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Introduction 

Process Analytical Technology (PAT) is the design and control of manufacturing processes through 

real-time measurements with the goal of ensuring final product quality.1 PAT includes not just the use of 

sensors and data analysis but also process automation, first-principles modeling and simulation, and 

design of optimized processes. This paper summarizes advances in PAT tools for crystallization processes 

that have occurred in last five years, since the last review.1 The combination of automation with real-time 

sensors for the design of initial batch recipes is described, with example applications on antisolvent and 

polymorph crystallization. This is followed by a description of the scale-up of these recipes to the 

manufacturing scale by using computational fluid dynamics (CFD) software that simultaneously solves 

population balance equations (PBEs) describing the nucleation and growth of crystals with momentum 

and mass transport equations for macromixing and micromixing. The last section discusses recent 

developments in using microfluidic evaporative platforms to identify the kinetics of crystallization needed 

as input for such software. 

Initial recipe design with sensors and automation   

A typical experimental apparatus for batch crystallization may utilize various in situ sensors (Figure 

1). The Attenuated Total Reflection-Fourier Transform Infrared (ATR-FTIR) spectroscopy coupled with 

multivariate statistics analysis (known as chemometrics) enables accurate determination of the solute 

concentration2-6 and has been applied to multi-component pharmaceutical systems.7 This technology has 

been widely adopted by many pharmaceutical companies, and some companies have applied ATR-UV 

spectroscopy in a similar fashion.8 In situ Raman spectroscopy can be used for the analysis of the solution 

phase, similar to the ATR-FTIR spectroscopy, or to the solid phase during crystallization.9,10 Most 

importantly, in situ Raman has been used to monitor polymorphic phase transformation during the batch 

crystallization of many pharmaceutical compounds.9-11 

Focused Beam Reflectance Measurement (FBRM), also known as laser backscattering, measures 

chord lengths, which are related to the particle size.12 Many algorithms have been developed to relate the 

chord length distribution (CLD) and the particle size distribution (PSD).12-14 Satisfactory PSD has been 
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recovered from chord length measurements for systems with a large difference in the refractive index 

between the particles and the solvent, such as for the PbCl2-water system (Figure 2), for particle sizes 

above 20 µm. Pharmaceutical systems consist mainly of organic crystals that do not have significantly 

higher refractive index than the solvent (1.5 to 1.7 for the solute vs. 1.333 to 1.5 for the solvent). These 

small differences suggest difficulties in reliably recovering the PSD from the measured CLD for most 

pharmaceutical systems. On the other hand, the FBRM has been effective in detecting excessive 

nucleation events for a wide variety of pharmaceutical systems, by tracking the number of chord lengths 

measured by FBRM per second (referred to as the total counts/sec). Subsequent discussions on the use of 

FBRM will refer mainly to the total counts/sec, which has been used widely in industrial practice. The 

Process Vision and Measurement (PVM) probe provides in situ video microscopy for characterizing 

particle shape. 
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Figure 1. Crystallization apparatus with 
various in situ sensors. 

Figure 2. Simulated and measured CLD for 
the PbCl2-water system (refractive indices 
are 2.2 and 1.333, respectively). 
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Figure 3. Images of monohydrate form L-phenylalanine crystals (scale bar 100 µm) obtained 
from: (a) PVM and (b) optical microscopy.15 
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Figure 3 compares in situ video microscopy and off-line optical microscopy images of monohydrate 

form L-phenylalanine crystals.15 While the quality of PVM images varies for different systems, it is 

usually good enough to qualitatively monitor particulate characteristics such as shape and state of 

aggregation. The PVM can be used to mirror FBRM operations by placing the PVM probe in a mirrored 

position relative to the liquid surface, stirrers, and baffles, as that of the FBRM probe. This helps in 

calibrating and swiftly identifying operational problems with the FBRM. Alternatively, crystals can be 

imaged through a flat window in an external reactor wall using an LCD camera.16 This imaging technique 

has been shown to be effective for in-process image analysis to monitor polymorphic shape change of L-

glutamic acid, with further applications extended towards quantitative size measurements of crystals.17 

The systematic design of batch crystallization recipes requires knowledge of the solubility and 

metastable limit, which can be determined by in situ sensors integrated within an automated system.5,18-20 

The nucleation event associated with the metastable limit can be detected using FBRM or a turbidity 

probe and the solubility determined from ATR-FTIR spectroscopy. The area between the metastable limit 

and the solubility curve, called the metastable zone, is the appropriate region to operate a seeded 

crystallizer while avoiding excessive nucleation (Figure 4). 

