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Abstract—This work presents the theoretical design and the
experimental validation of a real time optimisation logic for
distributed parameter systems. This logic consists of a hierarchy
of two layers. The upper layer is responsible of obtaining
the optimal control profile by a suitable combination of the
control vector parameterisation approach with a hybrid global-
local optimiser and the use of reduced models for distributed
parameter systems. The lower layer corresponds to a PID
controller designed in the framework of Internal Model Control
to keep tracking capabilities at short time scales.

This logic was applied to the real time optimisation of
the thermal processing of packaged foods in batch retorts
at the pilot plant available at the IIM-CSIC. The objective
was to maximise food product quality while satisfying safety
constraints. The proposed scheme was able to optimally operate
the system under standard plant perturbations and under a
pressure drop.

I. INTRODUCTION

Real time optimisation (RTO) techniques have emerged

as successful candidates for the control of multivariable

constrained process in an optimal, systematic and robust way

[1]. Recent literature provides a wide range of methodolo-

gies that may be considered under the RTO optimisation

framework. These methodologies basically consist of some

kind of optimisation problem that is iteratively re-calculated

at each sampling time. For doing so, some information

about the process (model), an efficient optimiser and some

on-line strategy, are needed. Additionally, state observers

and updating of the model may become necessary when

measurements are not available [2].

Optimisation problems may be classified, attending to the

objective considered, in two main groups: tracking problems

and on-line dynamic optimisation problems (DO). The for-

mer is devoted to compute the optimal dynamic or static

manipulations of the inputs to follow a given profile by

rejecting disturbances in short time scales. The latter obtains

the profile that optimises a certain performance related to

economical, safety or environmental objectives providing a

long-term planning of the process.

RTO encompasses both types of problems [3] usually

within a hierarchical structure which consists of an upper

layer devoted to optimise the process and a lower layer to

command the states of the plant cancelling the effect of

disturbances.

Despite its potential, the use of RTO to large scale [4]

and distributed process systems (DPSs) is scarce [5], [6]

due to the requirements of efficiency in the optimisations
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(and hence in the simulations) and the necessity of reliable

representations of the processes.

This work proposes the combination of the use of reduced

order modelling techniques, such as those based on the

Proper Orthogonal Decomposition (POD) approach to handle

DPSs together with suitable global and local optimisation

techniques to enhance efficiency and reliability of the overall

process. This real time optimisation upper layer is then

combined with a lower layer to deal with the optimal

operating profile tracking problem. Details are presented in

Section II.

The proposed approach was experimentally validated for

the RTO of the thermal sterilisation of packaged foods in

batch units at the pilot plant in the IIM-CSIC (Section III),

showing that it is able to optimally operate the system under

standard plant perturbations or under substantial pressure

drops.

II. RTO POLICY

The RTO policy proposed in this work, consists of a

hierarchy of two layers as depicted in Fig. 1. The upper layer

is the responsible of obtaining the best profiles that minimise

a certain performance index while satisfying constraints. For

this purpose, the optimisation problem must be formulated

and solved with a reliable mathematical model. In addition,

observers should be implemented in order to compute the

required initial conditions to the successive upper layer op-

timisation when states are unmeasurable. The corresponding

profiles are then introduced as set points to a PID controller

designed in the framework of an Internal Model Control

(IMC) to keep tracking capabilities at short time scales.
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Fig. 1. Real Time optimisation structure. The relevant input and output
variables are represented by u and y, respectively; ysp represents the set-
point profile computed by the upper layer to be tracked by the lower layer



A. The upper layer: Real Time (Dynamic) Optimisation

As mentioned in the introduction the upper layer takes

care of solving a dynamic optimisation problem in real

time. The objective is to find the optimal time dependent

operating profiles that minimise (or maximise) a certain

performance index, subject to the system dynamics and

possibly algebraic constraints. This may be mathematically

formulated as follows [7]:

Find u(t), w and tf to minimise the cost functional :

J = φ(xd(~ξ, tf ), xl(tf ), w, tf )+ (1a)

