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ABSTRACT 
The extraction of lycopene from tomato waste has been largely evaluated at an experimental level, 
leading to the creation of polynomial models or response surfaces that allow the representation of 
the extraction behavior. However, these studies are based on laboratory level and an extraction 
process has not yet been scaled up. This study evaluates the design and optimization of the lyco-
pene extraction process from tomato waste. The proposed model is solved through a link between 
Python and Aspen Plus, performing the optimization a genetic algorithm (GA) in Pymoo. The mini-
mum value of TAC is 211,692.2 USD/yr, corresponding to a production of 2.29 g/h of lycopene, 
starting from 1000 kg/h of tomato waste. This work represents a first approach to the design of a 
commercial-scale lycopene production process.  

Keywords: tomato waste, lycopene, solvent extraction, stochastic optimization.

INTRODUCTION 
Approximately 13.2% of the world's food is lost be-

fore being harvested [1]. Thus, food waste management 
has high relevance. Particularly in Mexico, the agricultural 
sector contributes with 3.4% of the national GDP, where 
the fruits and vegetables sector stand out with 45% of 
the sector's exportations. Tomatoes contributes to ex-
portation with 8.41%. Mexico is the main supplier of this 
product worldwide, with a 19% share of the exported vol-
ume in the period 2003-2017 [2]. However, not all toma-
toes are used due to their short shelf life, causing approx-
imately 30% of the crop to be wasted [3]. In addition, 
waste from tomato sauce production can also be valor-
ized. Tomato waste can be used to isolate high-value 
compounds such as carotenoids, polyphenols, vitamins, 
fibers, flavonoids, among others. Among these, lycopene 
is considered a well-known carotenoid and the most 
abundant pigment in tomatoes, responsible for giving 
them their color. It is used as a raw material in the cos-
metic, pharmaceutical and food industries [4]. Lycopene 

from tomato waste is traditionally recovered by solvent 
extraction, but research on this topic has only been car-
ried out through laboratory-scale experimentation [5, 6]. 
An important aspect in lycopene extraction is the type of 
solvent used in the extraction, as this can have economic, 
environmental or health drawbacks, depending on the 
application for which it is used. Some studies work with 
traditional solvents [6,7], others use enzymes that help 
with greater extraction [5,8], and others work with super-
critical fluids [9]. Various alternatives have been pro-
posed, but all of them have been developed at laboratory 
level, without scaling up. 

This work addresses the systematic design and op-
timization of an industrial-scale process for obtaining ly-
copene from tomato waste. A comparison is made be-
tween a base case and the optimized design using a con-
ventional solvent mixture: acetone-n-hexane. A stochas-
tic single-objective optimization strategy is employed to 
minimize to total annual cost (TAC) of the proposed pro-
cess. 

https://doi.org/10.69997/sct.121406
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METHODOLOGY 

Process Design 
Tomato waste is used as raw material to produce 

lycopene. This waste is passed through a tray-type dryer, 
reducing the water content to 10%. The waste is then 
subjected to a mill until it reaches an average particle size 
of 78 mm. Lycopene is then extracted from tomato waste 
using an acetone-n-hexane solvent mixture in a stirred 
tank reactor. The lycopene rich stream passes to a flash 
tank to separate large volumes of solvents and concen-
trate the lycopene. Finally, the lycopene stream is puri-
fied in a distillation column to achieve 95% purity, food 
grade. The process is summarized in Figure 1. 

Mathematical modeling 
The mathematical model of the process consisted of 

the design equations for the drying, grinding and extrac-
tion stages, which have been coded in Python, linked to 
the simulation in Aspen Plus for the separation and puri-
fication stages (flash tank and distillation column). 

For the drying stage the main equations are given 
by eqs. (1), (2) and (3) [10]: 

𝑞𝑞𝑇𝑇
𝑚̇𝑚𝑠𝑠

=  𝑐𝑐𝑝𝑝𝑝𝑝(𝑇𝑇𝑠𝑠𝑠𝑠 − 𝑇𝑇𝑠𝑠𝑠𝑠) + 𝑋𝑋𝑎𝑎𝑐𝑐𝑝𝑝𝑝𝑝(𝑇𝑇𝑣𝑣 − 𝑇𝑇𝑠𝑠𝑠𝑠) + (𝑋𝑋𝑎𝑎 − 𝑋𝑋𝑏𝑏)𝜆𝜆 +

𝑋𝑋𝑏𝑏𝑐𝑐𝑝𝑝𝑝𝑝(𝑇𝑇𝑠𝑠𝑠𝑠 − 𝑇𝑇𝑣𝑣) + (𝑋𝑋𝑎𝑎 − 𝑋𝑋𝑏𝑏)𝑐𝑐𝑝𝑝𝑝𝑝(𝑇𝑇𝑣𝑣𝑣𝑣 − 𝑇𝑇𝑣𝑣)  (1) 

