
Research Article 
Foundations of Computer Aided Process Design (FOCAPD 2024) 

Breckenridge, Colorado, USA. July 14-18, 2024 
Peer Reviewed Conference Proceeding 

https://doi.org/10.69997/sct.107722 Syst Control Trans 3:359-366 (2024) 359 

Technoeconomic and Sustainability Analysis of Batch and 
Continuous Crystallization for Pharmaceutical 
Manufacturing 
Jungsoo Rhima,b and Zoltan Nagyb* 
a Purdue University, Department of Aeronautics and Astronautics Engineering, West Lafayette, IN, USA 
b Purdue University, Department of Chemical Engineering, West Lafayette, IN, USA 
* Corresponding Author: znagy@purdue.edu

ABSTRACT 
Continuous manufacturing in pharmaceutical industries has shown great promise to achieve pro-
cess intensification. To better understand and justify such changes to the current status quo, a 
technoeconomic analysis of a continuous production must be conducted to serve as a predictive 
decision-making tool for manufacturers. This paper uses PharmaPy, a custom-made Python-
based library developed for pharmaceutical flowsheet analysis, to simulate an annual production 
cycle for a given active pharmaceutical ingredient (API) of varying production volumes for a batch 
crystallization system and a continuous mixed suspension, mixed product removal (MSMPR) crys-
tallizer. After each system is optimized, the generalized cost drivers, categorized as capital ex-
penses (CAPEX) or operational expenses (OPEX), are compared. Then, a technoeconomic and 
sustainability cost analysis is done with the process mass intensity (PMI) as a green metric. The 
results indicate that while the batch system does have an overall lower cost and better PMI metric 
at smaller manufacturing scales in comparison with the continuous system, the latter system 
showed more potential for scaling-up for larger production volumes. 
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INTRODUCTION 
As technology develops and industries advance into 

the “Industry 4.0” era, the sector of chemical and phar-
maceutical manufacturing is no exception. As such, the 
pharmaceutical industry has been working tirelessly to 
discover and apply innovations to the field [1]. In particu-
lar, the concept of Quality-by-design (QbD), which was 
first adopted by the FDA as a means to ensure quality in 
the development, manufacturing, and regulation of drugs 
[2], has been augmented by the Quality-by-Control 
(QbC) framework, which employs real-time process ob-
servation and control [3]. The paradigm of QbC has no-
tably been applied to concept of continuous crystallizers 
[3,4]. Continuous manufacturing has been accepted as a 
promising technology to achieve process intensification 
in pharmaceutical manufacturing [4,5]. Such methods are 
important as it promises flexibility and efficiency for both 
high volume products as well as personalized medicine 

[4-6]. However, before the entire industry can adopt a 
new method of production, technoeconomic cost anal-
yses of continuous production are necessary as a predic-
tive decision-making tool for manufacturers. This is be-
cause an intimate understanding of the cost drivers and 
performance of continuous crystallizers is necessary for 
manufacturers to adopt change in an already batch sys-
tem dominated industry [7]. But beyond the importance 
of technoeconomic analyses in industry, the issue of sus-
tainable processes has also become more pressing. The 
importance of coupling technoeconomic models with 
sustainable metrics for a technoeconomic sustainability 
analysis, not just chemical processes, but for process de-
sign in general has been noted [8]. Thus, the application 
of sustainability metrics, either in forms of life cycle as-
sessment or simple quantitative standards is important 
for chemical manufacturing [9]. 

In this paper, a preliminary investigation on the com-
parison of conventional batch crystallizers and mixed 
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suspension, mixed product removal (MSMPR) continuous 
crystallizers is conducted. First, simulated models of the 
annual performance of both types of systems are con-
structed using PharmaPy, a custom-made library for 
pharmaceutical flowsheet analysis [10]. For both layouts, 
the common active pharmaceutical ingredient (API) of 
paracetamol (PCM), a common analgesic drug, has been 
selected. Then, given three different fixed annual pro-
duction volumes, operational parameters, and desired 
critical quality attributes (CQAs), each system is opti-
mized for both overall cost as well as sustainability, using 
the process mass intensity (PMI) as a quantitative metric. 
For each case, a derivative-free optimizer was used. 

