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ABSTRACT 
Image analysis has become a powerful tool for the work 

with particulate systems, occurring in chemical engineering. A 
major challenge is still the manual work load which comes with 
such applications. Additionally manual quantification also 
generates bias by different observers, which is shown in this 
study. Therefore the full automation of those systems is 
necessary. In this work we have introduced a MATLAB® based 
image recognition tool to count and measure particles in multi 
phase systems fully automatic. Up to now this software is 
limited to spherical particles but will be extended to irregular 
shapes as well. 

The program has reached hit rates of 95% with an error 
quotient under 1% and a detection of 250 drops per minute for 
simple images and hit rates of 40% with an error quotient of 
under 5% and a detection of 10 drops per minute for some 
difficult images. A parallelization on different cores in a multi-
core PC will increase those calculation times dramatically. 
Therewith online process observation and control will be 
possible. 

 

INTRODUCTION 
Developing adequate technologies for measuring particle 

properties, as for instance the particle size, shape, composition, 
velocity etc. are still of major interest. Even though extensive 
research has been performed towards this aim in the present 
and the past century, still much research is necessary. The 
methods in most cases of much higher sophistication than 
before, still aim at improved accuracy and higher resolution, 
and there are, in spite of the almost countless principles and 
instruments invented and developed over the decades, still the 
odd new or refined principles of measurement [1]. 

In this work we want to focus on measuring the particle 
size of different multi phase application. There is still a 
considerable lack of understanding, and lack of theoretical 
interpretation and of experimental evidence of the differences 

seen in the correlation of different equivalent diameters, 
obtained when analysing the same particle (regular or irregular 
shaped), or a distribution of particles, using different physical 
principles. Furthermore, there is still a lack of understanding of 
the influence of shape on the results obtained with optical 
methods [1]. Most methods applied suffer from the fact, that 
even though a size distribution may be obtained in less than a 
minute, the highly sophisticated mathematical background is 
based on spheres. Aside from that even for spherical drops or 
bubbles different authors found unsatisfying results for optical 
measurement techniques while the existing shape influence 
cannot be taken into account [2, 3]. Maaß et al. [3] are 
questioning the reliability of laser based online probes in 
general and suggesting rather the use of image analysis with 
nowadays available powerful computers. Those are necessary 
to overcome the long calculation times for a reliable particle 
size distribution.  

According to Pacek et al. [4], any technique based on 
external physical sampling will change the measurement 
results. Especially for technical applications with fast 
coalescence or reactions such measurements are not useable as 
totally different drop size distributions will be measured for a 
sample taken out of the system. Even for sampling times less 
than one second, the fast coalescence and drastic change in the 
flow condition during sampling result in significant 
measurement errors. 

Additionally problems arise, if the size distribution to be 
analysed covers a wide range of sizes. Most rapid response 
methods used for particle size analysis only cover a limited 
range of sizes without readjusting the instrument. 

Summarizing all the challenges, it becomes obvious that 
choosing the "right" measurement technique according to the 
application is of major importance for reliable particle size 
distributions. Based on the experiences of many scientist 
groups [1, 3, 5] we will focus on using in-situ image analysis 
techniques and work on the challenges occurring with those 
applications. 



    

NOMENCLATURE 
d [m] Particle diameter 
d32 [m] Sauter mean diameter 
n [-] Refraction index 
n [#] Number of particles 
Q0 [-] Cumulative number distribution 
q0 [1/m] Number density distribution 
 
Special characters 
φ [-] Dispersed phase fraction 
 
Subscripts 
P  Particle 
 
Abbreviations 
autom. Automatically detected particles 
DAT Data acquisition time 
fps Frames per second 
MAT Measurement acquisition time 
man. Manually detected particles 

  

IMAGE ANALYSIS IN MULTI PHASE SYSTEMS 
The use of image analysis to size particles like drops, 

bubbles, pellets, cells or the like has a long history. However, 
there are far more studies analysing off-line than on-line 
sampling. For both applications, Junker gives a broad overview 
and a detailed description of technical and historical 
developments [6].  Leschonski and also Junker emphasize the 
necessity of short data acquisition time (DAT) and additionally 
a short measurement acquisition time (MAT). Ideally the MAT 
is equal to the DAT [7]. 