  Where 𝑞𝑞𝑇𝑇 it is the necessary heat (W), 𝑚̇𝑚𝑠𝑠 is the 
solid biomass flowrate (g/s), 𝑇𝑇𝑠𝑠𝑠𝑠 is feed temperature (°C), 
𝑇𝑇𝑣𝑣 is vaporization temperature (°C), 𝑇𝑇𝑠𝑠𝑠𝑠 is final tempera-
ture of the solids (°C). 𝑇𝑇𝑣𝑣𝑣𝑣 is final stream temperature 
(°C), 𝜆𝜆 is latent heat of vaporization (J/g°C). 𝑐𝑐𝑝𝑝𝑝𝑝, 𝑐𝑐𝑝𝑝𝑝𝑝 , 𝑐𝑐𝑝𝑝𝑝𝑝 
are the specific heats of solid, liquid and vapor (J/g°C).  

𝑞𝑞𝑇𝑇 =  𝑚̇𝑚𝑠𝑠𝑐𝑐𝑠𝑠𝑠𝑠(𝑇𝑇ℎ𝑏𝑏 − 𝑇𝑇ℎ𝑎𝑎)   (2) 

In equation (2), 𝑐𝑐𝑠𝑠𝑠𝑠 is the gas heat capacity for inlet 
moisture (J/g°C), 𝑇𝑇ℎ𝑏𝑏 is hot gas inlet temperature (°C),  

𝑇𝑇ℎ𝑏𝑏 is hot gas outlet temperature (°C).  

𝑞𝑞𝑇𝑇 =  𝑈𝑈𝑈𝑈∆𝑇𝑇����     (3) 

In equation (3), 𝑈𝑈 is the overall heat transfer coeffi-
cient (W/m2°C), 𝐴𝐴 is the area and ∆𝑇𝑇���� is the average tem-
perature difference (°C).  

For the grinding stage the main equations is [10]: 

𝑃𝑃
𝑚̇𝑚

= 0.3162𝑊𝑊𝑖𝑖  � 1
�𝐷𝐷𝑝𝑝𝑝𝑝

− 1
�𝐷𝐷𝑝𝑝𝑝𝑝

�   (4) 

Where P is the power (kW), 𝑚̇𝑚 is the waste stream 
rate (t/h), 𝐷𝐷𝑝𝑝𝑝𝑝 is the particle size at outlet (mm),𝐷𝐷𝑝𝑝𝑝𝑝 is the 
particle size at inlet (mm) and 𝑊𝑊𝑖𝑖 is work index (kW/t) [11].  

For the extraction stage, equation 5 was used: 

𝑌𝑌 =  0.009621− 0.0028125𝐴𝐴 + 0.0010875𝐵𝐵 −
          0.0014875𝐶𝐶 + 0.00525𝐷𝐷 + 0.00045𝐴𝐴𝐴𝐴 + 0.00265𝐴𝐴𝐴𝐴 −
          0.0022875𝐴𝐴𝐴𝐴 − 0.000775𝐵𝐵𝐵𝐵 + 0.0000375𝐵𝐵𝐵𝐵 −
          0.0009625𝐶𝐶𝐶𝐶      (5) 

Where 𝑌𝑌 is the amount of lycopene (mg/g) extracted 
from the biomass. A, B, C and D are the normalized tem-
perature, residence time, acetone/n-hexane ratio, and 
volume of solvent mixture, respectively. This extraction 
model was obtained from experimental data [6]. The nor-
malization of the variables is given by: 

 𝐿𝐿𝑁𝑁𝑁𝑁 = (𝐿𝐿𝑖𝑖 − 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿)/ (𝐿𝐿𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 − 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿)  (6) 

Where 𝐿𝐿𝑁𝑁𝑁𝑁 is the value of normalized variable 𝐿𝐿𝑖𝑖 , 
𝐿𝐿𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 is de upper limit of variable i and 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 is the lower 
limit of variable i. 

For the solvent separation and lycopene purification 
stage, the flash tank and the distillation column were 
modeled in Aspen Plus. These devices were linked to Py-
thon to run the process continuously.  

