬂ+[(%%jﬂ 7 515
Z=0, C=1, %%:u

In industrial conditions Fo < 102 and the model (3.15) has the convective form:

A@%?Hma+a@ﬁ=—ma (3.16)
Z=0, C=1.

The solution of (3.7) _and (3.14) permits to be obtained the average concentrations
(“theoretical” values) C(Z,) and functions A(Z,), B(Z,), G(Z,), Z, = 0.1
n+1),n=0,1,...,9, which are presented (points) on Figs. 3.4 and 3.5.



3 Modeling and Simulation of Chemical Processes in Industrial Column Apparatuses 41

0.2

0.1

u L L L 4 L L o L L
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Z

Fig. 3.4 Average concentrations C(Z): “theoretical” values C(Z,), Z, =0.1(n+1), n = 0,
1, ..., 9 (points); solution of (3.18) (lines)

From Fig. 3.5 is seen, that the functions A(Z), B(Z), G(Z) are possible to be
presented as the next approximations:

A(Z) =1+ a1Z +axZ?, B(Z)=b2zZ” G(Z)=gZ. (3.17)
As a result, the model (3.16) has the form:

(1+aZ+ azzz) j—g

Z=0, C=1,

b ralilh s Yol
+ (b1Z" + gZ)C = —DaC; (3.18)

where the parameters P(a;, a», by, br,g) must be obtained using
experimental data.

5 Parameters Identification

The value of the function 6( 1) o_btained from (3.7) and (3.14) permits to be obtained
the artificial experimental data C:;p(l) for the column end (Z = 1):
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Fig. 3.5 Functions A(Z,), B(Z,), GZ,, Z,=0.1(n+1), n=0,1,...,9 (points) and theirs
quadratic and linear approximations (3.17) (lines)

Cop(1) = (0.95+0.1B,,)C(1), m=1,...,10, (3.19)

where 0 <B,, <1, m=0,1, ..., 10 are obtained by a generator of random numbers.

The obtained artificial experimental data (3.19) is possible to be used for the
illustration of the parameters P identification in the average-concentration model
(3.18) by the minimization of the least-squares function:

10 2

op) =Y [6(1,1)) —crml. (3.20)

m=1

where the values of C(1, P) are obtained after the solution of (3.17) for Z = 1.

The obtained (“‘experimental”) parameter values (Table 3.1) are used for the
solution of (3.18) and the results (the lines) are compared with the average (“theo-
retical”) concentration values C(Z,), Z, =0.1(n+1), n=0,1, ...,9 (points) on
Fig. 3.4.
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Table 3.1 Parameters P(ay,

Parameters “Theoretical” values “Experimental” values
@, b1, b, 8) a 0.5373 0.5850

a —0.4118 —0.4226

by 0.0695 0.0697

by —0.7878 —0.6726

g —0.1274 —0.1361

0.3

0.4

0.5
VA

0.6

0.7

0.8 09 1

Fig. 3.6 Average concentrations C(Z) for Da = 2: “theoretical” values C(Z,), Z, = 0.1(n+ 1),

n=20,1,...,9 (points); solution of (3.18) (lines)

6 Effect of the Chemical Reaction Rate

The effect of the chemical reaction rate will be obtained in the case, when Da = 2 in
the models (3.7) and (3.18). The solution of (3.7) and (3.14) permits to be obtained
theoretical values of the average concentration (points), which are compared
(Fig. 3.6) with the solution of the average-concentration model Eq. (3.18), where
the obtained experimental parameters values (Table 3.1) are used.
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7 Conclusions

A new approach for the chemical processes modeling in column apparatuses is
presented in industrial column apparatuses. An exact approach for solutions of the
equations in the convective type models is used. The use of experimental data, for
the average concentration at the column end, for a concrete process and column,
permits to be obtained the model parameters, related with the radial non-uniformity
of the velocity. These parameter values permit to be used the average-concentration
model for modeling of chemical processes with different reaction rates.
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Chapter 4 )
Multi-Period Deterministic Model Shex
of Sustainable Integrated of Hybrid First

and Second Generation Bioethanol Supply
Chains for Synthesis and Renovation

Boyan B. Ivanov and Yunzile R. Dzhelil

Abstract This paper focuses on designing mathematical model of an integrated
bioethanol supply chain (IBSC) that will account for economic, environmental, and
social aspects of sustainability. A mixed integer linear programming (MILP) model
is proposed to design an optimal IBSC. Bioethanol production from renewable
biomass has experienced increased interest in order to reduce Bulgarian dependence
on imported oil and reduce carbon emissions. Concerns regarding cost efficiency and
environmental problems result in significant challenges that hinder the increased
bioethanol production from renewable biomass. The model considers key supply
chain activities including biomass harvesting/processing and transportation. The
model uses the delivered feedstock cost, energy consumption, and GHG emissions
as system performance criteria. The utility of the supply chain simulation model is
demonstrated by considering a biomass supply chain for a biofuel facility in
Bulgarian scale. The results show that the model is a useful tool for supply chain
management, including selection of the optimal bioethanol facility location, logistics
design, inventory management, and information exchange.

Key words Bioethanol supply chain - Mathematical model - Economic -
Environmental and social aspects

1 Introduction

Biofuel production and use is promoted worldwide. Its use could potentially reduce
emissions of greenhouse gases and the need for fossil fuels [1]. Accordingly, the
European Union has imposed a mandatory target of 10% biofuel production by the
year 2020 [2]. Biofuels are produced from biomass feedstocks. Their use for energy
purposes has the potential to provide important benefits. Burning biofuel releases as

B. B. Ivanov - Y. R. Dzhelil (<)
Institute of Chemical Engineering, Bulgarian Academy of Sciences, Sofia, Bulgaria

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2022 45
C. Boyadjiev (ed.), Modeling and Simulation in Chemical Engineering, Heat and
Mass Transfer, https://doi.org/10.1007/978-3-030-87660-9_4


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-87660-9_4&domain=pdf
https://doi.org/10.1007/978-3-030-87660-9_4#DOI

46 B. B. Ivanov and Y. R. Dzhelil

much CO, as the amount that has been absorbed by the biomass in its formation.
Another advantage of biomass is its availability in the world due to its variety of
sources. Despite its advantages, increasing quantities of biofuels to achieve EC
objectives are accompanied by growing quantities of waste products. These wastes
are related to the biofuel’s lifecycle from crop cultivation, transportation, and
production up to distribution and use. The main liquid biofuels are bioethanol and
biodiesel. Depending on the raw material used, production is considered in two
generations.

The first generation used as feedstock crops containing sugar and starch to
produce bioethanol [3]. In the production of bioethanol, the advantage of these
materials is that they can be grown on contaminated and saline soils, as the process
does not affect the fuel production. The drawback is that they raise issues related to
their competitiveness in the food sector. Excessive use of fertilizers, pesticides, and
chemicals to grow them also leads to accumulation of pollutants in groundwater that
can penetrate into water courses and thus degrade water quality.

Referring to the second generation, bioethanol is produced by using as raw
material waste biomass (agricultural and forest waste) [4], i.e., lignocellulose
which is transformed into a valuable resource as bioethanol.

The main technologies for production of bioethanol are fermentation, distillation,
and dehydration [5]. The wastes of biofuels are divided into production and perfor-
mance. The technological waste is produced mainly in generation of products that
occur as waste. The management of such waste is related to their reduction, recovery,
and disposal.

The present study deals with the issue of designing an optimal Integrated
Bioethanol Supply Chains (IBSC) model for waste management in the process of
biofuel production and use. Tools have been developed for the formulation of a
mathematical model for the description of the parameter, the restrictions, and the
goal function.

2 Literature Review

Literature review [6] shows that a significant amount of research is being conducted
to design a bioethanol supply chain. Following are the up-to-date literature on first
generation bioethanol supply chain, second generation bioethanol supply chain,
hybrid generation bioethanol supply chain, industrial symbiosis, and sustainability
respectively.

First generation bioethanol is produced from food-based biomass, such as corn
and soybean [7]. In [8] a deterministic model to design a cost-effective corn-based
bioethanol supply chain is developed. Later, the authors [9] added environmental
criterion along with the economic one to this model. The objective is to simulta-
neously improve economic and environmental aspects of sustainability. The study
indicates that the strategic, tactical, and operational decisions are highly sensitive to
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the environmental considerations; and the first generation bioethanol production
can put bioethanol supply chain into risk under proposed European Union
(EU) environmental standards.

Second generation bioethanol is produced from lignocellulosic-based biomass,
such as woody materials, crop residuals, or dedicated energy crops (e.g. switchgrass,
miscanthus, etc.). In [10] a deterministic model to design a cost-effective lignocel-
lulosic bioethanol supply chain is developed. A deterministic model to design a cost-
effective second generation bioethanol supply chain is proposed in [11], which
aims to determine optimal number, size, and location of bioethanol plants. In [12] a
MILP model to design lignocellulosic bioethanol supply chain is developed. Also, in
[13] a deterministic model to design a lignocellulosic bioethanol supply chain in
order to maximize the profit of bioethanol supply chain is considered.

In [14] a deterministic model to design the optimal switchgrass-based supply
chain to minimize the total cost is developed. The authors of [15] proposed a
deterministic model to design an economically sustainable second generation
bioethanol supply chain under imperfect market competition.

Hybrid generation bioethanol supply chain (HGBSC) is produced from a
combination of first generation bioethanol and second generation biomass. In
[16] a deterministic MILP model to design an economically and environmentally
sustainable HGBSC is developed. Authors of [17] developed a deterministic model
to design an HGBSC. The objective is to improve economic aspect under environ-
mental restrictions. While, later they [18] proposed a deterministic model to design a
HGBSC that aims to improve economic benefits under food crop and land use
restrictions. In [19] a deterministic model to design HGBSC is developed. The
research aims to improve economic and environmental aspects of sustainability.
The results suggest that strong environmental restrictions highly impact the techno-
logical choices and bioethanol supply chain design. In [20] deterministic model to
design a cost-effective HGBSC is represented. The proposed model aims to design
new second generation bioethanol supply chain while considering the existing first
generation bioethanol supply chain. In [21] a deterministic model to design HGBSC
that aims to improve economic benefits under emission trading schemes (i.e.,
environmental aspect of sustainability) is developed. In [22] a multi-objective
MILP model to design HGBSC, which improves economic and environmental
(carbon and water footprint) performance of HGBSC, is considered.

2.1 Summary of Literature Review

While considerable amount of research has been conducted in the area of bioethanol
supply chain and IS, there are several important issues missing in the existing
literature. These include:



48 B. B. Ivanov and Y. R. Dzhelil

1. None of the up-to-date literature has focused on designing HGBSC that aims to
simultaneously improve several sustainability indicators such as profit, green-
house gas emissions, irrigation land usage, water usage, and energy efficiency,
under uncertainties such as demand, price, and biomass yield.

2. None of the up-to-date literature has studied the impact of sustainability standards
or regulations on the design of HGBSC.

3. None of the up-to-date literature has considered existing bioethanol plant config-
urations and their capacities while integrating or designing new bioethanol.

4. None of the update literature has considered exploiting the sustainability benefits
of IS while designing a bioethanol supply chain.

Therefore, in order to bridge the gap in the literature, this paper focuses on
designing sustainable integrated hybrid generation bioethanol supply chains in
which the sustainability benefits of sustainability indicators are exploited while
designing sustainable integrated hybrid generation bioethanol supply chains. In
addition, existing bioethanol plant configurations and their capacities are considered
in the study to meet the future bioethanol requirements.

3 Objectives of the Present Study

The main focus of the strategic level is the design of an efficient supply chain to
minimizing total costs of the process and to provide the best scenario for reducing
the environmental impact of the whole supply chain. This decision level prescribes
the source of the raw material to ensure an effective and efficient configuration of the
supply chain, the suitable technology used in the process, the location and capacity
of the processing plant, and the sustainability issues. The present study deals with the
issue of designing optimal integrated supply chains (SCs) for waste management in
the process of biofuel production and usage. Tools have been developed for formu-
lation of a mathematical model for description of the parameter, the restrictions and
the goal function.

4 Problem Definition

This research studies a proposed echelons and possible links of IBSC as shown in
Fig. 4.1. A list of indices, parameters, and decision variables is given in the
Appendix Nomenclature section at the end of the article. In this work an IBSC
involving raw material sites, production plants, and customer zones is considered.

In short, the SC and plant design problem consists in determining simultaneously
the following logistics decisions need to be optimized:
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Fig. 4.1 Superstructure integrated bioethanol supply chain (IBSC)

cultivation sites selection from the i biomass supply zones and allocation of
available land for biomass production,

amount of crop residues to be purchased from the i biomass supply zones,
amount of biomass to be directly sold from the biomass supply zones,

material flow of lignocellulosic feedstock from the biomass supply zones to the
biorefineries,

sites selection from biorefinery locations,

volume of bioethanol to be produced by the biorefineries,

volume of bioethanol to be directly sold from the biorefineries,

material flow of bioethanol from the biorefineries to the biofuel demand zones.

The problem addressed in this work can be formally stated as follows. Given are a

set of biofuel crops that can be converted to biofuel. These include agricultural
feedstocks, e.g. wheat, corn, energy crops, etc. A planning horizon of 1 year for
government regulations including manufacturing, construction, and carbon tax is
considered. A Biofuel Supply Chain (BSC) network superstructure including a set of
harvesting sites and a set of demand zones, as well as the potential locations of a
number of collection facilities and bio refineries are set. Data for biofuel crops
production and harvesting are also given. For each demand zone, the biofuel demand
is given, and the environmental burden associated with biofuel distribution in the
local region is known. For each transportation link, the transportation capacity,
available transportation modes, distance, and emissions of each transportation type
are known.
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4.1 General Formulation of the Problem

The overall problem can be summarized, as follows:

¢ Potential locations of fuel demand centers and their biofuel demand,

e Demand for petroleum fuel for each of the demand centers for fuel,

e The minimum required ratio between petroleum fuel and biofuel for blending,

* Biomass feedstock types and their geographical availability,

» Specific Greenhouse Gas (GHG) emission factors of the biofuel life cycle stages,

» Potential areas where systems for utilization of solid waste from production can
be installed.

The objectives are to optimize the economic, environmental, and social perfor-
mances of Integrated Bioethanol Supply Chains by determination the following
decision variables:

¢ Supply chain network structure,

* Locations and scales of biofuel production facilities and biomass cultivation sites,
* Flows of each biomass type and biofuel between regions,

e Modes of transport for delivery for biomass and biofuel (B100),

* The GHG emissions for each stage in the life cycle,

* Supply strategy for biomass to be delivered to production facilities,
 Distribution processes for biofuel to be sent to demand zones.

5 Model Formulation

The role of the optimization model is to identify what combination of options is the
most efficient approach to supply the facility. The problem for the optimal location
of bioethanol (B100) production plants and the efficient use of the available land is
formulated as a MILP model with the following notation:

5.1 Mathematical Model Description

To start with the description of the MILP model, we first introduce the parameters,
that are constant and known a priori, and the variables that are subject to optimiza-
tion. Then we describe step by step the mathematical model by presenting the
objective function and all the constraints. First of all, we introduce the set of time
intervals of the horizon of planning t = {1, 2, ..., T}. The subscript ¢ indicates the
variable or parameter corresponding to the rth interval of the planning.

In this part the mathematical model that is used in the network design is
described. Before describing the mathematical model, the input parameters, the
decision variables, and the sets, subsets, and indices are listed below Appendix.
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5.2  Supply Chain Structure

The supply chain structure is the arrangement of different entities in the supply
chain. It represents the connection between the suppliers and the final destination of
the waste bioresources, represented in the form of material and mass flows. Among
the types of supply chain structures, convergent and conjoined structures are the
most studied. Figure 4.1 presents the supply chain structures that can be
implemented in the case of the recycled waste bioresources.

Following, the Basic Relationships and Constraints are imposed and the defini-
tion of variables and parameters are presented below.

5.3 Basic Relationships

As noted above, the assessment of IBSC production and distribution of bioethanol
(E100) will be made by economic, environmental, and social criteria.

5.3.1 Model of Environmental Assessment of IBSC

The environmental impact of the IBSC is measured in terms of total GHG emissions
(kg CO, — eq) stemming from supply chain activities and the total emissions are
converted to carbon credits by multiplying them with the carbon price in the market.

The environmental objective is to minimize the total annual GHG emission
resulting from the operations of the IBSC. The formulation of this objective is
based on the field-to-wheel life cycle analysis, which takes into account the follow-
ing life cycle stages of biomass-based liquid transportation fuels:

* biomass cultivation, growth, and acquisition,

* biomass transportation from source locations to processing facilities,

* transportation of bioethanol (E100) facilities to the demand zones,

* local distribution of liquid transportation fuels in demand zones,

* emissions from bioethanol (E100) and gasoline usage in vehicle operations.

Ecological assessment criteria will represent the total environmental impact at
work on IBSC through the resulting GHG emissions for each time interval ¢ € T.
These emissions are equal to the sum of the impact that each of the stages of life
cycle has on the environment. The GHG emission rate is generally defined as follows
for each time interval ¢ € T:

TEI, = ELS, + ELB, + ELD, + ETT, + ESW, + ESTRAW, + ECAR,, Vt (4.1)

The different components of the Eq. (4.1) are explained in the following.
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TEI,
Total GHG impact at work on IBSC [kg CO, — eqd™'1;
ELS;
ELB,
ELD,

ETT,

GHG impact of life cycle stages;

ESW,
Emissions from utilization solid waste for each time interval t € T,

ESTRAW,
Emissions generated as a result of the utilization of residual straw in the regions
g € G for each time interval ¢ € T;

ECAR,
Emissions from bioethanol (E100) and gasoline usage in vehicle operations
[kg CO> — eqd™'1;

Evaluation of environmental impact at every stage of life cycle is:

(a) Growing biomass ELS, [kg CO, — eq d=N;

(b) Production of bioethanol I(E100) ELB, [kg CO, — eq d_l];

(¢) Production of petroleum gasoline ELD, [kg CO, — eq dﬁl];

(d) Utilization of solid wastes ESW, [kg CO, — eq d';

(e) Transportation biomass for bioethanol production ETA, [kg CO, — eq a";

(f) Transportation bioethanol(E100) ETE, [kg CO, — eqd ™ '1;

(g) Transportation gasoline ETD, [kg CO, — eqd™"1;

(h) Transportation of solid waste ETW, [kg CO, — eq dﬁl];

(1) Transportation of straw and corn cobs ETU, [kg CO, — eq dﬁl];

(§) Transportation of wheat—corn for food security ETV, [kg CO, — eq a";

(k) Usage in vehicle operations bioethanol(E100) and gasoline ECAR,
kg CO» — eqd 1.

Greenhouse Gases to Grow Biomass ELS;

GHG emissions resulting from the production of biomass depend on the cultivation
practice adopted as well as on the geographical region in which the biomass crop has
been established [9]. In particular, the actual environmental performance is affected
by fertilizers and pesticides usage, irrigation techniques, and soil characteristics. The
factor may differ strongly from one production region to another. Accordingly, the
biomass production stage is defined as follows:
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)
ELS, = S S| EFBC,—= ) v, (4.2)

il geG ar

where ELS, denotes the total environmental impact of biomass cultivation, which in
general represents the production rate of resource i € [ in region g € G, refers in this
equation to the cultivation rate of biomass i € / in that region, [kg CO, — eqd™"].

Total GHG Emissions from Bioethanol (E100) Production ELB,
The environmental impact of the bioethanol (E100) production stage is related to
raw materials and the technology employed for the production of bioethanol (E100).

Accordingly, the GHG emissions resulting from this life cycle stage were assumed
proportional to the biomass-specific amount of biofuel produced:

ELB, = > "> "N " "(EFBP;,QBP .y, + EFBPs;QBPsyy,), ¥t (43)

i€l feF ceC beB peP
where ELB; is total environmental impact of bioethanol (E100) production.

Since only one of the technologies p € P can be selected for a region f € F (which

is guaranteed by the condition) ZF,; < 1.0 V t,f), it OBP s, is equal to “0” for
peP

all except p € P for the selected technology. This is ensured by implementing the
inequality

G"XZFpy > OBPyp, V' inf.c,bp,t
and

G"XZF .y > OBPsgyy, V' if,c,b,p,t

where GM*¥ there is a large enough number.

Total GHG Emissions from Gasoline Production ELD,

ELD; =Y Y "> "EDP4QD . Y t (4.4)

deD ceC beB

where ELD,; is total environmental impact of gasoline production.
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The Environmental Impact of Transportation ETT,

The global warming impact related to both biomass supply and fuel distribution
depends on the use of different transport means fuelled with fossil energy, typically
either conventional oil-based fuels or electricity. The resulting GHG emissions of
each transport option depend on both the distance run by the specific means and the
freight load delivered. As a consequence, the emission factor represents the total
carbon dioxide emissions equivalent accordingly:

ETT, = ETA, + ETB, + ETD, + ETW, + ETU, + ETV, (4.5)
where ETT, is environmental impact of transportation of resources;
ETA, =>>>"
iclgeG
> (EFTMAADG nQls) + > Y Y ° " (EFTMAsi.ADG Qs ).V ¢
leL i€l geG feF ecE

is environmental impact of transportation biomass for bioethanol production;

ETB, = Y > % (EFTB,ADF1,QBy.,), VY tisenvironmental impact of trans-
fEFccCheB ’

portation bioethanol (E100) from zones f € F to ¢ € C where OBy, =

ZZ (QBPifchpt + QBPSifcbpt);
ielpeP

ETD, = Y > > (EFTB,ADD.;,QD,,), Y t is environmental impact of
deDceCbeB

transportation gasoline from zones d € D to ¢ € C, [kg CO> — eqd ™ '];

ETW, =Y > > (EFTRW,ADW,,,OW},,,), Y tis environmental impact
feFweWmeM ’

of transportation solid wastes from zones f € F tow € W, [kg CO, — eq "
ETU, = > 3 >3 (EFTRU.ADU ,,QU,4), Y t is environmental impact

geGuelUecEicl
of transportation straw from zones g € Gtou € U, [kg CO, — eq dﬁl];
ETV, =Y Y > Y (EFTRV,ADV¢4,QV,,.), Y tisenvironmental impact of

geGveVzeZicl
transportation wheat—corn for food security from zones ¢ € G to v € V,
[kg CO; — eqd™"].

Total GHG Emissions from Utilization Solid Wastes ESW,, [kg CO» — eqd ']

ESW, =Y (ESF1,(FSW, — FSWWy)) + ESWW,, ¥ t (4.6)
feFr

where ESW, are the GHG emissions that would be generated if part of the solid waste
was not treated in the places designated for this purpose, [kg CO, — eqd '] and
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FSWy; is the amount of solid waste generated during the operation of each of the
plants f € F for the time interval t € T and FSWW}; is the amount of solid waste
generated by f € F which is processed in all plants w € W.

FSWy =33 "> " (SWip0BP iy + SWsipOBPSi). ¥ 1.f

i€l peP ceC beB

FSWWi =" OWpp V L.f

meMweW

While ESWW, represents GHG emissions generated from solid waste disposal
when it is carried out in one of the plants w € W and is determined according to the
dependence:

ESWW, => "3 "> (ESW1LuQWSse), V1

feFweWmeM se§

Total GHG Emissions from Utilization Straw ESTRAW,

ESTRAW, = (ESU,- (Z (Aig, + A;‘;) ﬂ:gt S5 U - ZZZQLYW> > . Vi

i€l g€G geGuel ecE 8€G feF ecE

(4.7)

where ESTRAW, are the GHG total emissions from utilization straw
kg CO> — eqd™"].

GHG Emissions from Bioethanol (E100) and Gasoline Usage in Vehicle
Operations ECAR,

ECAR, = ECBY > > OBy + ECGY > > ODyy» V' t, (4.8)
f€EF ceC beB deD ceC beB

where ECAR, is GHG emissions from bioethanol (E100) and gasoline usage in
vehicle operations.
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5.3.2 Model of Economic Assessment of an IBSC TDC,, [$ year™ ']

The annual operational cost includes the biomass feedstock acquisition cost, the
local distribution cost of final fuel product, the production costs of final products,
and the transportation costs of biomass, and final products. In the production cost,
we consider both the fixed annual operating cost, which is given as a percentage of
the corresponding total capital investment, and the net variable cost, which is
proportional to the processing amount. In the transportation cost, both distance-
fixed cost and distance-variable cost are considered. The economic criterion will be
the cost of living expenses to include total investment cost of bioethanol (E100)
production facilities and operation of the IBSC. This price is expressed through the
dependence (4.8) for each time interval t € T:

IDC, =TIC, +TIW, + TPC, + TPW, + TTC, + TTAXB, — TL,

- TS, Vt ( 4. 9)
where
TDC,
Total cost of an IBSC for year, [$ year '];
TIC,

Total investment costs of production capacity of IBSC relative to the operational
period of redemption and up time of the plant per year, [$ year '];
TIW,
Total investment costs of solid waste production capacity of IBSC relative to the
operational period of redemption and up time of the plant per year, [$ year]';
TPC,
Production cost for biorefineries, [$ yearil];

TPW,

Production cost for solid waste plants, [$ year_l];
TTC,

Total transportation cost of an IBSC, [$ year™'];
TTAXB,

A carbon tax levied according to the total amount of CO, generated in the work of
IBDS, [$ year_l];

TL,
Government incentives for bioethanol (E100) production and use, [$ yearil];

TS,
Total costs of selling crop residues (straw and corn cobs) for other purposes,
[$ year'].
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Model Investment Costs for Biorefineries by Year TIC,

A rational SC planning over the time is based upon the assumption that once a
production facility has been built, it will be operating for the remaining time frame.

TIC, = &3> (CosthZy). V1 (4.10)

fEF peP

where ¢, is a discount factor defined as in [23] and present by [24] ¢, is calculated by
Eq. 4.11):

1

& = 4.11
B @ty
where ¢, is the interest rate [%] for time interval t € T.
Capital cost of biorefinery for each region is determined by the equation:
Costl; = M{™'Cost,, ¥V peP, V feF, (4.12)

where M ,Cf’” is a correction factor in the price of biorefineries in the region f € F
according to its installed Mj‘;"” > 1.

Model Investment Costs for Solid Waste Plants by Year TIW,

The total cost of the utility plants to be constructed over a given time interval is
determined according to the equation:

TIW, =& Y _(CostyZWq), V t (4.13)
weW se§
where
Cost” = MYCostW,, ¥V scS, Y weW, (4.14)

And MY is a correction factor in the price of solid waste plant in the region w € W
according to its installed MY > 1.

Total Production Cost Model of IBSC TPC,
Total production cost term, TPC, consists of biomass cultivation TPA;, bioethanol

production costs TPB,, TPBs, and production cost for gasoline TPD; as follows for
each time interval r € T:
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TPC, = TPA, + TPB, + TPBs, + TPD,, ¥ t (4.15)

where the components of (4.15) are defined according to the relations:

TPAI Z E (UPCIgtﬁlgl (Algt + Azgz))
iclgeG
TPB, =33 3" 3> (a;UPBpy OBP )
i€l feFceCbeBpeP v ¢
TPBs; = > > > > > (a;UPBs;ps OBPsig1,,)
i€l feFceCbeBpeP
TPD, = Z Z Z (ar UPDdtQDdcbt)
ceCbeBdeD
Total Utilization Cost Model of Solid Waste TPW,
Total utilization cost of solid waste is calculated for equation:
TPW: = ay > > > (UPW QWS
fEFweWmeM seS
+ > (OQWPLANTS,UPSWy), V t (4.16)
feF

Since only one of the size s € § can be selected for a region w € W (which is
guaranteed by the condition ) ZWF,,, < 1.0 V t,w), it QWS is equal to “0”

seS
for all except s € S for the selected size. This is ensured by implementing the
inequality GMAXZWFSW, > OWSfvmst» ¥ fi w, m, s, t where GM*X there is a large
enough number.
Where QWFULLy is the total amount of solid waste [ton year™ '] generated by
each biorefinery f € F and QWPLANTS}, is the total amount of solid waste that is
treated in each of the plants f € F.

QOWPLANTS;, = QWFULL; — Y. 32 3> OWSms:

seSweWmeWw

QWFULLﬁ = a,E Z Z Z (SWiprBPibepl‘ —+ SWSinQBPSiﬁ'pr) ’

i€l ceCbeBpeP

vV tf

Total Transportation Cost Model TTC,

With regard to transports, both the biomass delivery to conversion plants and the fuel
distribution and transport of gasoline to blending terminals are treated as an
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additional service provided by existing actors already operating within the industrial/
transport infrastructure. As a consequence, T7C, is evaluated as follows:

+TTCW,+TTCU, +TICV,, V t (4.17)
where
TTCA
= ZZZZ (@ UTCignOlgn) + ZZZZ(atUTCsigftesigfet), Y ¢
leL i€l feFgeG ecE i€l fecFgeG

is the transportation cost for energy crops and straw for bioethanol production,

TTCB, = ZZZ((I,UTBbeQBbe[), YV t is the transportation cost for
beBceCfeF

bioethanol (E100),

TTCD, = 3% > («UTDysQDy), V¥ t is the transportation cost for
beBceCdeC

gasoline,

TTCW, = > > > (UTWpyuQOWp,,), VY 1 is the transportation cost for
meMweW feF ’

solid waste,

TTCU, = >3 33 (ayUTU e QU,gr), Yt is the transportation cost for
ecEgeGueUiel )

straw collection and processing,

TTCV, =33 3 3 (0 UTV0:QVip,), ¥V ¢ is the transportation cost for
iclzeZgeGveV

grain for food securitywhere

UTCion = 1Ay + (IByADG )

UTCsign = OAU, + (OBU,ADG,)
UTBy, = OA, + (OB,ADF )

UTD 4y = OAD), + (OBDyADDyy)
UTWym = OAW oy + (OBW ,ADW,,)
UTUg, = OAU, + (OBU,ADUy,)
UTV g, = OAV;. + (OBV.:ADV,,.)