+

∫ tf

t0

L(xd(~ξ, t), xl(t), u(t), w, ~ξ, t)dt

subject to the dynamic constraints corresponding to the

mathematical model:

f(x, xd
~ξ
, xd

~ξ,~ξ
, xd

t , ẋ
l, u, w, ~ξ, t) = 0 (1b)

where f ∈ R
nf is a set of Partial Differential and Algebraic

Equations (PDAEs), ~ξ is the vector of spatial coordinates,

x(t, ~ξ) ∈ R
nx is the state vector formed by lumped x

l(t) ∈
R

nl and distributed x
d(~ξ, t) ∈ R

nd states, u ∈ R
nu is the

control vector and w ∈ R
nw are the time, space independent

parameters. Moreover, the following notation has been used

for the derivatives:

ẋ
l =

dx
l

dt
x

d
t =

∂x
d

∂t
x

d
~ξ

=
∂x

d

∂~ξ
x

d
~ξ,~ξ

=

{

∂x
d

∂ξi∂ξj

}D

i,j=1

The formulation must be completed with the required initial

and boundary conditions for the solution of the PDAEs and

constraints on the control variables and parameters usually

in the form of bounds expressing the operational limits. State

and control variables might be also subject to constraints to

force the satisfaction of safety or environmental regulations,

quality requirements or proper operating conditions.
1) Numerical solution: In practise the DO problem is

usually transformed into a non linear programming problem

via a discretisation technique. The most widely used in the

context of distributed parameter systems is the control vector

parameterisation approach.
a) Control Vector Parameterisation (CVP): In this

method, the time interval [t0, tf ] is split in a number of

elements nu
t , where the controls are approximated by using

low order Lagrange polynomials [8]:

uk(ti) =

n
∑

k=0

uijk`k(τ i) ti ∈ [ti−1, ti] (2)

where i = 1, ..., nu
t , k = 1, ..., nu, j = 1, ..., n, `j(τ

i) are the
Lagrange polynomials of order n ∈ N

+ and nu is the number

of control variables. As a result a Nonlinear Programming

Problem (NLP) is obtained where the objective is to find

the parameters v and tf that minimise the desired objective

function.

It is important to note that solving this NLP requires the

solution of the system dynamics, i.e. the solution of the set

of PDAEs, for every objective function evaluation. Being

this the usual bottleneck in real time (dynamic) optimisation

applications.

b) Reduced Order Models (ROM): The solution of

PDAEs typically involves transforming the original system

into an equivalent lumped system. Therefore a spatial dis-

cretisation approach is usually employed to transform the

original infinite dimension PDAEs into a large scale, and pos-

sibly stiff, set of ordinary differential and algebraic equations

(DAEs) by the use, typically, of the Finite Element Method

(FEM) or the Finite Differences Method. Alternatively, [9],

[10] proposed the use of Reduced Order Models (ROMs),

opening a new avenue of possibilities, especially for RTO

and control applications.

Consider the following general parabolic system:

∂x

∂t
= L(x) + f(x) ∀~ξ ∈ Ω (3)

with appropriate boundary and initial conditions. In (3),

x represents any of the fields in the vector of distributed

variables x
d, L(·) a general linear operator and f(x) a

given nonlinear function. The solution can be expressed as

a convergent infinite series of the form:

x(t, ~ξ) =

∞
∑

i=1

cx
i (t)φx

i (~ξ) (4)

where time and spatial functions {cx
i (t)}∞i=1 and {φx

i (~ξ)}∞i=1

are known as the modes and the eigenfunctions, respectively.

Each φx
i may be computed by solving the following eigen-

value problem:
∫

Ω

R(~ξ, ~ξ′)φx
i (~ξ′)d~ξ′ = λx

i φx
i (~ξ) (5)

with λx
i being the eigenvalue associated to each eigenfunc-

tion φx
i of the field x. Depending on the nature of the kernel

R different sets of basis functions emerge [11] such as those

corresponding to the

• Spectral decomposition, where R is the Green function

associated with the spatial operator.

• Proper Orthogonal Decomposition (POD), where R is a

two point correlation matrix constructed from empirical

data.

In the POD method each φx
i (~ξ) is obtained through

measurements of the field (snapshots). Since usually only

a finite number of snapshots of the field is available over the

interval [0, T ], the kernel is approximated as:

R(~ξ, ~ξ′) =
1

l

l
∑

j=1

x(tj , ~ξ)x(tj , ~ξ
′) (6)

where x(tj , ~ξ) in (6) corresponds to the value of the field at
each instant tj and the summation extends over a sufficiently

rich collection of uncorrelated snapshots at j = 1, .., l [12],

which can be obtained either from experiments or by direct

numerical simulation of the original PDE.

