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High-speed, in situ video microscopy is a promising technology for measuring criti-
cal solid-phase properties in suspension crystallization processes. This paper demon-
strates the feasibility of high-resolution, video-imaging-based particle size distribution
(PSD) measurement by applying image analysis and statistical estimation tools to
images from a simulated batch crystallization of an industrial photochemical. The
results also demonstrate the ability to monitor important quality parameters, such as
the ratio of nuclei mass to seed mass, that cannot be monitored by conventional tech-
nologies. General recommendations are given for achieving appropriate sampling con-
ditions to enable effective imaging-based PSD measurement. © 2009 American Institute
of Chemical Engineers AIChE J, 55: 896-905, 2009
Keywords: crystallization, image analysis, imaging, particle size distribution, pharma-

ceuticals, process monitoring

Introduction

Solution crystallization is a commonly used but often
poorly controlled process for separating or purifying chemi-
cal species in the pharmaceutical, chemical, and food indus-
tries. The development of effective solid-phase monitoring
technology is a critical step to enable better understanding
and control of crystallization processes. Video imaging is a
promising technology offering the potential to monitor criti-
cal solid-phase properties, including particle size distribution
(PSD), shape distribution, and, in some cases, polymorphic
fraction. For example, in situ video imaging is used by
Scholl et al.' to observe the solvent-mediated polymorphic
transformation of L-glutamic acid from the « form with pris-
matic morphology to the § form with a needle-like morphol-
ogy. Monnier et al.? used off-line image analysis to charac-
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terize the final relative PSD of adipic acid crystals. Polldnen
et al.® used video microscopy and automated image analysis
to characterize the sizes and shapes of sulphathiazole crys-
tals. The application of video imaging to these crystallization
processes, however, is limited to qualitative monitoring or
characterization of end-product properties.

Only a few studies have used video imaging for on-line,
quantitative monitoring of crystal population dynamics.
Patience et al.* used video microscopy to monitor the evolu-
tion of crystal size mean and standard deviation for needle-
like pharmaceutical particles. The slurry was sampled peri-
odically and allowed to settle on a microscope stage, and the
images were analyzed manually. Calderon de Anda et al’
used noninvasive imaging and automatic image analysis to
quantify the polymorphic fraction during the transformation
from o to f§ L-glutamic acid. In a follow-up study, Dharmayat
et al.® monitored on-line the L-glutamic acid transformation
using both on-line video microscopy and X-ray diffraction,
but were unable to compare quantitatively the measurements
of the two methods because the video microscopy technique
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failed at higher solids concentrations, and the X-ray diffrac-
tion method was not sufficiently sensitive at low solids
concentrations. Larsen et al.” developed an image analysis
algorithm to segment in situ images of rod-like particles and
compared the cumulative distribution function (CDF) meas-
ured by their algorithm with the CDF obtained by manual
image analysis. The comparison was made using four differ-
ent sets of images acquired at 50—100 min intervals during a
pharmaceutical crystallization. Larsen et al.® carried out a
similar study for particles having complex shapes that can be
represented by a wireframe model. Qu et al.” used in-line
imaging to monitor the evolution of crystal length and width
CDFs at 10-20 min intervals, determining width and length
growth rates based on the mean particle size.

Besides these crystallization applications, video imaging
has been used to monitor dynamics of other particulate
processes. Watano and Miyanami'® demonstrated on-line
monitoring of the median diameter and shape factor for a
wet granulation process using in situ video imaging and auto-
matic image analysis. Blandin et al.'' used noninvasive
imaging of an agglomeration process and automatic image
analysis to track the evolution of the particle size number
fractions at 30-min intervals for about 4 h. They validated
their automated image analysis method using comparisons
with manual image analysis. Hukkanen et al.'* used in situ
video microscopy and automated image analysis to monitor
various PSD moments during the early stages of a suspension
polymerization processes.