IA;; and IB;; are fixed and variable cost for transportation biomass type i € I, (OA,,
OB,) are fixed and variable cost for transportation bioethanol (E100), OAD,, and
OBD,, are fixed and variable cost for transportation gasoline, OAW,, and OBW,, are
fixed and variable cost for transportation solid waste, OAU, and OBU,, are fixed and
variable cost for transportation slow, and OAV;, and OBV, are fixed and variable
cost for transportation biomass type i € I.
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The biomass transportation cost UTC;p is described by Borjesson and
Gustavsson, [25] for transportation by tractor, truck, and train UTBy,,. They are
composed of a fixed cost (IA;, OA,) and a variable cost (IB;, OB,,). Fixed costs
include loading and unloading costs. They do not depend on the distance of
transport. Variable costs include fuel cost, driver cost, maintenance cost, etc. They
are dependent on the distance of transport [26].

A Carbon Tax Levied Cost Model TTAXB,

Many countries are implementing various mechanisms to reduce GHG emissions

including incentives or mandatory targets to reduce carbon footprint. Carbon taxes

and carbon markets (emissions trading) are recognized as the most cost-effective

mechanisms. The basic idea is to put a price tag on carbon emissions and create new

investment opportunities to generate a fund for green technology development.

There are already a number of active carbon markets for GHG emissions [27, 28].
A carbon tax levied is determined by the equation:

TTAXB, = (,TEI,)Cco,, V t (4.18)

Government Incentives for Bioethanol (E100) Production Cost Model

Government incentives 7L, for bioethanol (E100) production and use is determined
by the equation:

TL =Y > > (INSu,QBsy). V t (4.19)

fEF ceC beB

Total Costs of Selling Straw for Other Purposes

TS, =y (PSUi,ZZZQU,-gm>, VYt (4.20)

icl 8eGuel ecE
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5.3.3 Model of Social Assessment of an IBSC Job,, [Number of Jobslyear]

The IBSC Social Assessment Model (see Eq. 4.20) is to determine the expected total
number of jobs created (Job,) as a result of the operation of all elements of the
system during its operation.

Job, = NJ1, + LT,NJ2, + LT,NJ3,, ¥ t (4.21)

where the components of (4.20) are defined according to the relations for each time
interval ¢t € T, [Number of Jobslyear]:

NJ1, number of jobs created during the installation of bioethanol refineries and solid
waste plants,

NJ2, number of jobs created during the operation of bioethanol refineries and solid
waste plants,

NJ3, number of jobs created by cultivation bioresources for bioethanol production,

and are determined according to the equations:

NL =YY (M{;b”.fobB,, Z,,ﬁ) ST (MY Job W, ZW,,,,)

pEPfEF seSweWw
NI2 = 3 5 (MIPJob 0, ZF ) + 3 5 (MUY Job OW,ZWF o) b,V 1
pEPfeEF seSwew
NJ3, =33 (JobG;,PBB;y)
i€lgeG
(4.22)

Equations (4.21) and (4.22) represent a simplified model of assessment of the
social criterion, which was first discussed in detail in [29].

5.4 Restrictions
5.4.1 SC Design Constraints

These constraints are material balances among the different nodes in the
SC. Following, the constraints between different SC nodes are formulated:

Bioethanol Plants Capacity Limited by Upper and Lower Constrains

Plants capacity is limited by upper and lower bounds, where the minimal production
level in each region is obtained by
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Z(PB%’NZFW) <a> Y 0B, < Z(PBfAXZFHﬂ), Vi (423)

peP ceC beB peP

(PBS%INZF,,ﬁ) < <a,ZZQBP,-beP,> < (PBS?ZAXZF,,ﬂ), Yoifopt (4.24)

ceC beB

(PBSSI™ZF ) < <a,ZZQBPsW,,,,>

ceC beB

< (PBSS™ZFy), V ifupit (4.25)

where

QBbel = ZZ (QBPifcbpt + QBPSifcbpl)’ v t’f’ c, b

icl peP

Solid Waste Plants Capacity Limited by Upper and Lower Constrains

A condition that ensures that the total amount of solid waste generated by all
biorefineries can be processed in the plants built for this purpose

SN T OWa DD DD (SWinQBP iy + SWsipOBPsigyy ). Y ft

weWmeM peP i€l ceC beB
(4.26)
> (PYNZWF ) <y Y OWp < Z(P?”AXZWFSW,)}, Vo (427)
seS feFmeM seS
QW <> _(PY¥ZWF,), ¥ tw.fom, (4.28)
seS

Limits on IBSC Flow Acceptability

Equation (4.29) guarantees the permissible values of grain and straw flows from each
of the regions for their production
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Z Z Q]lgﬂl + Z Z QVtgvzt = IZ{?X

[eLfeF z€ZveV .

. Vg 429
55 Olsyg + 5 QU < QUL 42
e€EfeF e€EuclU

Equation (4.30) guarantees the admissibility of solid waste streams for each of the
places where they are generated

SN OWpw < QWA Vm,f (4.30)

meMweW

Equation (4.31) guarantees the permissible values of bioethanol flows from each
of the regions for their production

S5 S (OBPyps + OBPsigepy) < QB%AXZF ot
iclceChe

3> (0Bry) < QBMAXZF oft

beBceC

, Y t.f,p (4.31)

Constraints balance of bioethanol (E100) to be produced from biomass available
in the regions:

G XZFpy > OBPyp, V' inf,c,bp,t (4.32)

In performing (4.33), we can write the expression for

OBy = > Y OBPyy,. Y t.f.c.b (4.33)

icl peP

Equation (4.34) guarantees the permissible values of gasoline flows from each of
the regions for their production

> > (ODuay) < QDM ¥ 1.d (434)

beB ceC

Equations (4.35) and (4.36) guarantee the permissible values of the flows of grain
and straw from each of the regions for their production
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Algf +Az t
) (oo

IeL feF 2€Z veV

Vtgi o (435)

(A’g’ ™ lgf)
a2 | 22 + 3> QUi
eckE feF ecE uclU
QBPl ch
clee ceCbeBpe ipt '
0BPs,, N (7 7 Bl (4.36)
ifcopt
2.2 Olsign = ZZZ( fp)
leLgeG ceCbeBpeP VSipt

A Limitation Guaranteeing the Regions Needs for Straw for Technical Needs
and Utilization

PSTRAW!N < 0,y > QU,ps < PSTRAWIX, V t,i,u (4.37)

iut iut
e€E geG

A Limitation Guaranteeing the Regions Needs for Grain for Technical Needs
and Utilization

@Y Y OV = PGRAIN;;, ¥ 1,0, (4.38)

€7 geG

Mass Balances Between Bioethanol (E100) Plants and Biomass Regions

The connections between bioethanol (E100) plants and biomass regions are given by

S5 Ol < 3 (PBS%AXZF”"')
igflt = -

leLgeG peP Yipt

PBSSYXZF,q\ |
220 Olsign < 3 | —— ———

leLgeG peP VSipt

YV otfi (4.39)
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Mass Balances Between Bioethanol (E100) Plants and Customer Zones

ZZ(a,QBbe,) = QEB,, V t,c (4.40)

beB feF

5.4.2 Logical Constrains

These constraints define the structure of the IBSC and are as follows:

Restriction Guarantees That a Given Region f € F Installed Power Plant
with Size p € P for Bioethanol (E100) Production

Constraint (4.41) states that can be chosen only one size p € P for each facility.

Zzpﬁ <1

peP

S ZFp <1 [
pEP

Vonf (4.41)

Restriction Guarantees That a Given Region w € W Installed Solid Waste
Plant with Size s € S

2 ZWy < 1

seS

S ZWF g, <1

seS

. VY tw (4.42)

Constraint (4.42) states that can be chosen only one size s € S for each utilization
plant.

Limitation Ensure the Availability of at Least One Connection to a Region
of Bioresources and Region for Biofuel

S Xign =D Yiew =Y ZFppn V 1if (4.43)

geG leL ceC beB peP
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Limit Which Guarantees That Each Region Will Provide Only One Plant
with a Biomass Type i € 1

S X <1,V 1ig (4.44)

fEeF leL

Limitation of Assurance That At Least One Region f € F Producing
Bioethanol (E100) Is Connected to a Costumer Zones ¢ € C

SN Vew <1,V te (4.45)

beB feF

Limitation of Assurance That At Least One Region f € F Producing
Bioethanol (E100) Is Connected to a Solid Waste Utilization Plant Located
in Regionw € W

SO WSpm <1,V 0f (4.46)

weWmeM

Condition Ensuring That the Solid Waste Produced from a Given Biorefinery
Will Be Processed in Only One of the Plants for Use

SO WShom = > ZFpp Y 1f (4.47)

meMweW peP

Condition Ensuring That a Plant Used in a Given Region Will Be Connected
to At Least One Plant in Which Solid Waste Is Generated

WShome > Y ZWFgy, YV t,w (4.48)
2D 2

meM feF ses
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Restrictions That Ensure That Only One Mode of Transport Is Used
for the Transport of Bioraw Materials or Finished Products Between Two
Areas

1. Transporting the grain to produce bioethanol from a region g € Gtof € Fina
given time interval is carried out by only one type of transport,

> Xign <1,V tigf (4.49)
leL

2. The transport of straw to produce bioethanol from a region g € Gtof € Fin a
given time interval is carried out by only one type of transport,

> Xsign <1,V tigf (4.50)

leL

3. Bioethanol transportation from a region f € F to ¢ € C in a given time interval is
carried out by only one type of transport,

nycbt <l Vitfec (4.51)

beB

4. The transportation of solid waste from a region f € F to w € W in a given time
interval is carried out by only one type of transport,

> WSpm <1V t.fow (4.52)

meM

5. The transportation of straw for processing and utilization from the region g € G to
u € U in a given time interval is carried out by only one type of transport,

> WUger <1,V t.g,u (4.53)

ecE

6. The transportation of grain for food purposes from a region g € Gtov € Vin a
given time interval is carried out by only one type of transport,

> WV <1, Vg (4.54)

ez

7. Gasoline transportation from a region d € D to ¢ € C in a given time interval is
carried out by only one type of transport,

> DTuw <1,V tod,c (4.55)
beB
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5.4.3 Transport Links

Restrictions on Transportation of Biomass Are

leL IeL leL

. Votig,
PBISII™ Y Xigm < a1y Qlsigpey < PBISIY Xig 8t
7 leL ecE leL

Restrictions on Transportation of Bioethanol (E100) Are

ZQchbt < GMAXZchbz, vV t.f,c

beB beB

Restrictions on Transportation of Solid Waste Are

> OWp < G WSp Y tfow

meM meM

Restrictions on Transportation of Straw Are

D QU < G WUy, V t.gou

ecE ecE

Restrictions on Transportation of Wheat—Corn for Food Security Are

3 0V < G WV, Y gy

€72 eZ

(4.56)

(4.57)

(4.58)

(4.59)

(4.60)
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5.4.4 Restriction for Total Environmental Impact of All Regions

TEI, < TEI"X, V¥ ¢ (4.61)

where TEI?”AX is the maximum permissible values for the total environmental impact
of IBSC and fossil fuel in the regions for each time interval t € T [kg CO, — eq d_l].

5.4.5 Limitation Guaranteeing Crop Rotation

The crop rotation allows ensuring control of pests, improving soil fertility, mainte-
nance of the long-term productivity of the land, and consequently increasing the
yields and profitability of the rotation [30, 31]. The combination of crop rotation and
fallowing is a common practice that is gaining momentum again due to environ-
mental benefits and promoted reduction in the dependence on external inputs.

Crop rotation implemented in a region g € G means that the growing area of
energy crops are rotated so that the next time the same area is used by other crops
grown under are optimal scheme of crop rotation. This can be achieved if for land
Ajg and Af;t inequalities are implemented:

(i + 45, )20 < (45, —AL), ¥ igr (4.62)

igt

5.4.6 Model of Constraints for Energy Balances/Energy Efficiency
Constraints

Limitation Ensuring That the Overall Energy Balance in the Region Is
Provided

The demand for bioethanol in each of our regions is accepted in proportion to the
population, taking into account the percentage of bioethanol in the gasoline blend for
the relevant time horizon.

Limitation of enforceability of the energy balance:

EGD, + EB, > EO,, V 1. (4.63)

Energy equivalent gasoline, which is necessary to meet the energy needs of the all
customer zones where no use bioethanol (E100) is determined by the equation:

EO, = ENOY YO, YV t, (4.64)

ceC

where EO, is annual requirement of energy (gasoline) of all regions [GJ year™'].
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In cases where the fuel consumption is considered proportional to the population
of a given region, then the YO, is calculated according to the dependence:

PC,
S PCy

ceC

YOct =

YG,

The energy equivalent of petroleum diesel that must be added, in order to balance
the energy required for all customer zones is determined by the equation:

EGD, = ENOY QEG,, V1, (4.65)

ceC

where EGD, [GJ year™'] is annual energy added to gasoline fuel to balance the

required energy for all regions and QEG,, = a; Y > OGu, [ton/year].
beBdeD

The energy equivalent of bioethanol (E100) received per year of work IBSC is
determined according to the dependence:

EB, = ENBY QEB,, YV t, (4.66)

ceC

where EB,[GJyear '] is annual energy received from the extracted biofuel
(bioethanol(E100)) of IBSC for all customer zone and QFEB, =

a;y > OBy [ton/year].

beBfEF
Total cost of fuel used from the regions [$/year] is solved from equation:

TBG, = TDC, + PG,» QEG,, V t (4.67)

ceC

Limitation Ensuring That the Overall Energy Balance in Each Customer Zones
Is Provided

Limitation of enforceability of the energy balance for each region:

ENO QEG,, + ENB QEB,, > ENO YO, V t,c. (4.68)



4 Multi-Period Deterministic Model of Sustainable Integrated of Hybrid First. .. 71

Limitation Ensuring That Each Region Will Be Provided in the Desired
Proportions Fuels

ENBY > > (0QBy) > KLYENOY YOu. V1 (4.69)

f€eF ceC beB ceC
ENBZZ (atQchb;) > KZ?XENO YO, V tc (4.70)
feF beB

5.4.7 Model of Constraints for Total Cost of a BSC Network

TDCYX > TDC,, Y teT (4.71)

where TDCM4X s the maximum total cost of a bioethanol (E100) SC network [$].

5.5 Optimization Objective Functions

As explained in [32], there is a vast literature on the research domain of supply chain
design and management. There are also numerous papers dealing with location
problems. Initially, the optimization of the supply chain was made to achieve cost
saving. As a result, all the costs that have an influence on the supply chain
performance have to be considered simultaneously. Besides cost considerations,
more recently some papers have enlarged the system performance criteria by includ-
ing energy consumption and GHG emissions across the SC as in the Integrated
Biomass Supply Analysis and Logistics (IBSAL) model proposed by [33] for corn
stover to biorefineries, or in the work of [34] for biofuel production. But to evaluate
the global performance of a system, it is necessary to describe how human activity
can impose different types of impacts on global sustainability, i.e., simultaneous
progress in economic profitability, environment preservation, and social consider-
ation. Thus the use of the multi-objective optimization method prior requires trans-
lating all the sustainable aspects into suitable criteria that could be optimized
simultaneously. Till now the social assessment is often neglected. However, to the
best of our knowledge, except the work of [35], no study integrates a complete
sustainable development view by adding a suitable social criterion to both previous
ones in order to optimize the supply chain of industrial products. The main reason is
that the evaluation of the social indicators is often a tremendous and difficult task.
The model includes the following objectives:
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5.5.1 Economic Objective Function

The part of the objective function associated with the minimization of the economic
costs includes all the operating costs of the supply chain, from the purchase of
biomass feedstock to transportation of the final product, as well as the investment
cost of biorefineries and storage facilities. The costs of the supply chain are: the cost
of raw material, the transport of raw material to the collection facilities, the cost of
handling and storage of biomass, the cost of transport to the biorefineries, the cost of
transformation into bioethanol (E100), and the cost of final transport to the blending
facilities. The economic objective is to minimize the total annual costs. The terms of
the cost objective corresponding to the annual operation costs of the supply chain
(AOC) are described in the following equation:

COST = (LT, TDC,) (4.72)

teT

In Eq. (4.72), the summation terms represent, respectively, the annual operating
costs for biomass cultivation and harvesting, biomass transport, biomass inventory,
biomass conversion, ethanol inventory, and ethanol transport.

As a target function we can also use the price of the used fuel (petrol and
bioethanol (E100)) for the entire time interval, provided that the needs of the regions
of this energy carrier are satisfied. This is determined by the dependency:

COSTrsg = Y _(LT,TBG)) (4.73)

teT

5.5.2 Environmental Objective Function

The environmental objective function corresponds to the minimization of the entire
environmental impact measured through the Eco indicator 99 method. The Eco
indicator 99 is a standard method for evaluating the global environmental impact
of a process; product and/or activity [36]. This method can be applied either as a
standalone tool or combined with an optimization model. The proposed model
integrates the Eco indicator 99, whose calculation has been carried out considering
the specific activities taking place in the operation of the considered IBSC. Partic-
ularly, this paper considers the damages to the ecosystem quality, human health, and
resources.

The cumulative environmental impact of system performance, expressed by the
amount of carbon dioxide equivalent generated over the whole life cycle and during
its operation, is expressed by means of the equation:

ENV = (LT, TEI) (4.74)

teT
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The environmental impact [32] is quantified with the eco costs method introduced
by [37, 38], and updated in 2007 and 2012. Eco costs are a measure that expresses
the environmental load of a product on the basis of prevention of that burden during
the product life cycle: from the raw materials until its end of life. This indicator
represents the necessary costs that should be made to counteract the negative impact
of the activity made on the capacity of earth [39]. It quantifies the impact in terms of
pollution and material depletion by allocating a cost penalizing the use of an
alternative that would reduce its impact on the environment and would be called
sustainable solution.

Eco costs allow quantifying the environmental impact as a simple indicator easy
to understand and compare with other criteria, for example, economic. Furthermore,
as [38] has declared, the main advantages of these Eco costs are: (1) they are
expressed as a monetary value, (2) there is no need to compare with another product
(often the case with other life cycle assessment methods), and (3) calculations are
based on European price levels and the costs are updated.

In our case, to determine the monetary equivalent of the environmental impact,
we use the Global warming coefficient Ccp, using the equation:

Costgyy = CCOZENV (475)

where Costeyy[$year™'] is the price to be paid to prevent the impact on the
environment of the amount of carbon dioxide equivalent, while C¢p, is the global
warming coefficient [$/kg CO, — eq] (the most commonly used values is 0.135$/
kg CO, — eq) according to [40].

5.5.3 Integrated Economic and Environmental Objective Function

The integrated economic and environmental objective function is formulated as
follows:

Int_COST = COSTrs6 + Cco, _(a,LT,TEI,) (4.76)

teT

where

a;
IBSC operating period for 1 year [d/y];

The total emissions are converted into carbon credits by multiplying with the
carbon price Cco, on the market, where it has a value 0.1358/kg CO, — eq [40].
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5.5.4 Social Objective Function

Till now the social assessment is often neglected. However, to the best of our
knowledge, except the work of [35], no study integrates a complete sustainable
development view by adding a suitable social criterion to both previous ones in order
to optimize the supply chain of industrial products. The main reason is that the
evaluation of the social indicators is often a tremendous and difficult task.

According to [32], the goal is to quantify the social sustainability of a system. In
our approach as the system to implant is completely new, most of the social impacts
would remain almost constant for instance human health and security risks or public
acceptability. In our case the two major social indicators are the jobs creation and the
food to energy one. The latter assesses the possible competition between food and
energy. In [41] the authors have explained that it is used as a social indicator as it
deals with measuring the quality of life: rise of prices of food, and threat of the safety
of food supply. As one aim is to compare first and second generation of biorefineries,
this indicator must be taken into account to clearly establish the discrepancy between
grain and straw as a biomass. But this competition is already evaluated through the
eco costs relative to land-use.

Concerning jobs estimation, the most important problems are to define the
boundary of the evaluation and then to calculate the total number of jobs created.
Indeed, this number is not limited to the number of persons who are directly working
for the new activity but it must also take into account the jobs created or supported by
subcontractors and more generally by all the firms impacted in terms of employ-
ments. As a consequence the number of jobs created is classically divided into three
categories: (1) Direct jobs (jobs related to plant’s operations), (2) Indirect jobs (new
employees in subcontractors), and (3) Induced jobs (new employees in the local
economy). This last number evaluates the employments generated by the two
previous categories due to their (and their families) consumption in the local
economy.

For an estimate of the social impact of the system work, we can use the exacted
coefficients of (JobB,, JobO,,, JobOWj, JobW) which account for indirect jobs in the
local economy. Then the social impact (in terms of jobs) is determined according to
the dependence [Number of Jobs]:

JOB = "(LTJob,) (4.77)

teT

6 Optimal Synthesis Problem Formulation Using
Mathematical Model

The optimization procedure finds the set of decision variables, both binary and
continuous, that minimize of the objective function. The identified decision
variables are:
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¢ SC network structure, which includes: number, size, and location of biorefineries,

* biomass cultivation rate for each biomass feedstock type and bioethanol(E100)
production,

* locations of bioethanol(E100) production facilities and biomass cultivation sites,

* flows of each biomass type and bioethanol(E100) between cells,

* modes of transport of delivery for biomass and bioethanol(E100),

» greenhouse gas emissions for each stage of the life cycle,

 transportation amount for each transportation link and transportation mode,

 distribution processes for biofuel to be sent to mixing and demand zones.

In the following model, two objective functions are considered:

e Economic sustainability (COST or COSTrpg) (4.72, 4.73): Minimize the total
logistics cost of the supply chain considering fixed, variable, and emissions costs
[$].

¢ Environmental sustainability (ENV or Costgyy) (4.74, 4.75): Minimize the total
quantity of GHG emissions calculated in units of [kg or $] of carbon dioxide
equivalent [kg CO, — eq].

* Social sustainability (JOB) (4.76): Maximize the social impact of the system
work of the supply chain [Number of Jobs].

The problem for the optimal design of an IBSC is formulated as a MILP model for
different target functions as follows:

The problem for the optimal design of a IBSC is formulated as a MILP model
Since all constraints are linear functions of the continuous and binary variables, and
the formulated objective functions are linear.

6.1 Single-Criteria Objective Models

The first approach considers that the SCM problem has only one objective function
to optimize which usually represents the economic or environmental dimension.

Strategic SC design integrates two planning levels: decisions on the SC network
configuration and the mission of each refinery and planning decisions on the flows of
biomass and fuels in the network.

6.1.1 Minimizing GHG Emissions [kg CO, — eq]

As discussed in Sect. 6.1.1 environmental objective is to minimize the total annual
CO,-equivalent GHG emissions resulting from the operations of the IBSC and
gasoline used to provide the energy balance of the regions. The formulation of this
objective is based on total GHG emissions in the IBSC and other fuels are estimated
based on LCA approach, where emissions are added every life stage.
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The task of determining the optimal location of facilities in the regions and their
parameters is formulated as follows:

Find : X,[Decision variables]”
MINIMIZE{ENV (X,)} — (Eq.4.73) (4.78)
s.t.: {Eq.4.22 — Eq.4.70}

The objective function (Eq. 4.73) and restrictions by (Eq. 4.22)—(Eq. 4.70) are
linear with respect to all decision variables.

6.1.2 Minimizing Annualized Total Cost [$]

The single objective based models consider that the economic dimension is the most
important and there is no need to integrate other objective such as the environmental
objective (GHG emissions).

The economic objective is to minimize the annualized total cost, including the
total annualized capital cost, the annual operation cost, the annual governmental
incentive, and the cost for emitting CO,. The task of determining the optimal
location of facilities in the regions and their parameters is formulated as follows:

Find : X,[Decision variables]"
MINIMIZE{COST(X,)} — (Eq.4.71) (4.79)
s.t. : {Eq.4.22 — Eq.4.70}

The objective function (Eq. 4.71) and restrictions by (Eq. 4.22)—(Eq. 4.70) are
linear with respect to all decision variables.

6.1.3 Maximize the Social Impact of the System Work of the Supply
Chain

Find : X,[Decision variables|”

MAXIMIZE{JOB(X,)} — (Eq.4.75) ¢, V t€T (4.80)
s.t.: {Eq.4.22 — Eq.4.70}

The objective function (Eq. 4.75) and restrictions by (Eq. 4.22)—(Eq. 4.70) are
linear with respect to all decision variables.
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6.2 Multi-Criteria Objective Models

The second class formulates strategic SC decisions as multi-criteria/multi-objective
programs. The planning decisions are almost the same. However, additional objec-
tives are added in the optimization process.

Sustainable SC management covers interactions among economic dimension, the
environment, and society, and a realistic decision process should find a trade-off
solution between different performances which are sometimes conflicting. Thus, the
use of multi-criteria and multi-objective models is suitable in this case.

In this context, Multi-Objective Optimization (MOO) models provide decision
makers with the possibility to understand the trade-off between different objectives
and their impact on the SC configuration and planning decisions and costs. Different
methods for solving the MOO problem could be used such as reference point
methods with weight coefficients, e-constraint, and goal programming (GP).
Although multi-objective optimization might add another degree of complexity to
the decision process, especially when the decision makers have to give their prefer-
ences (weight for objectives), it is more representative to the real life strategic
planning process. .

The reference point approach is using target values F ,'ff found by solving the
optimization problem separately for a given set of objectives (Eq. 4.43)—(Eq. 4.46)
and finding a Pareto optimal solution minimizing the generalized function of
losses from the reference values F trff . For example of two objectives—total
costs TDC, and TEI, GHG emissions, the decision making problem is solved as
following:

Find : X,[Decision variables]”

TDC,; = Total cost
To MIN. : F,(X,) =
TEI, = GHG Emission
s.t.: {Bq.4.19 — Eq.4.42}
Find : X,[Decision variables]"

= | ToMIN.: Z,(X,) = 3 (53(X,)wy) (4.81)

i=1

s.t.: {Eq.4.19 — Eq.4.42}

where 6,(X,) are the normalized losses for each objective from the reference value
F ;'ff and w, are the weight coefficients, representing the priorities given to each
objective.
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The method of “e-constraint” is used to minimize costs while ensuring eligibility
of greenhouse gas emissions throughout the life cycle. In this method (with posterior
articulation of preference), one objective is selected for optimization and the others
are reformulated as constraints, i.e.:

Find : X,[Decision variables)"

TDC, = Total cost IBSC)

TEI, = GHG Emissions
s.t.: {Eq.4.19 — Eq.4.42}

To MIN. : F,(X) = (

Find : X,[Decision variables)"

To MIN. : F,(X,) = TDC,

= TEIL < ¢ (4.82)
s.t.:
Eq.4.19 — Eq.4.42

By progressively changing the constraint values &, which represent the limit on
GHG emissions in this case, different points on the Pareto-front could be sampled.
By calculating the extremes of the Pareto-front the range of different objective
functions could be calculated and constraint values selected accordingly.

The second method is the goal programming (GP). The GP model could be
placed in the third category. The algebraic formulation of GP is given as following:

Find : X,[Decision variables)"

TDC, = Total cost
ToMIN. : F,(X,) =

TEI, = GHG Emissions
s.t.: {Eq.4.19 — Eq.4.42}

FinD : X,[Decision variables)”

2
ToMIN. : Z, = S (ung + vip,)

i=1

= TDC[ + Ny +pl| = F;kl (483)

s.t.: § TEL, +np +pp =F,
Eq.4.19 — Eq.4.42

where F}, F}, is the target value for the objective function F,(X,) which usually
represents the minimum value obtained by considering this objective in the optimi-
zation process, 1,1, iy and p;, p,, represent the negative and positive deviations from
this target value for each time interval. The manager must analyze each one of the
goals considered in the model in terms of whether over or underachievement of the
goal is satisfactory where achievement implies that a goal has been reached. The
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terms u;, up and v, v, are the respective positive weights attached to these
deviations in the achievement function Z,. The weight factor of a given objective
represents two different roles [42]. The first one is “normalization” that brings all
deviations to a common unit of measurement. The second is “valorization” reflecting
the decision maker’s preference structure. For instance, these weights take the value
zero if the minimization of the corresponding deviational variable is unimportant to
decision makers. The “e-constraint” method first helps the decision maker to identify
different possible solutions and the characteristic of each objective. Once he obtains,
he can go through a decision process where he can articulate the preference structure
and choose the trade-off solution that guarantee the different objectives.