The DAT is limited by the used hardware, especially the 
camera. Standard cameras today allow a "real-time" DAT, for 
example 30 frames/s (fps). Junker [6] gives a broad overview of 
selected photographic techniques in literature, CCD-cameras 
are the optimum for the effort / cost ratio. Figure 1 shows an 
example image taken with such a standard camera. Different 
particles can be observed on this image. Ritter and Kraume [8] 
suggested a minimum number of 200 particles building one 
distribution for a liquid/liquid system. Assuming that this is a 
reliable number for statistical demands, 75 images like those 
shown in Figure 1 are needed for a trustful data base. That 
means the DAT would be less then three seconds for the 
described application (for technical details see [3] and [8]).  

   

Toluene / water
φ = 2%; pH = 13
incident light
endoscope technique
see Maaß et al. [3] for
technical details

 
Figure 1 - Example image of the used frame set for the results 

presented in Figure 2. 

Of course particle systems are very different so are the 
number of particles on one image and therewith the number of 
frames required for a single measurement. Junker [6] reports in 
his studies a variation between 2 to 400 frames. The required 
number of objects per measurement becomes important for 
storage reasons, if all images need to be reviewed and therewith 
saved. This challenge should become insignificant with the 
ongoing developments in the area of computer science. 

Particularly for particle sizing applications the MAT is 
much greater then the DAT [6]. Maaß et al. [3] mention 30 min 
MAT for a single data point. This is in the range that Junker [6] 
reports based on his literature studies (5 to 60 min). This means 
the DAT is only 1/600 of the MAT because of the manual 
evaluation. An on-line system should produce data within a 
process relevant timeframe. Elsewhere process control is 
impossible. The manual evaluation of such images is highly 
time-consuming therefore automation of image analysis should 
be employed to speed up the MAT at least about one 
magnitude. Additionally automated quantification also avoids 
bias by different observers. 

Figure 2 shows such deviations between different 
observers with each other and also with themselves for the 
results of the Sauter mean diameter (d32 = Σ di

3/Σdi
2) on the left 

ordinate and number of counted particles on the right ordinate. 
Four different participants counted the same frame set twice, 
two of them carried out an additional third quantification. 
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Figure 2 - Analysis of the sensitivity of manual quantification 
of the Sauter mean diameter and the number of observed drops 

in a single image batch at constant process parameters. 
 
An example image from the chosen analyzed frame set is 

given in Figure 1. The image quality is very high due to the 
high refraction index of the used system (toluene/water with 
n = 1.496) and the low dispersed phase fraction (φ = 2%). That 
is why almost no overlapping effects occur. Even with those 
"easy" images the four different probands have a deviation of 
± 5% for the Sauter mean diameter (presented as the open 
diamonds in Figure 2) and of ± 15% for the number of particles 
found in the whole set (presented as the black squares). 
Surprisingly these deviations are increased by repeating the 



    

same counting for both, the d32 (± 10%) and the number of 
identified particles (± 30%). Two probands also carried out a 
third quantification. The standard deviation of one observer 
quantifying manually the same frame set is around five percent. 
Concluding those results and the impression from literature an 
automated, trustful, online image analysis system of particulate 
systems was developed and implemented in MATLAB®. This 
approach is able to analyse multiple batches of images for 
various optical systems, to automatically identify the contour of 
existing drops or bubbles and classify them according to their 
diameter. Such efforts have already been carried out and 
published in Literature [9, 10, 11]. 

Scherze et al. [10] were analysing the drop sizes in 
multiple emulsions. Due to their set-up and the limitations in 
the amount of the dispersed phase in the system, almost no 
overlapping occurred and the use of commercial software to 
evaluate the drop size was possible. Up to now, no commercial 
software for the analysis of highly concentrated dispersions is 
available but needed for industrial relevant applications [11]. 
More promising are the works of Alban et al. [9] and Brás et al. 
[11]. Both groups work with highly concentrated dispersions in 
stirred vessels, like the ones presented in Figure 3 and 
developed their own software to evaluate such data. 
Interestingly both groups are also using MATLAB® for their 
image recognition. Brás et al. [11] are using as the second step, 
after the edge detection, the Hough transformation [12] to 
evaluate the circles. While Hough transformation is very time 
consuming it is still not applicable for usage in online process 
control.  

 

IMAGE RECOGNITION STEPS 
In order to ensure best possible drop detection given image 

series are pre-filtered to remove irrelevant and misleading 
image data. 