In summary, the imaging-based, particulate population
dynamics studies in the literature have focused on monitoring
the CDF, the normalized PSD (i.e., number fraction),
moments of the PSD (e.g., mean size and variance), or poly-
morphic fraction. Given that the dynamics of particle popu-
lations are modeled in terms of the absolute PSD, it is
desirable to monitor the absolute PSD to enable better model
identification and control.

Imaging-based PSD measurement involves various chal-
lenges. One of the key challenges is achieving robust image
analysis. Image analysis is most effective for images having
high contrast, sharp focus, and minimal particle overlap. Suc-
cessful imaging-based measurement, therefore, depends not
only on the optical properties of the imaging system, but also
on the solids concentration, the sizes and shapes of the par-
ticles, and the tendency of the particles to agglomerate or
floc together. The presence of both large and small particles
in crystallization processes presents challenges for optical
system design as well as image analysis. The optical system
must not only have high resolution to track the small par-
ticles but also a large field of view to track the large par-
ticles. As resolution increases, both the field of view and
depth of field decrease. Although the decrease in depth of
field simplifies image analysis by enabling discrimination
between overlapping particles, it also reduces the number of
measurements obtained in a single image, leading to sam-
pling concerns that cannot be overcome simply by increasing
the video camera frame rate. Obtaining independent samples
requires that each frame contain a new population of crystals.
In other words, the accuracy of the PSD measurement is not
improved by resampling the same subpopulation of crystals.

Extracting the PSD from video images requires not only
suitable image analysis and optical design but also statistical
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estimation to correct for sampling biases inherent in imag-
ing-based measurement. Larsen and Rawlings'? derived a
maximum likelihood estimator (MLE) of the PSD that cor-
rects sampling bias due to the finite size of the imaging win-
dow, enabling unbiased estimation of the PSD as well as
quantification of measurement uncertainty. The estimator
assumes that image analysis is perfect, or that every particle
in the image is identified correctly. Noting that perfect image
analysis is a reasonable assumption only for low solids con-
centrations, Larsen and Rawlings14 also developed a method
for estimating the number density of monodisperse particle
populations at high solids concentrations with heavy particle
overlap and imperfect image analysis. The effectiveness of
these tools was demonstrated, however, using artificial
images generated at stationary process and imaging condi-
tions. The objective of this study is to demonstrate the feasi-
bility of imaging-based PSD measurement for realistic and
changing process and imaging conditions. We achieve this
objective by simulating a well-studied industrial crystalliza-
tion process and generating images of the process based on
the specifications of a commercially available in situ imaging
probe. Furthermore, this study shows the value of imaging-
based measurement by demonstrating the measurement of
process properties that cannot be measured by conventional
technologies.

Although the images used in this study are idealized, the
relevant camera specifications (i.e., resolution, magnification,
field of view, sampling rate) reflect current camera hardware.
By using idealized images, the study assesses the limits of
what can be inferred using current camera hardware in the
environment of a crystallizer operating at realistic nucleation
and growth rates.

The article is outlined as follows. The Simulation Methods
section describes the crystallizer model used in this study
and the method for generating images corresponding to the
current state of the crystallizer. The Results and Discussion
section presents the simulation results, demonstrating the
measurement of important product—quality metrics and multi-
modal PSDs. This section also offers general guidelines for
designing imaging based PSD monitoring systems. The Con-
clusions section summarizes our conclusions and suggests
areas for further research.