Sections 6.1 and 6.2 are ordinary MILP and can thus be solved using standard
MILP techniques. The model was developed in the commercial software General
Algebraic Modeling System (GAMS) [43]. The model will choose the less costly
pathways from one set of biomass supply points to a specific plant and further to a set
of bioethanol(E100) demand points. The final result of the optimization problem
would then be a set of plants together with their corresponding biomass, bioethanol
(E100), and gasoline demand points.

7 Optimal Renovation Problem Formulation Using
Mathematical Model

The problem of optimal renovation of IBSC can be considered analogously to the
problem of optimal synthesis as the mathematical models derived in Sect. 5,
dependences for the used objective functions in Sect. 5.5 and the formulations for
optimal synthesis in Sect. 6 are used. In the optimal renovation, it is assumed that the
pre-existing system can retain all or part of the configuration of biorefineries and
solid waste disposal plants, provided that the IBSC after the renovation has param-
eters satisfying the selected criterion (criteria). Under this assumption, the sets and
basic parameters introduced in the synthesis problem are considered here to be
composed of subsets before and after the renovation as shown below, respectively,
for the set of factory plant sizes:

P is aunified set composed of the elements of subsets (SP, RP) and is represented as
a combined set for which to write P = SP URP ie.,SP C Pand RP C P, and
none of the elements of the SP coincides with RP, i.e., SP ¢ RP, where:

SP is the set of standard sizes from the plants that will be used in the process of
renovation of IBSC, indexed by sp,

RP is the set of existing standard sizes from the plants that were used in IBSC before
the renovation, indexed by rp.
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Accordingly, for the sets of regions in which new bioethanol production instal-
lations are or may be additionally installed the set:

F is a combined set composed of the elements of the two sets (SF,RF) and is
represented as a set for which to write F = SFURF,i.e., SF C Fand RF C F,
and none of the elements of the SF coincides with RF i.e., SF ¢ RF, where:

SF is the many regions in which new bioethanol plants can be installed as a result of
the renovation of the IBSC, indexed by sf

RF Represents the many existing bioethanol plants that were used in IBSC before the
renovation, indexed by rf

Finally, for the many regions where solid waste treatment plants have been or will
be installed, the set:

S is a unified set composed of the elements of the two sets (SS,RS)and is
represented as a set for which to write S = SSU RS ie.,SS C SandRS C S
and none of the elements of the SS coincides with RS i.e., SS ¢ RS, respectively.

SS is the set of standard sizes from the solid waste treatment plants that will be used
in the IBSC renovation process, indexed by ss

RSis the set of existing sizes of solid waste treatment plants that were used in the
IBSC before the renovation, indexed by rs.

Accordingly, for the sets of regions in which new solid waste disposal installa-
tions have been or may be additionally installed the set:

W is a unified set of regions composed of the elements of the two sets (SW, RW) and
is represented as a set for which to write W = SW U RW, i.e., SW C W and
RW C W, and none of the elements of the SW coincides with RW, i.e., SW ¢ RW,
where:

SW Represents the many regions in which new solid waste disposal plants can be
installed as a result of the renovation of IBSC, indexed by sw

RW Represents the many regions where the existing solid waste disposal plants in
the IBSC were installed before the renovation, indexed by rw

With the set P thus introduced above, we also define the new values of the
elements of Cos B,[$] which correspond to the Vp € RP are assumed to be equal
to “0” as they correspond to the biorefineries installed before the renovation (for
which the investment costs have already been paid) and be changed in the future. All
other elements of Cos B, [$], that reply to the Vp € SP occupy values corresponding
to the price of each biorefinery, which can be used in the renovation process and
generally depends on its size and depends on the technology used.

The values of the elements of Cos W, [$] that reply to the Vs € RW are assumed to
be equal to “0” as they correspond to the pre-renovation installations for solid waste
processing (for which the investment costs have already been paid) and will not be
changed in the future. For the other elements of Cos W, [$] that correspond to ESW,
have the values corresponding to the price of the newly built installation depending
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on the size. Maximum annual plant capacity PB)"*X of size p € P for bioethanol
(E100) production using grain and straw biomass type i € 1, for all Vp € RP represent
the values of the existing maximum capacities of which were used in the existing
biorefineries before the renovation. Respectively for PBQ’”N , PBS%AX, PBS?;”N ,

PBSs;*X, and PBSs}" the same conditions apply.

The values of the elements of JobB,, which represent the number of jobs occupied
in the construction of organic plants of standard size P are formed as follows for all
elements for Vp € RP i.e., for the standard sizes of the biorefineries already built
before the renovation, these values are “0,” i.e., JobB, =0, V p € RP and therefore
JobB, # 0, V p € SP and equal to the actual jobs that are needed for the
construction of a plant of the appropriate size in the conditions of renovation.
Similarly for the elements of JobW; and “0” values are set for all Vs € RS ie.,
JobW, =0, Vs € RS and therefore JobW,; # 0, Vs & SS and equal to the actual
number of jobs required to build a solid waste processing plant Vs € SS.

8 Potential Bioethanol Production in Bulgaria
for 2016-2020

A case study of Bulgaria has been studied as an application of the proposed model.
This case study examines an IBSC in the Bulgarian territory. Two major types of
biomass resources, wheat and corn for production of first generation and wheat straw
and corn cobs of second generation bioethanol are used. The proposed MILP model
will determine the optimal level of the key logistics decision variables that maximize
the expected profit of the IBSC.

8.1 Model Input Data

Bulgaria has 27 regions. In this case study, each region is considered to be a
feedstock production region, a potential location of a biorefinery facility and a
demand zone. In other words, the biofuel supply chain network consists of
27 areas for feedstock production, 27 potential biorefinery locations, 27 demand
zones, 4 potential solid waste utilization zones, and 3 regions for the production of
petroleum fuels. For the purposes of this study, data on population, cultivated area,
as well as the free cultivated area, which in principle can be used for the production
of energy crops for bioethanol production are taken from [44]. For 2016, the
consumption of petroleum gasoline for transportation in the country which is
572,000 tons and for the next years it is: 2017 — 762,000 t, 2018 — 980,000 t,
2019 — 1,220,000 t, 2020 — 1,640,000 t. For the purposes of this study, it is
assumed that the consumption of gasoline for each region is approximately propor-
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tional to its size. The necessary investment costs for their building are as follows:
Size-1 — 8500 #/y — 3.8M$, Size-2 — 19,000 #/y — 4.8M8$, Size-3 — 48,000 1/

B. B. Ivanov and Y. R. Dzhelil

y — 7.3M$, Size-4 — 74,000 t/y — 8.9M8$.

8.2 Computational Results and Analysis

The solutions obtained show that GHG emissions are lower by 6.6% in Case 1 than
in Case 2, while the price of bioethanol is 32% higher in Case 1. This is due to the
increased capital and operating costs in Case 1. The best optimal solutions are
obtained in Case 1 if wheat and wheat straw are used for the Bulgarian scale

(Figs. 4.2 and 4.3).

(a)Minimum total GHG emissions.

Fig. 4.2 Optimal structure of the SC for bioethanol and logistics links in terms of delivery to end
users of bioethanol and gasoline, as well as the logistics of solid waste to recycling plants for 2020.

(b) Minimum total annual costs.

(a) Minimum total GHG emissions. (b) Minimum total annual costs
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Fig. 4.3 Optimal structure of SC for bioethanol and logistical links for delivery of bio raw

(b) Minimum total annual costs

materials for 2020. (a) Minimum total GHG emissions. (b) Minimum total annual costs
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The results of the optimal synthesis (see Fig. 4.4a, b) show that carbon dioxide
emissions increase when the criterion “Minimum total annual costs” is used com-
pared to the case when Minimum total GHG emissions are used. This is mainly due
to increased emissions from the transport of raw materials and bioethanol. The
analysis of the distribution of greenhouse gas emissions shows that “Minimum
total GHG emissions“are realized mainly through optimization of transport emis-
sions and appropriate choice of places for biomass production. When using the
criterion “Minimum total annual costs‘“for the synthesis of optimal IBSC, there is an
increase in emissions as a result of the transportation of organic food and fuels. As in
the case of “Minimum total GHG emissions” and “Minimum total annual costs,” the
source of greenhouse gas emissions is the technology for bioethanol production and
the corresponding technology for growing wheat and maize (Figs. 4.4, 4.5 and 4.6;
Tables 4.1, 4.2, and 4.3).

Lie cycle emissions Life cyche emission
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(a) Minimum total GHG emissions. (b) Minimum total annual costs.

Fig. 4.4 Distribution of greenhouse gas emissions for the life cycle stages in bioethanol production
for the period 2016-2020. (a) Minimum total GHG emissions. (b) Minimum total annual costs
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(a) Minimum total GHG emissions. (b) Minimum total annual costs.

Fig. 4.5 Distribution of greenhouse gas emissions for life cycle stages in bioethanol production. (a)
Minimum total GHG emissions. (b) Minimum total annual costs
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Fig. 4.6 Structure of SC costs for bioethanol (E100). (a) Minimum total GHG emissions.
(b) Minimum total annual costs

Table 4.1 Optimal size/capacity used and location of biorefineries and installations for solid waste
disposal in case of: (b) Minimum total annual costs

Years/proportion
bioethanol/gasoline 2016 > 6% | 2017 >7% |2018>8% |2019>9% |2020> 10%
REGIONS Optimal size of biorefineries/capacity used [ton/year]
Region-8 Size 4/ Size 4/ Size 4/ Size 4/ Size 4/
18,165.2 23,934.0 24,000.0 23,923.4 24,000.0
Region-27 Size 3/ Size 3/ Size 3/ Size 3/ Size 3/
14,393.7 15,490.06 | 18,000.0 18,000.0 18,000.0
Region-22 - Size 4/ Size 4/ Size 4/ Size 4/
11,404.7 22,736.8 23,052.4 24,000.0
Region-9 - - Size 2/ Size 2/ Size 2/
10,307.2 10,119.0 10,793.3
Region-20 - - - Size 2/ Size 2/
6478.3 11,000.0
Region-26 - - - Size 4/ Size 4/
24,000.0 24,000.0
Region-14 - - - - Size 4/
23,282.0
Region-18 - - - - Size 4/
23,324.8
Optimal size of solid waste installations
Region-12 Size W1/ | Size W1/ | Size W1/ | Size W1/ | Size W1/
48,864.4 64,382.5 92,286.4 64,354.0 64,560.0
Region-18 Size W1/ | Size W1/ | Size W1/ | Size W1/ | Size W1/
38,719.1 72,347.0 48,420.0 48,420.0 111,163.7
Region-14 - - Size W1/ | Size W1/ | Size W1/
61,161.9 62,011.1 127,188.7
Region-26 - - - Size W1/ | Size W1/
109,207.0 | 123,184.1

(continued)
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Table 4.1 (continued)
Years/proportion
bioethanol/gasoline 2016 > 6% [2017>7% |2018 >8% |2019>9% |2020> 10%
REGIONS/MAX Used capacity of the combined storages for petroleum gasoline [ton/
capacity year]
Region-2/1,200,000 139,769.5 |185,037.9 [236,471.9 |292,495.0 |390,628.5
Region-15/900,000 103,556.7 | 137,096.6 |175,204.6 |216,712.7 |289,420.8
Region-20/900,000 308,689.1 |408,667.0 |[522,261.9 |645992.1 |862,725.6

Table 4.2 Flow rate (ton/day) of biomass from growing region to bioethanol plants (Plant-R-XX)
and solid waste from Plant-R-XX to solid waste plants (SW-R-XX) for 2020

Transport — TRACTOR

Energy
crops

Wheat | Corn

Straw
wheat

Straw

corn Flow path

Solid
waste

Plant-R- | R-26 to
9 R-9

1.00 1.00

500.72

1.00 Plant-R-9 to

SW-R-26

258.24

Plant-R- | R-12 to
8 R-8

1.00 1.00

500.72

1.00 Plant-R-8 to

SW-R-12

258.24

Plant-R- | R-9 to
26 R-26

500.72

R-26 to
R-26

1.00 1.00

1.00

Plant-R-26 to
SW-R-26

258.24

Plant-R- | R-8 to
12 R-12

364.03

R-12 to
R-12

1.00 1.00

136.68

R-22 to
R-12

1.00

Plant-R-12 to
SW-R-12

258.24

Plant-R- |R-4 to
27 R-27

47.34

R-27 to
R-27

78.11

R-18 to
R-27

1.00 1.00

298.48

1.00

R-2 to
R-27

1.00

Plant-R-27 to
SW-R-18

219.51

Plant-R- | R-27 to
18 R-18

1.00

374.40

R-22 to
R-18

1.00

R-18 to
R-18

1.00

Plant-R-18 to
SW-R-18

193.68

Plant-R- | R-14 to
22 R-22

1.00 1.00

393.66

38.02 Plant-R-22 to

R-16 to
R-22

70.04

SW-R-14

258.24
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Table 4.3 Summary of computational results in case-Minimum Annualized Total Cost

Years 2016 2017 2018 2019 2020
Investment cost (i{i/year)lO6 1.862 2.793 3.531 4.462 6.248
Production cost ($/yea.r)106 4.326 6.740 9.907 13.871 20.756
Transportation cost (fii/year)lO6 3.165 4.457 6.086 8.317 12.854
Carbon tax levied in the work of 1.743 2.727 4.014 5.661 12.952
IBSC ($/year)106

Government incentives for —2.800 —4.371 —6.453 —-9.079 —13.622
bioethanol production

TOTAL COST ($/year)10° 8.297 12.346 17.086 23.232 34.778
GHG emission to grow biomass 1422 1413 1978 1792 1792
GHG emission for production 64.220 100.238 | 147.930 |208.018 312.033

bioethanol and waste

GHG emission from transportation |228.289 |211.298 |311.615 |266.253 277.120

GHG emission from biofuel usage | 37.866 59.113 87.276 122.781 184.219

Total GHG emission for IBSC | 1752.468 | 1783.808 |2525.148 |2389.185 |2565.732
(kgCO,-eq./year)10°

Bioethanol produced from grain 337 505 674 842 1179
(ton/year)

Bioethanol produced from straw 32,221 50,323 74,370 104,730 157,220
and maize cobs

TOTAL BIOETHANOL PROD | 32,558 50,828 75,044 105,573 158,400
UCTION (ton/year)

TOTAL GAZOLINE NEED 552,015 |730,801 933,938 | 1,155,199 | 1,542,775
(ton/year)

Proportion bioethanol/gasoline 6% 7% 8% 9% 10%
(%)

Social function Job, (Number of 200 100 90 100 200
Jobs)

9 Conclusion

The results of this study allow us to draw the following significant conclusions:

1. The available agricultural land in Bulgaria allows for the production of a suffi-
cient amount of biological raw materials for the production of the necessary
amount of bioethanol in order to meet the needs of Bulgaria and to reach the
required quota of 10% for liquid biofuels in 2020.

2. The optimal area required for the cultivation of wheat and maize is concentrated
in a small number of territories selected independently of the criteria for optimal
synthesis of IBSC.

3. The optimal mixture of organic crops, using the criterion “Minimum total annual
costs” for the synthesis of IBSC, required in 2020, used 2% of the agricultural
land to be used for growing wheat and 2% for growing corn. The use of the
criterion “Minimum total GHG emissions” requires 1% of the agricultural land to
be used for wheat cultivation and 1% for maize cultivation, while the main crop
used for bioethanol production is wheat straw and maize cobs are a waste product
in the production of wheat and corn to ensure food security of the population.
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4. An important conclusion for logistics is that rail transport is the optimal mode of
transport to be used for both biological resources and fuels (bioethanol and
petrol).

5. The average price of bioethanol for the period (2016-2020), using the criterion
“Minimum total annual costs” is 230 $/ton, while the criterion “Minimum total
GHG emissions” in the same circumstances is 335 $/ton. Total greenhouse gas
emissions for the criterion “Minimum total annual costs” are 6.6% higher, when the
main goal is to minimize production costs and not to minimize GHG emissions.

Appendix: Notation

Sets, Subsets, and Indices

The following sets and subsets are introduced:

Sets/Indices

1

Set of biomass types indexed by i;
LF

Set of transport modes indexed by If;
P

Set of plant size intervals indexed by p = 1, N,;
S

Set of utilization plant size intervals indexed by s = 1, N;
GF

Set of regions of the territorial division indexed by gf;
K

Set of proportion of bioethanol (E100) and gasoline subject of mixing for each of the
customer zones indexed by k;

T
Set of time intervals, indexed by 7.

Subsets/Indices

B
Set of transport modes for bioethanol (E100) and gasoline is a subset of LF(B C FL)
indexed by b;
L
Set of transport modes for biomass is a subset of LF(L C LF) indexed by [;
M
Set of transport modes for solid wastes is a subset of LF(M C LF) indexed by m;
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E
Set of transport modes for straw is a subset of LF(E C LF) indexed by e;

z
Set of transport modes for wheat—corn for food security is a subset of LF(Z C LF)
indexed by z;

F
Set of candidate regions for bioethanol plants established, which is a subset of GF
(F C GF) indexed by f;

C
Set of bioethanol mixing and customer zones, which is a subset of GF (C C GF)
indexed by c;

D
Set for delivery and production gasoline, which is a subset of GF (D C GF)
indexed by d;

w
Set for regions for collection and processing of solid waste, which is a subset of
GF (W C GF) indexed by w;

U
Set for regions for straw and corn cobs collection and processing, which is a subset
of GF (U C GF) indexed by u;

Vv
Set for regions for the wheat—corn customer zones, which is a subset of GF(V C GF)
indexed by v;

Input Parameters for the Problem

(a) Parameters that are constant, or may change very slowly over time, are listed
in the following:

Environmental Parameters

EFBP,,
Emission factor for bioethanol(E100) production from biomass type i € I using
technology p € P, [kg CO, — eqlton biofuell;

EFBPs,,
Emission factor for bioethanol(E100) production from straw and corn cobs of
biomass type i € I using technology p € P, [kg CO, — eqglton biofuell],

ESU;

Emission factor of pollution caused by one tone of i € Istraw if not used
[ kg COy—eq ]
ton solid waste
ESF1,
Emissions from solid waste disposal if carried out in a plant f € F [710?51?5 —_|
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ESW1,,
Emission factor of pollution caused by one tone of solid waste when not utilized in a
plant w € W by technology s € S if not used [<£<02—¢d_]
EFDP,
Emission factor for gasoline production in region d € D, [kg CO, — eq/ton gasoline];
EFTRA;
Emission factor for biomass i € I supply via mode ! € L, [kg CO, — eqg/ton km];
EFTRAs;,
Emission factor for straw and corn cobs of biomass i € I supply via mode ¢ € E,
[kg CO, — eglton km];
EFTRB,
Emission factor for bioethanol(E100) supply via mode b € B, [kg CO, — eq/ton km];
EFTM;
Emission factor of transportation of biomass i € I for mode [ € L, [kg CO, — eq/
ton km)];
EFTB,
Emission factor of transportation of bioethanol(E100) and gasoline for mode b € B,
[kg CO, — eqglton km];
EFTRW,,
Emission factor for transport of solid waste with transport m € M, [kg CO, — eq/
ton km)];
EFTRU,
Emission factor for transport of straw and corn cobs with transport e € E,
[kg CO, — eqg/ton km];
EFTRV,
Emission factor for transport of wheat—corn for food security with transport z € Z,
[kg CO, — eqlton km];
ECB
Emissions emitted during the combustion of CO, unit bioethanol(E100),
[kg CO, — eqlton bioethanol];
ECG
Emissions emitted during the combustion of CO, unit gasoline, [kg CO, — eq/
ton gasolinel].

Monetary Parameters

CosB,
Capital investment of bioethanol plant size p € P, [$];
CosW;
Capital investment of solid waste utilization plant size s € S, [$];
Cco,
Carbon tax per unit of carbon emitted from the operation of the IBSC,
[$/kgCO, — eql;
1A;
Unit transport fixed cost for biomass i € I via mode [ € L, [$/ton];
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1B,
Unit transport variable cost for biomass i € I via mode [ € L, [$/ton km];
OA,
Unit transport fixed cost for bioethanol(E100) via mode b € B, [$/ton];
OB,
Unit transport variable cost for bioethanol(E100) via mode b € B, [$/ton km];
OAD,,
Unit transport fixed cost for gasoline via mode b € B, [$/ton];
OBD,,
Unit transport variable cost for gasoline via mode b € B, [$/ton km];
OAW,,
Unit transport fixed cost for solid wastes via mode m € M, [$/ton);
OBW,,
Unit transport variable cost for solid wastes via mode m € M, [$/ton km];
OAU,
Unit transport fixed cost for straw and corn cobs via mode e € E, [$/ton];
OBU,
Unit transport variable cost for straw and corn cobs via mode e € E, [$/ton km];
OAV,
Unit transport variable cost for wheat—corn for food security via mode z € Z, [$/ton];
OBV,
Unit transport variable cost for wheat—corn for food security via mode z € Z,
[$/ton km];

Technical Parameters

PBMAX
4

Maximum annual plant capacity of size p € P for bioethanol(E100) production using
grain, straw, and corn cobs biomass type i € 1, [fon/year];

pB™N
Minimum annual plant capacity of size p € P for bioethanol(E100) production using
grain, straw, and corn cobs biomass type i € I, [fon/year];

PBSPAX
Maximum annual plant capacity of size p € P for bioethanol(E100) production using
grain biomass type i € 1, [ton/year];

PBSP™
Minimum annual plant capacity of size p € P for bioethanol(E100) production using
grain biomass type i € I, [fon/year];

PBSsyA
Maximum annual plant capacity of size p € P for bioethanol(E100) production using
straw and corn cobs biomass type i € I, [ton/year];

PBSs;™
Minimum annual plant capacity of size p € P for bioethanol(E100) production using
straw and corn cobs biomass type i € I, [ton/year];
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ENO
Energy equivalent unit of gasoline, [GJ/ton];
ENB
Energy equivalent unit of bioethanol(E100), [GJ/ton];
ADD e,
Actual delivery distance between grids d € D and ¢ € C via model b € B, [km];
ADGy
Actual delivery distance between grids g and f € F via model [ € L, [km];
ADF feb
Actual delivery distance between grids f € F and ¢ € C via model b € B, [km];
ADUygye
Actual delivery distance between grids g € G and u € U via model e € E, [km];
ADWgy,p,
Actual delivery distance between grids f € F and w € W via model m € M, [km];
ADV,,,
Actual delivery distance between grids g € G and v € V via model z € Z, [km];
QTBIN
Minimum capacity of transport / € L used for transportation of biomass i € 1, [ton];
QTEQHN
Minimum capacity of transport » € B used for transportation of bioethanol(E100),
[ton];
JobB,
The number of jobs needed to build a biorefinery with size p € P;
JobO,
The number of jobs needed to operation of bioethanol refineries with size p € P for
year;
JObGig
The number of jobs required to grow a unit of i € I biosource in the region g € G
per year.
JobW,
The number of jobs needed to build a solid waste plant with size s € S;
JobOW;
The number of jobs needed to operation of solid waste plant with size s € S for year;
Mj{tubP
Factor for changing the employment assessment base, depending on the area f € F' in

which the plant is installed;

JobW
M wt

Factor for changing the employment assessment base, depending on the area w € W
in which the plant is installed;

(b) Parameters that Are Considered Time-varying

The following parameters are affected by fluctuations of the market and other
external factors. Thus, they are considered time-varying, as they have a different
value for each time interval ¢ € T.
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Environmental Parameters Depending on the Time Interval

EFBC;,,
Emission factor for cultivation of biomass type i € I in region g € G for each time
interval ¢t € T, [kg CO, — eq/ton biomass];
TEIMAX
Maximum total environmental impact, [kg CO, — eqd'].

Monetary Parameters Depending on the Time Interval

Gt
Interest rate %;

&r
Discount factor;
PO,
Price of gasoline, [$/fon];
PSU;
The purchase price for crop residues (straw and corn cobs), [$/ton];
M%Orl&l‘
Factor to the change of the base price, depending on the region f € F where the plant
is installed;
My
Correction factor in the price of solid waste plant in the region;

F
Costpﬁ

Capital investment of plant size p € P for bioethanol(E100) production in each zones
fEF,[S];

TDCYAX
Maximum total cost of a IBSC network, [$];

INS;
The government incentive includes construction incentive and volumetric from
region f € F, [$/ton];

UPCy,
Unit production costs for biomass type i € [ in region g € G for each time interval
t € T, [$/ton];

UPB,,y;
Unit bioethanol production cost from biomass type i € I at a biorefinery of scale
p € P installed in region f € F, [$/ton];

UPBs ipft
Unit bioethanol production cost from straw and corn cobs biomass type i € [ at a
biorefinery of scale p € P installed in region f € F, [$/ton];

UPD,,
Unit gasoline production cost at a refinery installed in region d € D, [$/ton];
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UPW,,
Unit solid waste utilization cost at a solid waste plant size s € § installed in region
w e W, [$/ton];

UPSWy
The price to be paid for the disposal of solid waste, if this is done in bioethanol plants
f € F[$/ton);

Technical Parameters Depending on the Time Interval

KZ’;[X
Proportion of bioethanol(E100) and gasoline subject of mixing for each of the
customer zones. The ratio of bioethanol(E100) and gasoline is more energy equiv-
alent between the two fuels, [Dimensionless];
A%,
Set-aside area available in region g € G for biomass production for each time interval
t €T, [hal;
AIthood
Set-aside area available in region g € G for food production, [ha];
ﬂ igt
Production rate of biomass i € I in region g € G, [fon/ha];
/))Sigt
Production rate of straw and corn cobs biomass i € I in region g € G, [fon/ha];
LT,
Duration of time intervals ¢ € T, [year];
a;
Operating period for IBSC in a year, [d/year];
SSit
The amount of straw and corn cobs that is generated in the production of one tonne
grain of type i € I of time intervals ¢ € T, [ton _ straw/ton _ grain];
Vipt
Biompass to bioethanol(E100) conversion factor specific for biomass type i € I using
technology p € P, [ton _ bioethanol/ton _ grain];
VSipt
Biomass from straw and corn cobs to bioethanol(E100) conversion factor specific for
biomass type i € I using technology p € P, [ton _ bioethanol/ton _ straw],
S Wipt
The total amount of solid waste generated for production of one ton bioethanol

(E100) using grain biomass i € I for technology p € P of time intervals ¢t € T,

ton_solid waste | .
ton biofuel |’

SWS,'pt
The total amount of solid waste generated for production of one ton bioethanol
(E100) using straw biomass i € I for technology p € P of time intervals t € T,
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ton solid waste | .
ton biofuel |’

YG,
Gasoline demand for the whole territory in years, [ton/year];
PC,,
Population of individual user zones ¢ € C, [People];
YO,,
Gasoline demand in years in customer zones ¢ € C, [ton/year]: YO, =

YG,PC,, Y et
9

> PCa’

ceC

PGRAIN;,,
The amount of grain i € I of each species to be provided in each of the regions v € V
to meet food security;

MAX
PBIY,

Maximum biomass of type i € I which can be produced in the region, g € G per year,
[tonlyear];

PBIN

Minimum biomass of type i € I which can be produced in the region, g € G per year,
[tonlyearT];

PBIsii*
Maximum straw and corn cobs biomass of type i € [ which can be produced in the
region, g € G per year, [fon/year];

PBIsjyN

Minimum straw and corn cobs biomass of type i € I which can be produced in the
region, g € G per year, [ton/year];

MAX
QI igt

Maximum flow rate of grain biomass i € I from region g € G, [ton/d];
QI ig‘tAX

Maximum flow rate of straw and corn cobs biomass i € I from region g € G, [ton/d];
Q B}I{l{lAX

Maximum flow rate of bioethanol(E100) from region f € F, [fon/d];
Q D%AX

Maximum flow rate of gasoline from region d € D, [ton/d];
QWMAX

ft

Maximum flow rate of solid wastes from region f € F, [ton/d];

QUMAX

gt
Maximum flow rate of straw and corn cobs from region g € G, [fon/d];
QVMAX
gt
Maximum flow rate of wheat—corn for food security from region g € G, [fon/d];
QTLMIN

lit
Optimal capacity of transport / € L used for transportation of biomass i € I, [ton];
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QTB)™
Optimal capacity of transport b € B used for transportation of bioethanol(B100) and
gasoline, [ton];

QTEMN™
Optimal capacity of transport e € E used for transportation of straw and corn cobs,
[ton];

Optimal capacity of transport z € Z used for transportation of wheat—corn for food
security, [fon];
MIN
OTM;,
Optimal capacity of transport m € M used for transportation of solid wastes, [fon].