The dissipative nature of this class of systems [13] allows

us to partition the set of modes in two subsets containing

modes with slow dynamics and modes with fast dynamics.

The contribution of the fast modes to the solution can

be neglected so that an approximation (ROM) to system



(4) is obtained by projecting this PDE over the set of

eigenfunctions.

c) Non Linear Programming Solver: The CVP ap-

proach is often combined with gradient based local NLP

solvers. The use of gradient and/or Hessian information

enhances efficiency in the optimisation process. Thus being

these methods the preferred candidates for real time appli-

cations.

However it has been shown that the use of local meth-

ods may lead to suboptimal solutions for highly non-linear

models. In addition gradient based methods can not handle

discontinuities. This is the reason why stochastic global op-

timisation techniques have received a great deal of attention

in recent decades (see [14] and the works cited therein).

Recent works have shown that adequate combinations of

global stochastic with local deterministic methods offer a

good compromise efficiency - robustness in the solution

of multimodal dynamic optimisation problems [15]. This

possibility will be explored in this work.

B. The lower layer: PI controller in the framework of IMC

Before each of the optimisations, an optimal piecewise

profile of optimal inputs is obtained with their associated

output profile that will be included in the lower layer as the

set point. The control law consist of a PI-type controller

designed in an IMC framework [16]. For more detailed

description, such as the controller tuning, see [17] and [18].

III. VALIDATION BATCH UNITS FOR THERMAL

PROCESSING

Thermal sterilisation of packaged foods in batch retorts

is a standard operation in the food industry. The objective

of the process is to inactivate, by means of heat, possible

spores, microorganisms or enzymes present in the foodstuffs,

to guarantee safety for consumption. Processing time and

temperature are usually selected according to the required

degree of inactivation, as measured by the microbiologi-

cal lethality. However, as part of the thermal processing,

organoleptic properties of the food product are also modified.

Thus being pertinent to find the operation conditions that may

satisfy both safety and quality criteria [19].

The thermal sterilisation of packaged foods is usually

carried out in batch steam retorts as the one depicted in Fig.

2, which corresponds to the pilot plant installed at the IIM-

CSIC. As noted in the figure, each unit has three incoming

fluxes (steam, water and air) and two outgoing fluxes (drain

and bleeder) regulated by motorised valves.

At the top of this structure, a computer system is used

to gather and analyse real time data coming from the pilot

plant. To this purpose, the Labview (National Instruments)

graphical programming software was employed. It collects,

stores and distributes data to the clients by means of a local

network or by Internet and allows the remote actuation over

the plant through the connections with external applications.

The dynamic model that describes the different stages of

the sterilisation process (venting, heating and cooling) in

steam retorts consists of a set of differential and algebraic
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Fig. 2. Schematic of a batch sterilisation steam retort

equations representing the mass (liquid water, steam and

air) and energy balances (temperature and pressure). The

behaviour of the valves is usually represented by empirical

relations obtained from experiments [20]. For the sake of

brevity the equations are not shown here, the interested

readers are referred to [17], [21], [18], [22]. To finish with,

the distribution of the temperature inside the food product is

represented by the Fourier law and the thermal degradation

of microbial spores or quality (nutrient or organoleptic)

factors are modelled following the well-known TDT equation

(complete model description may be found in, for example,

[19]).

A. Optimisation Problem

The optimisation objective of the RTO scheme consists

of finding the retort temperature profile in the heating stage

to maximise the surface nutrient retention while keeping the

safety constraints (minimum lethality value and maximum

temperature in the product at the end of the process) under

the presence of perturbations.

To that purpose, the simplest formulation of the DO

problem would be to select as decision variables the coef-

ficients of a piecewise function that approximates the retort

temperature [19], [9]. However, it should be pointed out that,

as formulated, only the model describing temperature, nu-

trients and microorganisms distribution inside the foodstuff

is required. Thus the solution of the DO problem could be

impossible to implement in the pilot plant. Although this fact

can be partially solved by carefully selecting the bounds of

the temperature coefficients, this is a difficult task, specially

in batch systems where the feasibility region may change

substantially along the process and selecting too conservative

bounds results in suboptimal solutions.