Simulation Methods
Crystallizer model and solution

Batch crystallization can be modeled using a system of
partial integro-differential equations that couples mass and
energy balances with a population balance describing the
evolution of the crystal population’s PSD. The population
balance used in this study is

F L9 _
o5 TOa =0 (0

in which f(L, f) is the PSD, L is the characteristic length, and
G is the crystal growth rate. The boundary condition is
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in which B° is the nucleation rate density. G and B° depend
on the relative supersaturation S and are assumed to follow
standard semiempirical power laws:

SIC_ACSM

sat

G = kS B° = kyStyd, 3)

in which C is the liquid-phase solute concentration, Csm is
the saturation concentration, k, and g are growth rate con-
stants, and k;,, b, and j are nucleation rate constants. The ith
moment of the PSD, ;, is defined as

= /0 JLdL )

In this study, we also are concerned with moments corre-
sponding to subsets of the total crystal population. Moments
corresponding to crystals grown from nuclei are denoted with
a subscript N (e.g., uy,) whereas moments corresponding to
crystals grown from seeds are denoted with a subscript S.

Assuming, as above, that growth rate is size independent
and the system is closed (no input or output streams), the
mass balance for the solute concentration is

dc x
— = 3p kG | fLPdL 5)
dt 0

in which C is the solute concentration, p. is the crystal den-
sity, k, is a shape factor defined such that kL? gives the vol-
ume of a crystal of characteristic length L, and & converts
solvent mass to slurry volume. Cis given in terms of mass
of solute per total mass of solution or liquid phase. The ini-
tial condition is given by C = C,.

For the simulations used in this study, the energy balance
is unnecessary as we assume perfect temperature control.
The temperature follows a fixed temperature trajectory with-
out deviation.

The model parameters used in this study correspond to a
well-studied, industrial photochemical crystallization pro-
cess.'”'® The parameters for this process are given in Table 1.
The particles have a plate-like morphology and the characteris-
tic length corresponds to the particle width. A height-to-width
ratio of 10 and a width-to-depth ratio of 4 are assumed. The
seed mass is 0.1 g and the seed population is assumed to have
a parabolic form with a minimum characteristic length of 0

Table 1. Parameters Used to Simulate Industrial Batch
Crystallization Process of Photochemical'®

Description Symbol  Value Units

Kinetic growth rate constant kg 0.3e-4 cm/min
Power-law exponent g 2.0 dimensionless
Kinetic nucleation rate kp, 2.6e10 g solvent/cm® min

constant
Power-law exponent b 3.0  dimensionless
Moment exponent j 2.0 dimensionless
Crystal density Pe 1.183  g/em’®
Volumetric shape factor ky 2.5 dimensionless
Crystallizer volume 14 2.3 L
Initial solute concentration Co 0.11 g solute/g solvent

The characteristic length is the particle width. A constant aspect ratio (AR)
of 10 is assumed along with a constant width-to-depth ratio of 4.
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and maximum characteristic length of 10, corresponding to pri-
mary axis lengths of 0 and 100, respectively. The saturation
concentration Cg,, for this system is given by

Cou(T) = 0.185 —2.11 X 1072T +7.46 X 107*T>  (6)

The percent volume of solids reaches approximately 2.5%.
The crystallizer model is solved using orthogonal collocation
on moving finite elements. The method is described in detail
elsewhere.'’

Artificial image generation

To generate an artificial image, we simulate the particle pop-
ulation in a local region surrounding the imaging volume V7. In
this region, we model the particle population as a three-dimen-
sional stochastic process ® = (X,,;, L;, ©.;) on R X RT x
(—n/2, i/2] for i =1,...,No. Xor = KXois Yoo Zoni) gives the
location of the centroid for particle i in the world coordinate
frame, L; gives the particle characteristic length, ®_; gives the
orientation around the z-axis of the world coordinate frame,
and N, gives the number of particles. X,,;, L;, ©®;, and N, are
distributed independently of each other. X,,;, Y.,,, Z,;, and ®_;
are distributed uniformly on [Xyin, Ymaxls [Vmins Ymaxls [Zmins
Zmax), and (—7/2, ©/2], respectively. L; has a cumulative distri-
bution function given by