Decision Variables for the Problem (X,)

To find the optimal configuration of the IBSC, the following decision variables are
required:

Positive Continuous Variables

PBB,,,
Biomass i € I demand in region g € G at time interval t € T;

Qligﬂt
Flow rate of grain biomass i € / via mode / € L from region g € G to f € F, for each
time interval t € T, [ton/d];

Q]sigfet
Flow rate of straw and corn cobs biomass i € I via mode e € E from region g € G to
f € F, for each time interval ¢ € T, [ton/d];

Qchbt
Flow rate of bioethanol(E100) produced from all biomass i € / via mode b € B from
region f € F to ¢ € C for each time interval ¢ € T, [ton/d];

QBP ifcbpt
Flow rate of bioethanol(E100) produced from grain biomass i € I via mode b € B
from region f € F to ¢ € C using technology p € P for each time interval t € T, [fon/
dl;

QBP Sifcbpt
Flow rate of bioethanol(E100) produced from straw and corn cobs biomass i € [ via
mode b € B from region f € F to ¢ € C using technology p € P for each time interval
t € T,[ton/d];

OD e
Flow rate of gasoline via mode b € B from region d € D to ¢ € C, for each time
interval t € T, [ton/d];
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Qwamt
Flow rate of solid waste via mode m € M from region f € F to w € W, for each time
interval t € T, [ton/d];
QWSﬁmmst
Flow rate of solid waste via mode m € M from region f € Ftow € W, using s € S size
utilization plants for each time interval ¢t € T, [fon/d];
QUiguet
Flow rate of straw and corn cobs collection from biomass i € I and processing via
mode e € E from region g € G to u € U, for each time interval ¢ € T, [ton/d];
Qvigvzt
Flow rate of wheat—corn for food security via mode z € Z fromregiong € Gtov eV,
for each time interval ¢t € T, [ton/d];
QED,,
Quantity of gasoline to be supplied to meet the energy needs of the region ¢ € C, for
each time interval ¢ € T, [ton/year];
QEB.,
Quantity of bioethanol(E100) produced from biomass to be supplied to meet the
energy needs of the region ¢ € C, for each time interval # € T, [fon/year];
Aigt
Land occupied by crop i € I in region g € G, for each time interval ¢ € T, [hal;
AL,
Land by crops i € I needed for food security of the population in the region g € G, for
each time interval r € T, [ha];
TC,
Transport costs, for each time interval t € T, [$];
TCI,
Total capital investment, for each time interval 7 € T, [$];
TI,
Total impact, for each time interval ¢t € T, [kg CO, — eq];
TEL,
Total GHG impact, for each time interval ¢ € T, [kg CO, — eq].

Binary Variables

Xighie
0-1 variable, equal to 1 if a biomass type i € [ is transported from region g € G to
f € F using transport [ € L, and 0 otherwise at time interval t € T;

Xsigfet
0-1 variable, equal to 1 if a straw and corn cobs biomass type i € [ is transported
from region g € G to f € F using transport e € E, and 0 otherwise at time interval
teT,
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chbt
0-1 variable, equal to 1 if a bioethanol(E100) is transported from region f € F to
¢ € C using transport b € B, and 0 otherwise at time interval ¢ € T;

WS hme
0-1 variable, equal to 1 if a solid waste is transported from region f € Ftow € W
using transport m € M and O otherwise at time interval ¢ € T;

WUguet
0-1 variable, equal to 1 if a straw and corn cobs is transported from region g € G to
u € U using transport e € E and 0 otherwise at time interval ¢ € T;

Wngzt
0-1 variable, equal to 1 if a wheat—corn for food security is transported from region
g € Gtov € Vusing transport z € Z and 0 otherwise at time interval ¢ € T;

ZW iyt
0-1 variable, equal to 1 if a solid waste utilization plant size s € § is installed in
region w € W and O otherwise at time interval t € T;

ZWF
0-1 variable, equal to 1 if a solid waste utilization plant size s € S is to be working in
region w € W and O otherwise at time interval ¢+ € 7, which includes the plants
installed in the previous time interval and the new ones built during this time interval
which is calculate with equation ZWF,,, = ZWF ., _ 1, + ZW,,, for first year (t = 1)
configuration is set by initializing ZWF .y = ZW 13

Zppi
0-1 variable, equal to 1 if a bioethanol(E100) production plant size p € P is to be
established in region f € F and 0 otherwise at time interval ¢ € T;

ZEpy
0-1 variable, equal to 1 if a bioethanol(E100) production plant size p € P is to be
working in region f € F and O otherwise at time interval ¢ € 7, which includes the
plants installed in the previous time interval and the new ones built during this time
interval which is calculated with the following recursive equation ZF,; = ZF 4.
+ — 1) + Zyp for first year (f = 1) configuration is set by initializing ZF, 1y = Z, ¢y/;

PD,,
0-1 variable, equal to 1 if a gasoline is manufactured by the region d € D and
0 otherwise at time interval ¢t € T;

D Tdcbt
0-1 variable, equal to 1 if a gasoline is transported from region d € D to ¢ € C using
transport b € B and 0 otherwise at time interval ¢ € T.
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Chapter 5 )
Energy Integration of Production Systems e
with Batch Processes in Chemical

Engineering

Natasha G. Vaklieva-Bancheva

Abstract The integration of energy and mass processes is one of the most powerful
tools for creating sustainable and energy efficient production systems. Process
integration covers a wide range of system-oriented methods and approaches that
are used in the design and reconstruction of industrial processes to obtain optimal use
of resources. Traditionally, methods have focused on energy efficiency, but more
recently they have also covered other areas, such as the integration of mass processes
for the efficient use of water and other resources.

In production systems with batch processes, the task of energy integration is
significantly more complex due to the presence of predominantly low-potential heat,
which until recently was considered not to be recoverable. In addition, the periodic
and discrete nature of heat sources and recipients imposes additional constraints that
require process coordination. Two main approaches for thermal integration of
periodic processes are defined, direct and indirect:

— Direct heat integration determines the existence of heat exchange between tech-
nological flows that occur simultaneously over time. This approach to heat
recovery requires adherence to a strict production schedule to ensure energy
efficiency and product quality. In the chapter different variants for direct heat
integration are considered, with recirculation of the main fluids, or with the use of
intermediate heating and cooling agents. The corresponding mathematical
models are derived.

— Indirect heat integration determines the existence of heat exchange between flows
that do not occur simultaneously in the system. This approach uses intermediate
fluids and a heat storage system (heat tanks) so that the heat can be stored,
transferred, and utilized in a future period of time. It allows the heat exchange
process to be less limited and less sensitive than schedules and provides some
operational flexibility. The possibilities for heat integration with the use of one
common cold/hot heat tank and two separate ones, but with a common heating/
cooling agent are considered. The respective mathematical models are also
presented.
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Key words Direct heat integration - Recirculation main fluids - Intermediate heating
and cooling agents - Indirect heat integration - Two heat storage - One heat storage

List of Notations

M Fluid mass [kg]

cp Specific heat capacity of fluid [J/(kg. °C)]

T Temperature [°C]

A Heat exchange surface [mz]

U Heat transfer coefficient [W/(m2 °O)]

T Time [s]

w Mass velocity at which fluid is transported [kg/s]

AT™™  Permissible minimum temperature difference at the end of the heat
exchangers [°C]

1 Introduction

The processes integration of energy and mass is one of the most powerful tools for
creating sustainable and energy efficient production systems. Process integration
covers a wide range of system-oriented methods and approaches that are used in the
design and reconstruction of industrial processes to obtain optimal use of resources.
Traditionally, methods have focused on energy efficiency, but more recently they
have also covered other areas, such as the processes integration of mass for the
efficient use of water and other resources, the reduction of emissions during pro-
cesses, etc. [1, 2]. In the process of implementing integration, various tools have
been developed to support the most appropriate management decisions [3, 4]. Energy
integration mainly focuses on optimizing heat, fuels, and other sources.

Process integration has been the subject of research since the 1980s, with an
emphasis on the heat integration of processes in continuous systems. They result in
significant energy savings, but also require significant capital costs. The aim of heat
integration is to create conditions to meet the flows that need cooling with those that
require heating, in order to minimize the use of external energy sources such as
cooling water and steam [5]. Specially built heat exchange systems are used for this
purpose. The design of efficient heat exchange systems is associated with an increase
in total annual costs and is subject to optimization.

Global price competition and rising energy prices are a strong incentive for
periodic plants to rethink this policy and consider various measures, including
energy integration processes, to increase competitiveness [6]. Since the beginning
of the 1990s, intensive work has been done on the problems related to the energy
integration of production systems with periodic processes. Until then, energy sav-
ings in periodic plants were neglected because they were thought to be less energy-
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intensive than continuous ones. The latter is not true for some periodic proceedings,
e.g., in the dairy industry, brewing and some biochemical industries [7, 8]. In
addition, it was considered that the high added value of the final products could
offset energy costs.

In production systems with batch processes, the task of energy integration is
significantly more complex due to the presence of predominantly low-potential heat,
which until recently was considered not to be recoverable. In addition, the periodic
and discrete nature of heat sources and recipients imposes additional constraints that
require process coordination. Production schedules define some of the most severe
constraints in the tasks of operation, management, design, and reconstruction of
production systems with batch processes and introduce combinatorial complexity
into the main problem. The discussion of the possibilities for energy integration
within the production schedules and the synthesis of the necessary heat exchange
network introduce many additional limitations, which further complicate the overall
task. Overcoming these difficulties requires the creation of new algorithms and
efficient computational procedures and tools to solve the resulting optimization
problems, which is a new challenge related to the energy efficiency of this class of
systems [1, 9—11].

The discrete nature of batch production places additional limitations in the energy
integration of processes. Often, streams suitable for integration have different
durations and occur at different time intervals. Addressing these challenges, in
order to reduce the use of thermal energy in periodic processes, gives impetus to
research on the possibilities for energy integration in periodic systems.

Pilavachi defines two main approaches for thermal integration of batch processes,
direct and indirect [12], (Fig. 5.1):

— Direct heat integration determines the existence of heat exchange between tech-
nological flows that occur simultaneously over time. This approach to heat

Hot stream

Hot stream

Heat exchanger

Heat storage
tank

Cold stream Cold stream

a)  Direct heat integration b) Indirect heat integration

Fig. 5.1 Approaches to heat integration [12]
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recovery requires adherence to a strict production schedule to ensure energy
efficiency and product quality.

— Indirect heat integration determines the existence of heat exchange between flows
that do not occur simultaneously in the system. This approach uses intermediate
fluids and a heat storage system (heat tanks) to allow heat to be stored, transferred,
and utilized in the future. It allows the heat exchange process to be less limited
and less sensitive than schedules and provides some operational flexibility.

There are also studies that support the mixed regime, direct and indirect thermal
integration, which examine the complex costs and trade-offs between the two
regimes [13].

In all cases, regardless of the type of heat integration, to solve the problems for
design and reconstruction of integrated periodic systems, it is necessary to use a
systematic approach in all its variety of methods and approaches developed
over time.

1.1 Direct Heat Integration

In direct thermal integration, the possibilities for heat recovery between two or more
reactors requiring heating or cooling are considered. It is initially assumed that
periodic heat sources and recipients are available at any time in the considered
time interval and the final temperatures are not fixed [14]. Later, the task is
significantly complicated by fixing the temperatures to be reached in the reactors
at the end of a certain time interval by proposing a method that combines heat
recovery with temperature correction using external hot/cold agents, thus ensuring
the full use of the available heat in the system and reaching the target temperatures
[15, 16].

1.1.1 Heat Integration between Two Periodic Reactors
with Recirculation of the Main Fluids

This case of direct integration considers the problem of heating and cooling of batch
reactors in a predetermined time interval % In it, the batch reactor, named Hot-R,
with mass M" must be cooled from temperature T to T , while at the same time, the
other batch reactor called Cold-R, with mass M, must be heated from temperature
7°° to T, If the amount of heat in the hot reactor - Q" is equal to that in the cold Q°-
and y; = W — ﬁ with the heat integration of the streams, both desired end
temperatures can be reached. If the amount of heat of the hot reactor - Q" not equal to
that of the cold - Q°, then in the case of heat integration, either only one of the target

final temperatures is reached, or none of them, as follows:
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— if 0° < Q" and Q° < Q", the target temperature 7% of the cold reactor is reached
through heat integration.

— if Q°> Q" and T — T¥ > ATmin, the final temperature 7% of the hot reactor
could be reached by heat integration.

— if 0°< Q" or 0°> Q" and T — T¥ < ATmin, none of the final temperatures 7"
and 79 cannot be reached by heat integration. Through integration, some inter-
mediate temperatures 7' and T"' can be reached for which 7"' — 7°' = ATmin.

In these cases, in order to reach the target temperatures of the hot and/or cold
reactors, a temperature correction is required and external heat and/or refrigerants
must be used as follows: for the hot temperature reactor a,3 = G°R“®e“T*"; and for
colds with temperature 7" > T¥ + ATmin.

In case the main fluids can be taken out of the reactors, cooled and/or heated, and
returned to them, within the fixed time interval 7/, the heating and cooling can be
performed in two successive stages—stage of heat integration and temperature
correction step, see Fig. 5.2. The stage of heat integration is carried out in a
recuperative heat exchanger HE, and the stages of temperature correction to the
target one, with duration 7°, using external heat and/or refrigerants, are carried out in
heat exchangers HE-c for reheating the cold fluid and HE-h for cooling the hot fluid.
The fluids are transported through the heat exchangers by means of pumps.

If the analytical expressions of the change in the temperatures of the fluids over
time are known, for the fixed time interval rﬁx, then the target temperatures T and
T can be reached by appropriate selection of the dimensions of the heat exchange
equipment and the operating parameters of the fluids. The mathematical model of the

Hot- R ™ ™ Cold-R

™

T

1-|£ HE-¢ ']1—
th 1 1“

F2
T i
(9

(g 4 g1 w
——r[( HE )]—b
w

T

HE-h

-
!

Fig. 5.2 Scheme for heat integration with recirculation of the main fluids
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energy-integrated pair of hot/cold batch reactors makes it possible to determine the
temperature profiles 7"(z) and T%(z) both to reach the target final temperatures 7" and
T for the time /™ as functions of the heat exchange surfaces, and the mass
velocities of the fluids w", w®, w*", and w.

The mathematical model of heat transfer in the scheme shown in Fig. 5.2 is based
on the following assumptions:

— The two reactors are fully mixed.

— Heat capacities, flow rates, and total heat transfer coefficients of fluids are
constants.

— All heat exchangers are countercurrent and their transients are negligibly small.

— The minimum temperature difference - ATmin is known.

— Heat losses are neglected.

The change in temperature over time in the hot reactor is determined by the
equation:

h
‘% =-G'"T" + G'"T"™, (5.1)

and in the cold it is:
Tﬁ‘m’ (5 2)

where G” and G¢ have dimension [s~']. They are determined by the ratio of the mass
velocity at which the fluids are transported to the recuperative heat exchanger
relative to their mass: S3 = b;H5 and d; = ¢h — (1 — de)(1 — (De“h).

From the heat balance of the recuperative heat exchanger HE it can be seen that at
some point in time, the fluids enter the heat exchanger HE with temperatures b, =

W and d, = ¢" — 1 + ®e, and at the outlets of the heat exchanger they are:

R, = (an 42-6122)’ (5.3)

", (5.4)

h h
where: G = o and T — al\ " + aly, we .
In the heat exchangers HE-h and HE-c, in which the temperature correction takes
. . . mh . mh
place, the main fluids enter with temperatures R° = chg — and 7" =
DyT°4-D, (1-Dy)T"
1—(1-D,)(1-Dy)

leave with temperatures:

", (5.5)
", (5.6)
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The fluids used for temperature correction enter with temperatures
T"(7) = T + (T™° — T°) exp (—G™"®e7) and T = % and leave with:

T

Tehl — Teh _ (Teh _ Tcl)q)eec

1—exp {—y U”’A"h} hoh i
. eh _ 2 __1 1 eh __ w'cp ec
where: @e® =g exp { -, U"AT } Y2 = g g RY = g and Qe =
1—exp {—y;U“A“} —_1__ 1 pe_ weheph
1—R% exp {—}’3 U('rAeL'}y )73 - Wehcpeh W C]?“ - weep© .

Substituting 7" and 7% in egs. (5.1) and (5.2) with their equivalent expressions
from eqs. (5.5) and (5.6), and after the corresponding transformations the following
system of differential equations is obtained:

dr’ )
g = anT" + apnT +ap;
. (5.7)

daT* .
pr anT" + anTe + ax,

whose coefficients are determined as follows:

a) = G'®e®e™ — G'®e — G" D™,
ap = G'"®e — G'@e®e,
a3 = G'@e T,
a1 = G°R®e — G°R*“®e““Rbe,
ay» = G°R®eR*“De* — G°R®e — G°R*“De*,
dys = GERE DT
The model is an inhomogeneous system of second-order linear differential

equations. Under initial conditions 7(0) = 7"° and T°(0) = T°°, its solution
determines the change in temperatures in the reactors over time as follows:

T"(t) = vy exp (r17) + vaexp (r27) + K|
T¢(7) = vy exp (r17) + vopy exp (r27) + Ko,

where: r; =R; +y/R} + Ry, 1 =R; —/R? +Ry,

ay +a
I{1 — (112722), R2 = —(011022 - a12a21),

(5.8)
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(19— Ky g (K, — )]

v =T"-Ki -1, n=

9
(M2 — 1)
" = Iy ar = Iy ap
1 — . T T 2 — T T T
ap  an ap  ap

ajzdz — dj2daz3 axdy] — dz1d;3
K=" - B=""%
2 2

In the cases when a temperature correction of only one flow is required to reach
the respective target final temperature, the integration scheme shown in Fig. 5.2
includes only two heat exchangers, as follows:

— If a correction is required to reach the temperature 7%, it includes only the
recuperative heat exchanger HE and the heat exchanger HE-h;

— If a correction is required to reach 7%, it includes the recuperative heat exchanger
HE and the heat exchanger HE-c.

The model (5.1)—(5.8) is changed as shown in Table 5.1:

1.1.2 Heat Integration Using Intermediate Heating and Cooling Agents

The proposed approach for creating a mathematical model to describe the heat
integration of batch processes in a fixed period of time, with temperature correction,
is applicable in cases where the main fluids for technological reasons cannot be
removed from the respective reactors. Intermediate heating and cooling agents are
then used to carry out the integration process. The scheme in which this case of heat
integration can be realized is shown in Fig. 5.3.

Due to the non-steady state nature of heat exchange, the synthesis of these
systems and the control of the heating and cooling process can be realized only if
the dependences of temperature change over time are known. The required mathe-
matical model is derived under the following assumptions:

— The considered batch reactors operate in a mode of perfect mixing and are
equipped with a casing or a coil.

— The heat exchange in the reactors takes place through the casing or the coil.

— The heat capacities, the flow rates, and the total heat transfer coefficients of the
fluids are constant.

— All heat exchangers are countercurrent and their transients are negligibly small.

— The minimum temperature difference is known.

— Heat losses are neglected.

Based on the above assumptions, the change in temperature over time in the hot
reactor depends on the mass M of the intermediate cooling agent that enters the
casing with area A’ and heat transfer coefficient Uh, with temperature T2 and exits
with temperature 7", and is described by the following equations:
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Table 5.1 Mathematical models for temperature correction in the hot reactor and temperature

correction in the cold reactor

Temperature correction of the flow entering

the hot reactor—Hot-R

Temperature correction of the flow entering the
cold reactor—Cold-R

Temperature change in hot-R

Temperature change in cold-R

ddT” — _G'Th + GhT?,
de —G°T¢ + GcTcl
)

hi c _
G =3 G =i

ddT" =G + GhThl
dTr —G°T¢ + GcTcz
G — v G =

Determination of temperatures in the recuperative heat exchanger HE

Input— 7" and T¢
Exit— 7" and T°!

T =T" — (T" — T%)De,
T' = T° + (T" — T)RPe,

De 1—exp {—y, UA}
= 1= —Rexp {—y, UA}’
_ 1 1 _ e
1= wheph — weep®? R= weepe®

Heat exchanger HE-h temperatures:

Input— 7" and T*
Exit— 7" and T°!

Heat exchanger HE-c temperatures:
Input— 7" and 7"
Exit— 7°% and "'

ThZ Thl (Thl Tec)q)eeh
Tecl T + (Thl % Rehq)eeh7

1—exp { ¥s U"”A”’}

de eh T EPATRY A
T R exp {307 AT Y2 =
1 1 eh _ wep!
T = Wweeepee

762 — 71‘1 + (The _ Tcl)Rqu)eec,
Tehl —_ h (Teh TCI)QeeC,

1—exp{—y; U“A“} 1
ec 3 —
D¢ = 1_R« exp{ V U=A“} V3 = whcph
ec _ whep
e R =t

Determination of temperature change in hot-R and cold-R

art
g = anT" +apTe + a3
drT*
v anT" + anT° + ax

s

ay = G"®e®e™ — G'de — G"De™,

21 = G°Re,
ap = G'®e — G'Dede,
a» = —G°Re,
a3 = G'®e T,
azy = 0.

ay = thCDe,
21 = G°R®e — G°R*“®e*Re,
app = Gh<I>e,

22 = GRDeR*“ ®e* — G°R®e — G°R“De*,
aiz =0,
2 = GCRECq)ecCTeh.

The solutions at 7(0) = 7"° and T(0) =

over time

T° determine the change in temperature in the reactors

T"(z) = vy exp (r17) + vy exp (r27) + K|

T¢(z) = vipty exp (r17) + vapy exp (r27) + Ky
— \/R% + Ry,
R| = M and R, = — (a11a2 — apnaz),
[T~ Ky, (K1 —T™)]

r1 =Ry +41/R}+Ryand r, =

=T°_K, —v,and v, =

I ay n ap

ﬂ1=;*@andﬂz=ﬁ*@v

>

K, =2K, K,= a2a13

a aindy—dida

a aindy—ainday

‘Kl =—2K,;, Ky=_ b
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Fig. 5.3 Heat integration scheme using intermediate heating and cooling agents for heating and
cooling of the main fluids

h
M~ o'y g, (59)
Th h _ 1 + Thm2
o _ T(@" 1) , (5.10)
¢h
0 ik whn cphm i
where: ¢" = exp ME'{'I':;’"”’ "= MhL'[;h <¢l/)h1)'

Similarly, the change in temperature over time in a cold reactor is described by the
following equations:

CZ; = —GT + G°T™, (5.11)
c(4C cm?2

¢ '

. ogCc UCA€ o wmepem c_1
where: ¢° = exp T epm G = MCCI; - (¢ 7 )-

From the heat balance of the recuperative heat exchanger, which is known that the
intermediate cooling and heating carriers enter with temperatures 7" and 7",
respectively, determine the outlet temperatures 7" and 7', as follows:

T =T = (T = 1) e, (5.13)
Tcml =T 4 (Thm _ Tcm)R(De, (514)
where: @e = = {-nUA} 1 _ whmgpm

1—-R exp {,yl UA}’ )’1 - whmcplxm wrmcpnm - Wrmcprm .
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Similarly, the outlet temperatures of the heat exchangers HE-h and HE-c, in
which the temperature correction is carried out, are determined:

ThmZ _ Thml _ (Thml _ Tec)q)eeh, (515)
Tcm2 — Tcml + (The o Tcml)Rec(I)eec’ (516)
Tecl — Tec + (Thml _ Tec)Reh(Deeh7

Tehl _ Teh _ (Teh _ Tcml)q)eec

1—exp {7)’ U"”A"”} hm . hm i
. eh __ 2 — 1 1 eh _ w™cp ec __
where: @e = 1—R" exp{fszehAﬂh} > Y2 = whm ephm - Wweepee  weeepee .and ®e* =
1—exp {—y; U“A“} _ 1 1 Rec — wheph
T-R% exp [y, UFA<)’ Y3 = wehepeh gl cpem = Samcpom

After substituting (5.13)—(5.16) in (5.9) and (5.11) and corresponding transfor-
mations, the following system of differential equations is reached:

ar’ .
g = anT" +anT* + as
. (5.17)

dT¢
P anT" + anTe + ax

where:
ay1 = G'(H, = 1), ar» = G"Hp, ays = G'Hs,.
a1 = GSy, arn = G(S2 — 1), ar3 = GS;,.

_ bitbsbs __ bytbsbg — W
H 17b3b7’H2 17b3b7’H3 =T 1-bb;

NES l(75h+ ])97H1, % = th) + b7H2,hS3 = b7(Hs + hb)sTgh,
#"—1)(1—0e)(1-0e* P —1)De(1—De

"= ¢hq>e(17q>;;l) ,hqb,zeh_ B

b3 - ) hqbcd] ] b4er: :ﬁ d]e )

bs _ ¢ ((/) —l)];?:il—R D¢ ), b6 _ (q}(—l)(l—R(Zj)(l—R“‘(I)eeb)’

AT

dy=¢" — (1 — Pe)(1 — ™), dy = ¢ — (1 — R®e)(1 — R“De ).

Under initial conditions 7"(0) = 7" and T°0) = T, the solution of the
inhomogeneous system of linear differential equations determines the change of
temperatures in the reactors over time as follows:

T"(z) = vy exp (r17) + vaexp (r7) + K, (5.18)
T¢(7) = vip, exp (r17) + vopy exp (r27) + Ko, (5.19)

where:
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ri=Ri+\/R}+Ry r, =R —\/RI +R;,

__antax _
Ry =%15%2 Ry = — (a11a22 — a12a21),

v =T°—K —v, 1= [ =Katm (k1 -1)]

Ho—H

—n_an g, 1 _ay

Hi an ap’ Ha ap ap’
__ (annan—anans) __ (anaii—axnas)
Kl - > A KZ - R, .

When a temperature correction of only one flow is required to reach the
corresponding target final temperature, the integration scheme shown in Fig. 5.3
includes only two heat exchangers, as follows:

— When correcting to reach 7", it includes the recuperative heat exchanger HE and
the heat exchanger HE-h.

— When correcting to reach 77, it includes the recuperative heat exchanger HE and
the heat exchanger HE-c.

The model (5.13)—(5.18) is changed as shown in Table 5.2.

The implementation of direct heat integration is directly related to the observance
of a strict production schedule. Over the years, many methodologies have been
developed to address the task of production schedules with energy integration
included. They differ both in the approaches used to present the problem, using
superstructures, graph-analytical methods such as S-graphs, State Task Network
(STN), and Resource Networks. Production tasks (Resource Task Networks, RTN)
or mathematical programming, as well as the techniques used to solve complex
optimization problems (such as decomposition method, combinatorial optimization,
branches and bound, stochastic optimization methods).

The superstructure, defined as the maximum independent set of vertices of a
specially constructed graph, is used by Vaklieva et al. to cover all possibilities for
integration between processes [17]. The superstructure is included in the MILP
programing framework, aiming at a minimum of operating and capital costs. The
framework the additional complications of the timetables arising from the energy
integration between the different flows in the same campaign, provided that the
plants operate in zero waiting mode and with overlapping cycles are taken into
account.

The S-graphs approach was created to generate production schedules for batch
systems and has been successfully extended to include heat integration in schedules,
thus becoming the basis for the synthesis of the required heat exchange network. In
this case, the schedule and the integration of heat are considered simultaneously. The
method uses combinatorial algorithms and its goal is to minimize the use of external
energy in the system [18]. The results show that energy needs can be significantly
reduced with only a slight increase in production time.

The methodologies State Task Network and Resource Task Networks allow to
trace the topology of all possible states, respectively resources, through which one
passes in order to obtain a given target product. In combination with the methods of
mathematical programming, they are a powerful tool for the synthesis of energy-
integrated periodic production systems with included production schedules.
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Table 5.2 Mathematical models of hot reactor temperature correction and cold reactor temperature

correction

Temperature correction of the flow entering
the hot reactor—Hot-R

Temperature correction of the flow entering the
cold reactor—Cold-R

The change in temperature in hot-R and cold-
R:

The change in temperature in hot-R and cold-R:

dd_T;” = _GhTh  GhTim2, T —

TI}(¢h71)+T/1ln2
— 7
Lo Uhal
¢ = exp
ho wmepm (@1 gre . ml
G = Mh_LI,,h <¢¢h VA = —G°T¢ + G°T™

Tem — T.~(¢(;{‘)+Tﬁnl, pe

¢ e (g
G =gl (L

— UCA©
= exXp M cpom

dd_T;” — _GITh 4 G| T — Th(¢”;1h)”h"'l7

Gh _ whephn (@1 are _
Meph &) dr

T (¢ 1)+ T

—

ho_ uhah
¢ = exp g

—GT¢ + GcTcmZ T —

. R
P = exp ygemepans G =T (g )

Determination of temperatures of the recuperative heat exchanger HEinput— 7" and 7",

output— 7" and 7'

T = T (7" — T De, T = T + (" — T")Rbe.

_ 1—exp{—y UA} S
e = 1—Rexp {—y, UA}’ = wheph

1
)

Wh L‘ph

T oweep©

Heat exchanger HE-h temperatures
Input— 7" and T,
Output— 7" and T°°!

Heat exchanger HE-c temperatures
Input 7" and T*"
Output 72 and T°"!