 

original image (a) Dirt and lighting of the image
acquisition device (b)

Original without hardware
acquisition falsification (c)

 
Figure 3 - Pre-filtering during image recognition. 

Lighting patterns and dirt on the lens given by the optic 
system used to take images are the same for every image and is 
shown in Figure 3 (b). These can be acquired and removed 
from the sequence (Figure 3 (a) and (c)).  

Also the contrast of each image is amplified depending on 
local surroundings to ensure intensity invariant recognition of 
drop borders (Figure 4). 

 

 
Figure 4 - Local contrast normalization. 

 
The program starts to search for circular patterns for a 

range of possible radiuses. This is the most time consuming and 
critical process of the detection. The results are probabilities for 
each image pixel to be a centre point for circles of all given 
radiuses (Figure 5). The intensities behave proportional to the 
centre probabilities, white being the lowest and the strongest 
tone (black) being highest probability. 

 

 
Figure 5 - Circle centre probability distribution over the image. 

 
The best possible centre points (these are local probability 

maxima) and radiuses are then checked in detail to finally be 
classified (Figure 6). This is done by decomposing the possible 
drop circle into segments and checking these for local validity 
to being part of a real drop (Figure 7 (a) and (b)). Note that 
thanks to the contrast enhancement borders can be evaluated 
with image intensity invariance. The percentage of features 
needed to pass as circles are very much dependent on the 
optical characteristics of the system.  

 



    

Centre probabilities (values over 50%) for 
centre of blue marked circle radius

 
Figure 6 - Circle centre probability pre-selection. 

 

Border property compliance 
for each angle (a)

Intensity invariant border
property compliance for

each angle (b)  
Figure 7 - Drop classification. 

 
In each of the processes parameter optimization is 

necessary to save computing time and improve the error 
quotient and hit rate. This is achieved by marking a few drops 
manually and letting the software extract their optical 
characteristics. These include the steepness and regularity of 
the drop border as general optical behaviour. These values vary 
strongly from system to system but also in one system solely 
depending on the drop radius.  

The automatic drop recognition is most effective with high 
contrast backlit images with a high drop density. The high 
contrast ensures a good hit rate and low error quotient while the 
density ensures that the computation renders more drops 
recognized per minute. Nevertheless it has proven itself to be 
very robust and able to compete with the human eye in complex 
images. The computation time is nearly proportional to the 
pixel- quantity being processed and depending on the images 
twice to fifty times faster than a person counting. The user is 
able to define thresholds for the error quotient and the hit rate 
to force the program into further parameter optimization. 

  

RESULTS 
A broad evaluation is necessary to ensure the reliability of 

the image algorithm software. Often an algorithm is developed 
and only optimized according to the application in its founding 
working group. The major challenge is to develop software 
which can be adapted to many multi phase systems. 

 
 

 
Figure 8 – Example image taken from Hirschberg et al. [13] 
with ten percent dispersed phase fraction. The blue circles 

represent 154 automatically detected drops. 
 
Therefore, four different systems were used for the 

validation of the developed software: 
1. Images from literature 
2. Solid/liquid system (glass beds/water) 
3. Liquid/liquid system (toluene/water) 
4. Liquid/liquid system (n-butyl chloride/water) 
 
To ensure a broad variety of applications, image data from 

literature were used to test and engineer the software. As the 
reason was for the development the analysis of liquid/liquid 
system, such have been chosen in the first run for validation. 
Hirschberg et al. [13] are analysing the mixing efficiency of 
static mixers in various applications, also in a liquid/liquid 
system with two different dispersed phase fractions. The results 
are shown in Figure 8 and Figure 9. 

 

 
Figure 9 – Example image taken from Hirschberg et al. [13] 
with ten percent dispersed phase fraction. The blue circles 

represent 236 automatically detected drops. 
 

These example images have been taken directly from the 
publication, therefore the quality is not at its optimum. 
However, the results show clearly the strengths of the new 
software especially because the algorithm parameter could kept 
constant for both process parameters. The calculation times per 
frame were under two minutes (using a single core of a 
Pentium 4 with 2.6 Ghz). Further developments of the software 



    

using multi cores will decrease these times substantially (factor 
four to eight). 
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Figure 10 – Comparison of manual and automatic detected 

particle size distributions for bimodal glass beds from a frame 
set with 82 images; example image in the graph. 