METHODOLOGY 

Modeled Flowsheets 
For this study, the analyses were conducted on the 

crystallizer unit operation. For both batch and continuous 
crystallizer layouts, the selected API for simulation was 
paracetamol. The kinetic parameters for the API have 
been adapted from Szilagyi et al. [11]. Additionally, an ar-
bitrary number of annual workdays were selected 
wherein the system was set to produce three different 
annual production volumes. For the batch cooling crys-
tallizer setup, a single unit is set as the default. However, 
as part of the decision variables, up to three parallel units 
are considered, thus allowing for the batch crystallizer to 
be optimized for numbering-up as well as scaling-up. In 
comparison, the continuous crystallizer setup is com-
prised of two chained MSMPR crystallizer units. The rea-
son for this setup is because while a single batch cooling 
crystallizer has the flexibility to operate with a dynamic 
cooling profile, each MSMPR unit can only be operated 
under a static temperature value. Thus, by setting up two 
MSMPR units, the optimizer can affect the process with 
two different crystallizer dimensions, residence times, 
and operating temperatures, which enable to manipulate 
both throughput and critical quality attributes (CQAs), 
thus allowing for sufficient control and complexity for 
comparison with the batch process. 

For the batch layout, the API is produced in batch, 
wherein the number of total batches are calculated from 
the optimal cycle time, which factors in a static one-hour 
ramp-down/cleanup time. However, for the continuous 
crystallizer, API is produced continuously in a singular 
campaign duration. This optimal campaign duration is 
calculated by multiplying the residence time of the sec-
ondary MSMPR, 𝜏𝜏𝐶𝐶𝐶𝐶02, by the optimal steady state hori-
zon multiplier, 𝐻𝐻𝑠𝑠𝑠𝑠.  This determines the duration at which 
the MSMPR system operates at steady state and contin-
uously produces API. Additionally, the optimal value for 
𝜏𝜏𝐶𝐶𝐶𝐶02  was obtained from a preliminary optimization se-
quence prior. Like the batch system, the MSMPR system 
also has a ramp-down/cleanup time, but it is only initiated 

once after the campaign. However, the MSMPR also has 
ramp-up time wherein it must reach steady state, which 
was estimated for the temperature decision variables of 
the MSMPR units. 

Finally, for each setup, an inlet of feed slurry is de-
fined. This feed slurry serves to represent an input from 
a reactor unit. However, as the focus of this work is to 
analyze the performance of the crystallizer unit, the re-
actor unit has been omitted. Then, the output of each 
crystallizer is run through a filtration process step. How-
ever, like the reactor, the filtration unit operation has 
been omitted. A schematic summary of the two setups 
can be seen in Figure 1. 

 
Figure 1. Schematic summary of the two different 
crystallization unit operations, a) batch crystallization 
and b) continuous crystallization. 

Both crystallization configurations were simulated 
using PharmaPy. As previously mentioned, PharmaPy is a 
custom-made Python-based library for the analysis of 
pharmaceutical flowsheets. Using this tool, the defined 
unit operations can have operational parameters, such as 
inlet flows, initial conditions, and pharmacokinetic param-
eters assigned to in an object-orient software structure 
[10]. Then, once the unit operations are defined as such, 
a simulation object of the flowsheet is created. This cou-
pled with a callback function, decision variables can be 
set as inputs and PharmaPy operations as outputs allows 
for an optimization framework to be established. 