 

 

 

 

 

 

 

 

Figure 4. Operating region for batch crystallization defined by the solubility curve and metastable limit as functions 
of temperature. 
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This approach of operating in the metastable zone is based on concepts which date back to the 1970s. 

Operation near the metastable limit is likely to result in excessive nucleation and correspondingly higher 

filtration times in subsequent downstream processing, and lower product purity due to impurity or solvent 

entrapment in the case of agglomeration. On the other hand, an overly conservative operation close to the 

solubility curve is not desirable because of the long batch time due to the small driving force. An 

automated direct design approach operates the batch process along several different supersaturation 

profiles and selects the trajectory with the best tradeoff. Operating at constant supersaturation is nearly 

optimal under some assumptions.21 This approach may not be exactly optimal for some systems, but is 

sufficiently close to form a good basis for the design of batch crystallizer operation. 

Using concentration feedback control based on the real-time solute concentration measurement from 

ATR-FTIR spectroscopy, the crystallizer can be operated along any preset supersaturation trajectory in 

the metastable zone.18,22 Concentration feedback control differs from a typical temperature feedback 

control operation in terms of the setpoint specifications. In the latter, a temperature vs. time setpoint 

profile is defined by the user. In concentration feedback control, while the main setup is similar to the 

standard temperature feedback control, the temperature setpoint is calculated from the measured solute 

concentration and the solubility curve, and the batch recipe takes the form of a concentration trajectory 

expressed as a function of temperature (Figure 4). This approach requires no crystallization kinetics and 

does not require controller tuning except at a lower level to track the reactor temperature or antisolvent 

addition rate (which can be done by most commercially available water baths or solvent pumps). Its 

simplicity greatly reduces the time needed to develop a recipe for batch crystallization. Further work 

based on simulations and experiments have shown that this control implementation using concentration 

versus temperature recipes is more robust than temperature versus time recipes.23 

Application to antisolvent crystallization. Concentration feedback control has been applied to 

antisolvent batch crystallization processes (Figure 5), implemented at various profiles of constant absolute 

supersaturation (∆C) and relative supersaturation (∆C/C*).22 The total counts/sec measured by FBRM 

showed that excessive nucleation was prevented for low constant supersaturation (∆C = 10 mg/ml) and 
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for up to about 1 hr for higher constant supersaturation (∆C = 20 mg/ml). These results suggested that the 

use of a constant relative supersaturation (∆C/C*) setpoint is better suited for this system because 

decreasing absolute supersaturation (∆C) during the batch process would reduce excessive secondary 

nucleation. Using a constant relative supersaturation (∆C/C* = 0.15), the batch time was greatly reduced 

while avoiding excessive secondary nucleation.          

 

 

 

 

 

 

 

 
Figure 5. Direct design approach applied to antisolvent batch crystallization of a pharmaceutical compound:  
(a) supersaturation profiles implemented using concentration feedback control and (b) monitoring secondary 
nucleation using total counts/sec.22 The discontinuity for ∆C = 10 mg/ml at 94% solvent was due to failure of the 
antisolvent pump, which was resolved by resetting the pump and the specified supersaturation was immediately re-
established. 
 

 

 

 

 

 

 

 

Figure 6. Scanning electron micrographs of L-glutamic acid crystals (scale bar 100 µm): (a) α-form has a rhombic 
geometry and (b) β-form appears as needle-like platelets.15 
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Figure 7. Direct design approach applied to batch crystallization of the metastable α-form of L-glutamic acid:  
(a) supersaturation profiles implemented using concentration feedback control and (b) monitoring secondary 
nucleation using the FBRM total counts/sec profiles.15  

 

 

 

 

 

 

 

 

 

 

 

Figure 8. Microscopy images of α-form L-glutamic acid product crystals for three controlled batches (scale bar 180 

µm): (a) seeds, (b) ∆C = 0.0042 g/g, (c) ∆C = 0.0032 g/g, and (d) *
α∆ /C C  = 0.212.15 

 
Application in polymorphic crystallization. The direct design approach has also been applied to the 

selective crystallization of the metastable α-form of L-glutamic acid (Figure 6a).15 Various constant 

absolute and relative supersaturation profiles with respect to the α-form are shown in Figure 7. At high 
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supersaturation (∆C = 0.0042 g/g), the expected increase in the FBRM total counts/sec was due to 

secondary nucleation. For the smaller driving force (∆C = 0.0032 g/g) the total counts remained nearly 

constant except for a slight increase towards the end (~100 min onwards). Similar to the previous 

example, maintaining constant relative supersaturation *( / )C Cα∆  compensated the effect of increasing 

crystal mass to effectively reduce secondary nucleation, resulting in α-form product crystals of more 

uniform size (Figure 8d) with minimal polymorph impurity as determined from PXRD. These metastable 