 
Using a known size distribution of glass beds in water was 

the second task to validate the software. A bimodal population 
of two different diameter was used with dmean;1 = 200 µm and 
dmean;2 =  350 µm. The deviation of the mean diameters was 
around ± 20%. Figure 10 shows the comparative results 
between manual and automated detected distributions and the 
number of detected particles n in the whole frame set of 82 
images. Both show almost the same results and lead the authors 
to the next challenge of analysing liquid/liquid systems. 

Here the already introduced “easy” system with a low 
dispersed phase fraction was used (toluene/water; φ = 2%; see 
Figure 1 as an example image). 

After optimizing the parameter set for the algorithm, quite 
promising results could be achieved. The cumulative number 
distributions Q0(dP) shown in Figure 11 are almost equal for the 
manual (man.) and the automatic (autom.) detection. They are 
presented by the dotted curves over the particle diameter on the 
left ordinate. For a better differentiation the number density 
distribution q0(dP) is plotted on the right ordinate, presented as 
straight lines. With the following equation (1) the cumulative 
number distributions have to be transformed into number 
density distributions for a more detailed analysis: 
 

p

p0
p0 dd

)d(Qd
)d(q =  (1) 

 
The broadness of the distribution is different and this 

becomes obvious by comparing the number density distribution 
of the automatic and the manual detection. A few more bigger 
and many more smaller particles are detected by the automatic 
software compared to a manual observation. That comes 
parallel with more than a doubled number of detected particles 
for the automatic detection (n = 556) than for the manual one 

(n = 247). Those inconsistencies lead to a difference of 4.7 
percent in the Sauter mean diameter; those values are also 
given in Figure 11. 
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Figure 11 - Comparison of manual and automatic detected drop 

size distributions for toluene/water; φ = 2%. 
 
The last results presented in this work deal with a highly 

concentrated liquid/liquid system of n-butyl chloride/water with 
φ = 45%. Example images of such a system are already given 
in Figure 3. These data were gained in an industrial project 
presented in detail in [14] a stirred tank. 
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Figure 12 - Comparison of manual and automatic detected 
transient Sauter mean diameters for highly concentrated 

dispersions for two different stirrers. 
 

The size of drops in agitated vessels is the result of two 
opposing phenomena: drop breakage and coalescence. When 
agitation starts, the bulk of the dispersed phase is pulled down 



    

into the continuous phase and is broken into small drops. The 
rate of drop break-up in this stage is much larger than the rate 
of drop coalescence. As a result the size of drops shows an 
exponential decrease during the transient stage. The rate of drop 
coalescence rises with the increasing number of drops with time 
during the transient stage. Eventually a steady state is reached 
where the rates of drop break-up and coalescence are balanced. 
In Figure 12 the results for transient Sauter mean diameter are 
shown, for both the manual and the automatic counting of drops 
for the n-butyl chloride/water system with φ = 45%. It shows 
clearly that, despite of numerous overlapping of drops in the 
images; obviously occurring in such highly concentrated 
dispersion - compare Figure 3; the automatic algorithm works 
very well. It gains almost the same values for the transient 
Sauter mean diameter than the manual observation for the two 
different stirrer types. The steady state values after 60 min of 
mixing have a deviation of 2.5 percent (d32;man. = 104.2 µm; 
d32;autom. = 101.9 µm) for the smaller stirrer and 5.5 percent for 
the larger one. 

CONCLUSION  
Image analysis has become a powerful tool for the work 

with particulate systems, occurring in chemical engineering. A 
major challenge is still the manual work load which comes with 
such applications. Additionally manual quantification also 
generates bias by different observers, which is shown in this 
study. Therefore the full automation of those systems is 
necessary. In this work we have introduced a MATLAB® based 
image recognition tool to count and measure particles in multi 
phase systems fully automatic. Up to now this software is 
limited to spherical particles but will be extended to irregular 
shapes as well. 

The program has reached hit rates of 95% with an error 
quotient under 1% and a detection of 250 drops per minute for 
simple images and hit rates of 40% with an error quotient of 
under 5% and a detection of 10 drops per minute for some 
difficult images. A parallelization on different cores in a multi-
core PC will increase those calculation times dramatically. 
Therewith online process observation and control will be 
possible. 
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