Optimization Formulation 
For this study, the optimization problem is ex-

pressed as a non-linear constrained design problem 
wherein the objective is to minimize either the total cost 
of the manufacturing the API or the sustainability metric, 
PMI. The proper definition can be seen in Equation (1) 
[12]. 

min
𝒙𝒙
𝐽𝐽(𝒙𝒙,𝒚𝒚, 𝒛𝒛)     (1) 

s. t. 𝑑𝑑𝒚𝒚
𝑑𝑑𝑑𝑑

= 𝑓𝑓1�𝑡𝑡,𝒚𝒚, 𝒛𝒛,𝒖𝒖(𝑡𝑡)�,  (2) 

𝑓𝑓1�𝑡𝑡,𝒚𝒚, 𝒛𝒛,𝒖𝒖(𝑡𝑡)� = 𝟎𝟎,    (2) 

𝒚𝒚(𝑡𝑡 = 0) = 𝒚𝒚𝟎𝟎, 𝒛𝒛(𝑡𝑡 = 0) = 𝒛𝒛𝟎𝟎,  (2) 

and 
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𝑔𝑔𝑖𝑖(𝑥𝑥,𝑦𝑦, 𝑧𝑧,𝑢𝑢) ≤ 0, ∀𝑖𝑖 ∈ 𝐼𝐼,   (3) 

𝒙𝒙𝒍𝒍𝒍𝒍 ≤ 𝒙𝒙 ≤ 𝒙𝒙𝒖𝒖𝒖𝒖   (2) 

 The equations in Equation (2), adapted from Casas-
Orozco et al. [12], correspond to the process model of a 
differential-algebraic equation (DAE) system, with 𝒚𝒚 ∈
�𝑦𝑦1, … ,𝑦𝑦𝑗𝑗 , … ,𝑦𝑦𝑛𝑛𝑦𝑦�  being the set of differential states and 
𝒛𝒛 ∈ �𝑧𝑧1, … , 𝑧𝑧𝑛𝑛𝑧𝑧�  being the set of algebraic states, and 𝒚𝒚𝟎𝟎 
and 𝒛𝒛𝟎𝟎 being their respective initial values. Additionally, 
the model inputs are represented by the variables, 𝑢𝑢(𝑡𝑡) ∈
�u1(𝑡𝑡), … unu(𝑡𝑡)�. The entirety of the DAE system is repre-
sented by the PharmaPy simulation. Finally, Equation (3) 
shows the nonlinear constraints and decision variable 
bounds for the problem. 

For this study, the decision variables are dependent 
on the type of crystallizer that is being simulated. Conse-
quently, the lower and upper bounds represented in 
Equation (3) vary by the system. Thus, the decision vari-
ables that are considered as well as their bounds are 
listed in Table 1. 

Table 1: Description of decision variables considered in 
the optimization problem along with their bounds. 

Variable  System Description Bounds 
𝑉𝑉𝐶𝐶𝐶𝐶 Batch Cryst Volume  ~  [m³] 
𝑡𝑡𝐶𝐶𝐶𝐶 Batch Cycle Time  ~  [min] 

𝑛𝑛𝐶𝐶𝐶𝐶 Batch No of parallel 
process lines  ~  [lines] 

𝑇𝑇𝐶𝐶𝐶𝐶,𝑖𝑖 Batch Cryst 𝑖𝑖th 
Temp Point  ~  [K] 

𝑉𝑉𝐶𝐶𝐶𝐶01,𝑉𝑉𝐶𝐶𝐶𝐶02 Cont Cryst Volume  ~  [m³] 
𝑇𝑇𝐶𝐶𝐶𝐶01,𝑇𝑇𝐶𝐶𝐶𝐶02 Cont Cryst Temp  ~  [K] 