Optimization variables 
For this problem, seven variables were considered, 

 
 

Figure 1: Diagram of the lycopene production process. 
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the first four correspond to the variables of the lycopene 
extraction model and the other three variables corre-
spond to the distillation column for purification. These 
variables and their limits are presented in Table 1.  

Table 1: Optimization variables for lycopene production. 

Variable Symbols Units Limits 
Temperature Text °C [ ] 

Residence time t min [ ] 
Acetone/n-hex-

ane ratio 
AH % [ ] 

Volume of sol-
vent mixture 

Vsolv L [ ] 

Number of 
stages 

Nt - [ ] 

Feed stage NF - [ Nt] 
 

Reflux ratio  - [ ] 
 
The feed stage has a dynamic upper limit, Herrera-

Velázquez et.al. worked with these kinds of limits [12], as 
it depends on the number of total stages selected. This 
strategy prevents the feed stage from taking a value 
greater than the total number of stages in the column.  

Process optimization 
The mathematical model implemented in Python and 

linked with Aspen Plus used the Pymoo environment [13]. 
Having a model that includes the link with Aspen Plus, 
where the exact equations to be considered are not ex-
plicitly available, made stochastic optimization an ade-
quate approach, where the use of Pymoo can be advan-
tageous [14]. The optimization was performed using the 
genetic algorithm (GA) method considering a population 
of 100 individuals with 21 generations, implying a total of 
2100 evaluations.  

Objective function 
The objective function is the total annual cost (TAC). 

To calculate the equipment cost the Guthrie method [15] 
and the equations presented by Turton et al. [16] were 
used. Equipment cost has been adjusted to 2023 with a 
CEPCI of 797.9. Additionally, five years of payback time 
are assumed. Cost calculations are represented by equa-
tions (7), (8) and (9). 

𝐶𝐶𝐶𝐶𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 =  ∑ 𝐶𝐶𝑖𝑖,𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒7
𝑖𝑖=1    (7) 

𝐶𝐶𝐶𝐶𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 =  ∑ 𝐶𝐶𝑖𝑖,𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 + ∑ 𝐶𝐶𝑖𝑖,𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 + ∑ 𝐶𝐶𝑖𝑖,𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 +𝑛𝑛
𝑖𝑖=1

𝑛𝑛
𝑖𝑖=1

𝑛𝑛
𝑖𝑖=1

 ∑ 𝐶𝐶𝑖𝑖,𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑛𝑛
𝑖𝑖=1      (8) 

𝑇𝑇𝑇𝑇𝑇𝑇 = 𝐶𝐶𝐶𝐶𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 + �
𝐶𝐶𝐶𝐶𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒�

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 2023
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 2001

�

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 
�  (9) 

Where, 𝐶𝐶𝑖𝑖,𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 is the cost of each of equipment 
(USD), considering in addition to the five main equipment, 

the condenser and reboiler of the distillation column. 
𝐶𝐶𝐶𝐶𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 is the total cost of equipment (USD), 𝐶𝐶𝑖𝑖,𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 is 
the cooling utility cost (USD/yr), 𝐶𝐶𝑖𝑖,𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 is the steam util-
ity cost (USD/yr). 𝐶𝐶𝑖𝑖,𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 is the cost of electricity (USD/yr), 
𝐶𝐶𝑖𝑖,𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 is the cost of solvent used in the process 
(USD/yr), 𝐶𝐶𝐶𝐶𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 is operating cost (USD/yr), and 𝑇𝑇𝑇𝑇𝑇𝑇 is the 
total annual cost (USD/yr).  

A flowchart of the optimization algorithm is shown in 
Figure 2.  

 
Figure 2. Flowchart of the optimization process. 

Base case 
The base case contemplates the following values of 

the optimization variables: a temperature of 40°C, a res-
idence time of 30.5 min, an acetone/n-hexane ratio of 
50%, a solvent volume of 50 L, 6 stages in the distillation 
column with feed in the 3rd stage and a reflux ratio of 0.9, 
for a lycopene purity of 95%mol. The values of the varia-
bles associated to the extraction stage (A, B, C and D) 
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correspond to the central points for the boundaries 
shown in Table 1. On the other hand, the values for the 
design variables of the distillation column have been ob-
tained from short-cut methods. This case is compared 
with the design obtained from optimization. 