In this work, the DO optimisation problem is reformulated

so as to find the optimal steam valve profile (us). In addition,

the off-line and on-line optimisations will also consider as

an extra decision variable the duration of the heating phase



(∆th), the cooling stage being 25% of the heating one

(∆tc = 0.25∆th) and the venting lasting until there is no air

in the retort (∆tv). Formally, The DO problem to be solved

is stated as finding the valves openings in order the maximise

surface nutrient retention:

max
us,∆th

SR with SR = 10
−

1

DN,ref

∫ tf
ti

10

Ts−TN,ref
ZN,ref dt

, (7)

subject to the following constraints:

• The final temperature at the hottest point of the canned

foodstuff must be less than 800C.

• The final lethality at the hottest point of the canned food

must be greater than 8 min.

• Equality constraints representing the behaviour of the

retort, valves and product (RO100-type can) in the

whole sterilisation cycle.

It should be remarked that two important factors have to

be considered for the real time application: the computation

time of the optimisations must be smaller than the time scales

of the system and, also, at each new optimisation the initial

conditions for the whole state vector must be available. Both

aspects were addressed by building up a ROM for the PDEs

describing the states variables evolution inside the foodstuff

and an open-loop observer for the unmeasurable states.

B. ROM for the relevant variables inside the packaged

foodstuff

The work by [9] suggested the use of a POD based

ROM for computing the temperature and the concentrations

of nutrients and microorganisms inside the packages food

product to allow very fast and accurate solutions for process

design and optimisation. That work also stated the possibility

of applying such a technique for real time applications.

In this work we exploit the use of such type of ROMs

to observe those unmeasurable variables (superficial nutrient

retention, lethality and temperature in the centre of the food

product) which are required for RTO purposes.

Here, the ROM based in POD was developed to simulate

the behaviour of the relevant variables inside the canned

foodstuff with only 5 ODEs, as compared with the FEM

consisting of 213 ODEs, and an error in the hottest point

less than 0.5 ◦C.

C. Open-loop observer

Since no measurements inside the canned food are avail-

able, as mentioned before, the ROM will be employed not

only as predictive model for the successive optimisation, but

also to compute the state of the temperature, lethality and

surface retention to initialise the optimisations. For this par-

ticular application, such observer reliably reconstructed the

variables inside the canned food since the initial conditions

at the starting of the cycle are exactly known.

D. Open-loop optimal control or off-line optimisation

Once all the previous elements are available (Optimisation

problem, ROM for the distributed variables and the observer),

the first step consists of implementing an off-line optimi-

sation starting from standard initial conditions (room tem-

perature, atmospheric pressure...) using a sequential hybrid

method to guarantee global convergence. ICRS (Constrained

Integrated Controlled Random Search) was selected as the

global approach due to its efficiency in the context of hybrid

methods [15]. The solution is refined with a direct local

optimiser, NOMAD [23], since it allows handling the model

discontinuities. After some preliminary experiments, the

CVP (described in Section II-A.1.a) discretization selected

consists of 8 equidistant steps which approximate the steam

valve positions as depicted in Fig. 3a. The corresponding

prediction for the retort temperature is shown in Fig. 3b,

where the line represents the first steady state that will be

introduced in the lower RTO layer as set point.
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Fig. 3. Off-line optimal control (a) and retort temperature profile (b).

The dark-continuous line represents the steady state that will be the first set
point to be introduced in the lower layer.

The heating time is also a decision variable which implies

to optimise the switching points of the controls. The profiles

obtained are similar to previous works [19], [9] where the

product is slowly heated until a point where the retort

temperature is almost constant and then it is quickly cooled.

It should be emphasised that the control objective in batch

processing is not to reach a steady state, but to reach the

desired objective at the end of the batch and since the process

will have a maximum allowed duration, a receding horizon

optimisation is not suitable. Therefore, under the usual (not

too large) plant perturbations and plant/model mismatch, a

local optimiser is able to obtain the best retort temperature

profile with low computational effort provided that it is

initialised in the region of attraction of the global optimum.

The optimal profiles obtained in previous optimisations are

therefore used to initialise subsequent optimisations, except

for the first on-line optimisation, where the initialisation

corresponds to the global optimum profile obtained off-line

by the hybrid optimiser.