𝐻𝐻𝑠𝑠𝑠𝑠 Cont Steady state 
multiplier  ~  

 
Finally, the function 𝑔𝑔𝑖𝑖(𝑥𝑥,𝑦𝑦, 𝑧𝑧,𝑢𝑢)  represent the non-

linear constraints that are being applied to the problem. 
These constraints are representative of CQAs or stand-
ards that would be an important metric for determining 
the success of the system. The first constraint is that the 
API produced in a system must be at least a certain di-
ameter. This an important CQA for a crystallization unit 
as the mean size of the crystals, and to an extent the 
crystal size distribution (CSD) can determine the flowa-
bility and filterability of the API produced [13]. This then 
has large implications for how easily the API is handled, 
or even how effective the drug is. The second constraint 
is the production volume. This is simply to ensure that the 
optimal results always at least produce enough API prod-
uct to meet the fixed annual production volume. The third 
constraint is the yield constraint, which is in place to 
make sure that the optimal results would produce a cer-
tain percentage of the theoretical maximum yield, thus 
ensuring a certain level of efficiency. The fourth con-
straint is an operational constraint to make sure that the 

temperature profile for the batch and the temperatures in 
the consecutive MSMPRs are monotonically decreasing. 
Finally, the fifth and final constraint are implemented to 
make sure that the total calculated time for manufactur-
ing does not exceed the allotted annual workdays. This is 
in place because while the total time for the batch system 
is divided into distinct batches, the continuous system 
simply has a single campaign to continuously create API. 
These constraints are summarized in Table 2. In addition, 
Table 2 also lists the weights for each constraint. These 
weights were then applied to a penalty function for the 
constraints to ensure that the optimal solution wasn’t 
trivial or impractical. 

Table 2: Description of the constraints considered in the 
optimization problem and their respective weights. 

Variable  Description Weight Constraint 

𝑔𝑔1 
Mean Crystal 
Size 𝑤𝑤1 = 102 40 [𝜇𝜇𝜇𝜇] <  𝐿𝐿� 

𝑔𝑔2 
Production 
Volume 𝑤𝑤2 = 103 𝑃𝑃𝑉𝑉𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 < 𝑃𝑃𝑉𝑉𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 

𝑔𝑔3 Overall Yield 𝑤𝑤3 = 102 0.9𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚 < 𝑌𝑌𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 

𝑔𝑔4 Decreasing 
Temp 𝑤𝑤4 = 100 𝑇𝑇𝑖𝑖+1 ≤ 𝑇𝑇𝑖𝑖 

𝑔𝑔5 Total Time 𝑤𝑤5 = 101 260 [days] > 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 
 
 For this simulation, the defined optimization prob-

lem was then solved with the adaptive Nelder-Mead al-
gorithm included in the SciPy library. Thus, to translate 
the problem to an unconstrainted optimization problem 
for the derivative-free Nelder-Mead algorithm, the non-
linear constraints were reformulated into an augmented 
objective function. It should be noted that given the non-
convexity of the problem and due to the challenges of 
employing a gradient-based method in a simulation-opti-
mization approach to the problem, a derivative-free algo-
rithm was preferred. Furthermore, to improve optimizer 
performance, the objective function and constraint val-
ues were normalized. Thus, the objective function was 
transformed to Equation (4) and the constraints were 
transformed to Equations (5). 

𝐽𝐽𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛(𝒙𝒙,𝒚𝒚, 𝒛𝒛) = �𝐽𝐽(𝒙𝒙,𝒚𝒚,𝒛𝒛)−𝐽𝐽𝑚𝑚𝑚𝑚𝑚𝑚(𝒙𝒙,𝒚𝒚,𝒛𝒛)
𝐽𝐽𝑚𝑚𝑚𝑚𝑚𝑚(𝒙𝒙,𝒚𝒚,𝒛𝒛) �

2
  (4) 

𝑔𝑔𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛,𝑖𝑖 = �
𝑖𝑖 ∈ [1,4],   1 − 𝑔𝑔𝑖𝑖,𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

𝑔𝑔𝑖𝑖

𝑖𝑖 = 5,   𝑔𝑔𝑖𝑖,𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝑔𝑔𝑖𝑖

− 1
  (5) 

where 𝐽𝐽𝑚𝑚𝑚𝑚𝑚𝑚(𝒙𝒙,𝒚𝒚, 𝒛𝒛)  is the overall lowest function 
evaluation the optimizer found and 𝑔𝑔𝑖𝑖,𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡  is the con-
straint value for 𝑔𝑔𝑖𝑖. Thus, the final augmented and nor-
malized objective function is shown in Equation (6). 