0 L<R
H(L) =} [¢f)dl/ [ F(dl R < L < Ly
1 L> Lmax

in which R is the lower limit of resolution of the camera and
Lax 1s defined as the size of the largest particle in the popula-
tion. N, has a Poisson distribution with parameter
2= N¢(Xmax — Xmin) Ymax — Ymin)/ab, in which N, is the
expected number of crystals per image, calculated from the
PSD using

Limax

N =V, f(Dl

R

The size of the local region surrounding the imaging vol-
ume is defined by (Xmin,Xmax) = (—0.5 Lax, @ + 0.5 Linax)
and  (Ymin, Ymax) = (—0.5 Liax, b 4+ 0.5 Lipax) in which Ly
equals L,,,x multiplied by the aspect ratio.

The particles generated by this stochastic process are pro-
jected onto the imaging plane as discussed previously.'? The
imaging parameters used in this study correspond to the
specifications of a commercially available in situ video probe
and are given in Table 2.

Results and Discussion

This section presents simulation results illustrating the
capabilities and limitations of imaging based PSD measure-
ment for industrial crystallization processes. First, we present
the process and imaging simulation results for the batch crys-
tallization process discussed in the previous section. Next,
we analyze the data from these simulations to demonstrate
the measurements obtainable by imaging. Specifically, we
demonstrate both number- and weight-based PSD monitoring
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Table 2. Parameters Used to Simulate Imaging of Particle
Population Using Industrial Video Imaging Probe

Description Symbol Value
Horizontal dimension of imaging volume a 1075 pum
Vertical dimension of imaging volume b 850 um
Depth of field d 10 pum
Number of horizontal CCD pixels Umax 1360
Number of vertical CCD pixels Vinax 1024
Micron-to-pixel ratio m 0.8

as well as product quality measurements that are difficult to
obtain using alternative monitoring technologies. We also
discuss some of the limitations of current image analysis
technology. Finally, we give general considerations for the
design of imaging based PSD monitoring systems.

Process and imaging simulations

In previous studies of the photochemical system consid-
ered here, an optimal cooling profile was determined that
minimized the ratio of the nucleus-grown and seed-grown
crystal mass. The temperature and relative supersaturation
profiles associated with the optimal cooling profile are com-
pared against a linear cooling profile in Figure 1. This figure
also shows the final weight PSDs resulting from the linear
and optimal cooling profiles. The optimal profile uses high
supersaturation at the beginning to maximize crystal growth.
Despite the high supersaturation, secondary nucleation is
negligible, because it depends not only on supersaturation
but also on the amount of crystal mass present in the crystal-
lizer. As the amount of crystal mass increases, the crystal-
lizer is heated to reduce supersaturation and minimize sec-
ondary nucleation. The rapid cooling at the end of the batch
results in both crystal growth and significant generation of
nuclei, but the batch is terminated before these nuclei acquire
appreciable mass.

Figures 2 and 3 show examples of artificial images corre-
sponding to different times during the optimal and linear
cooling processes. These artificial images simulate the
images that would be obtained by a commercially available
in situ video microscopy probe. Although real in situ images
of the photochemical slurry are not available for comparison,
Figure 4 shows real in situ images from a pharmaceutical
crystallization involving crystals with a rod-like shape similar
to that of the photochemical crystals. These real images high-
light important similarities and differences with the simulated
images. Like the simulated images, the particles in these real
images appear to be randomly distributed throughout the
image and exhibit a wide range of sizes while maintaining a
similar high-aspect-ratio shape. The real particles’ projected
shapes are rectangular, similar to the projections in the simu-
lated images. Although it is difficult to discern the true
three-dimensional orientation of the particles using a two-
dimensional image, the uniform degree of sharpness for each
individual particle’s outline suggests the particles are ori-
ented essentially in a plane perpendicular to the camera’s op-
tical axis, similar to the orientation of the particles in the
simulated images. On the other hand, the centroids of the
particles in the simulated images are in a single plane,
whereas the centroids of the particles in the real images
appear to be in different planes, thus producing different
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Figure 1. Comparison of simulation results for optimal
and linear temperature trajectories.