α-form crystals should be removed shortly after manufacture since they will convert to the stable β-form 

if left in solution for a sufficient amount of time. The robustness of such selective crystallization process 

can be further increased by using additives to prevent cross nucleation.24 This direct design approach for 

batch crystallization recipes has also been implemented successfully in an enantiotropic system, 

consisting of solvated and anhydrous crystals of an organic compound.15 

Scale-up via CFD-CSD-micromixing simulations 

CFD-CSD-micromixing simulations can be used to scale up the above laboratory-scale batch recipes. 

Specifically, such simulations can be used to identify potential scale-up problems and in revising process 

conditions such as seeding, antisolvent addition rates, and equipment configuration such as baffle sizes, 

inlet diameters, and feed location. A spatially inhomogeneous crystallization process can be described by 

the population balance equation (PBE):25 

{ }[ , , ] [ ]
[ , , ] ( )0

G r  C  T f v ff fi i k+ + D = B f  C  T r rt i it r x x x ii k k ki k

δ

 ∂ ∂∂ ∂ ∂ − −∏ ∂ ∂ ∂ ∂ ∂  
∑ ∑                 (1) 

where the second, third, and fourth terms in the summations account for the effects of growth, 

macroscopic convection, and turbulence on the CSD and the right-hand side accounts for the effects of 

crystal formation and destruction processes such as nucleation, breakage, and aggregation. Equation 1 

must be solved together with the bulk transport equations for mass, energy, momentum, and turbulence. 

This enables the determination of the effects of the localized solution environment on the crystallization 

rates B and Gi, as well as on the CSD. High-resolution finite-volume methods26 can be utilized to rewrite 

the PBE as a set of reaction-transport equations that can be directly incorporated into most CFD software. 
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Micromixing effects can be modeled using a multienvironment CFD micromixing model, also known as 

the finite-mode probability density function (PDF) method. Each computational cell in the CFD grid is 

divided into N different probability modes or environments, which correspond to a discretization of the 

presumed composition PDF into a finite set of δ functions.27 For example, a three-environment 

micromixing model would consist of the feed, initial solution in vessel, and mixed supersaturation 

solution with the crystals. The multienvironment PDF model can be directly incorporated into existing 

CFD codes and couple with the reaction-transport equations for simulating the PBE in each grid cell. This 

simulation approach has been applied for the scale-up of the crystallization of paracetamol in an acetone-

water mixture in a stirred tank.25 The rising liquid level in the tank was simulated using a dynamic mesh 

and a standard turbulence model, with Figure 9 illustrating the feed location and the resulting plume of 

concentration that occurred. Such simulations allow the evaluation of general scale-up rules such as the 

effect of changing the stirring speed, antisolvent addition rates, reverse addition, and feed locations. For 

example, Figure 10 compares the resulting CSD at different mixing speeds for an imperfectly mixed 43 L 

vessel; a narrower distribution was obtained at higher mixing speed. 
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Figure 10. CSD of paracetamol crystals in a 
stirred tank reactor: (a) 150 rpm and (b) 500 rpm. 

Figure 9. Simulated feed location and 
resulting concentration plume. 
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State-of-the-art CFD-CSD simulations are capable of guiding the design of crystallization operations 

during scale-up, but more developments are needed to be truly predictive. A major obstacle in the routine 

use of CFD-CSD simulations is obtaining true nucleation and growth kinetics. Most published kinetics 

are convoluted with transport parameters, such as the mixing speed. True kinetic parameters, however, are 

specified at the molecular level and not functions of transport limitations. This issue is particularly critical 

for polymorph systems in which many kinetic parameters as functions of supersaturation or solvent 

composition are required to describe nucleation, growth, and dissolution for each form. The true kinetic 

parameters need to be identified prior to the CFD-CSD micromixing simulations to give reliable scale-up 

analysis. 