min
𝒙𝒙
𝐽𝐽𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛(𝒙𝒙,𝒚𝒚, 𝒛𝒛) + ∑ �max�0,𝑤𝑤𝑖𝑖 ∙ 𝑔𝑔𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛,𝑖𝑖��

2
𝑖𝑖∈[1,5]  (6) 

Cost Calculation 
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As previously mentioned, one of the objective func-
tions used to evaluate the simulation is the overall cost of 
the system. The cost of the system can be broken down 
into two categories, capital expense (CAPEX) and opera-
tional expense (OPEX). 

CAPEX Calculation 
CAPEX involves all the terms that are related to the 

purchase of equipment. However, while the volume of the 
crystallizers as a decision variable are not discrete val-
ues, in reality, equipment are usually made and sold at 
discrete capacities. Thus, to account for this, a cost-ca-
pacity correlation equation is from Diab et al. [6] is used: 

𝐶𝐶𝐵𝐵 = 𝑓𝑓𝐶𝐶𝐴𝐴 �
𝑆𝑆𝐵𝐵
𝑆𝑆𝐴𝐴
�
𝑛𝑛
    (7) 

Wherein, the 𝐶𝐶𝑖𝑖 is the cost of the equipment and 𝑆𝑆𝑖𝑖 
is the capacity of the given equipment. Next, 𝑓𝑓 are equip-
ment-dependent coefficients to account for indirect 
costs that may be involved for certain equipment. Finally, 
𝑛𝑛 is a value is the cost exponent to represent the expo-
nential increase in cost of equipment as capacity in-
creases. The index of 𝐴𝐴 in Equation (7) represent existing 
equipment while the index of 𝐵𝐵  refer to the equipment 
selected for the simulation. The specific values for base 
equipment values in Equation (7) are based on the Chem-
ical Engineering Plant Cost Indices (CEPCIs) [14]. How-
ever, for this study, the values are identical as the ones 
used by Diab et al. [6]. 

Furthermore, to provide a more realistic estimation 
for the technoeconomic cost model, rather than taking 
the flat equipment cost, a battery limit installed cost 
(BLIC) is calculated. Thus, the additional indirect costs 
associated with installing the equipment are considered. 
To calculate the BLIC, the Chilton method is employed 
[6]. In summary, the BLIC is a factor of the total physical 
plant cost (TPPC), which is the sum of the installed equip-
ment cost (IEC) and the process piping and instrumenta-
tion (PPI) cost. The PPI is a percentage of the IEC while 
the IEC is a factor of the previously calculated equipment 
cost. The exact coefficients and factors for these calcu-
lations are the same as the ones used by Diab et al. [6]. 

Finally, once the BLIC was calculated, rather than 
apply the flat equipment cost, an equivalent uniform an-
nual cost (EUAC) was calculated. This is to reflect the 
fact that while it is not unheard of for a company to out-
right purchase all the required equipment for a new 
setup, it is more customary for the annual equipment cost 
of a production line to be expressed as an annuity [15]. 
The calculation can be seen in Equation (8). An interest 
rate, 𝑖𝑖𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 of 5% and a project timeline, 𝑡𝑡𝑃𝑃𝑃𝑃 of 20 years is 
taken from literature [6].  

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 �𝑖𝑖𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(1+𝑖𝑖𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟)𝑡𝑡𝑃𝑃𝑃𝑃
(1+𝑖𝑖𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟)𝑡𝑡𝑃𝑃𝑃𝑃−1

�   (8) 

In addition to the equipment cost, the CAPEX for this 

simulation also takes into consideration for the working 
capital (WC) and the contingency costs (CC) of the plant. 
The WC and CC are set to be 3.5% of the annual material 
costs and 20% of the total BLIC, respectively. These val-
ues can be found in literature [16]. 