(a) Temperature profiles. (b) Relative supersaturation pro-
files. (¢) End-point PSDs (in terms of primary axis length).

degrees of sharpness between the outlines of different par-
ticles.

The primary difference between the simulated and real
images is the contrast. Because the particles in the real image
are illuminated using reflected light, the contrast between the
particles and the background is poor. The simulated images
have a perfect contrast, however, which is not attainable
using reflected light but which may be nearly attainable using
transmitted light and a narrow depth of field. Furthermore,
the real images in Figure 4 contain significant background
noise, particle texture, and motion blur. These effects are not
included in the simulated images. Thus, we re-emphasize
that the simulated images used in this study are idealized,
but nonetheless useful for exploring the /imits of what can be
inferred using current camera hardware. We expect that
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Figure 2. Examples of images generated at various times during the optimal cooling simulation.
The images correspond to 60-min intervals from O h (upper left) to 8 h (lower right).

Figure 3. Examples of images generated at various times during the linear cooling simulation.

The images correspond to 60-min intervals from O h (upper left) to 8 h (lower right).
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Figure 4. Examples of real in situ images of rod-like crystals.

continued improvements in the design of in situ video sys-
tems will lead to images that are increasingly similar to the
idealized, simulated images used in this work.

Absolute PSD measurement

Figures 5 and 6 show, respectively, the number- and
weight-based PSDs corresponding to the optimal cooling pro-
file. The continuous curve shows the simulated PSD, and the
histograms show the estimated PSD based on imaging mea-
surements. These figures show that high-resolution (10 um)
PSD measurement is achievable using only 100 images.

Accurate PSD estimation requires not only sufficient sam-
pling, but also effective image analysis. For example, Figure
6 indicates that, assuming perfect image analysis, 100 images
provides sufficient samples to achieve a reasonably good esti-
mate of the weight PSD for the given process conditions.
Figure 7, on the other hand, shows the PSD estimated from
image analysis data generated using the SHARC algorithm.”
This figure indicates that towards the end of the experiment,
the image analysis method identifies several false positives
and also misses a significant number of both nucleus-grown
crystals and seed-grown crystals. The failure of the image
analysis algorithm is due to particle overlap. Different image
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analysis algorithms have different tolerances for overlap,
with model-based algorithms typically tolerating more over-
lap than other methods. On the basis of the images in Figure
2, one could reasonably expect improvements in model-based
image analysis algorithms to enable effective measurement
for almost the entire duration of the process. On the other
hand, particle overlap can be so excessive for some systems
that effective image analysis is unachievable.

Measurements for product quality

Product quality is often assessed based on the PSD. A va-
riety of product quality metrics are used in the crystallization
optimal control literature (see Ward et al.ls). The metrics
involve both lower (number-based) and higher (weight-based)
moments of the PSD, as well as moments specific to the
seed-grown crystals and nucleus-grown crystals. In the fol-
lowing, we demonstrate the feasibility of monitoring a vari-
ety of these metrics using imaging.

Ratio of nuclei mass relative to seed mass

The ratio of nucleus-grown crystal mass my to seed-grown
crystal mass my affects the efficiency of downstream filtra-
tion processes.lf”19 For the photochemical system considered
here, my/ms = uy/us, cannot be measured using conven-
tional technologies. The needle-like shape violates the sphe-
ricity assumption necessary for effective PSD measurement
by light scattering and also complicates mechanical sieving.

902 DOI 10.1002/aic

Published on behalf of the AIChE

In previous studies of this system, these measurement dif-
ficulties motivated the use of scanning electron and optical
microscopy to characterize the PSD qualitatively in terms of
habit and maximum size." Quantitative PSD measurement
by microscopy could not be achieved because of sampling
limitations. Using high-speed, in situ video microscopy, how-
ever, a sufficient number of samples can be obtained to ena-
ble measurement of my/my.