RESULTS 

TAC optimization 
The Python code linked to Aspen Plus for TAC min-

imization was run using Pymoo with GA, a population of 
100 individuals and 21 generations. The algorithm took a 
total of 81.33 minutes to execute the allotted 2100 eval-
uations. Figure 3 shows how the algorithm progressed in 
seeking to minimize TAC over the iterations. A greater 
dispersion in the results is observed in the first iterations, 
the red line marks the best solution found at that time and 
continues to be compared, showing that out of 2100 op-
tion evaluated, 1957 converged and at that time the 
change between the solution found stabilizes and finds 
the optimum. 

 
Figure 3. Iterations vs TAC. 

Comparison between solutions 
 Table 2 shows a comparison between the variables 
and the TAC value between the base case and the opti-
mized solution. The results show that the optimal solution 
requires a higher temperature as well as a longer resi-
dence time and reflux ratio compared to the base case. 
The favorable solvent ratio is 25% acetone and 75% hex-
ane, and a volume of 10 liters of solvent is sufficient. For 
the case of distillation column, it requires one less stage 
than the base case and the feed is kept on the third 
stage. The optimal solution shows a reduction of the TAC 
by 147,575.7 USD/yr, equivalent to a reduction of 41.07% 
of the total annual cost. Table 3 shows more details of 
the lycopene production process for the optimal solution. 

Table 2: Comparison of the base case and the optimal 
solution. 

Variable Units Base case Optimal Solu-
tion 

Tempera-
ture 

°C   

Residence 
time 

min   

Acetone/n-
hexano ratio 

%   

Volume of 
solvent mix-

ture 

L   

Number of 
stages 

-   

Feed stage -   
Reflux ratio -   

TAC USD/yr   
   

The study allowed obtaining relevant details of the 
process and the characteristics of the equipment that al-
low the TAC to be 211,692.2 USD/yr for a production of 
2.29 g/h of lycopene, starting from 1000 kg/h of tomato 
waste.  For this desing, the dryer, the mill and the flash 
tank are equipment that have no optimization variables, 
so these equipment behave in a similar way during the 
optimization process. The reactor and the distillation col-
umn are the equipment that present the greatest 
changes in the operating variables and dimensions. 

 The lycopene/acetone-n-hexane mixture is easy 
to separate and therefore the thermal loads in the flash 
tank, the condenser and the reboiler of the distillation 
column have low values. The solvent/lycopene ratio is 
something that can affect the maximum purity that can 
be achieved in the column, since if there is too little lyco-
pene compared to the solvent, more energy is required. 
Here, it is important to highligh that the reboiler temper-
ature must not be higher than 80°C, since the lycopene 
can start to degrade. Therefore, it is important to take 
care of the operating conditions of the distillation column 
to avoid damaging the product. 

CONCLUSIONS 

 The results indicate that it is possible to develop and 
optimize a lycopene production process from tomato 
waste. The design was obtained using Python linked to 
Aspen Plus, then optimized with a genetic algorithm to 
minimize the TAC. The results show that the optimized 
processs achieved a TAC of 211,692.2 USD/yr, reducing 
the initial TAC of 359,267.9 USD/yr by 41.07%. This study 
was carried out for a specific experimental model of 
lycopene extraction, but there are other mathematical 
extraction models in the literature that are good to be 
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able to compare in the future to explore other 
alternatives, especially in terms of solvents, to be used to 
improve the lycopene extraction process. Lycopene 
extraction models have only reached the formulation of 
an extraction polynomial or response surfaces, but 
considering the design on a large scale, it allows to 
visualize which aspects are important to improve for 
scaling-up such route for the conversion of wastes into a 
valuable product. 

Table 3: Details of the optimal solution. 

Equip-
ment 

 Variable Units Result 

Dryer  Area m  
 Cost USD  

Mill 
 Volume m  
 Power kW  
 Cost USD  

Reac-
tor 

 Volume m  
 Resi-

dence 
time 

min  

 Temper-
ature 

°C  

 Cost USD  

Flash 

 Volume m  
 Pressure atm  
 Temper-

ature 
°C  

 Qh kW  
 Cost USD  

Column 

 Pressure Atm  
 Volume m  
 H m  
 Stages -  
 Feed 

stage 
-  

 Reflux 
ratio 

-  

 Cost USD  

Con-
denser 

 Area m  
 Qc kW  
 Cost USD  

Re-
boiler 

 Area m  
 Qh kW  
 Cost USD  

 Operating cost USD  
 TAC USD/yr  
 Tomato waste Kg/h  
 Lycopene pro-

duction 
g/h  
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