Summary of the total CAPEX calculation is summa-
rized in Equation (9). 

 
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑋𝑋𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 + 𝑊𝑊𝑊𝑊 + 𝐶𝐶𝐶𝐶  (9) 
 

OPEX Calculation 
As opposed to CAPEX, which represented expenses 

that are investments that need to be made prior to es-
tablishing a setup, OPEX represents all expenses that are 
incurred during the hours of plant operation. The major 
cost drivers here are the cost of the materials that serve 
as inputs for the pharmaceutical process and the cost in-
volved with dealing with the waste material of a process. 
The material cost, 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚, can be straightforwardly cal-
culated as the product of the total mass of each chemical 
species 𝑚𝑚𝑖𝑖 and their respective cost per mass, 𝐶𝐶𝑖𝑖. Finally, 
the waste cost, 𝐶𝐶𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤, can be calculated as a certain per-
centage of the total cost of solvents, 𝐶𝐶𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠, involved in the 
process. The exact percentage, while it may vary on a 
plant-by-plant basis, was set as 35%. The summary of 
these calculations as well as the final total OPEX calcula-
tion can be seen in Equations (10-12). 

 
𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 = ∑ 𝐶𝐶𝑖𝑖𝑚𝑚𝑖𝑖𝑖𝑖     (10) 
𝐶𝐶𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 = 0.35∑ 𝐶𝐶𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠,𝑖𝑖𝑖𝑖    (11) 
 
𝑂𝑂𝑂𝑂𝑂𝑂𝑋𝑋𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 + 𝐶𝐶𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤   (12) 
 

Thus, the objective function when calculating for minimal 
costs can be seen in Equation (13). 
 

min
𝒙𝒙
𝐽𝐽𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝒙𝒙,𝒚𝒚, 𝒛𝒛) = 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑋𝑋𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 + 𝑂𝑂𝑂𝑂𝑂𝑂𝑋𝑋𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 (13) 

Sustainability Calculation 
 In the previous section, the method of calculating 
the cost of a crystallization unit operation has been out-
lined. However, while cost is an important metric for a 
technoeconomic model, sustainability, or “green pro-
cessing”, is an ever-growing concern for the future of the 
sustainable pharmaceutical industry [17]. Thus, optimiz-
ing the manufacturing system in regard to a sustainability 
metric in addition to the cost is a necessary perspective 
to take. Over time, many different metrics for sustainabil-
ity have emerged. Notably, the E factor, seen in Equation 
(14), has often been used in studies as a metric for effi-
ciency of pharmaceutical manufacturing [17]. 
 

E factor = 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑜𝑜𝑜𝑜 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑎𝑎 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  [𝑘𝑘𝑘𝑘]
𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 [𝑘𝑘𝑘𝑘]

 (14) 
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However, as the E factor serves as a ratio of the API 
produced and the waste material produced from the en-
tire process, the E factor can be a misleading metric as it 
only represents the waste material, thus not guarantee-
ing the efficiency or lack thereof in regard to the other 
materials involved in the process [18]. Thus, as a correc-
tion, the process mass intensity (PMI) metric has been 
introduced. The PMI, shown in Equation (15), serves a ra-
tio of the total API produced with the mass of all chemical 
species that was involved in the process [18]. 

 
PMI = 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑎𝑎 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  [𝑘𝑘𝑘𝑘]

𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 [𝑘𝑘𝑘𝑘]
  (15) 

 
Thus, with PMI as a secondary objective function, 

the manufacturing system can also be investigated re-
garding sustainability as well as minimized costs. 