In both cases, the images contain sufficient particles to ena-
ble estimation of my/mg, as shown in Figure 8. The estimates
of my/mg shown in Figure 8 are based on a sample size of 100
images, corresponding to a sample time of approximately 3 s
(assuming the standard 30 frames/second acquisition rate). The
my/mg estimates are also based on the assumption that every
particle appearing completely inside the imaging volume (not
touching any borders) is identified perfectly.

Mean crystal size and coefficient of variation

The mean crystal size is commonly reported as an indica-
tion of product quality. Both the number-based mean size
(p1/uo) and weight-based mean size (u4/ps) can be estimated
effectively using imaging-based measurement, as shown in
Figure 9.

The coefficient of variation ¢, quantifies the distribution
spread. Typically a small ¢, is desired to improve the effi-
ciency of downstream manufacturing processes. Figure 10
demonstrates that both the number-based c, (,uzuo/,u%) and

April 2009 Vol. 54, No. 4 AIChE Journal
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Figure 7. Evolution of measured and estimated weight PSD for optimal cooling and image analysis using SHARC.

Snapshots shown from # = 0 min to # = 480 min at 60 min intervals. Bin size = 10 yum and N = 100.

weight-based ¢, (usis/u?) can be measured effectively by
imaging.

General imaging considerations

The previous section demonstrated the feasibility of high-
resolution PSD measurement for a specific, industrial crystal-
lization process and realistic imaging conditions. This section
discusses general sampling and image analysis considerations
for imaging based PSD measurement.

Sampling

A fundamental problem for imaging based PSD monitoring
is determining the number of images to acquire. The problem
is nontrivial, because the answer depends not only on the
desired accuracy, but also on the way in which the histogram
is binned, the imaging conditions, and on the PSD itself.
Many of the imaging related articles cited previously discuss
the number of samples required for their specific system.
Here, we propose some general guidelines applicable to
imaging of particulate processes in general.

Previously, we proposed a methodology for constructing
confidence intervals for an imaging based PSD measurement. '
The methodology provides a framework for determining the
number of images necessary to achieve a desired accuracy.
Number-based PSDs are typically measured by discretizing the
characteristic length scale into 7 nonoverlapping bins or size
classes. We therefore define the discrete PSD as
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in which § = (§4,...,57+1) is the vector of breaks between
size classes. The maximum likelihood estimate of p; is calcu-
lated from imaging data using
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images with lengths corresponding to bin 7, and o; is a scalar
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Figure 8. Estimated ratios of nuclei mass to seed crystal
mass for optimal and linear cooling for N = 100.
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that corrects for edge effects due to the finite size of the imag-
ing frame (o; approaches 1 for infinitely small particles and
approaches 0 for particles the size of the image field of view).
The variance of this estimator, which is directly related to the
confidence intervals, is given by

. Pi
Var(p,) = 3 ©

Equation 9 contains all the process, imaging, and sampling
information necessary to assess the accuracy of an imaging
based PSD measurement. As mentioned, the accuracy
depends not only on the number of images N and the desired
resolution, but also on the imaging conditions, particle size,
particle geometry (all of which are encapsulated in the cor-
rection factor o;), and on the number density of particles p;.
As a result, the number of images required to obtain a given
accuracy changes as the particle population evolves.

To use Eq. 9, one needs to know p;. Batch crystallizations
are typically seeded, and usually some knowledge of the
seed population is available. For example, if the seed crystal
population is prepared by sieving, the initial minimum crystal
size and maximum size are known. The mass of seed crystals
injected into the crystallizer is also known. This information
is sufficient to obtain a rough estimate of p; for the bins cor-
responding to the seed population, enabling calculation of
the N that gives a sufficiently small variance (i.e., confidence

interval). It is, of course, desirable to monitor the PSD of the
nucleus-grown crystals also, but the number of the nucleus-
grown crystals typically is much greater than the number of
the seed-grown crystals, as illustrated in Figure 5. Thus,
from a sampling standpoint, a sample size N that provides
sufficient accuracy relative to seed PSD properties can be
expected to provide sufficient accuracy relative to the PSD
properties of the nucleated crystals, which are both smaller
and (usually) more numerous than the seeds.