Thm2 — Thml _ (Thml _ Tec)d)eeh,
Tecl — T + (Thml _ Tec)Retheeh7

Tcmz — Tfml + (The _ Tcml)Rec(Deec,
Tehl — Teh _ (Teh _ Icml)q)eec’

1—exp {—y;U*“A“}

1—exp {—y, U} ec _ _ 1

eh __ p{ Y2 _ Deft = - il — 1L

Dt = m7 V) = T-R% exp {—y, UCAS] V3 = Syeligpeh — yweepe
P Re¢ weph

11 = Wl

Wheph  weeepee weep

Reh _ wheph

- wee Cpfl"

Determination of temperature change in hot-R and cold-R

ar" .
g anT" + an T +ap
dT*
= anT" + anTC + ax
an = G'(H, — 1), an =G'"(H, - 1),
app = Gth, app = Gth,
a3z = GhHS, a3z = GhH3,
ar = G°Sy, a» = G°Sy,
ary = GC(SZ — 1), azx = GC(SZ - 1)’
ay; = G°S3, ax = GSs,
H = hl—lflﬁf:, Hy = by + bsS1,
H, — batbibs Hy = by + b3S,,
27 Tobsbr? H; = bsS
e, 3 393,
Hy =150, S, = bthiby
Sl = bS + b7H17 S, = 171611;73;777
Sz = b6 + b7H2, 2= ll:bg]h7 ’
Teh
~ (#"=1)(1—@e) (1-de” (¢"-1)(1-e)
bl — T? bl = Tv

(continued)
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Table 5.2 (continued)

@ (p°—1)De(1-De” _ P -1 Pe
I (1 —deeh _ e
by = o0 by ='ga
¢ dy ’
_ ¢hd>eely b4 = 0,
by = d > be — ¢° (¢"—1)RPe(1-R“De) be —
¢ (¢"—1)Rde s=ga b=
bs == (@ 0-RO)(1 - RT0e)
be =@ —1)‘(11—R<1>e)’ b — ¢(Rq)g(zl;R"@gec)
_ ¢°Rde ¢"ds ?
b7 - ¢/x dze’ PR D
by =0 by ="
s =0, — 4" _ = —(1 —
di = ¢" — (1 — De)(1 — e, ?1‘ B z’ ® 1; e, dy = ¢ — (1 — RDe)
d> = ¢° — (1 — R®e) - ¢

The solutions at 7"(0) = 7"° and T°(0) = T determine the change in temperature in the reactors
over time:

Th(r) = vy exp (1) + v, exp (1) + Ky,
T(7) = vipy exp (r17) + vopz exp (127) + Ko,

ri =Ry + /R +Ry, 1» =Ry —\/R%-"—Rz,

_ (antan) —
R, = B , Ry = — (anaxn — appazy),
0 o
0 | [T°—Ka+pr, (K1 =T")]
vy = Th -K —uvyp=_+-—2n
1 » 4 (ma—p1) ’
=N _dau =T _du
M = ap ap’ Hy = apn ap’
_ (aan—anay) _ (apaii—arai3)
K= % , Ky = % .

To reduce the computational weight of a problem, the decomposition method is
usually used, which divides the problem into two or more interrelated subproblems
with less dimension and weight. Halim and Srinivasan decompose the overall
problem of energy integration into batch processes into two successively solved
subproblems, schedules and heat integration [19]. The scheduling subproblem, on
the one hand, involves constructing optimal schedules that meet economic or other
goals, such as the shortest operating time or maximum profit, and on the other hand,
generates alternative schedules through stochastic search based on an integer cut
procedure that adds additional obstacles in the relevant formulation. The heat
integration subproblem applies the TAM and TSM approaches to all schedules
received to establish minimum energy requirements. Later, this technique was
expanded to include the synthesis of a mass-integrated water reuse system. A key
feature of this method is its ability to find a solution for thermal integration and water
reuse without changing the quality of the solution and schedule [19].

1.2 Indirect Heat Integration

Although direct heat integration is the most commonly used approach to reduce
energy consumption in systems with batch processes, a number of studies have been
conducted to assess the possibilities for indirect heat integration. In the most general
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case, the already established methods and approaches for direct heat integration in an
indirect direction are extended by the inclusion of heat storage systems.

In this direction, the possibilities for heat integration in a system of two batch
reactors operating in different time intervals by using two separate or one common
tanks for heat and cold storage are analyzed. The corresponding mathematical
models for describing the heat exchange are proposed and the dependences of the
temperatures on time are derived as explicit functions of the main design and
operational parameters of the heat exchange equipment for all treated fluids [20-24].

In general, heat recovery schemes from batch reactors operating at different time
intervals consist of three main groups of equipment units—reactors, heat
exchangers, and heat tanks. Regardless of the configuration of the integration
scheme, the following assumptions are valid in the mathematical modeling of heat
exchange using one or two heat tanks:

— The reactors are fully mixed.

— The heat capacities of the fluids, the total heat transfer coefficients, and the flow
rates are constant values.

— The minimum temperature difference is given.

— Transient processes in heat exchangers are not taken into account.

— Heat losses are neglected.

1.2.1 Heat Integration Using Two Heat Storages

In chemical and biochemical productions with batch processes, it is often required to
cool the contents of one batch reactor from temperature 7" to temperature 7" in
some time interval z” and to heat the contents of another reactor from temperature 7<°
to temperature 7 in another time interval . Heat integration is possible provided
that two heat tanks with a common intermediate fluid are used, which allows partial
or complete accumulation of excess heat in the hot reactor. The heat is stored for a
certain period of time in the hot heat tank and later used to heat the contents of the
cold reactor. The cooled intermediate fluid is stored in the cold tank until the hot
reactor to be cooled appears. Indirect heat integration can be realized if the condi-
tions for feasibility of heat exchange are met, ie., 7"° > T + ATmin and
7" > T + ATmin, where 7" is the initial temperature in the hot heat tank.

The integration of heat in the system of hot-cold reactors operating at different
time intervals can be done by using two heat storages with different arrangements of
batch reactors. The scheme of heat integration between batch hot and cold reactors
using two heat tanks and recycling of the two main fluids is shown in Fig.5.4. As can
be seen from the figure, the cooling of the hot unit and the heating of the cold ones
take place in different parts of the scheme and separately over time. Accordingly, the
heat exchange between the hot and cold reactors can be analyzed by examining each
part, hot and cold, separately and then the two parts combined in a common system
as the temperature of the cooling intermediate fluid at the end of the cooling process
becomes the initial temperature for the hot heat tank for the heating process and vice
versa.
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Hot part : Cold part

»

Cold storage

Hot storage

Fig. 5.4 Scheme for heat integration using two heat tanks and recirculation of the main fluids

The mathematical description of the Hot Part includes the description of the
cooling process of the hot reactor using an intermediate cooling agent from the cold
heat tank, with duration z”. Cooling is performed in a HE-h heat exchanger by
recirculating the hot flow fluid with a flow rate z”. The cooling intermediate fluid
coming from the cold heat tank is collected in the hot heat tank. The mathematical
description of heat transfer is presented below.

The temperature change in the hot reactor is:

h
dle = -G'T"+ G"1", (5.20)

where: G" = M,I
The fluids enter the HE-h heat exchanger with temperatures as follows, from the

hot reactor 7" and from the cold heat tank T'"CO, and leave the heat exchanger with
temperatures, respectively:

™ =T7"— (T" - T"")De", (5.21)
" =7 + (T" — T"°)R" D", (5.22)
. oM ho lfexp{ )IU”A”} 1 1 ho wheph
where: w"¢ = 75, e’ = TRexp {0, U4} V1= dgh ~ g R' = Wv:n-gmc-

After corresponding transformations of egs. (5.20) and (5.21) is get:

ar’
== d'\T"+dl,, (5.23)

where: @, = —G'®e", d', = G'DT™..
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The solution of eq. (5.23) for 7'0) = T is:
T'(z) = T"0 + (T" — T"°) exp (d}7). (5.24)

Substituting (5.24) in eq. (5.22) the function of the change of temperature in the
cold reactor is obtained:

T (z) = T" + R'®@e" (T" — T") exp (7). (5.25)

The change in temperature over time of the intermediate heat entering the hot heat
tank is described by the following equation:

Rh (Th() _ TmCO)

Tmh ) = Tch+
() o

(1 — exp (d}}7)). (5.26)

When 7 = 7" the cooling of the hot reactor is over and the temperature of the
intermediate heat agent in the hot heat tank is:

Rh (ThO _ TmCO)

Tth _ Tch 4
G't

(1 — exp (a};7")). (5.27)

Similarly, the mathematical description of the Cold Part includes the description
of the cold reactor heating process, with duration 7, using the intermediate heat
agent coming from the hot heat tank and carried out in a HE-c heat exchanger by
recirculation of the cold flow fluid w°. The mathematical description of heat transfer
includes:

— The description of the temperature change in the hot reactor:
JT< .

__ _ (e ccl c:W_
= ~GT+GT, G =15

(5.28)

— Temperatures at the inlets and exits of the heat exchanger HE-c:

inlets: 7° is the temperature of the fluid coming from the hot reactor; and 7" is the
temperature of the fluid coming from the cold heat tank; at the exits the temperatures
are respectively:

M (- T 529
= T (- T 530
where: wh — M" @ec — 1=exp{—yUA} | L pe — Wi

pra - 1—R€ exp{_yzUt'Ac}7 )’2 = Wmhcpmh - weepe? weep®
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The description of the change in temperature in the cold reactor over time is
obtained by substituting (5.29) into (5.28) and carrying out the corresponding
transformations:

ch C C C
WZGHT +a12 (531)
where: af, = —G°R°®e¢,  a, = G°R°®e T™™..

The solution of eq. (5.3-5.31) for 7°(0) = T is:

T(r) = T + (T — T"°) exp (7). (5.32)

The description of the change in temperature of the heating agent over time,
which collects in the cold heat tank, is also obtained by substituting eqs. (5.32) in
(5.30) and corresponding transformations:

Tc() _ Tth
TmC(T) = Tmh0 + % (1 — eXp (ClilT)). (533)

When 7 = 7° the cold reactor was heated, it ended and the temperature of the
intermediate cold agent in the cold heat tank was:

TcO _ Tth -
Tch _ Tth +% (1 — exp (aCIlTC)) (534)

Combining in a common system the hot and cold parts by simultaneously solving
egs. (5.27) and (5.34), the following analytical expressions are obtained for deter-
mining 7 and 7""°:

DT + Dy (1 — D,)T"
1—-(1-Dy)(1—-Dy) °

"0 = (5.35)
DiT" + Dy(1 — D;)T<

Tth:
1—(1=Dy)(1=Dy) "’

(5.36)

where: D = Tf—(];h [1 — exp (a’l’lrh)], D, = TG+R [1 — exp ((ITITC”.

The proposed approach can also be applied to schemes without recirculation of
the main fluids, in which they are transferred to other reactors after passing through
the respective heat exchangers.

1.3 Heat Integration Using a Common Heat Storage

The scheme for heat integration between batch hot and cold reactors using a
common hot/cold heat storage tank and transfer of the two main fluids to other
reactors is shown in Fig. 5.5. As can be seen from the figure, the cooling of the hot
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Hot part «.x «ux  Cold part

Fig. 5.5 Scheme of heat integration between hot and cold reactors using a common hot/cold heat
storage

unit and the heating of the cold ones take place in different parts of the scheme and
separately over time, with the heat tank changing its functions over time and playing
the role of hot or cold depending on whether it stores heat or cold.

The fluid stored in the heat tank is used as a heater or cooler at different times.
Starting from the heating part, the circuit works as follows. The agent stored as “hot”
in the heat tank (conditionally called “hot” agent), with an initial temperature 7"
passes through the heat exchanger HE-c for the period of time 7°, gives off its heat to
the cold fluid, cools and returns to the heat tank, where it mixes with the agent
present there. At the end of the heating process, the agent in the heat tank is cooled
and its temperature is 7. During the cooling process, the already “cold” agent,
with initial temperature 7°, is used to cool the hot fluid leaving the hot reactor. It
passes through a heat exchanger HE-h for a period of time 7", cools the hot stream
and returns heated to the heat tank. At the end of the cooling process, the temperature
in the heat tank is 7. The description shows how the heat tank changes its
functions in different time periods.

The mathematical description of the Hot Part includes the balance equations of
the HE-h heat exchanger and the equations for the change of temperature in the
receiving main fluid reactor as well as in the heat tank receiving the recirculating
intermediate cold agent.
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The main fluid enters the HE-h with a temperature 7"° and leaves it with a
temperature:

™ =7 — (T — ") De". (5.37)

The temperature of the intermediate cooler at the inlet of HE-h is 7" and at the
outlet is:

" =1 + (T" — T™)R"®e", (5.38)

where: R" = 22 \h — M2 kg/s), e =

wineepi 2

1—exp (—yh U”Ah)

P
y = thph whecpn .
As a result of the recirculation of the intermediate cold agent, the temperature in
the heat tank changes as follows:

d T”’lC
dr

— Gmc(Tmc _ Tmc1>’ (539)

e
where: G = ¥, w =Mz [kg /5],

Substituting (5.38) in (5.39) and after the corresponding transformations we get:

mc
% =d"\ 1 1 dl,. (5.40)
where: a!; = —R'®e"G™, and a, = R'®"G™T".

The solution of eq. (5.41) under the initial condition 7"°(0) = 7" leads to:
T (1) = T" + ("0 — T") exp (—R"®e"G™ 7). (5.41)
By substituting (5.41) in (5.37) and (5.38), it is possible to trace how the
temperatures of the cooled main fluid and of the heated cold agent change,
depending on the duration of the cooling process. At the end of the cooling process,

at 7 = 7, they are:

(") =T — (170 — 1™ (")) @, (5.42)
Tmcl (Th) — Tmc (Th) + (ThO _ Tmc (Th))th)eh, (543)

and the temperature in the heat tank is:

(") = T + (17 — ) exp (—R'®e"G™7"). (5.44)
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This temperature is equal to the initial temperature at which the heat tank starts to
work as “hot™:

"0 = 1™ (). (5.45)
The temperature in the reactor receiving the cooled main fluid is:

Th() o Tmc()

Th (T) = Tho - GmthT

[1— exp (—G™R'®e"7)], (5.46)

and the final temperature reached by the cooled fluid in the receiving reactor is
accordingly

" = 1" (). (5.47)
Similarly, the mathematical description of the Cold part is created.

Let 7°° be the temperature of the fluid in the reactor with which it enters the heat
exchanger HE-c, and at the output it is:

T =T+ [T — TO|R°®e". (5.48)

T™" is the temperature of the heating coolant at the inlet of the heat exchanger and
at the outlet is respectively:

T =T — [T — T D¢, (5.49)

. pe o whepm o M . c _ _1—exp(—y°UAY) |
where: R =00 we =% [kg/s]; @e = TR exp (504

e LU
y = Wthpm weep® .

Due to the recycling of the cooled intermediate coolant, the temperature in the
heat tank changes as follows:

dr™
dr

— _Gmh (Tmh _ Tmhl), (550)

where: 7! is the fluid temperature at the outlet of the heat exchanger HE-c, and
G =20 [s-1].
Substituting eq. (5.49) into eq. (5.50) and after corresponding transformations we

get:

dr™

= _ _aileh +a§2T111h1’ (551)

where: a§; = —G""®¢¢ and a5, = G DT,



122 N. G. Vaklieva-Bancheva

Under the initial condition 7""(0) = T™"°, where the temperature 7" of the hot
agent in the heat tank at the beginning of the process, the solution of (5.51) is:

" (1) = T + (T — T) exp (—G™"®e 7). (5.52)
Substituting eqgs. (5.52) in (5.48) and (5.49), it is possible to trace how the

temperatures of the heated fluid and the cooled agent change, depending on the
duration of the heating process. At the end of the process at = 7° they are:

T() = T+ [T"(z) — T R°®e", (5.53)
Tmhl (TC) — Tmh(Tc) _ [Tmh(Tc) _ TCO} (I)ec’ (5.54)

and the temperature of the fluid in the heat tank is:
T (%) = T + (T™° — T) exp (—G™"®e1°). (5.53)

It determines the initial temperature at which the heat tank starts to work as
“cold”:

7m0 = 7™ (7). (5.56)
The temperature in the reactor receiving the heated main fluid is:

R¢ (Tth _ TCO)

T(z) = T + o
T

[1— exp (—G™®e7)], (5.57)

and the final temperature reached by the heated fluid in the receiving reactor is
respectively:

V" =T"(<"). (5.58)

The common unit for the heating and cooling part of the proposed scheme is the
heat tank. Equations (5.44) and (5.54) represent the change in temperature in a heat
tank when performing the functions of hot and cold, respectively. In turn, egs. (5.45)
and (5.55) represent the reached temperatures at which the heat tank reverses its
function. Their joint solution with respect to 7""° and 7"° leads to the determination
of the values of the respective initial temperatures in the heat tank:

by + biob o  bip—bib
Tth _ Y22 12921 : Tch _ %12 11922 5.59
1— b11b21 1 _b11b21 ( )

where:
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b1 = exp (—G’”hCDe"T"); by, = [1 — exp (—GthDe"T‘)]T"O
by = exp (—R'®e"G™7"); by = [1 — exp (—R'®@"G™7")| T

Analytical relations define the change in temperature over time of process fluids
as an explicit function of the design parameters of heat exchange equipment.

The idea of heat tanks is used in many scientific studies aimed at determining the
optimal number of tanks, the maximum amount of recovered heat or energy saved.
In this direction, a systematic procedure has been established for determining the
minimum number of heat storage units, provided that their operating range is a
function of the amount of heat recovered, and the aim is to determine the required
minimum number of heat storage devices [13]. A set of heuristic rules has also been
developed to explore the basic options corresponding to the solutions with minimum
energy costs and minimum total annual costs, with respect to the heat recovery
diagram. The set of preliminary guidelines for expanding the methodology for mixed
direct and indirect thermal integration has also been defined.

Another approach to studying the possibilities for indirect heat integration is the
inclusion of a stratified tank in an integration circuit. It uses source/stock modified
composite curves to quickly determine the amount of maximum heat recovered. The
results show that the amount of heat recovered increases when the heat tank is
switched on, but also strongly depends on the size of the tank and the dynamics of
the available sources and stock, as well as on the variations in hot fluid temperature
in the recovery circuit [25]. A method for designing a system for indirect heat
recovery in a batch plant, including the related variable—storage temperature, was
proposed by Chen and Ciou [26, 27]. Initially, a limit was given to the constant
temperature of the intermediate heat carrier in each tank in order to increase the
chances of heat recovery. Using superstructures, the design task was formulated by
proposing a new iterative strategy for determining the variable temperatures of the
intermediate cooler in the tanks by connecting the model with a network optimiza-
tion program (GAMS program) and flow temperature simulation software
(MATLAB program).

An extension of the methodology for direct heat integration with regard to heat
both storage and heat transfer has been proposed by Majozi [28]. This expansion of
the range makes it possible to include stored heat as an opportunity to save more
energy and allows overall process flexibility. The mathematical model is linear,
which assumes that the solution corresponds to a predetermined size for heat storage
and the presence of a global optimum. The proposed model is more suitable for
multi-product systems, but is also applicable to multi-purpose batch facilities, by
optimizing the heat storage capacity and heat access, as well as the initial temper-
ature of the heat storage medium used. Heat losses from the heat tank are also
considered. Although the formulation is linear, the presented procedure for finding
the globally optimal solution can also deal with nonlinear problems.
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2 Conclusion

The design of a heat exchange system for direct and indirect heat integration of batch
chemical and biochemical processes is an extremely difficult task due not only to the
nonlinear characteristics of the models but also to the large number of local opti-
mums in solving the formulated optimization problems. This in turn requires the use
of a systematic approach, with opportunities to increase the efficiency of optimiza-
tion, by conducting a preliminary analysis of the nature of the problem and deter-
mining the most appropriate methods for finding a solution in the synthesis of heat
exchange systems for integration of batch processes. The task is extremely compli-
cated in the presence of uncertainties in some parameters or the search for a
compromise between multiple criteria. Solving problems of this class leads to the
need to develop and apply non-traditional methods for global optimization, such as
stochastic search methods, genetic algorithms, and hybrid methods.
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Chapter 6 ®)
Artificial Neural Networks: Applications in gz
Chemical Engineering

Elisaveta G. Kirilova

Abstract Traditional approaches to modeling real chemical engineering processes
are based on fundamental chemical and physical laws, which include nonlinear
algebraic and differential equations. From a computational point of view, these
equations have some difficulties with regard to the numerical methods used for
their approximation, as well as with the achievement of the desired accuracy of the
calculations.

In recent years, there has been a growing interest in the application of the
Artificial Neural Networks (ANNs) method to solve a number of problems in the
field of chemical engineering related to fault detection, signal processing, modeling,
and control of chemical and biochemical processes in which traditional modeling
methods have difficulty and it is even impossible to develop physical models with
acceptable errors.

Their main advantage is that they work only with data on the input and output
values of the process parameters. One model can be used to generate multiple
outputs. Once the neural network model is adequately trained and validated, it is
able to make predictions for new data about the input values of process parameters
that were not used in the development of this model.

This chapter presents the main characteristics of ANNS, the choice of architec-
ture, the process of training and validation of ANN models, as well as several types
of ANNSs, such as feed-forward nets, recurrent nets and radial basis function nets and
combined models with examples of applications in chemical engineering.

Key words Artificial Neural Networks - Chemical engineering - Architecture -
Training - Validation - Feed-forward neural networks - Recurrent neural networks -
Radial basis function neural networks - Combined neural networks

E. G. Kirilova (<)
Institute of Chemical Engineering, Bulgarian Academy of Sciences, Sofia, Bulgaria
e-mail: e kirilova@iche.bas.bg

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2022 127
C. Boyadjiev (ed.), Modeling and Simulation in Chemical Engineering, Heat and
Mass Transfer, https://doi.org/10.1007/978-3-030-87660-9_6


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-87660-9_6&domain=pdf
mailto:e.kirilova@iche.bas.bg
https://doi.org/10.1007/978-3-030-87660-9_6#DOI

128

E. G. Kirilova

Nomenclature

Latin Symbols

b Vectors with values of biased neurons for the hidden and output layer

B A matrix of weighting coefficients represented by connections from an input
layer to a hidden layer

c A vector that centers each RBFN function in the input space

C A matrix of weighting coefficients represented by connections links from a
hidden layer to an output layer

D A matrix of weighting coefficients for the recurrent connections from the
output layer at a time 7 — 1 to the inputs of the hidden layer at a time ¢

E  Error of estimation between measured and calculated values of the outputs

f(-) Nonlinear function

g Transfer function or activation function

h A general signal in which the weighted signals are summed up to a given
neuron

1 Neural network inputs

J Standard least squares function

N Number of data samples

O  Neural network outputs

u Vector with input values

v Common input of each neuron

w  Weighting coefficients of the connections between input to the hidden layer
and hidden layer to the output layer

X Vector with values of the hidden layers

y Vector with measured values of the outputs

y Vector with the values of the outputs predicted (calculated) by the model

Z A time shift

Z A set of the values of the inputs and outputs

Greek Symbols

€ Vector of model error prediction

cﬁ%% Normalized cross-correlation between two variables (time series) ¥; and

2
() Activation functions (transfer functions) of neurons in the hidden and
output layers

0 Vector with parameters of nonlinear IRN model

c “span” parameter in radial basis function network

4 Positive scalar function

Indices

h  For hidden layer
i For neurons (nodes)
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j  For neural network inputs
o For the output layer
t  For time

Abbreviations

ANN Artificial neural network

ERN Externally recurrent network
IERN  Internal-External recurrent network
IRN Internally recurrent network
MAPE Mean absolute percentage error

R Linear correlation coefficient

RBFN Radial basis function network
RMSE Root mean square error
RNN Recurrent neural network

1 Introduction

Traditional approaches for modeling real chemical engineering processes are based
on fundamental chemical and physical laws, such as the law of conservation of
momentum, mass, energy [1] including nonlinear algebraic and differential equa-
tions. From a computational point of view, these equations have some difficulty with
the numerical methods used to approximate them, as well as with achieving the
desired accuracy of the calculations [2].

Recently, there has been growing interest in applying the method of Artificial
Neural Networks (ANN) to solve a number of problems in the field of chemical
engineering, related to fault detection, signal processing, modeling and control of
chemical and biochemical processes. They overcome many of the difficulties of
traditional methods [3-5] in modeling complex and nonlinear processes, namely that
they do not require any information about the physical and chemical laws that
describe them, in some of which it is quite difficult or even impossible to develop
physical models with acceptable errors. Their main advantage is that they work only
with data on the input and output values of the process parameters. One model can be
used to generate multiple outputs. Once the neural network model is adequately
trained and validated, it is able to make predictions on new data about the input
values of process parameters that were not used in model development [6, 7].

This chapter describes some types of neural networks that have been shown to be
effective in solving practically important chemical engineering problems. It presents
the concept of ANN, the rules for selecting an appropriate ANN architecture, the
training algorithm, i.e., the process of identifying the ANN parameters. Then the
main types of networks used in the literature and applied in practice are presented:
feed-forward nets, recursive nets and radial basis function nets, etc. combined
models with examples of applications in chemical engineering. Finally, the charac-
teristics of bias and variance are presented, as well as the validation process of ANN
models.
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1.1 Artificial Neural Networks: Basic Concepts
and Definitions

As the term artificial neural networks implies, they are a meta-heuristic for modeling
that uses an analogy to model the behavior of neurons in nervous-biological systems.
Engineering systems are significantly simpler than nervous-biological systems.
Therefore, from an engineering point of view, ANNSs are nonlinear empirical models
that are particularly useful in presenting input-output data in order to predict the
behavior of complex chemical engineering processes. They can also be used for data
classification as well as image recognition.

The basic concept of ANN is the artificial neuron, which is the mathematical
equivalent of a biological neuron composed of weights (corresponding to the
synapses of the biological neuron), an internal activation function (corresponding
to the neuronal cell itself), an output connection (corresponding to the axon), and an
output signal (output pulse).

Figure 6.1 shows the structure of an artificial neuron from ANN or also called a
node. The neuron receives one or more input signals /;, which may come from other
neurons or from another source. Each input is loaded with a weighting coefficient
w; ;. These weights represent an analogy of the strength of synapses between two
connected neurons in nervous-biological systems. Loaded signals to this neuron are
summed in a common signal called activation A, which is sent to a transfer function
g, which can be any type of mathematical function, but simple limited differentiable
functions such as sigmoids are usually used (Fig. 6.2).

If the function g is active for the entire input space, it is called a global transfer
function, as opposed to radial basis functions, which are local functions. The
resulting output from node O; can be sent to one or more nodes, which is an input
for them, or it can be an output for the ANN model.

The set of all artificial neurons forms the ANN model. There are many examples
in the literature of ANN models using this type of function, which can approximate
with the desired degree of accuracy each input-output connection with a different
number of neurons in them, for the selection of which there are no strict rules.

Figure 6.3 shows the structure of a multilayer ANN in which artificial neurons are
organized into several layers: input, one or more hidden layers, and output.

Fig. 6.1 Structure of an
artificial neuron
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Fig. 6.2 Transfer function 1
09t
0.8t
0.7 ¢
0.6
05}
04}
0.3F
02+t
0.1F

o A . A
-6 —4 -2 0 2 4 6

1/(1+exp(—h)

g:

Node Activation, h

Fig. 6.3 Structure of
multilayer ANN

Qutput Layer

Hidden Layer

Hidden Layer

Input Layer

A group of neurons called an input layer receives a signal from an external source.
Another group of neurons, called the output layer, transmits the signal processed by
the network to the environment. The other neurons in the network are called hidden
neurons. They can be grouped in one or more hidden layers. All connections
between neurons from different layers are loaded with weighting coefficients.
Figure 6.3 shows a neural network in which the layers are completely interconnected
(input to hidden, hidden to hidden, and hidden to output). Although this way of
connecting is the most popular, other ways of connecting between them are possible.
There may be connections between non-adjacent layers or within one layer, as well
as feedback from a neuron from one layer to another from a previous layer. The last
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method of connection is called recurrent connection, which is characteristic of
dynamic models of neural networks in which there is a time shift. Another feature
of ANN is the identification of its parameters. Generally, there is no direct analytical
method for calculating the values of the weighting coefficients. Instead, the network
should be trained for a set of data, called a training set, that is related to the process to
be modeled. The training is a procedure for estimating the values of the weights
(neural network parameters) by applying an optimization or training algorithm, such
that the optimization criterion, which is a function of minimum least squares
between measured and calculated values for the output parameters of the process,
has lowest value.

Usually the optimization starts with some initial approximations for the values of
the neural network parameters. Solving the optimization problem leads to obtaining
many local minima. This problem can be overcome by applying global optimization
methods, such as genetic algorithms [8], simulating annealing [9], or hybrid ones
such as genetic algorithms with particle swarm optimization [10] or genetic algo-
rithms with simulating annealing [11], etc.

Training algorithms can be supervised learning or unsupervised learning.
The supervised learning algorithm goes through the following basic steps. First,
the available data are divided into two sets: training and test. For this purpose, the
following procedure should be used to determine the values of the network weights:

1. For given ANN architecture, the values of the weights in the network are
initialized as small random numbers.

2. The inputs of the training set are sent to the network, calculating the
corresponding outputs.

3. The value of the objective function is calculated, which represents the error
between the network outputs and known exact (objective) values.

4. The gradients of the objective function with respect to each of the individual
weighting coefficients are calculated.

5. The weighting coefficients change according to the direction of the optimization
search and the length of the step determined by the optimization algorithm.

6. The procedure returns to step 2.

7. The algorithm stops the search when the calculated value of the objective function
using data from the test set stops increasing.

If the objective values of the outputs are not known, i.e., the training objective is
not defined, the procedure is called unsupervised learning, which is analogous to the
problems of data classification in statistics. In this case, the network will produce an
output signal corresponding to the established input category, i.e., it will extract
characteristics from seemingly unstructured data. The purpose of dividing the
available data into training and test sets is to assess how well the network generalizes
(predicts) regions that are not included in the test data. However, the training set
should be representative of the region of interest if the network is expected to be
trained (data interpolation) in terms of the basic connections and correlations in the
data generation process. Otherwise, the network will not be able to predict such data
well enough, but may give a poor prediction with respect to completely new data
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(extrapolation). Very often the data is characterized by some noise that needs to be
removed. This requires pre-processing of the data in order to: 1). Reduce the
dimensionality of the data; 2). Transform the data into a more convenient format
for processing via the network or 3). Eliminate or reduce autocorrelation for each
variable.