RESULTS AND DISCUSSION 
 With the optimization problem defined in the previ-
ous section as well as the layout of the batch and contin-
uous crystallization manufacturing units, we can then 
compare the differences in performance and cost for the 
systems. For both batch and continuous systems, the 
simulation was optimized for minimal total cost, which 
was the sum of the CAPEX and OPEX, and for minimal PMI 
The results of the optimization for both systems with the 
two different objective functions and at three different 
target annual production volumes can be seen in Figure 
2. Additionally, it is important to note that the CAPEX and 

OPEX have been graphed separately on different axes. 
This is because while the technoeconomic cost model 
was created to provide a holistic view of the unit opera-
tions, the inclusion of CAPEX is not always relevant for 
some industries, for example where the equipment is al-
ready in place. Also, the numerical values of the simula-
tions, optimal decision variables as well as some addi-
tional performance metrics for the batch system and the 
continuous system can be seen in Table 3 and Table 4, 
respectively. 
 When first observing the results of the simulation, it 
is important to note that from Figure 2, we can observe 
that the overall OPEX for the continuous system, regard-
less of annual production volume, is higher than that for 
the batch system. This is a logical outcome as one of the 
drawbacks of MSMPR crystallizers is that a constant feed 
of slurry needs to be input. However, it should also be 
noted that the CAPEX values for continuous systems are 
always lower than their batch counterparts across the 
board. This is even with the consideration that a single 
production line of continuous crystallization requires two 
MSMPR units in cascade. This is reflective of the result 
that, due to the higher throughput of the continuous sys-
tems, a smaller crystallizer unit is sufficient to meet the 
annual production targets. However, this result comes 
with the caveat that the inclusion of CAPEX may not be 
significant for manufacturers who are not looking to cre-
ate a new manufacturing line from scratch, thus making 
the difference in CAPEX irrelevant. 
   

 
Figure 2: Annual CAPEX and OPEX comparison for different annual production volumes between batch and 
continuous crystallization units. In addition, the differing values on whether the optimizer prioritized minimal cost 
or minimal PMI have been presented next to each other. 
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In addition to this observation, we can see from Table 3 
and Table 4 that despite the differences in CAPEX, the 
overall cost for the batch system is lower than their con-
tinuous counterparts. However, that comparison does 
not provide a full view of the comparison. An important 
aspect of continuous crystallization is the efficiency in 
terms of throughput and availability. This is observed in 
the simulation results in Table 4. The results show that 
for all annual production volumes, the continuous system 
resulted in a more consistent throughput rate while Table 
3 indicates that the batch system has a steeper drop in 
throughput. This is also reflected in the fact that for all 
three annual production volumes, the batch system 
needed to use all 260 days for all cases, even though the 
batch cases have already optimized for 2 parallel lines. 
 Additionally, we can see that for the continuous sys-
tem, the overall optimized crystallizer volume is lower 
than for the batch scenario. In conjunction with this, we 
can see that the total availability, which is the percentage 
of time in which the system is actually running and not 
ramping up, ramping down or cleaning, the continuous 
system predictably has a higher percentage. With all 
these observations, we can see that the MSMPR setup, 
while for the selected parameters may have an overall 
higher cost, shows a better potential for scaling up and 
provides a more agile manufacturing alternative. 

 Finally, the previously made observations can also 
be seen when considering the PMI. From the same tables, 
we when we see the results for optimizing for PMI rather 
than cost, we can compare the sustainable nature of both 
setups. As expected, the continuous system has a higher 
PMI value due to the necessity for a continuous input of 
slurry. However, when comparisons with cost in mind, we 
can see that while optimizing for PMI decreases the re-
sultant PMI by less than 1%, the cost in continuous sys-
tems increases less significantly than the batch systems. 
Thus, while the significance of decreasing PMI would be 
different on a case-by-case basis, we can observe that 
the continuous system has a lower cost necessary for im-
proving the overall sustainability of the process. 