Unfortunately, in the presence of too large perturbations



or plant/process mismatch, the local solver may end up in

unfeasible solutions, thus resulting in products which may

not be safe for consumption. In order to avoid such possibil-

ity, whenever a feasible solution is not reachable by the local

optimiser, the upper layer has been complemented with an

algorithm that computes the objective function successively

extending the final batch time until a feasible solution is

found. In this situation from this feasible point a hybrid

global-local optimisation method is launched to guarantee

that next solution is a global optimum.

E. Experimental Validation of the RTO

Two situations were implemented in the pilot plant to

check the performance of the proposed RTO policy: under

the perturbations in a usual sterilisation cycle and under

a fault of the boiler where the steam entering the retort

experiments a considerable pressure drop.

1) RTO under standard plant perturbations: The RTO

experimental results are shown in Fig. 4, where the retort

temperature measurements, the off-line and on-line optimal

set points are plotted. There exist two fundamental differ-

ences between the optimal temperature profiles computed

by the upper layer and the real ones obtained by the lower

layer in the pilot plant what explains the differences between

off-line and on-line set-points. On the one hand, the usual

operation of the plant involves some oscillations in the

retort temperature because the saturated steam that leaves

the boiler oscillates between 6 and 9 bar . The pressure

reducing valve tries to reduce such pressure to 3 bar but,

even in that case, some oscillations are observed. On the

other hand, although the PI controller (tuned based on the

IMC paradigm) is fast enough to reach the desired set point,

the temperature dynamics under this controller are different

from those obtained in the upper layer (see Fig. 3a) where

no controller is implemented.
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Fig. 4. RTO temperature profile under standard perturbations in the

pilot plant.

As it can be seen, the successive on-line optimisations

update the temperature profile to compensate for differences

between the expected off-line optimal profile and the PI

controlled temperature. Moreover, since all the batch has

been operated under the perturbations in a usual sterilisation

cycle, only local optimisations were required.

The corresponding quality and safety, as well as the

temperature in the centre of the canned food, are depicted in

Fig. 5. It should be noted that the lethality at final time is

almost the value of the constraint imposed (8 minutes) and

the product satisfy the legislation requirements preserving

more than 65 % of Thiamine in the can surface.
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perturbations in the pilot plant.

2) RTO under a pressure drop: In order to check the

performance of the RTO policy under more important pertur-

bations which could occur in the plant, in the middle of the

heating stage, the bleeder before the steam valve is opened

until the pressure of the reducing valve (3 bares) goes down

to the atmospheric pressure during 30 seconds. The results,

again comparing with a perfect off-line profile, are depicted

in Fig. 6.
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Fig. 6. RTO temperature profile under a pressure drop. The usual
pressure of the steam (3 bares) incoming in the pilot plant is reduced to the
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It should be noted that when the system seems to be



recovered from the perturbation, unfeasible solution of the

local optimisations are obtained and a global optimisation is

launched. From this optimisation the open-loop set points

and the ones obtained by RTO result to be substantially

different.

In Fig. 7, the corresponding critical temperature inside the

canned food and the safety and quality indexes computed

by the direct numerical simulation are depicted. Due to the

pressure drop, the RTO policy employed achieves a surface

thiamine retention and a lethality only slightly different to the

ones obtained without too large perturbations, respectively.
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It should be pointed out that despite the relevance of

the perturbation included, the RTO is able to achieve the

objectives without increasing the duration of the batch.

IV. CONCLUSIONS

This work presented a Real Time Optimisation logic

suitable for distributed parameter systems. The proposed

scheme consists of two layers, the upper devoted to solve

a dynamic optimisation problem and the lower to track the

optimally computed profile under perturbations.

The application to distributed parameter systems is en-

abled with the use of a suitable combination of reduced order

modelling techniques, such as the Proper Orthogonal Decom-

position approach, with an adequate selection of optimisation

solvers within the control vector parameterisation scheme.

The overall approach has been experimentally validated

with its application in the thermal processing of packaged

foods at the pilot plant at IIM-CSIC. The objective was

to operate the process in such a way to maximise nutrient

retention while satisfying safety constraints under standard

perturbations that may appear in a typical operation of

the plant or under more important perturbations such as

significant pressure drops.

The methodology proposed was able to successfully drive

the system to optimallity.

V. ACKNOWLEDGMENTS

The authors acknowledge financial support received

from the Spanish Government (DPI2004-07444-C04-03) and

Xunta de Galicia (PGIDIT02-PXIC40209PN).