1.2 Choice of ANN Architecture

The selection of a neural network for modeling of a chemical engineering process is
related to: type of the considered process, type and number of input and output
variables, type of application (modeling, monitoring, optimization, or management),
as well as specific process characteristics.

After selecting the appropriate type of ANN for modeling the process, it is
necessary to determine the architecture of the neural network and its size. This
includes determining: the number of inputs and outputs; the number of hidden layers
and the neurons contained in them; the type of connections between neurons, as well
as the weights associated with each connection and the type of activation function
that defines how an output is obtained from a particular input. Each neuron receives
information and integrates one or more input signals, performing several simple
calculations on the sum using an activation function, resulting in an output [12].

When designing the ANN architecture, the engineer should select only the inputs
from all potential ones that exist for the process under consideration. The latter
significantly influences the target output. This can be done based on previous
experience with ANNs or the use of adequate optimization methods. For the overall
approximation, the training data should evenly cover the entire space (the region
between the lower and upper boundaries of each independent variable). If the trainee
data are concentrated in a given region of the study space and scarce in the rest of the
space, then the ANN will tend to over-fitting them and the output will be in the
region where most of the data is available for training [13].

There is no rule for choosing an architecture, but it must be chosen to provide
good “generalization,” i.e., to predict new data well enough by avoiding under- or
over-fitting. Regarding the efficiency of calculation, the smaller the network, respec-
tively the smaller the number of parameters in it, the less the identification time. On
the other hand, the number of hidden layers in it and the neurons in them have a
significant impact on its generalization ability and the degree of accuracy of the
obtained solutions [13].

There is no such thing as a “best” network, as different networks perform
differently when solving problems predicting or classifying data by showing differ-
ent results. If training (identification) of network parameters with more neurons and
connections between them is started, then the network will contain redundant
information after the training is completed. In this case, it is necessary to remove
neurons and/or connections, which will not affect the efficiency of the network.
There are two categories of methods for removing neurons. The first are the so-called
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sensitive methods. In them, the sensitivity of the error function was assessed after the
network learning process. Then the weights and neurons that are associated with the
lowest sensitivity are removed. The other class of methods uses techniques for
adding additional members to the objective function, which prunes the network by
resetting some of the weights during training. These techniques, however, require
some adjustment of the parameters, which affects the performance (efficiency) of the
network. An alternative approach to creating a network (so-called “growing” tech-
nique) is to start with a small number of hidden neurons and add new ones or split
existing neurons if the network shows unsatisfactory results. Pruning is identical to
backward elimination and transition to forward selection in regression. It is also
possible to transform a set of data in order to reduce the inputs of the network, and
hence reduce the size of the structure.

1.3 Feed-Forward Neural Networks

Feed-forward neural network is the most commonly used network [14]. Its advan-
tages are the easy way of programming and the good results that are obtained [13].

In feed-forward ANN, neurons are organized in layers and information is trans-
mitted from layer to layer through loaded weighted connections in the direction from
the input to the output of the network, (Fig. 6.4). In Fig. 6.4, the artificial neurons
(transfer functions) are represented as circles, the biased neurons as squares, and the
lines represent the loaded connections. While in the literature the terms used in
neural networks are: training patterns, test sets, loaded connections, hidden layers,
etc., ANN models are formulated here in terms of the identification of classical
nonlinear systems.

Mathematically a feed-forward ANN can be expressed as follows:

i = ¢o[Cy(Bui + by) + b,] (6.1)

where y; is a vector with the values of the output parameters, u; is a vector with the
values of the input parameters, and C is the connection matrix (matrix with the
values of the weighting coefficients), represented by connections from a hidden layer
to an output layer. B is the connection matrix from the input layer to the hidden layer.
b, and b, are vectors of biased neurons from the hidden and output layer. ¢,(-) and
¢o(-) are functions corresponding to the activation function (transfer function) of the
neurons in the hidden and output layers. Therefore, a model of a feed-forward neural
network has the following general structure:

i =f(u) (6.2)

where f(-) is a nonlinear function, as feed-forward neural networks are similar in
structure to nonlinear regression models, and eq. (6.2) modeling a steady-state
process.
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Fig. 6.4 Feed-forward Outputs
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To use these models to identify dynamical systems or predict time series, a vector
formed as a time window of previous input values of time variables (delayed
coordinates) was used. Thus, a model analogous to the nonlinear finite impulse
response model is formulated, where:

vi =y, andu; = [up, thy—1y - oy Uy—m) OTY, = f([thrs Ur—1, « ooy Us—)) (6.3)

The length of the time window must be large enough to cover the system
dynamics for each variable. In practice, the size of the time window is determined
on a trial and error basis and each individual input and output must have a specific
data window in order to optimally represent the model. If past input and output
windows are used in dynamic models of a feed-forward neural network, the net-
works are usually very large and include many parameters that need to be estimated.
Each individual input of the neural network model adds to the size of the neural
network and the number of parameters to be estimated. For example, if the input
vector in #-th moment of time consists of 4 different variables, and the number of past
values for these variables is chosen to be 6 for each of them, the network must
contain 24 input neurons. If this network has a hidden layer with 12 neurons and
2 output neurons, the total number of parameters to be estimated involving biased
neurons is a total of 326. The large number of parameters requires large matrices of
values for training and identification data and larger time for identification.

Feed-forward neural networks (with one or two hidden layers) are often used in
modeling and optimization of chemical processes. For example, Curteanu [15]
developed models for polymerization reactors in which free radical polymerization
processes of methyl methacrylate (MMA) take place. The difficulties in this type of
modeling are due to the complex and large number of reactions that take place in the
reactors, the formation of various compounds in them, the large number of kinetic
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parameters that must be determined, etc. Lisa et al. [16] applied feed-forward neural
networks to predict the thermal stability of the process of obtaining a series of liquid
crystal lines of ferrocene derivatives and phenyl compounds. Lobato et al. [17] tested
the efficiency of a feed-forward neural network to model the behavior of a
polybenzimidazole electrolyte membrane on a fuel cell, taking into account the
operating conditions of the cell.

Vaklieva-Bancheva et al. [ 18] proposed a model of a feed-forward neural network
to predict the temperature of the final product obtained at the outlet of a semi-batch
two-stage bioreactor system for municipal wastewater treatment of sludge using the
process of autothermal thermophilic aerobic digestion (ATAD) operating under
uncertain conditions. The authors developed ANN models with different architec-
tures, including one or two hidden layers with different numbers of neurons in them,
and the type of applied activation function is sigmoid. As inputs of the network, the
quantity, composition, and temperature of the incoming wastewater have been
selected and as outputs—the composition and temperature of the treated sludge.
The networks were trained with the BASIC GA genetic algorithm [19]. Three types
of errors have been used to assess the effectiveness of the developed ANN models
and their ability to accurately predict the outputs—Root mean square error (RMSE),
Mean absolute percentage error (MAPE), and Linear correlation coefficient (R).

Based on the results obtained, the ANN model was selected. It shows the smallest
values for errors. This model is included in a stochastic optimization problem for
designing a heat-integrated ATAD system, including a network of heat exchangers
and heat storage tanks for utilization of the obtained low grade heat at the exit of the
system [20]. By applying this approach, the sustainability and energy efficiency of
the ATAD system has been achieved.

1.4 Recurrent Neural Networks

Recurrent Neural Networks (RNNs) have an architecture similar to feed-forward
neural networks, which contain layers of neurons connected with weighted feed-
forward connections but also include some delayed feedback or recurrent connec-
tions. In them, one or more of the inputs at time ¢ are ANN outputs at times ¢-1, ¢-2,
and so on.

The ANN outputs are connected back to the time-shifted inputs z (Fig. 6.5). In
this way, dynamics is introduced in the network, so that the network outputs depend
not only on the network inputs, but also on the previous network outputs [13].

There are two types of Recurrent Neural Networks. The first type is called the
Internally Recurrent Network (IRN). They are characterized by time-shifted feed-
back to neurons in the hidden layer. Such an architecture is known as the Elman
network [21]. The other type of RNN is called Externally Recurrent Networks
(ERN). This type of network contains time delayed feedback connections from the
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Fig. 6.5 Internal-External
Recurrent Network

Inputs

output layer to the hidden layer. The hybrid neural network contains both types of
recurrent connections and is called Internal-External Recurrent Networks (IERN).
This type of network is shown in Fig. 6.5.

In Fig. 6.5, the circles represent the artificial neurons, the lines represent the
weighted connections, and z ' is the time delay. For clarity, not all recurrent
connections are shown and biased neurons are omitted.

The inclusion of a movable window of past outputs together with past inputs
leads to the formulation of a network, which represents a more general nonlinear
time series model:

Ve =S (et Vie2s oo Vens Uns Uity + ooy U)]) (6.4)

If the vectors of the input, hidden, and output neurons are represented as u,, x,, and

y, at time ¢, an IRN network can be formulated as a discrete time model as follows:
Xer1 = PplAx: + Bu; + by (6.5)

Yir1 = @o[Cxii1 + bo] (6.6)

where ¢, and ¢, are functions, corresponding to the activation functions in the

hidden and output layer. It is most often that Gaussian activation function is applied
for each hidden neuron:

b0 = e () (67

where v; is the common input of each neuron. Usually all the elements are made
identical. The linear activation functions are used in the output layer. Matrices A, B,
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and C are matrices of weighted recurrent connections between hidden neurons, from
input to hidden neurons and from hidden to output neurons. Its vectors b, and b, are
biased vectors for the hidden and output layers. The represented above IRN network
is a nonlinear modification of the standard steady-state model, in which the outputs
of neurons from the hidden layers x; are states of the model. In a similar way,
nonlinear equations for ERN can be drawn. While in the IRN model states are
outputs for hidden neurons, in the ERN model states are outputs of neurons in the
output layer, so the following equations are obtained:

Xep1 = @, [Cy,(Dx; + Buy + by) + by) (6.8)
Yit1 = Xr+1 (69)

where the matrices B and C and vectors b;, and b, have the same meaning for ERN as
for IRN, and D is the matrix of weighting coefficients for the recurrent connections
from the output layer at a time ¢ — 1 to the inputs of the hidden layer at a time ¢.

From the fact that the two types of models use different equations, to create a
model, a vector of initial values of the model states must be determined.

The initialization of ERN models is simple because the user can examine the
current values of the process output and use those values to initialize the states. In
IRN models, states with an average value of the activation function of hidden
neurons are initialized (0.5 if the activation function varies between 0 and 1.0).
Inaccuracies in the initialization of states usually lead to inaccuracies in model
predictions, which, however, are compensated in the search process.

Many chemical engineering processes are modeled with this type of networks.
For example, the Elman network was used to predict the efficiency of color removal
in TiO in photodegradation of the cationic dye Alcian Blue 8 GX, conducted in a
series of laboratory experiments [22]. The selected inputs are the concentrations of
the contaminant, the photocatalyst and the hydrogen peroxide, as well as the initial
pH of the solution, while the outputs are the efficiency of ultraviolet radiation
removal.

A recurrent neural network has been developed to monitor the drying process of
pharmaceutical products. Using data from several experimental measurements at
time ¢, the neural network is able to predict the change in temperature and thickness
of the dried final product under given operating conditions [23].

Kirilova et al. [24] have proposed a dynamic Nonlinear AutoRegressive with
eXogenous inputs—NARX ANN-—to model the process of biotransformation of
crude glycerol obtained as a by-product in the production of biodiesel to
1,3-propanediol and 2,3-butanediol. The process is carried out using the bacteria
Pseudomonas denitrificans 1625. The network thus designed with good enough
accuracy predicts over time the concentration of the substrate and the obtained
products. The model was trained and validated with real data from batch experiments
at different initial substrate concentrations.
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1.5 Radial Basis Function Network (RBFN)

Radial basis function network (RBFN) was used for the first time for process
modeling [25, 26]. Figure 6.6 shows the structure of RBFN.

RBFN is a network in which the inputs are connected to the hidden neurons
through connections with single fixed weights. Each neuron represents a limited
interval of the total interval of the input, therefore it is a local function. The transfer
function of each hidden neuron is usually Gaussian or ellipsoidal.

g(I) = exp (— M> (6.10)

o

where I is the vector of the inputs to the neuron, c is a vector that centers each
function in the input space, o is span parameter, and ||- | is the norm of the vector.
The RBFN output is 1, when I = ¢ and decreases to zero, as I moves away from c
(it is shown in Fig. 6.6 by the arrows in the circles). Then the outputs of the hidden
neurons are sent to the output layer through a layer of weighted connections. The
weighted signals are summed and the sums form an output of the network, i.e., the
transfer functions in the output layer are linear. This type of network has two main
advantages. First, the use of numerical methods for grouping of data, in which the
values for ¢ can be calculated for each hidden neuron.

However, the selection of the number of hidden neurons during the grouping is a
complex problem. Values for ¢ can be arbitrary or calculated by simple optimization
(independently of c). Output layer weights can be calculated directly in the learning
process by linear regression due to the linear relationships between output neurons
and RBFN outputs. Hence, the training time for RBFN is much less than that of other
types of ANNs. Second, if a new input vector is included in the test, the network

Fig. 6.6 Radial basis
function network (RBFN)
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output will decrease to zero due to the local RBFN parameters in eq. (6.10). This is a
major advantage of this type of network unlike other neural networks, which
extrapolate inputs very poorly.

Their main drawback is that, like other types of ANNs, time must be explicitly
incorporated into the structure by using a window of past process inputs and outputs
as network inputs. Unfortunately, the size of RBFN increases exponentially with the
number of network inputs.

1.6 Combined Neural Networks

Generally, it is not guaranteed that a neural network model can extract all the
information from the available data, so it is difficult to develop a perfect neural
network [27]. Combining several neural networks to work in parallel is an approach
that is based on using the different advantages that different neural networks have in
order to aggregate this information to reduce uncertainty and increase their resilience
as well as provide more accurate predictions [28, 29, 30]. In Fig. 6.7, a combined
neural network is shown.

The neural networks included in the combined model may have different archi-
tectures and parameters, different initiated weights, different training rules, and
training data sets [31]. In the combined ANN model, the following additional
parameters must be defined: method used to combine the parallel working models;
formation of data subsets to be used by the individual networks for the purposes of
training.

The most important problem of combined neural networks is the choice of
method for combining the outputs of the individual models in the group. This
depends on the type of application of the group of neural networks, [32]. For
example, Herrera and Zhang [31] combine 30 neural networks, each of which has
three hidden neurons, using a hyperbolic tangent for activation function. The output
of the ANN group was calculated as the arithmetic mean of the individual outputs.
Zhou et al. [28] have used a genetic algorithm to find the optimal weights of the

Neural network 1

N\

Input
Neural network 2

Neural network n

Fig. 6.7 Combined neural network
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ANN group. The latter generates smaller networks with high generalization capacity
compared to other techniques [33]. Tian et al. [34] have used quadratic programming
to optimize the weights of the combined model.

Combined neural networks are proving to be quite reliable and powerful tools for
modeling various chemical engineering processes. Several examples of this can be
shown. For example, Piuleac et al. [35] have developed different strategies for
modeling the process of electrolysis of pollutant solutions containing phenolic
compounds. They have used different combined models with different activation
functions in the hidden layers, which give quite high accuracy. The individual
networks were combined in a group either summation of the weight outputs of the
networks or using independent outputs corresponding to each phenolic type. The
global errors at the training stage are below 3%, and those at the validation stage—
below 4%. These networks were used to predict the time of the electrolysis process
in the treatment of contaminants.

Leon et al. (2010) [37] have proposed aggregated neural networks to model the
polymerization process to produce polyacrylamide. As a result of its application, the
reaction conditions for carrying out the process are determined, such as time,
temperature, monomer concentration, initiator, crosslinking agent, and amount of
including polymer as well as the type of polymer added. The model has been used to
predict the yield of the obtained product.

1.7 Neural Network Training: Identification of its Parameters

The process of estimating the values of the model parameters or the values of the
neural network weights is called neural network training. It aims to reproduce the
desired dynamic behavior. Usually, for its realization the so-called backpropagation-
through-time algorithm applies, which requires a conventional prediction error
estimate.

In a case of RNN model that includes egs. (6.5) and (6.6) or (6.8) and (6.9), then
the estimation of the parameters of this type of network is as follows:

0 =1{A,B,C,by,b,} (6.11)
6 is the vector of parameters of a nonlinear IRN RNN model:
0 ={B,C,D,by,b,} (6.12)

For ERN model.
Let the model error prediction vector be:

&(0) =y, —5,(0) (6.13)
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where y, is the vector of the measured values for the process outputs, and y,(0) is the
calculated values for the process outputs for the process outputs. The measured data
of the process being modeled is a set of input-output vector pairs:

N = {yuys s sy sy} (6.14)

where N is the number of data samples, and u, is the vector of values for the process
inputs. The purpose of identification is to minimize the prediction error of the model
for the set Z" by adjusting the values of the vector of model parameters 6 so that:

N
mmJ 0,Z") = 1 Zs (6.15)

i=1
Eq. (6.15) represents a standard unweighted function of the minimum least

squares. If there are outliers in the data used, it is better to use:

man (0.2") = (6.16)

uMz

where the function {(¢) is a positive scalar function:

(e) = lel or {(e) = log (1 +1e?).

Because ANN models have nonlinear coefficients to minimize eq. (6.15), itera-
tive methods should be used. The backpropagation algorithm is a gradient descent
method that can be applied to parallel calculations, using only local information
about the inputs and outputs of each activated neuron at each iteration. Despite the
analytical formulation of the gradients, given that ANN is too complex due to the
existence of feedback in recurrent networks, the use of gradient calculations, as done
with the backpropagation algorithm, is intuitive and at the same time efficient in
terms of computational accuracy.

1.8 Bias and Variance in ANN

One of the biggest advantages of neural networks is their ability to “train,” which,
however, requires the adjustment of a large number of weights in order to minimize
the error of estimation between measured and calculated output values. If the
problem of defining an assessment is considered y = f(x; D) of an unknown model
Ely/x], with a given set of data D = {(x1,yy), . . ., (xn, Yn)} @ standard deviation of the
error is created and the actual model is:
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E[( £0eD) = Ely/4))?| = (EI( (s D)] — Ely/)’ + E|( f(x: D) = E[f(x: D)))"
(6.17)

for any random x and all possible implementations of D. The first term on the right-
hand side of the equation represents the square of the bias between the error of
estimation and the unknown model, and the second term is the variance of estima-
tion, i.e.,

(error of estimation)* = (bias)* + variance (6.18)

In this way, the error of estimation is decomposed to bias and variance. In
estimation theory, there is a trade-off between reducing bias and variance. A
model with several parameters may show a small value for the estimated variance.
However, the inadmissible biases of its predictions are due to its inability to cover
the complexity of the system.

A traditional feed-forward ANN with a very large number of weights can have a
very low bias and a very large variance due to over-fitting noise data that has been
trained. The goal is to minimize bias and variance at the same time.

The variance can be reduced by using as large training sets as possible. The bias
can also be reduced by increasing the size of the network, which leads to the
formulation of a large optimization problem. However, the more common approach
to controlling the estimated bias and variance in a feed-forward ANN model is to
periodically stop the learning process and apply a validation approach to assess the
residual error. When the residual error no longer decreases, the training is stopped
and the weights are determined. Other methods of controlling both bias and variance
in neural network models include reducing the number of weights by truncation or
allowing a gradual increase in the network during training to prevent over-fitting.

Recurrent networks solve many of the problems associated with over-fitting and
training large amounts of data in modeling dynamic processes. The inclusion of
preliminary information about the process that is modeled by a neural network can
allow an even greater reduction in the number of parameters.

1.9 ANN Model Validation

ANN model validation is a substantial part of system identification. Despite the
presence of a large number of tests of statistical hypotheses and the fact that the
evaluation criterion is developed for linear, sustainable systems, the problem is much
more complex in nonlinear dynamical systems. The criterion for model validation is
the value of the objective function J(0, Z"), when the model is applied to a data set
(ZMy different from (Z"), which is used in system identification. However, such a
criterion is not sensitive to the error obtained by model mismatch (bias) and the error
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due to data noise. In correlation analysis, more complex tests are performed to
examine the prediction error £/6). If a nonlinear nonparametric model is adequate
and unbiased, then the error must be uncorrelated with all linear and nonlinear
combinations of past inputs and outputs. This output can be determined using a
normalized cross-correlation function:

=

-7

¥, (1)¥,(t — 7)

Dy, (7) = - (6.19)

M=

A0 i ()

-
Il

where &qu]qzz is the normalized cross-correlation between two variables (time series)
¥, and W¥,, 7 is a time shift, and ¢ is a time index. </I\>\m12 (7) can be drawn as a function
of 7 for positive and negative time lags.

Figure 6.8 shows an example for &)xy]% (7), when W represents a sequence of
white noise and shows a slight autocorrelation. Due to the fact that the evaluation
correlations will never be exactly zero, the selected confidence interval is approxi-
mately 95%, as +1.96/+/N for a large N to indicate if the correlations are significant.
For multivariate nonlinear models, it is impossible to check every possible cross-
correlation, but auto- and cross-correlation must be calculated for the residues as a
minimum validation of the model.

0.8+

04F

Correlation

0.2}

Time Shift

Fig. 6.8 Autocorrelation function for white noise
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2 Concluding Remarks

Over the last decades, the popularity of the artificial neural network approach has
been growing and it has been applied with great success in various fields of industry
such as petrochemical, oil and gas industry, biotechnology, environmental protec-
tion, fuel and energy production, mineral industry, nanotechnology, pharmaceutical
industry and polymers production, telecommunications, etc. The reason for this is
that they show very good results in modeling complex, nonlinear production pro-
cesses and systems in which traditional models have difficulties or even impossible
to develop. The aim of this chapter was to present the main characteristics of artificial
neural networks, the choice of their architecture, the process of training and valida-
tion of models, as well as several types of neural networks that are applied most
effectively to solve real chemical problems with their advantages and disadvantages.
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Chapter 7 ®)
Approach for Parameter Identification oy
of Multiparameter Models

P. Popova-Krumova and Christo Boyadjiev

Abstract A very important stage of model development is parameter identification
through inverse problem solutions.

The kinetics of many chemical, biochemical, photochemical, and catalytic reac-
tions is very complex and as a result the kinetic model consists of many equations
and parameters. Model parameter identification in these cases is very difficult
because of the multiextremal least square function or because of the fact that some
minima are of ravine type. The iterative solution of this problem needs very good
initial value approximations for the parameters (in the attraction area of the global
minimum) for the minimum searching procedure.

A polynomial approximation of the experimental data permits to propose a new
hierarchical approach for obtaining initial parameters values in the global minimum
area, using a consecutive approximations method.

This approach for parameter identification of multiobjective models is tested for
two bioprocesses-modeling of fermentation systems and red microalgae growth
kinetics. The model parameter values are obtained on the bases of real experimental
data. The results obtained show a decrease of the model error variance on every next
hierarchical level and a good agreement with the experimental data on the last level.
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1 Introduction

Bioprocess technology is an extension of ancient techniques for developing useful
products by taking advantage of natural biological activities. Bioprocesses have
become widely used in several fields of commercial biotechnology, such as produc-
tion of enzymes, antibiotics and biofuels production.

The specificity of bioprocess is their modeling and model parameters identifica-
tion, since they contain a large number of model equations, and hence many
parameters.

The parameters identification problem for complex kinetic models was described
[1,2, 3] on the base of least square function minimization, using experimental data or
its spline approximations for model equations solutions.

Model parameters identification in these cases is very difficult to be done, because
of the multiextremal least square function or because of the fact that some minima
are ravine type. The solution of this problem needs very good initial values of the
parameters (in the global minimum area) for the minimum searching procedure. This
is the main problem in the multiextremal function minimization which will be solved
on the base a new hierarchical approach.

1.1 New Hierarchical Approach for Parameter Identification

Let’s consider the following multiparameter model:

dc; .
?l‘l = Fi(Cl, e 9CM;ki17 Ce ’kia;)s C,'(O) = C(O) i 1= 1, e ,M, (71)
where ¢ is the time, ci(#,) and k; are objective functions (concentrations of the
reagents) and parameters in the model fori =1, ..., M,j =1, ..., @;, a—number
of parameters of the i™ equation.

For parameter identification problem solution will be used experimental data for
the objective functions: cl(e) = c,(-e) (t,), n=1,...,N, where N is the number of
experimental data measurements.

The least square functions for the separate model equations are

2

Oilkits -+ ki) = 3 [eiltn) = ()| s i=1, M, (7.2)
n=1
where ci(t,), i = 1, ..., M are obtained after solution of (7.1). The least square
M

function of the parameter identification in the model (7.1)is: 0 = > Q;..
i=1
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M

The total parameters number I = > @; is very large and in many cases it is not

i=1
possible to minimize function Q, because this function is multiextremal and some of
minima are ravine types.

The minimization of Q is multicriterial optimization problem with equal specific
weight coefficients of the separate criteria. The obtaining of the global minimum
point needs of very well initial approximation, i.e., the initial point of the minimi-
zation procedure has to be in the global minimum area.

The experimental data for the objective functions (concentrations) can be
presented, using polynomial approximations:

) = Pi(r), n=1,....N, i=1,....M, (7.3)

where P,(f) are polynomials of 5 or 6 power.

Let’s consider the first equation of (7.1), where all functions, including the first,
are replaced by the polynomial approximations of the experimental data:
c(H=P(r), 2<i<M,ie.,

d
%:FI(CI,PZ, ...,PM;kI], ...,k[al), CI(O) = C<0> 1- (74)

The minimization of the least square function

2

[cl ) —cl>(tn)] , (7.5)

Mz

O (ki ... ki) =

n=1

where c(t,) is the solution of the eq. (7.4), permit to calculated parameters values

(lq Ly +- kl,,, ) in the first equation in the model (7.1). The parameters identification

errors for the eq. (7.4) are result of the experimental data errors and polynomial
approximations errors only, i.e., it has not an influence of all another model equa-
tions (2 < i < M) errors.

This procedure is possible to repeat for all egs. (7.1) (step by step). The obtained
parameter values F];ij”' =1,....,M;j=1, ...,a; are possible to be used as a zero
order approximation for the model parameter identification and they are the zero
hierarchical level in the parameter identification procedure.

Very often the exactness of the zero order parameters approximations is not
sufficient for the minimization of O, because the parameters in one model do not
give an account of another models error. The first order approximation may be
obtained using the zero order one. It will be made on the first hierarchical level (step
by step).

The first step is consecutive solutions of the model equations and to obtain the
first order approximation of the parameters.

The last step is solution of i equations
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dc ~ ~
7; =F (Cl, < cisky, ~-,k1al), c1(0) = ¢ 1
dC,' .
E = Fi(Cl, N ,C,';kl'l, .. .,k,‘ai), C[(O) = C(O) i 1= 2, e ,M, (76)
and to obtain (ki1 ..., ki) after minimization of Q;.
The last hierarchical level is to solve the eqgs. (7.1) and to minimize Q using the
first order approximation values kij(i =1,...,M;j=1,...,) as initial approxi-

mations of the minimization procedure.

The hierarchical approach for parameter identification of multiobjective models is
tested for a fermentation system and microalgae growth kinetics modeling, using the
real experimental data [4, 5].

1.2 Fermentation Systems Modeling

The mathematical models of the fermentation systems contain biomass, product and
substrates material balances. The obtained models [4, 5] consist of 3—4 equations
with 6-10 parameters, which have to be obtained using experimental data [4].

The use of the new hierarchical approach to solve multiobjective models permits
to obtain the exact parameter values and the results obtained are in a good agreement
with the experimental data (Figs. 7.1, 7.2, 7.3, and 7.4).

Fig. 7.1 Comparison of the X

calculated values and 1.1 T

experimental data for 1t

biomass dimensionless

concentration 0.9}
0.8}

0.7f
0.6}
0.5¢
0.4}
0.3}
0.2}
0.1t

t,h
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Fig. 7.2 Comparison of the  Cg,
calculated values and 0.5
experimental data for
gluconic acid dimensionless
concentration

Fig. 7.3 Comparison of the Ce
calculated values and 1.1
experimental data for
glucose dimensionless
concentration

0.4

t,h
1.3 Microalgae Growth Kinetics Modeling

The use of the hierarchical approach [6] to solve multiobjective models is impossible
in the case of incomplete experimental data, i.e., the experimental data for
concentration—time dependences of some reagents or reaction products are missing.
An example of this case is modeling of microalgae growth kinetics [7].

The mathematical model of the process is characterized by four parameters that
will be obtained from the experimental data.
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“dr ~ Pmax mcx —kocx
dc c
—=0—-A —C
dt Q x Hmax K| + ¢ X
u k (7.7)
h E) €o,gas 1 kkpc

0= k(CO,gas + Ch,gas

2

IZO, CX = CX,»

- kHC> > Chgas =

N =

+

=N

C = Cp

The experimental data for the biomass concentration will be representing by the
polynomial approximation:

ex(t) = P(p),

dCX o dPi

X =P, A®)

(7.8)

The lack of experimental data for the concentration c(¢) will be substituted by the

“experimental data” ¢(t):

ki[ko +A(?)]