CONCLUSION 
 This study was an example to show the capabilities 
of the technoeconomic cost model simulation to serve as 
a decision-making tool for manufacturers. By employing 
a simulation-optimization strategy with the annual pro-
duction of paracetamol as a generic representative API 
and applying CAPEX and OPEX calculations that have 
been standardized in literature, a good first simulation re-
sult was achieved. Furthermore, with the simulation, 
other than directly comparing cost, the potential 

Table 3: Numerical results of the batch crystallization setup simulation 

  
M kg / yr M kg / yr M kg / yr 

Cost Obj PMI Obj Cost Obj PMI Obj Cost Obj PMI Obj 

Material  $   $   $   $   $   $  

Waste  $   $   $   $   $   $  

EUAC  $   $   $   $   $   $  

WC  $   $   $   $   $   $  

CC  $   $   $   $   $   $  

Total  $   $   $   $   $   $  

API Made  kg  kg   kg  kg  kg 

Solvent Used  kg  kg  kg  kg  kg  kg 

API Used  kg  kg  kg  kg  kg  kg 

Total Time  days  days  days  days  days  days 

Throughput   kg/h  kg/h  kg/h  kg/h  kg/h  kg/h 

Availability % % % % % % 

Cost/Kg $ /kg $ /kg $ /kg $ /kg $ /kg $ /kg 

PMI E+ E+ E+ E+ E+ E+ 

Cost Change  %  %  % 

PMI Change  -%  -%  -% 

 Optimal Decision Variables 

𝑽𝑽𝑪𝑪𝑪𝑪   m³  m³  m³  m³  m³  m³ 

𝒕𝒕𝑪𝑪𝑪𝑪   s  s  s  s  s  s 

𝒏𝒏𝑪𝑪𝑪𝑪   lines  lines  lines  lines  lines  lines 

𝑻𝑻𝑪𝑪𝑪𝑪,𝟏𝟏   K  K  K  K  K  K 

𝑻𝑻𝑪𝑪𝑪𝑪,𝟐𝟐   K  K  K  K  K  K 

𝑻𝑻𝑪𝑪𝑪𝑪,𝟑𝟑   K  K  K  K  K  K 

 

Table 4: Numerical results of the continuous crystallization setup simulation. 

  
M kg / yr M kg / yr M kg / yr 

Cost Obj PMI Obj Cost Obj PMI Obj Cost Obj PMI Obj 

Material  $    $    $    $    $    $   
Waste  $    $    $    $    $    $   
EUAC  $    $    $    $    $    $   
WC  $    $    $    $    $    $   
CC  $    $    $    $    $    $   
Total  $    $    $    $    $    $   
API Made  kg  kg  kg  kg  kg  kg 
Solvent Used  kg  kg  kg  kg  kg  kg 
API Used  kg  kg  kg  kg  kg  kg 
Total Time  days  days  days  days  days  days 
Throughput   kg/h  kg/h  kg/h  kg/h  kg/h  kg/h 

Availability % % % % % % 
Cost/Kg $ /kg $ /kg $ /kg $ /kg $ /kg $ /kg 

PMI E+ E+ E+ E+ E+ E+ 
Cost Change   %   %   % 
PMI Change   -%   -%   -% 
 Optimal Decision Variables 

𝑽𝑽𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪   m³  m³  m³  m³  m³  m³ 

𝑽𝑽𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪   m³  m³  m³  m³  m³  m³ 

𝑻𝑻𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪   K  K  K  K  K  K 

𝑻𝑻𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪   K  K  K  K  K  K 

𝑯𝑯𝒔𝒔𝒔𝒔        
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capabilities of continuous production methods in the 
pharmaceutical industry could be explored. While the 
overall costs of continuous systems may higher than the 
existing batch production setup, the potential for contin-
uous systems to scale up and maintain efficiency in both 
availability and throughput shows promise. Furthermore, 
in the light of sustainability for pharmaceutical processes, 
we could see that the trade-off in cost for improving PMI 
metrics would be much less than that for batch pro-
cesses, thus additionally showing how continuous sys-
tems could be more easily adapted to be more sustaina-
ble and embody the idea of “green chemistry”.  
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