Microfluidic identification of kinetics for scale-up 

One method of determining the true kinetic parameters for scale-up analysis is through the use of 

high-throughput microfluidic platforms. Especially challenging is the identification of nucleation kinetics 

at high supersaturation, as compared to growth kinetics which can be evaluated using various methods 

such as through visual observations under the microscope.28 The microfluidic experiments are carried out 

by placing a small quantity (i.e., 1-5 µL) of solute-containing solution in the microwell which is then 

subjected to evaporation to induce crystallization in the hanging drop (Figures 11 and 12).29 The 

evaporation rate, and thus the rate of supersaturation, is regulated by the microchannel dimensions, 

specifically the ratio of area over length, and the ambient conditions, especially the humidity.29,30 A key 

advantage of this platform is that every drop will eventually lead to a phase change (e.g., crystals, 

amorphous precipitate, gel). In prior work, we have used these crystallization platforms to optimize 

crystallization conditions of proteins,29 to selectively grow different polymorphs,31 to decouple nucleation 

and growth, and to determine solubility diagrams. The number of crystals as well as the crystal size and 

quality was observed to be highly dependent on the dynamics of the experiment (i.e., interplay between 

the rate of supersaturation and kinetics). Figure 13 shows some examples of results. Kinetic parameters in 

deterministic models can be estimated from experimental data collected from these microfluidic 
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experiments,32 however, the stochastic nature of the nucleation process is best represented using a 

stochastic model. 

 

Figure 11. Implementation of the microfluidic evaporative crystallization experiments. 

 

Figure 12. Microfluidic evaporative crystallization platform shown for a single drop. 

             

(a)     (b)        (c)           (d)             (e) 
Figure 13. Optical micrographs of droplets with crystals from microfluidic evaporation-driven crystallization 
experiments: (a) L-histidine, (b) lysozyme, (c) Ribonuclease A, (d) succinic acid, and (e) thaumatin. Scale bar is 500 
µm. 

 

 

 

 

 

Figure 14. Comparison of experimental and modeled induction times. 
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0

1 ( ) ( ) ,
ind

t

B C V t dt= ∆∫                     (2) 

which was derived from the stochastic conservation equation, relates the most likely time tind to form a 

single crystal, starting from saturated conditions, to the nucleation rate B and time-varying solvent volume 

V(t). The microfluidic approach allows for the simultaneous measurement of a large quantity of data in 

terms of the induction time at different conditions in a single experiment, which can then be used to 

invalidate incorrect nucleation rate expressions. For example, Figure 14 shows a poor fit between the 

experimental and modeled induction times for the crystallization of glycine, which indicates that the 

power law expression (B = kb(∆C/C*) b) does not describe the nucleation kinetics for this system, at least 

not for the studied temperature range. This is not completely surprising, as the power law does not take 

the physics of nucleation into consideration. The microfluidic technology enables a transition from being 

data-limited to being model-limited, in which sufficient quantity of experimental data is made readily 

available to identify a model that correctly captures the experimental trends, that can subsequently be 

used for design of optimized processes.  

Summary 

This article discussed the application of in situ sensors such as ATR-FTIR and FBRM for process 

design and control in batch crystallization. The automated development of an initial batch recipe based on 

PAT has been demonstrated for various applications such as for selective crystallization in a polymorph 

system. CFD-CSD micromixing simulations present a promising avenue for scale-up analysis of batch 

recipes and crystallizer designs, although its main weakness is the lack of data on true kinetic parameters 

for most systems. A recent advancement in the identification of nucleation kinetics is through the use of 

microfluidic platforms which allows for a large quantity of data to be collected, at a low cost and using 

small amounts of materials. 
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List of Symbols 

A cross-sectional area of evaporation channel [mm2] 

B nucleation rate [# crystals/(ml-s)]; [# crystals/(L-hr)] 

b  nucleation parameter [-] 

C solute concentration [mg/ml]; [g/g] 

C*  solubility [mg/ml]; [g/g] 

Dt local turbulent diffusivity [µm2/s] 

f particle number density function [# crystals/(µm-ml)] 

G growth rate [µm/s] 

kb  nucleation parameter [# crystals/(hr-L)] 

L length of evaporation channel [mm] 

r internal coordinates [µm] 

r0  nucleation crystal size [µm] 

T temperature [°C] 

t time [s]; [hr] 

tind most likely induction time [hr] 

V solution volume [L] 

v  velocity [µm/s] 

x external coordinates [µm] 

δ Dirac delta function [-] 

∆C absolute supersaturation, C – C* [mg/ml]; [g/g] 

Subscripts 

α α-form L-glutamic acid 
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β β-form L-glutamic acid 

i characteristic dimensions 

k spatial dimensions 
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