E(t) - Hmax — ko _A(t) -

(7.9)

For identification of the model parameters, the least square function has to be

used:

N

F= Z [ex(6i) — Cxcxp(ti)]z + az [e(r) — (1))

i=1

N

(7.10)
i=1
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Fig. 7.5 Comparison of the calculated values and experimental data for biomass concentration

On the basis of the existence of a relationship between the concentration of
biomass and the CO, concentration in the liquid phase, it is demonstrated that the
comparison of the theoretical and experimental data in Figs. 7.5 and 7.6 show that
the accuracy of the solution could be increased provided more detailed experimental
data for the substitution of missing experimental data with a “provisional experi-
mental data set” are available. The last set depends on the model parameters.

Comparisons between the model, with calculated parameters, and the experimen-
tal data are shown on Figs. 7.5 and 7.6.

2 Conclusions

The proposed method solves parameter identification problem for multiparameter
models, when the least square function is multiextremal.

The using of polynomial approximations for the experimental data permits to
obtain parameter values in separate model equations. The method is tested on
fermentation process and microalgae growth kinetic modeling. The results obtained
are in a good agreement with the experimental data.

The proposed parameter identification approach offers a possibility for finding a
solution of some problems connected with multiparameter models and in the cases of
insufficient experimental information. The method presented is applicable for dif-
ferent fermentation and photosynthetic processes.
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Fig. 7.6 Comparison of the calculated values and experimental data for CO, concentration in the
liquid phase

Acknowledgement This work is supported by Project of Fundamental Scientific Research 19-58-
18004, conducted by RFBR and the National Science Fund of Bulgaria under contract No KP
06 RUSIA-3 from 27 Sep. 2019, “Modeling, simulation and experimental investigations of the
interphase mass transfer and separation in distillation, absorption, adsorption and catalytic pro-
cesses in industrial column apparatuses” and contract No KP 06-H37/11/ 06.12.2019 “Integrated
absorption-adsorption process for waste free decontamination of gases from sulfur dioxide.”

References

1. J. Madar, J. Abonyi, H. Roubos, F. Szeifert, Incorporating prior knowledge in a cubic spline
ApproximationsApplication to the identification of reaction kinetic models. Ind. Eng. Chem. Res.
42, 4043-4049 (2003)

2. D.M. Himmelblau, C.R. Jones, K.B. Sichoff, Determination of rate constants for kinetics models.
Ind. Eng. Chem. Fundam. 6(4), 539-543 (1967)

3. Y.P. Tang, On the estimation of rate constants for complex kinetics models. Ind. Eng. Chem.
Fundam. 10(2), 321-322 (1971)

4. V. Beschkov, S. Velizarov, Oxygen transfer and glucose to gluconic acid oxidation by cells of
Gluconobacter oxydans NBIMCC 104. Comptes Rendus Acad. Bulg. Sci. 47(8), 53-57 (1994)

5. J. Merchuk, M. Gluz, I. Mukmenev, Comparison of photobioreactors for cultivation of the red
microalgae Porphyridium sp. J. Chem. Technol. Biotechnol. 75, 1119-1126 (2000)

6. P. Popova, C. Boyadjiev, Hierarchical approach for parameter identification of multiparameter
models. Biochem. Eng. J. 39, 397-402 (2008)

7. P. Popova, C. Boyadjiev, On the red microalgae growth kinetics modeling. Chem. Biochem.
Eng. Q. 12, 491-498 (2008)



Chapter 8 )
Modeling and Simulation of Phase Change e
Material Based Thermal Energy

Accumulators in Small-Scale Solar Thermal
Dryers

J. Patel, J. Andharia, A. Georgiev, D. Dzhonova, S. Maiti, T. Petrova,
K. Stefanova, I. Trayanov, and S. Panyovska

Abstract Solar thermal energy is of intermittent and dynamic character and the
necessity to use this energy during non-sunshine periods has led to the development
of thermal energy accumulators. The need of compact solutions have prompted
researchers towards using latent heat storage. Phase change materials as thermal
energy storage are attractive because of their high storage density and characteristics
to release thermal energy at constant temperature corresponding to the phase tran-
sition temperature. The chapter overviews the recent state-of-the-art small-scale
solar thermal dryers integrated with phase change material as an energy accumulator.
This is an intensive field of investigation for more than 30 years with importance for
the agriculture and the food industry especially in hot climate. A variety of com-
mercial small-scale solar dryers are offered as a low-cost, zero-energy solution for
small farmers. And yet, there are no commercial systems using latent thermal storage
because at the present level of development this unit will increase unacceptably the
price of the system. The solution needs very simple design, accessible materials, and
optimal conditions for operation.

The aim of the present work is to make an overview of the methods for theoretical
evaluation and prediction, which are used to design and assess this devices and to
point out the most appropriate of them for this new solution. The models enable to
distinguish the most cost- and energy-effective solar dryer systems with thermal
storage among the great number of designs, devices, and materials. The resulting
conclusions from the collected and compared information will serve as a base for a
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novel solution of a cost-effective thermal energy storage for a small-scale solar
dryer, which will lead to improved efficiency of the drying process, due to controlled
temperature and longer operational time. This information might serve also in the
development of the wider field of thermal energy storage, which is an important part
of the technologies of renewable and waste energy conversion.

Key words Computational Fluid Dynamics - Energy efficiency - Exergy efficiency -
Latent heat - Phase change material - Solar dryer - Thermal energy accumulator

Nomenclature
A Area, m?>
Cp Specific heat, J/(kg K)

Cpsan  Average specific heat of air between Tsup,; and Tsap,,, J/(kg K)
cpcm,s  Average specific heat of solid PCM J/(kg K)
cpcm, Average specific heat of liquid PCM, J/(kg K)
Energy, J

Exergy, J

Exergy flow rate, W

Gravitational acceleration vector, m/s?
Sensible enthalpy, J/kg

Latent heat of vaporization, J/kg

Enthalpy, J/kg

Solar intensity, W/m?

Thermal conductivity, W/(mK)

Heat of fusion per unit mass, J/kg

Mass, kg

Mass flow rate, kg/s

Static pressure, Pa

Time-averaged pressure, Pa

Power consumption of fan, W

Prandtl number

Gas constant, J/(kgK)

Thermal energy, J

Heat flow rate, W

Time, s

Temperature, K

Time-averaged temperature, K

Temperature fluctuation, K

Time-averaged velocity component, m/s
Velocity fluctuation, m/s

Coordinate axis, m

Velocity vector, m/s
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Greek Letters

Convective heat transfer coefficient, W/(m*K)

a
a’  Absorptivity

n  Thermal efficiency

p  Liquid volume fraction

y Thermal expansion coefficient, 1/K
A Difference

#  Dynamic viscosity, Pa.s

p  Density, kg/m®

T Stress tensor, Pa

7’ Transmissivity

Subscripts

a Air

abs Absorber

ch Charging

d Dryer

dis Discharging
des Destruction

e Evaporated moisture
es Energy storage
f Fluid

Jen Final in charging
Jais Final in discharging
F

Fusion
i Inlet
icn Initial in charging
igis Initial in discharging
in Input
l Liquid
o Outlet

out Output
PCM  Phase change material

r Reference

re Received

s Solid

sys Drying system
SA Solar accumulator

SAH  Solar air heater
w Wax
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Abbreviations

BC Boundary conditions

CFD Computational fluid dynamics
DC Drying chamber

ETC Evacuated tube collector

FLT First law of thermodynamics
FPC Flat plate collector

HDPC High density polyethylene containers
HE Heat exchanger

HTF Heat transfer fluid

LHS Latent heat storage

PCM  Phase change material

SAH Solar air heater

SLT Second law of thermodynamics
TES Thermal energy storage

1 Introduction

Solar energy is one of the most prospective sources of renewable energy. Its
intermittent nature is a drawback which can be overcome to some extent by energy
storage for energy supply during the non-sunshine hours. Thermal energy storage
(TES) is one of the useful solutions. It includes three principles of heat accumulation,
by using sensible heat, latent heat, and chemical heat. Intensive research is carried
out recently on thermal energy storage in combination with a solar dryer (Fig. 8.1).
The wide interest in these systems is due to the increasing need for preservation of
food at low energy consumption with high quality of the product. The heat storage
diminishes the fluctuation in the inlet temperature and supplies heat flow near
constant temperature. The constant temperature regulation helps to prevent degra-
dation of product quality. The environmental effect is reduced harmful emissions in
the atmosphere.

1.1 Sensible Heat Versus Latent Heat in TES for Integration
with a Solar Dryer

In sensible heat storage, the material rises its temperature. The amount of heat stored
depends on the density, volume, specific heat, and temperature difference of the
storage material. The latent heat is stored when the storage material changes its phase
at the working temperature. The advantage of the latent heat storage (LHS) in respect
to sensible one is higher energy storage density, i.e., much smaller mass and volume
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Fig. 8.1 Types of TES integrated in solar dryer systems
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of the storage material is needed to store a certain amount of energy. This is
illustrated by the example given in [1] that “in the case of water, 80 times as much
energy is required to melt 1 kg of ice as to raise the temperature of 1 kg of water by
1°C.”

The rock bed is the most common material for sensible storage used in solar dryer
systems. A simplified solar energy storage of a rock bed was investigated [2] for
drying of peanuts. The drying time ranged from 22 to 25 h reducing the moisture
content to the safe moisture level of 20% with an air flow rate of 4.9 m/s.

It should be noted that the high energy storage density of the phase change
material (PCM) is an advantage, but does not guarantee higher efficiency of the
system. Surprising is the conclusion in [3] that using sensible heat storage with
pebble stones may be more advantageous for the drying process than LHS with
paraffin wax, in regard to performance and cost. The study presented experiments for
comparison of two systems for heat storage in a solar air dryer. One of the systems
was a packed bed of pebble stones and the other was paraffin wax with a melting
temperature of 55-60 °C, placed in heat resistant bags. One and the same quantity of
500 kg of each material was used to dry 10 kg of 5 mm thick lemon slices. The
drying process lasted an average of 6.23 h (paraffin) and 6.27 h (pebble stones). The
total discharge time of the two systems was 7 h on average. The presented data
demonstrate the importance of the design of the LHS. The advantage of the PCM can
be wasted because of hindered air flow and poor heat transfer provided by the bags
containing the PCM.
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The chemical heat storage is characterized by highest energy storage density of
the material, but this technology is less mature than the previous two in respect to
commercialization [4]. It uses reversible reactions which involve absorption and
release of heat. In solar dryers, an example of this technology is liquid or solid
desiccant material used for reducing the humidity of the drying air in off-sunshine
hours. The performance of an indirect forced-convection, desiccant-integrated solar
dryer for drying of green peas and pineapple slices was studied [5]. The desiccant
was a mixture of 60% bentonite, 10% calcium chloride, 20% vermiculite, and 10%
cement. It was molded in the shape of cylinders. In this process, the moisture was
removed from the drying air by adsorption in the desiccant material which was
regenerated by solar energy.

1.2 Conditions for Successful Solar Drying

Drying under controlled conditions of temperature and humidity helps the different
products to dry reasonably rapidly to a safe moisture content and to ensure a superior
quality [6-8]. The temperature range of 40—60 °C is found to be sufficient for most
of the food products to retain their flavor, aroma, texture, and nutrition values.
Therefore, the minimum melting temperature of the PCM should be 5-10 °C higher
than the desired temperature of the heat transfer fluid (HTF) [9]. The good design of
a solar dryer has to ensure continuously a stable temperature of the drying air in the
order of 10-25°C above the ambient temperature [10]. This is necessary to avoid the
dried object reabsorbing the moisture during night, when at absence of solar energy,
the air temperature drops and its humidity increases. This will make the drying time
longer and in the worst case, it can ruin the dried object because of mold [11, 12]. Ini-
tial and final moisture content and maximum allowable temperature for drying of
some crops are summarized in [13]. An overview of solar drying of medicinal plants
and herbs is presented in [14] to show the drying conditions for good quality of heat
sensitive products.

The focus of the present work is on integration of a solar dryer with latent thermal
energy storage to prevent the interruption of the drying process during night. Using
PCMs with solar dryers leads to reduction of the heat loss and the mismatch between
supply and demand of thermal energy, as well as to improvement of the energy
efficiency of the system [15].

The aim of the present overview is to reveal the current level of development of
LHS in solar air dryers, which is an area of intensive research offering many
engineering solutions, experimental data, and mathematical approaches for predic-
tion and evaluation of the systems. The particular task is to find the appropriate
methods for optimization of the thermal behavior of the LHS with a focus on paraffin
as PCM for cost- and energy-efficient design of solar dryers of small capacity (for
households and small producers). The most important conditions which will ensure
cost- and energy-efficient system are identified on the base of the available solutions.
The characteristics of a thermal energy storage, proper for integration with a small-
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scale solar dryer are revealed. Modeling tools are described, which can be used to
improve the design of a low-cost and zero-energy drying system. The increasing of
the costs of the dryer, when integrating a TES unit, with the currently available
constructions and materials, is still unsolved issue, which hinders commercializa-
tion. The present work is part of the efforts for more effective utilization of
renewable energy sources, which will lead to higher yields of product per device
at lower ecological risk combined with a lower cost of the devices.

2 Small-Scale Solar Dryers with Paraffin

It has been pointed out in [16] that the development of a latent heat thermal energy
storage system involves the understanding of three essential subjects: PCM, con-
tainers’ material and design of the heat exchangers (HEs). Solid-liquid PCMs have
proved to be economically attractive for use in thermal energy storage systems.
Paraffin waxes have been distinguished [17] among LHS materials due to their
availability in a wide temperature range, but the major problem is their low thermal
conductivity. The conditions in the HE of the solar dryer with paraffin (material and
surface area, insulation, air flow rate and velocity, type of the air channels, grids for
food) may compensate for this shortcoming. The solutions appropriate for a simpli-
fied small-size solar dryer with paraffin are discussed in the present chapter.

2.1 Why Paraffin as PCM in Solar Dryers

Paraffin wax has found wide application as LHS in solar dryers due to its advantages:
high density of energy storage, ability to operate in a variable range of temperature
conditions, long-term storage without heat loss (i.e., no self-discharge), constant
temperature of phase change, no super cooling, low vapor pressure, good thermal
and chemical stability and self-nucleating behavior, low cost. The heat is stored,
when paraffin changes its phase from solid to liquid, and released at a constant
temperature, when paraffin cools down and solidifies again. Paraffins are tabulated in
[16] with their number of carbon atoms (from 14 to 34) and categorized as more or
less promising according to their characteristics. Paraffin consists of a mixture of
n-alkanes CH3-(CH,)-CHj3 into which the crystallization of the (CH3) - chain is
responsible for a large amount of energy absorption. The melting point and heat of
fusion increase with molecular weight. The latent heat of fusion of paraffin varies
from nearly 170 kJ/kg to 270 kJ/kg with temperature of phase change between 5 and
76°C [16], which makes them suitable for building and solar applications. Paraffin is
safe, reliable, predictable, less expensive, and non-corrosive. Major drawbacks are
low thermal conductivity, possible non-compatibility with the plastic container, and
moderate flammability [16]. The following recent studies on paraffin wax in solar air
dryers show the important preferred characteristics for that application.
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Five paraffin waxes and wood resin were compared by studying their thermo-
physical properties [18]. The investigation aimed at selection of PCM for use as heat
storage in a solar dryer. The wood resin was rejected. The selected paraffin had
density of 932.9 kg/m’ in liquid state, and maximum latent heat of fusion and
solidification 383.87 kJ/(kg K) and 320.26 kJ/(kg K), respectively. The selected
PCM was used in the flat plate collector (FPC) of the solar dryer to identify the
thermal zones and to validate its capability as thermal storage. The maximum
temperature achieved at the FPC outlet was 50 °C. It was found that after 18:00,
the average temperature of the collector chamber with the selected paraffin was
23.5% higher than that with no PCM.

Paraffin with melting point 45-48 °C was found more suitable compared to
paraffin with melting point 68—70 °C in a fish dryer [19] with a maximum temper-
ature at the inlet of 75 °C. Using PCM to control the temperature inside the chamber
was an important aspect as fish could not sustain temperature more than 62°C.

2.2 Thermal Conductivity Enhancement of Paraffin in Solar
Dryers

Multiple techniques (Fig. 8.2) are used to increase the charging/discharging rate of
paraffin by increasing its thermal conductivity. They include dispersion of high
conductivity particles in the PCM [15, 20] using extended surfaces, and embedding
porous material in the PCM.

The use of finned tubes, as well as metal fibers and metal matrix, for example,
resulted in an increase in the effective thermal conductivity of the PCM up to five
times, leading to higher rate of the heat transfer [21].

Enhancement of thermal
conductivity of paraffin
|

| ;
Extended surface of

Fibers-l!)] [ Lamellae - 2D ] [ Foams— 3D ] [Intemal]
| |

[ . . - .
Graphite —based . ) Graphite [ Fins ] [ Matrix ] [ Strips
i Graphite Graphite Metal

Kaolin

Nano Particles —
oD

Expanded perlite

Fig. 8.2 Techniques for enhancement of thermal conductivity of paraffin
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2.2.1 Additives

Common additive materials, used with paraffin and other PCM [22, 23, 24], include:
carbon materials (matrix, particles, fibers, nanotubes, foam, expanded graphite,
graphite powder, graphene, graphene aerogel); metal like Al, Cu, Ni (nanoparticles,
foam). Some novel materials for preparation of high performance PCM are catego-
rized as 3D, 2D, 1D, and OD additives [25]. Examples of these groups of additives
used with paraffin are: graphene-nickel foam, graphite and metal foams (3D);
expanded perlite, kaolin, expanded graphite (2D lamellar structure); graphite fiber
(1D); and graphite-based nanoparticles, nano-Al,O; (0D). Two to ten times
improvement in thermal conductivity of paraffin wax with additives is reported
in [25].

2.2.2 Encapsulation

The main advantages of PCM encapsulation are providing large heat transfer area,
reducing the PCM reactivity towards the outside environment and controlling the
changes in the volume of the storage materials as the phase change occurs
[26]. Based on size, the PCM encapsulation is classified into nano (0-1000 nm),
micro (0-1000 pm), and macro (above 1 mm) encapsulation. The cheapest con-
tainers used for macro-encapsulation are tin cans and plastic bags or bottles. Typical
shapes of containers for PCM are discussed in a review [27] with an emphasis on the
type of the geometric configuration and orientation of the container. The shapes
include spherical, rectangular, cylindrical (both horizontal and vertical), and annular
containers. It has been concluded there that increasing the height/width ratio of the
container of the same volume decreases the time for the melting process due to the
stronger buoyancy effect. Usually the material of the shell is plastic or metal (copper,
aluminum, and steel) when higher heat transfer rates are desirable. The results in [28]
show that a rectangular container needs nearly half of the melting time of a
cylindrical container of the same volume and heat transfer area. The duration of
heat discharge increases with increasing PCM container diameter in the order of
sphere, cylinder, plate, and tube [29].

Heat storage of 300 soft drink cans filled with 56 kg of paraffin wax as PCM was
proposed in [30]. The cans were oriented perpendicular to the air flow, resulting in
30 rows of 10 cans each. Cans were also cut into thin strips and 4.8 kg of these
aluminum strips were placed into the wax to increase the effective thermal conduc-
tivity of the PCM.

2.2.3 Extended Surfaces

One of the serious problems associated with the operation of PCM storage system is
the heat transfer in and out of the element containing the PCM. Paraffin wax (phase
change 35-54 °C, heat of fusion 196.05 kJ/kg) was used in a solar dryer for sweet
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Fig. 8.3 A scheme of a air inlet air outlet
latent heat storage vessel { pj\
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potato coins [31]. The TES tank was a cylindrical acrylic vessel where the HTF (air)
flowed in a tube with 18 copper fins (Fig. 8.3).

It was found that melting was dominated by heat conduction followed by free
convection; charging time decreased with the increase in the inlet air temperature
and the air velocity. The discharging time of the LHS at an air velocity of 1 m/s was
180 min and at an inlet velocity of 2 m/s it was 165 min. The result indicated that the
air velocity did not affect much the discharging time since heat conduction was
dominant during solidification. The extracted energy decreased from 1920 kJ min/kg
to 1386 kJ min/kg as the inlet velocity increased from 1 to 2 m/s, respectively.

The discharging rate of a novel LHS unit [32] was significantly improved by
inclusion of longitudinal fins to the tubes of the HE with paraffin as TES material.

2.3 PCM-Based Thermal Energy Accumulators
in Small-Scale Solar Dryers

For solar dryers with integrated TES, the classification of [13] can be adopted as
follows (Fig. 8.4).

— By working principle: direct, indirect, mixed mode, and hybrid.

— By type of construction: cabinet (box-type) and greenhouse.

— By mode of operation: passive (natural convection) and active (forced
convection).
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Fig. 8.4 Types of a solar dryer system with TES

‘ Types of solar dryers

—

— The TES can be integrated in the dryer system as: separate unit, connected outside
the solar air heater (SAH); inbuilt in the SAH or in the drying chamber (DC)
(at the top, bottom, side walls).

The development of a solar air drying system with paraffin includes solving
several essential problems leading to energy and cost efficiency of the system:
location and volume occupied by the PCM; intensification of the heat transfer
between PCM and HTF; low energy consumption and heat loss of the systems.

2.3.1 Passive (Natural Convection) Versus Active (Forced Convection)
Solar Drying

The heated air for drying can be driven by buoyancy forces or by a fan. The air is
drawn through the DC by natural convection or by a fan, or by both. In general, the
following dependencies are observed: the higher the air mass flow rate, the higher
the collector efficiency; the electrical energy consumption of the fan increases with
the increase in the air mass flow rate; the effect of leakages increases with the
increase in the air flow rate. Natural-convection solar dryers have become more
suitable for the rural sector and remote areas as they do not require external energy
source. But it is generally agreed that well-designed forced-convection solar dryers
are more effective and more controllable than natural circulation types. The usage of
forced convection in the drying system can reduce three times the drying time and
can decrease by 50% the necessary collector area [33]. Fans may be powered with
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Fig. 8.5 Types of constructions of TES with paraffin in a solar dryer system

utility electricity if it is available, or with a solar photovoltaic panel. It should be
noted that in the case of herbs and spices, the role of the dryer is not to dry more
quickly, but to give a better-quality product.

The existing designs of TES with PCM in solar dryers are shown in Fig. 8.5. The
PCM can fill part of the volume of the unit or can be encapsulated in containers with
different form, size and material, arranged or dumped in a packed bed.

2.3.2 Separate TES Unit with PCM
Examples of PCM Occupying the Volume of the Unit

The performance of a PCM-based solar dryer was analyzed [34] for drying black
turmeric. The drying chamber was of a mixed-mode type with hot air entering from
one side and a glass top cover allowing the direct sun radiation to pass into the drying
chamber. Paraffin wax was used as PCM. The TES system was a shell-and-tube HE
and the paraffin wax (35 kg) was placed in the shell side (Fig. 8.6). The air from the
collector passed through the tubes made of copper; one tube at the center and the
other nine tubes at the periphery. The results of the solar dryer with PCM were
compared to open sun drying and there was 60.7% saving of time. The discharging
of paraffin wax maintained the temperature 4-5 °C higher than the ambient temper-
ature for 6 hours after sunset.
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Energy and exergy analysis of solar drying of 20 kg of red chili in four consec-
utive sunny days (8—18 h) was performed [35]. The components of the solar dryer
were two double-pass solar air heaters connected in series, a paraffin wax in shell-
and-tube LHS unit, a blower, and a parallel flow DC.

Performance enhancement of a solar air dryer was focused in [36], Fig. 8.7. The
solar FPC provided outlet air temperature up to 100 °C at natural convection mode
during sunshine hours, when the TES was disconnected from the system. Direct
solar radiation was incident on the TES unit during the charging period. At
off-sunshine hours, the solar TES was connected to the DC and the FPC was
disconnected. A fan was located at the base of the dryer cabin to maintain the air
flow at night. The TES unit consisted of an absorber plate, a reflective mirror and
heat pipes with fins as a vapor-liquid phase change device, dipped in paraffin wax as
PCM, Fig. 8.7. The efficiency decreased with the increase in the air velocity. Higher
temperature gradient led to an increase in the efficiency.
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Fig. 8.8 Separate TES unit hot water
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Examples of PCM Encapsulated in Containers

The suitability of two PCMs is investigated [37] for development of an active
thermal storage system for a solar kiln (semi-greenhouse type) for wood drying.
The storage system consisted of a water storage tank with PCM placed inside the
water in high density polyethylene containers (HDPC), Fig. 8.8. The water in the
tank was heated by solar energy using an evacuated tube collector (ETC) array. An
additional insulation for the big north wall with 6 mm thick plywood and 100 mm
thick glass-wool layer was provided. The day time solar energy was utilized to heat
the water which charged the PCM. In the night, the stored heat of the PCM was
utilized to keep the air inside the kiln warmer using the discharged thermal energy of
the PCM. Two organic PCMs, OM 55™ (mixture of fatty acids) and paraffin wax
were used. It was found that the paraffin wax had higher temperature reduction rate
compared to the fatty acids.

2.3.3 TES Inbuilt in the SAH: Solutions for Better Thermo-Hydraulic
Performance

The most common solution for integration of thermal storage in the SAH is to place
the PCM in the volume under the absorber plate. This construction (Fig. 8.9) was
adopted in the study [38]. Part of the heat from the solar radiation heated the air for
the drying process and the rest of it charged the PCM. These two processes were
separated in two solar air collectors in the proposed design. An indirect type forced-
convection solar dryer using PCM was constructed and experimentally investigated.
It consisted of two SAH and a DC. SAH 1 was a solar air panel without PCM heating
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Fig. 8.9 PCM placed below the absorber plate of the SAH [38]

the air for the DC during sunshine period. SAH 2 was thermal storage with paraffin
wax as PCM heating the drying air during off-sunshine period. The solar energy
accumulator in [38] comprised a PCM cavity (with dimensions 2.04 m x 1.04 m and
total volume of 0.33 m®) with insulator and a cover glass. Experiments were
conducted in no-load conditions (without material for drying) to evaluate the
charging and the discharging characteristics of the latent heat unit. The daily energy
efficiency of the solar energy accumulator reached 33.9%, while the daily exergy
efficiency reached 8.5%. The solar dryer of 0.7 m® with 60 kg of paraffin wax kept
the relative humidity inside the DC of 0.768 m® between 17% and 34.5% lower than
the ambient relative humidity and maintained the DC temperature 4-16 °C higher
than the ambient temperature all the night.

There are different factors affecting the SAH efficiency, e.g., collector dimen-
sions, type of absorber plate, glass cover plate, wind speed, air flow rate [39]. The
absorber plate shape factor (the ratio of the total collector area to the absorber area
normal to the solar radiation) is one of the most important parameters in the design of
SAH. The increase in the total absorber area increases the heat transfer to the air
flow, but leads to an increase in the pressure drop, therefore a higher power
consumption [40]. There is an optimal range of the shape factor for maximal
efficiency. The thermal storage in the SAH should be designed in such a way as
not to create additional pressure drop, especially in natural convection units.
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Containers with Paraffin: Reducing inside and outside Conductive Resistance

It was found [41] that the poor thermal conductivity of PCM had negligible effect on
the heat transfer due to high surface convective resistance provided by the air in a
packed bed storage unit for low-temperature solar air heating application. A solar air
HE (Fig. 8.10) containing paraffin wax encapsulated in aluminum cans was inves-
tigated [42]. The cans were filled with 5% w/w aluminum wool, which doubled the
thermal conductivity of the paraffin. The usage of aluminum wool outside the PCM
containers reduced the conductive resistance of air and increased the HE efficiency
in charging stage from 46.8% to 48.9% and in discharging stage from 64.4% to 80%.
The authors explored the factors, which can improve the drying conditions as kiwi
slicing thickness and using control systems to regulate the air flow through the
devices.

Increasing the Heat Transfer Surface of the SAH with PCM

There are different solutions to increase the heat transfer surface of the air passage in
the SAH. A widely employed configuration is a double-pass SAH, where the air
flows over and under the absorber plate. An asymmetric double-pass air heater
containing paraffin macro-encapsulated in rectangular or cylindrical metallic con-
tainers (Fig. 8.11) was studied [43].

Other solutions are corrugated absorber surface [44], fins or obstacles of different
orientation and form, e.g., perforated V-blocks [45], baffles on the absorber plate
[46, 47], which intensify the heat transfer by increasing the heat transfer area,
creating turbulence in the air flow, and preventing from stagnant zones.
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2.3.4 TES Inbuilt in the DC

An example of LHS inbuilt in the DC is reported in [19]. The PCM is placed in boxes
in the DC in a fish dryer (Fig. 8.12). Three boxes of 3 kg paraffin are placed at the
three sides of the DC.