REFERENCES

[1] M. L. Darby and D. C. White, “On-line optimization of complex
process units,” Chemical Engineering Progress, vol. 84, no. 10, pp.
51–59, 1996.

[2] J. F. Forbes and T. E. Marlin, “Design cost: a systematic approach to
technology selection for model-based real-time optimisation systems,”
Computers chem. Engng, vol. 20, no. 6/7, pp. 717–734, 1996.

[3] F. D. Vargas-Villamil and D. E. Rivera, “A model predictive control
approach for real-time optimization of reentrant manufacturing lines,”
Computers in Industry, vol. 45, pp. 45–57, 2001.

[4] B. Baumrucker, J. Renfro, and L. Biegler, “MPEC problem formula-
tions and solution strategies with chemical engineering applications,”
Computers and Chemical Engineering, vol. 32, no. 12, pp. 2903–2913,
2008.

[5] S. Dubljevic, P. Mhaskar, N. H. El-Farra, and D. Christofides, “Predic-
tive control of transport-reaction processes,” Computers and Chemical
Engineering, vol. 29, pp. 22 335–2345, 2005.

[6] H. Shang, J. F. Forbes, and M. Guay, “Computationally efficient
model predictive control for convection dominated parabolic systems,”
Journal of Process Control, vol. 17, pp. 379–386, 2007.

[7] E. Balsa-Canto, J. R. Banga, A. A. Alonso, and V. Vassiliadis,
“Dynamic optimization of distributed parameter systems using second-
order directional derivatives,” Industrial & Engineering Chemistry
Research, vol. 43, no. 21, pp. 6756–6765, 2004.

[8] V. S. Vassiliadis, “Computational solution of dynamic optimization
problems with general differential-algebraic constraints,” Ph.D. dis-
sertation, Imperial College, University of London, London, U.K., July
1993.

[9] E. Balsa-Canto, J. R. Banga, and A. A. Alonso, “A novel, efficient
and reliable method for thermal process design and optimization. Part
II: Applications.” Journal of Food Engineering, vol. 52, no. 3, pp.
227–234, 2002.

[10] E. Balsa-Canto, A. A. Alonso, and J. R. Banga, “Reduced-order mod-
els for nonlinear distributed process systems and their application in
dynamic optimization,” Industrial & Engineering Chemistry Research,
vol. 43, no. 13, pp. 3353–3363, 2004.

[11] A. A. Alonso, C. E. Frouzakis, and I. G. Kevrekidis, “Optimal sensor
placement for state reconstruction of distributed process systems,”
AIChE Journal, vol. 50, no. 7, pp. 1438–1452, 2004.

[12] L. Sirovich, “Turbulence and the dynamics of coherent structures. Part
I: Coherent structures,” Quaterly of Appl. Math., vol. 45, no. 3, pp.
561–571, 1987.

[13] A. A. Alonso, C. V. Fernández, and J. R. Banga, “Dissipative systems:
from physics to robust nonlinear control,” Int. J. Robust Nonlinear
Control, vol. 14, no. 2, pp. 157–179, 2004.

[14] J. R. Banga, E. Balsa-Canto, C. Moles, and A. A. Alonso, “Dynamic
optimization of bioprocesses: Efficient and robust numerical strate-
gies,” J. of Biothecnology, vol. 117(4), pp. 407–419, 2005.

[15] E. Balsa-Canto, V. Vassiliadis, and J. Banga, “Dynamic optimization of
single- and multi-stage systems using a hybrid stochastic-deterministic
method,” Ind. Eng. Chem. Res., vol. 44, no. 5, pp. 1514–1523, 2005.

[16] C. E. Garcia and M. Morari, “Internal model control-1. a unifying
review and some new results,” Industrial & Engineering Chemistry
Process, vol. 21, no. 2, pp. 308–323, 1982.

[17] A. A. Alonso, J. R. Banga, and R. Perez-Martin, “A complete dynamic
model for the thermal processing of bioproducts in batch units and
its application to controller design,” Chemical Engineering Science,
vol. 52, pp. 1307–1322, 1997.

[18] C. Vilas, M. R. Garcı́a, J. R. Banga, and A. A. Alonso, “Desarrollo de
una librera de componentes en ecosimpro para la operacin de plantas
de procesamiento trmico de alimentos,” Revista Iberoamericana de
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