Image analysis

Imaging based PSD measurement requires not only suffi-
cient sampling but also effective image analysis. The effective-
ness of any image analysis algorithm depends strongly on the
amount of particle overlap. An approach for quantifying the
amount of particle overlap for monodisperse populations has
been introduced previously.'***?! With this approach, the
average number of overlaps per particle is predicted to be

D = u,Qd (10)
in which D is the average number of overlaps, (o is the zeroth
moment of the PSD, d is the depth of field, and Q is the “ad-
missible area,” which is based on the particle geometry.
Assuming random orientation in the plane perpendicular to the
camera’s optical axis, Q is calculated using Mack’s formula®®:

1 0.7
o 0.9 ~ m———mmS g
=08 A R oo £ e
= I} L e 2 o
E “-T ol #r ; F "_‘_-;.-
% 064 | & casd
=R |Ir 8
= 0.5 i =
= T =
E o444 | Linear, sim 22 Linear, sim
= Linear, meas ===~ 3 Linear, mens ======
703 Optimal, sim - Optimal, sim ="
Optimal, meas ==== : Optimal, meas ===~
0.2 T T T T T T T T 0.1 T T T T T T T T
1] 1 2 3 1 5 G 7 8 9 ] 1 2 3 I 3 6 T -] g
(a) time, t, [hr] (b) time, t, [hr]
Figure 10. Estimated coefficients of variation for optimal and linear cooling, N = 100.

(a) Number-based. (b) Weight-based.
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Q =2a, + o (11)
in which a, and s, are, respectively, the projected area and pe-
rimeter of a single particle in its preferred (resting) orientation.
This equation can be used to show, for example, that as the as-
pect ratio of the particles increases, the solid concentration at
which acceptable image processing can be achieved decreases.
Equation 10 can be used to determine appropriate sampling
conditions for imaging-based measurement. For example, one
could assume the seed population to be approximately mono-
disperse and use Eq. 10 to predict the number of overlaps per
particle for a given mass of seed. If the number of overlaps is
too high for current image analysis methods, one may choose
to use dilution or an optical system with a smaller depth of
field.

Conclusion

Video imaging is a viable technology for on-line PSD
monitoring and control. The feasibility of high-resolution,
imaging based PSD measurement has been demonstrated
using a realistic industrial crystallization process. Imaging
based measurement enables both number- and weight-based
PSD monitoring as well as product quality measurements
that are difficult to obtain using alternative monitoring tech-
nologies, such as the ratio of nuclei mass to seed mass.
Although the images used in this study are idealized and do
not reflect all the challenges of real images, the results none-
theless indicate that a single, high-resolution camera with
large field of view can track adequately both the nucleated
crystal population and seed crystal population. The results
also show that current camera hardware enables acquisition
of sufficient samples to enable accurate PSD estimation in a
reasonable amount of time. General recommendations for
determining appropriate sampling conditions for imaging
based PSD measurement have also been given. The proposed
tools facilitate the design of effective, imaging based PSD
monitoring technology.

This article has also highlighted directions for future
research to improve imaging based PSD measurement. Most
importantly, advances in image analysis algorithms are
needed to improve image segmentation when particle overlap
is significant. These advances will require further statistical
estimation studies to address sampling biases due to particle
overlap or occlusion. Although effective statistical methods
have been developed to address two-dimensional edge effects
(i.e., sampling bias associated with the finite size of the
imaging window), further consideration is required for errors
associated with three-dimensional depth of field effects (i.e.,
sampling bias associated with the finite size of the imaging
depth).
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