A simple small-scale natural-convection solar dryer for 1 kg red chili [48]
operated in the critical conditions of Nigerian climate, such as high humidity, very
low average radiation intensity, and frequent rainfalls. It had a compact configura-
tion (the SAH, 500x500x70 mm, and the DC, 1000x500 mm, are connected in a
single unit) and good insulation of all structural parts with particle board. The heat
storage was pellets of sodium sulfate decahydrate (Glauber’s salt—Na,SO,4.10H,0)
as PCM or sodium chloride (NaCl) as sensible heat storage placed in the SAH in
charging mode and brought into the DC in discharging mode. A detailed energy and
exergy analysis showed that the usage of Na,SO4.10H,O as PCM was the best
option among the compared three systems, with Na,SO,4.10H,O, with NaCl and
without thermal storage. The NaCl had no positive influence on the drying process.
The specific energy consumption ranged from 3.34 to 5.92 kWh/kg, the solar dryer
integrated with Na,SO,4.10H,0 having the lowest value.
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3 Methods for MODELING and Simulation of Solar Dryers
with Pcm

A variety of mathematical models are offered in literature for the purpose of
comparison and design optimization of thermal storage systems. They predict the
thermal behavior of the systems and calculate their efficiency. Two types of models
are distinguished [1], based on the first law of thermodynamics (FLT) and the second
law of thermodynamics (SLT). An overview of the first type models (FLT) [16]
shows different analytical and numerical techniques to solve the energy equation at
the moving solid-liquid interface (Stefan problem) of the PCM. The difficulty with
the moving interface is avoided by the enthalpy method, proposed in [49]. It assumes
a mushy zone between the two phases and introduces the total volumetric enthalpy
as the sum of sensible heat and latent heat of the PCM. The energy conservation for
the phase change process is expressed in terms of that enthalpy.

3.1 Energy Analysis

The energy analysis of a system with latent heat storage is based on the FLT. It
calculates the energy efficiency, denoted also as first-law efficiency. The energy
analysis presumes that energy efficiency #;is defined as the ratio of the output energy
E,,, to the input energy E,,, part of which is lost as energy loss, Ej,

Ein = Eour + Eloss (81)
o Eout _ Ein — Eloss
n = Ein - Ein (82)

Energy efficiency equations, used by different authors for the constituent units in
solar dryer systems with PCM storage, are listed below.

3.1.1 SAH Efficiency

The SAH efficiency is defined as a ratio of the heat flow rate extracted by the solar air
heater to the solar radiation incident on the absorber surface of the solar collector.

QSAH
= o —, 8.3
Msah Aab.v ISAH ( )

where QSA g 1s the heat flow rate, extracted by the SAH, which is calculated [38, 50]
by:

Osan = Msan cp.sart (Tsaro — Tsan,i) (8.4)
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3.1.2 Stored/Recovered Thermal Energy

The amount of energy stored inside the PCM during charging cycle Q,,, is expressed
as:

O = mpem [cpems (Tremr — Trem.iy) + L+ cpema (Trem.yr, — Tremr))-
(8.5)

Similarly, the amount of energy recovered from the PCM during discharging
cycle Quis 1s

Qgis = Mpcu [CPCM,I (Tremiyy, — Tremr) + L+ +cpoms (TPCM,F — Tpcu, fdij)]-
(8.6)

3.1.3 Efficiency of the PCM Modules

The efficiency of the PCM modules is calculated by the ratio of the thermal energy
extracted in discharging cycle to the thermal energy stored in charging cycle for a
specific period of time [51].

Npcm = %i: (8-7)

3.1.4 Efficiency of the Solar Drying System Integrated with SAHs
at Different Charging Modes

Natural Convection of Air through the SAHs without PCM Modules

The system efficiency is the ratio of the thermal energy used to evaporate the
moisture from the sample to the global solar radiation incident on the absorber
surface of the SAHs [35]:

Jo " me hy, dt

r]sys,l = ftm/

. (8.8)
o Isar Aaps dt
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Forced Convection of Air through the SAHs without PCM Modules

The system efficiency is the ratio of the thermal energy used to evaporate the
moisture from the sample to the sum of the global solar radiation incident on the
absorber surface and the electric energy consumption of the fan [35]:

tend

o Me hy dt
f(;endISAH Aabs dt + f(;MIPfan dt .

r]xyx,Z = (89>

Forced Convection of Air through the SAHs with N PCM Modules

The system efficiency is the ratio of the thermal energy used to evaporate the
moisture from the product plus the thermal energy stored in the PCM modules to
the sum of the global solar radiation incident on the absorber surface and the electric
energy consumption of the fan.

’7 - (;endme hfg dt + ng(;md Qch d[
sys3 en, end :
» f(; dISAH Aabs dt + f(; ]Pfan dt

(8.10)

3.2 Exergy Analysis

The SLT models are introduced as a more correct approach to find the potential for
improvement of the thermodynamic behavior of the heat storage [1]. According to
them not energy is important but the thermodynamic availability of this energy. The
loss of energy due to irreversibility of the process is taken into account. The SLT
models formulate second-law efficiency based on entropy number [52] or exergy
analysis. The benefit from exergy analysis is demonstrated by the comparison of
exergy with energy given in Table 8.1 [53]. Based on literature, exergy is defined
[54] as the maximum amount of work which can be produced by a system or a flow
of matter till the system or the flow comes to equilibrium with a reference
environment.

Second-law efficiency #y; can be expressed [55] as the ratio of exergy output Ex,,,,;
to the exergy input Ex;,.:

ny = Exout _ Exin — Exloss — Exdes
i Exin E-xin '

(8.11)

Ex,, 1s the exergy destruction due to the irreversibility of the process, Ex,,, is the
exergy lost to the environment.
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Table 8.1 Comparison of energy and exergy [53]

175

Energy

Exergy

* is dependent on the parameters of matter
or energy flow only, and independent of the
environment parameters.

* is dependent both on the parameters of
matter or energy flow and on the environment
parameters.

* has the values different from zero (equal
to mc? upon Einstein’s equation).

e isequal to zero (in dead state by equi-
librium with the environment).

* is governed by the FLT for all the
processes.

e is governed by the FLT for reversible
processes only (in irreversible processes it is

destroyed partly or completely).

* is limited by the SLT for all processes e is not limited for reversible processes
(incl. Reversible ones). due to the SLT.

* is motion or ability to produce motion. * is work or ability to produce work.
* is always conserved in a process, so can e is always conserved in a reversible pro-
neither be destroyed nor produced. cess, but is always consumed in an irreversible
process.
e is a measure of quantity only. e is a measure of quantity and quality due

to entropy.

The exergy analysis in [35] of the units of a solar dryer with PCM uses the
following equations taken from literature.

3.2.1 Exergy Analysis of the SAH

The exergy analysis employs the steady flow exergy equation [56] expressed as

follows:
Ex = ma{c,,,,(T -T,)—T, [cpa In (Tl) —RIn <P£>] }

The exergy efficiency of the SAH 5y sam is expressed as the ratio between the
exergy received by the working fluid (air) Ex,e «ir the exergy inflow Exm SAH

(8.12)

Exre air

NExsan = (8.13)
Exm SAH
where the exergy inflow into the air heater is expressed as
. T, ] .
EXinsan = [1 - T—} Qin- (8.14)

T,., denotes the apparent sun temperature and it is assumed to be 4500 K, 7, is
reference temperature of the ambient, Q;, = @'t'IAsay is the energy input to the solar
heater. Ex,, 4 is expressed using the steady flow exergy equation (Eq. 8.12):
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Exre,air = macpa (T{),SAH - Ti,SAH) T In ( 0SAH>:| . (815)
Tisan

3.2.2 Exergy Analysis of TES

The exergy efficiency of TES is the ratio of the net exergy recovered from the energy
storage during the discharging period Ex,; to the net exergy input to the storage
during the charging period Ex.;, [35].

e = o (8.16)
t
Exy = / MaCpa [(T,»,es ~Tpe) ~T/ln (;Oﬂdt (8.17)
0
t
Exgis = / M4Cpa |:(To,ex —Ties) —Trln (;‘f’“)} dt. (8.18)
0

3.2.3 Exergy Analysis of the DC

The exergy efficiency of the DC, 7, 4 is defined as the ratio of the exergy outflow
Exod to the exergy inflow Ex,d of the DC

Exod
= 8.19
NExa = Exzd ( )
: . Tiq
Ex,-d = M4aCpa |:(Tid — T,~) — T, In <T>:| , (820)
r . T()d
EXoq = MaaCpa {(Tod —T,)—T,In (T )} . (8.21)

3.3 Examples of Efficiency Evaluation of Solar Dryers
with PCM

The efficiencies of the units of a solar dryer with thermal energy storage using
paraffin wax as PCM were evaluated in [30]. A mathematical model was developed
and validated against experimental data. It predicted important operation



8 Modeling and Simulation of Phase Change Material Based Thermal Energy. .. 177

characteristics like heat transfer and drying parameters, as well as ambient param-
eters and solar radiation. The efficiency of the PCM-based accumulator was calcu-
lated as the ratio of the heat absorbed by the air in the accumulator Q r to the heat
stored by the paraffin wax Qs

7 100%. (8.22)

The efficiency was obtained in the range of 45.5-63% for different mass flow
rates of the drying air. As a result of the numerical simulation, it was found that after
the sunshine hours and at zero solar radiation the drying air was heated for 4 to
8 hours to an average drying air temperature 10-27.7 °C above the ambient
temperature depending on the air flow rate.

The article [35] presents performance studies of a forced-convection solar dryer
of chili, integrated with a shell-and-tube TES unit. The performance of each com-
ponent of the drying system was evaluated in terms of energy and exergy efficiency.
The average instantaneous heat input and heat recovered during the charging and
discharging processes of the energy storage were in the range of 105-130 W and
89-116 W, respectively. The net heat input and heat recovered varied from 2.5 MJ to
3.2 MJ and from 1.2 MJ to 1.5 MJ, respectively. The average energy efficiency (the
percentage of the energy recovered) (Eq.8.7) was in the range of 43.6-49.8%. No
heat energy was retrieved from the storage after 18:00 h, as the air coming out of the
storage at a temperature below 36 °C was not much effective for drying. The drying
time was reduced by 55% of the drying time in open sun drying. The TES provided
an extended drying time of 2 h after sunset and the overall efficiency of the drying
system was 10.8%. The net exergy input and exergy recovered were found to be in
the range of 0.2-0.3 MJ and 0.04-0.05 MJ, respectively. The overall exergy
efficiency ranged from 18.3% to 20.5%.

Pebble stones and paraffin wax (as TES) were used in drying of lemon slices
[3]. Considering that the drying time increased with increasing the product amount,
it was concluded that maximum 11.3 kg of lemon slices could be dried with each of
the energy storage systems. As a result of the experimental studies, the average
energy efficiencies were obtained as 68.2% and 68.55% for pebble stones and
paraffin, respectively. When the systems were considered economically, it was
observed that pebble stones TES had a 10.47% lower initial investment cost com-
pared to paraffin. Pebble stone unit price used in the system was $ 0.0725/kg. The
unit price of paraffin wax used in the PCM system was $ 2.483/kg. Moreover,
paraffin wax loses its ability to store energy since its properties deteriorate after a
certain period of time (approximately 4 years) and it should be replaced.

Energy-based performance and exergy-based performance of a natural-
convection solar dryer integrated with sodium sulfate decahydrate and sodium
chloride as thermal storage are presented [48]. Evaluation of the thermal storage
potential of the two materials and a control experiment (without thermal storage)
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with a focus on energy consumption and exergy sustainability indicators was
performed. It showed that the moisture content of red chili is reduced at most for
Na,S0O,4-10H,0. The overall drying efficiency and energy consumption of the three
cases varied from 10.61 to 18.79% and 7.54-12.98 MJ, respectively. The specific
energy consumption ranged from 3.34 to 5.92 kWh/kg with a solar dryer integrated
with Na,SO,4-10H,O having the least value. The exergy efficiency for the three cases
laid between 66.79% and 96.09% with average values of 82.3%, 82.69%, and
82.65%, respectively.

The effects of a v-corrugated absorber plate and integration of PCM in the SAH
were studied [44]. It was concluded that when using PCM, the daily energy
efficiency of the v-corrugated solar heater was 62%, 52%, and 27% compared
with 50%, 43.2%, and 22.2% for the same heater but, without using PCM at air
mass flow rate 0.062, 0.028, and 0.009 kg/s, respectively. The daily efficiency for the
flat plate with PCM was 47%, 35.2%, and 18.2% compared with 40.7%, 32%, and
14.4% for the same heater without PCM at air mass flow rate 0.062, 0.028, and
0.009 kg/s, respectively. It was found that 4 cm PCM thickness provided 1 hour
more discharging time and 2 degrees more temperature difference than 2 cm PCM.

An indirect forced-convection solar dryer integrated with different sensible heat
storage materials for drying chili was developed and evaluated [57]. The inclusion of
the heat storage material increased the drying time by about 4 h per day. The chili
was dried from initial moisture content of 72.8% to the final moisture content of
about 9.2% and 9.7% (wet basis) at the bottom and the top tray, respectively. The
calculated thermal efficiency of the solar dryer was about 21%. The specific moisture
extraction rate was about 0.87 kg/kWh.

3.4 Mathematical Modeling of the Thermal Behavior of a
Solar Dryer with PCM

3.4.1 CFD with Enthalpy-Porosity Model

Computational fluid dynamics (CFD) is a useful tool in developing of heat storage.
CFD is employed in investigation of air flow pattern, temperature distribution, and
humidity distribution inside the units of the solar dryer. It reveals the picture of
melting and solidification of PCM and the phases’ distribution in space and time.
The typical numerical packages for CFD modeling of solar dryers with thermal
storage [58] include: COMSOL Multiphysics, ANSYS CFX and Fluent, FORTRAN
and OpenFOAM. The CFD simulations can substitute the physical drying experi-
ments. After validation by experimental data, the CFD model is applied for pre-
dictions in a variety of drying conditions and designs for finding the optimal ones.
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CFD Simulation of a Single Container with PCM

ANSYS Fluent was used in [59] for modeling of solidification and melting of
paraffin macro-encapsulated in a stainless steel container. Fluent software adopts
the enthalpy-porosity approach [49], which avoids tracking explicitly the melt
interface. The fraction of the cell volume which is in liquid form is computed at
each iteration, based on the enthalpy balance. The mushy zone, where the liquid
fraction lies between 0 and 1, is modeled as “pseudo” porous medium in which the
porosity in each cell is set equal to the liquid fraction and decreases from 1 to O as the
material solidifies, and hence the velocity drops to zero for solid state.

The geometry in [59] was taken from an experimental TES constructed at the
Technical University (TU) Sofia, Plovdiv Brunch (Fig. 8.13). The containers with
PCM with external dimensions 40x80x950 mm were placed vertically in a tank with
water as a HTF heated by solar energy. The wall thickness was 1.5 mm. The transient
thermal behavior of a single container with paraffin was simulated. Results were
obtained at various temperatures of the external surfaces of the container,
T,yan = 15°C for discharging mode, T,,,; = 65°C and 80°C for charging mode.
The simulation revealed the flow pattern and the distribution of the temperature and
the PCM phases at these conditions.

The 3D computational domain was discretized by a mesh of 26,000 tetrahedral
elements. The density difference between the solid and the liquid phase was assumed
negligible. The natural convection was expected to play an important role especially
in a tall vertical tube like the unit under consideration, Fig. 8.13. A laminar flow of
incompressible Newtonian fluid was assumed for the liquid phase. The buoyant
forces were modeled by the Boussinesq approximation.

Fig. 8.13 Containers with Inlet pipes
paraffin TES at TU Sofia, .
Plovdiv Branch [60] Top

Bottom 05

0.2
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The governing equations for the liquid PCM include the following:
Continuity equation:

op + V(pv) = 0. (8.23)
ot
Momentum equation:
0
= (pv) + V(pvv) = =Vp+ Vt+pg + S, (8.24)

ot

where v is the velocity vector, p is the static pressure, 7 is the stress tensor, and pg
and S are the vectors of gravitational and external body forces.

The momentum sink due to the reduced porosity in the mushy zone takes the
following form:

- ﬁ) Amu‘vhv’ (825)
£

where f is the liquid volume fraction, & is a small number (0.0001) to prevent
division by zero, A, = 10° is the mushy zone constant.
Energy equation:

%@m+vwﬂn:vwvn. (8.26)

The enthalpy H consists of sensible enthalpy 4 and latent heat AH:

H = h+ AH, (8.27)

T
where h = h, + [ ¢,dT, AH = fL;c,, is specific heat capacity, J/(kgK); k—thermal
T,

conductivity, W/(mK). The latent heat content can vary between 0 for solid and L for
liquid. The liquid volume fraction can be defined as:

=0 ifT <T,

ﬂzﬂ—ﬁ ifT, <T<Ty

where T, and T; are solidus and liquidus temperatures, respectively.

Table 8.2 gives the values of the thermo-physical properties of the paraffin used
in the calculations [59]. The accepted constants are based on data for ES3 paraffin
from [61]. The model does not take into account the experimental observations [61]
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Table 8'2 Thermo-physical Solidus temperature, T, °C 52

properties, based on [61] Liquidus temperature, T;, °C 59
Density (solid), kg/m® 920
Dynamic viscosity, kg/ms 0.003
Specific heat (solid), J/kgK 1550
Thermal conductivity (solid), W/mK 0.34
Latent heat of fusion, J/kg 194,110
Thermal expansion coefficient, 1/K 0.0001

that the paraffin properties depend on the temperature and the physical state.
Moreover, ES3 paraffin undergoes two-step phase transition, the lower temperature
transition is solid—solid (order-disorder) transition, while the higher temperature
transition represents the solid-liquid phase change process. The model assumes
that in heating and cooling only solid-liquid transition occurs over the higher
temperature range of 52-59°C, yet the accepted value of the latent heat is the
cumulative value of the two steps.

The eqs. (23-26) were solved [59] using ANSYS Fluent 13.0, based on finite
volume technique. The following boundary conditions (BC) were assumed: no-slip
conditions at the container’s wall and constant temperature at all external surfaces
T = T,,.;- In charging mode, the initial conditions were solid PCM with temperature
T;, = 51°C, one degree lower than the solidus temperature, given in Table 8.2; in
discharging mode, T;, = 60°C, one degree higher than the liquidus temperature,
Table 8.2. All the surfaces were at constant temperature.

The simulation results [59] in Fig. 8.14 show that after 20 min charging the liquid
fraction is 88%, and due to the buoyant forces the paraffin is stratified, liquid at
the top, solid at the bottom. Due to natural convection, there is an upward flow along
the side walls of the container, and a downward flow in the central zone. Therefore,
the convective heat transfer, often neglected in the simulations, affects substantially
the picture of the melting process. However, as expected, it has negligible effect on
the solidification in the container. In some cases, conductive heat transfer can be
dominant in the initial stage of the phase change process and natural convection
becomes dominant with the progress of the melting process [62].

It was found [21] that the natural convection in the PCM was dependent on the
HTF flow direction during melting. The natural convection was dominant for
upward flow of HTF and negligible for downward flow. The solidification process
was dominated by conduction and independent of the HTF direction.

The results [59] in Fig. 8.15 illustrate the effect of the external temperatures on
the duration of the phase change process. A simulation was performed at a constant
heat flux through the wall with a convective heat transfer coefficient a = 3000 W/
(m*K), calculated by the relation for laminar boundary layer of water flow on a flat
surface [63] at a bulk fluid temperature Ty = 65°C. The results in Fig. 8.15 in that
case coincide with those calculated at a constant wall temperature 7,,,; = 65°C, due
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(a) Charging T, =80°C (b) Discharging T =15°C

Fig. 8.14 Contours of liquid fraction in the middle-width plane parallel to the 80 mm face, (a) in
charging at T,,,; = 80°C, (b) in discharging at 7,,,; = 15°C [59]

to the low thermal resistance at the fluid-solid interface, therefore the negligibly
small temperature difference between the fluid bulk and the solid surface of the
container.

Similar set of ANSYS Fluent solution methods and settings was used in [62]. The
computational model was verified by comparing the simulation results with exper-
imental data for melting of paraffin wax n-octadecane (28.2°C melting temperature)
encapsulated in a spherical container of glass with inside diameter of 101.66 mm. It
was found that the prediction of the overall melting process was satisfactory.

CFD Simulation of a PCM-Based TES Unit

Transient simulation of the TES unit (Fig. 8.13) was conducted in a 3D domain by
means of COMSOL multiphysics (based on a finite element method) [60]. It was
assumed that the volume of the PCM did not change during phase transition. In order
to simulate the dynamic and thermal behavior of the HTF flowing inside the TES, the
continuity equation, the Navier—Stokes equations, and the energy equation for
laminar flow were solved.

The energy equation for the PCM including latent heat transfer during phase
change is given by:



8 Modeling and Simulation of Phase Change Material Based Thermal Energy. .. 183
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Fig. 8.15 Computed liquid volume fraction in the total PCM volume (0 when the total volume is in
solid state and 1 when the total volume is in liquid state) versus time in the phase change process
[59]

pcp% +pc,v- VT =V - (kVT) (8.29)

The equivalent thermal conductivity, specific heat and density were expressed in
[60] as a mass weighted average of the total liquid and solid mass of the PCM
[64]. The expressions [64] assume smooth transition over the temperature range. The
latent heat of fusion is taken into consideration in the equivalent specific heat.

In the PCM containers only conduction heat transfer was considered in [60]
without buoyancy effects or subcooling during the phase change processes. For
the fluid flow, the BC at the solid surfaces (the inner wall of the storage tank and the
surface of the PCM containers) were considered as no-slip BC with constant wall
temperature. It was assumed that the storage tank was perfectly insulated. The
containers were highly conductive layers (stainless steel) transferring heat between
the HTF and the PCM. Outlet BCs for the velocity were set up in terms of pressure
with suppressed backflow. The outlet temperature BC was Neumann type. The
simulation [60] studied the effect of the number of inlet and outlet pipes (1-3).
The initial temperature of the PCM and HTF in the storage tank was 20°C in
charging and 80°C in discharging. The inlet velocity was taken depending on the
number of the inlet pipes. The storage was charged with a net heat rate of 1 kW
through the inlet pipes. In the discharging process 1 kW of thermal energy left from
the outlet pipes, and the inlet flow was maintained at 20°C. Paraffin E46 [61] was
considered as PCM. The HTF velocity at the inlet was 0.1 m/s.
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Fig. 8.16 Charging process with a single inlet and a single outlet pipe: HTF streamlines with
thermal effect at 60 min [60]

Simulation results [60] are presented in Fig. 8.16 for the case of one inlet and one
outlet pipe in charging mode. The HTF enters the tank, circulates over the PCM
containers and the most of the fluid flows downward through the central zone of the
tank, thus charging the inner PCM containers. It can be seen from the figure that after
60 min the temperature distribution inside the storage is uneven and the PCM
containers are not fully charged.

From the obtained temperature and velocity distribution it was concluded [60]
that two inlet and two outlet pipes were enough to charge or discharge the TES in
three hours. The PCM containers in the inner zone were charged first. The outer
containers needed more time for charging because of their location, close to the tank
walls, which hindered the fluid flow and the heat transfer process.

A low-temperature latent heat TES device was studied [65] for drying of agri-
cultural products in an indirect type solar dryer. A 2D geometry was created. The air
flowed into an inner copper tube and the PCM was in an outer plastic tube. Transient
simulations were conducted by ANSYS Fluent 2015 to capture the distribution of
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velocity, temperature, and liquid/solid fractions. The CFD simulations [65] were run
from 8.00 am to 10.00 pm. The inlet air temperature was gradually increased and
reached a maximum value of 349 K at 2.00 pm. The model helped to analyze the
potential of PCM to store excess solar energy. It estimated the temperature distribu-
tion in the radial direction of the TES device. A 2D numerical study was conducted
[66] for performance improvement of the TES from [65] by fins on the outer surface
of the copper tube. Two cases were considered: Case-I without fins and Case-II with
fins. The TES dimensions of both cases were the same. Fin dimensions were 0.5 mm
tip diameter, 5 mm length, 14.86 mm fin spacing. Paraffin wax was used as a PCM
material for both cases. CFD simulations were carried out for four air velocity
conditions (1 m/s, 2 m/s, 3 m/s, 4 m/s). It was found that both cases worked fine
with an air velocity of 1 m/s compared to higher air flow velocities. Higher air flow
velocity did not affect much the DC temperature compared to lower velocity. Also,
lower air flow velocity maintained the uniformity of drying over a longer period of
time. At the same time, higher air flow velocity carried more moisture from the food
product, so the drying time could be reduced. Melting fraction was higher in Case-II
compared to Case-I as the fins transferred more heat to the PCM. For all the
velocities considered in this work, the heat gained by the air was higher for Case-
II compared to Case-I. The maximum heat gained by the air for Case-II was 55.2%
more in comparison to Case-I at an air velocity of 1 m/s.

CFD Simulation of the DC

The proper conditions in the DC are the main purpose of modeling and simulation of
the dryer system. A mathematical modeling of a solar agricultural dryer with a back-
up biomass burner and sensible TES is presented in [67], compared to experimental
observations. The solar dryer system consists of a solar air heater, drying chamber,
and a back-up heater burning biomass. The biomass burner is surrounded by the TES
space filled with bricks. The bottom plate of the drying chamber is placed directly on
top of the TES unit. A 40-mm free space between the internal and external walls of
the DC forms a “jacket” around three sides of the chamber, which allows the
exhausted gas that passes through the thermal storage to flow, before it is released
to the ambient area, through the chimney and to keep the DC warm. The bricks used
for heat storage are arranged in a manner in which the exhaust gas and smoke from
combustion pass between them, before venting out to the atmosphere, in order to
maximize the capture of heat from the exhausted gas.

A FLT model was suggested [67] for thermal analysis of the system units and
calculation of the mass exchange between the product and the drying air. Addition-
ally, a CFD simulation (by FloVent program) was used to predict the temperature
distribution and the air flow pattern in the drying chamber for the situation when the
back-up heater was in operation.

The governing equations for the turbulent natural convection air flow are the
Reynolds-Averaged Navier—Stokes equations given by:
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Equation of continuity:

a%(pﬁi) =0 (8.30)

Navier—Stokes equation:

d 0P 0 [ (om 0w\ -
1 i J J i
Energy equation:

0, —= 0 |pu 0T ——=
Ei(puiT) = {ﬁ o —pujT’} (8.32)

where u; indicates time-averaged velocity component, 7; is velocity fluctuation, x; is
the coordinate axis, g; is the gravitational acceleration vector and y is the thermal
expansion coefficient, u is the dynamic viscosity, Pr is Prandtl number. The
Boussinesq approximation is employed in the last term of Eq. (8.31), where T, is
the reference temperature, T is the mean temperature, and T is the temperature
fluctuation. A k-e model is used to correlate the Reynolds terms puju’; and pu’jT’ to
the mean flow field.

The obtained temperature distribution in the DC is presented in Fig. 8.17. It was
concluded in [67] that the average air temperature in the DC of 56 °C was suitable for
drying of agricultural products.

(a) (b)

Fig. 8.17 CFD simulation of temperature distribution of air in the DC [67] (CC-BY license)
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4 Conclusions

Modeling and simulation of the TES in a solar dryer system is a tool for design
improvement and increasing the efficiency of the system. The challenge is that the
models should take into consideration various factors affecting the rate of drying,
such as solar radiation, ambient temperature, air flow velocity, relative humidity,
initial moisture content, wind speed, type of goods, absorptivity, and mass of
product per unit exposed area. The prediction of the conditions for heat transfer in
the units of the solar dryer with paraffin (containers’ materials and surface area,
insulation, desiccants, air flow rate and velocity, arrangement of the grids for the
drying material, etc.) gives the possibility to improve the performance characteristics
of a successful simplified small-size design.

The present overview identifies the main requirements in the design of a solar
dryer with PCM and the most appropriate modeling approaches for performance
improvement, as follows:

— Stable temperature of the drying air at least 10-25 °C above the ambient temper-
ature. This is necessary to avoid the product reabsorbing the moisture during
night, when the air temperature drops and its humidity increases.

— Choice of proper PCM according to the drying regime; the minimum melting
temperature of the PCM should be 5-10 °C higher than the desired temperature of
the HTF.

— Minimal heat loss by effective thermal insulation.

— Intensive heat transfer (measures for reduction of air convective resistance and
enhancement of thermal conductivity of PCM).

— Metal lamellae structures are a good solution for increasing paraffin thermal
conductivity more than 2 times.

— Macro-encapsulation is recommended for providing large heat transfer area,
reduction of the paraffin reactivity towards environment and controlling the
volume changes as phase change occurs. Increasing the height/width ratio of
the container for the same volume decreases the time for the melting process due
to the stronger buoyancy effect. Usually the material of the shell is plastic or metal
(copper, aluminum, steel) when higher heat transfer rates are desirable.

— Metal fins enhance significantly the heat transfer rate in and out of the element
containing the PCM.

— The thermal storage should not create additional pressure drop, especially in
natural convection units. It can also serve as an obstacle to the air flow, which
increases the heat transfer area and enhances the air flow conditions by creating
turbulence and eliminating stagnant zones.

— The second-law models are a more informative approach to find the potential for
improvement of the thermodynamic behavior of the thermal energy accumulator,
since they evaluate the thermodynamic availability of energy.

— CFD simulation of the TES is useful for analyzing the potential of PCM to store
excess solar energy during sunshine hours and to release thermal energy at night.
It enables to compare different device configurations by revealing the picture of
temperature, humidity, and velocity distribution.
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