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The first sample run was a “common milk chocolate” and 
the results of a typical run are shown in Figure 11. For 
each sample, multiple runs were made in order to check for 
repeatability in the results. The results were found to be very 
repeatable.

The second sample run was a “premium dark chocolate”. 
Once again, multiple runs were made in order to check for 
repeatability. The same library of particle images was used 
to perform the value filtering that had been used on the 
previous sample. As noted previously, the use of the same 
library particles for the filter on each sample insures that 
the same particles are being searched for in both samples. 
In other words, the same statistical comparisons are being 
made on both samples. The results for a typical run with the 
“premium dark chocolate” sample are shown in Figure 12.

In comparing the results of the two samples, one sees 
a volume percent composition of the “common milk 
chocolate” of 11.6%, as opposed to a volume percent 
composition of 7.25% for the “premium dark chocolate”. 
These results agree with a “qualitative taste testing” of the 
two chocolates: the milk chocolate is higher in sugar content 
than the dark chocolate, which leads to it tasting “sweeter”.

Although this example involves food, the same technique 
is applicable to any type of sample one can imagine. For 
instance a chemical manufacturer will want to know the 
individual percent content of a number of different particle 

types contained in a mixture. Another example would 
be quantifying the amount of oil contained in water that 
may have many other particle types present, such as in the 
petrochemical industry when evaluating “produced water”.

Example 2: Enumerating Algae in a Drinking 
Water Supply

In this second example, the goal is to actually quantify 
(enumerate) the amount of two different algae types 
contained in a water sample obtained from a public surface 
water supply. Some algae can cause noticeable “taste and 
odor” issues within drinking water, and are therefore 
undesirable. If these algae go untreated and “bloom”, residue 
will end up at the consumer’s tap, causing complaints and 
possibly panic. If the bloom is allowed to go this far, a major 

quantity of chemicals will be required 
in the reservoir to remove the algae. 
However, if the algae’s presence can 
be detected prior to a bloom, a small 
amount of treatment will prevent the 
bloom. This saves money for the utility 
and prevents unnecessary complaints.

To prevent this from occuring, the 
utility will take daily samples from the 
reservoir for analysis. In the past, these 
samples had to be examined under a 
microscope by trained technicians to 
enumerate the different species of algae 
present. This is not only expensive and 
time consuming, but also only allows 
for small amounts of sample to be 
analyzed due to the time required to 
manually perform the enumeration.

The FlowCAM is succesfully being 
used by a number of water utilities to 
automate this process using statistical 
pattern recognition techniques. Figure 

13 shows a screenshot of a typical water sample after data 
acquisition in the FlowCAM. Water samples tend to be 
extremely “sparse” by nature, having a very low number of 
particles per unit volume (in this case 1708 particles/ml). 
Because of this, using manual techniques with a microscope 
is very time consuming due to the fact that only a very small 
amount of sample can be viewed at a time. Therefore, the 
quantities that can be analyzed manually usually do not 
represent a good statistical sample.

This is a perfect example where automated imaging particle 
analysis using statistical pattern recognition can offer 

Figure 12: Results of the value filter classification on the “premium dark 
chocolate” sample. Out of 20,026 particles measured, 118 of them were classified 
as “sugars”, representing a Volume Percentage of the sample of 7.25%.
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immense savings in time and money. 
The technique is very starightforward: 
libraries (training sets) are built for 
each species of algae it is desired to 
enumerate, and then statistical pattern 
recognition is used to automatically 
quantify the amount of each species of 
algae within each sample. Remember 
that once these libraries are built 
satisfactorily (by a trained expert), 
they are saved and used as the basis for 
comparison on every incoming sample. 
The automatic analysis does not require 
an operator with any specific knowledge 
of algae identification once the libraries 
have been built.

Figure 14 shows a screenshot of the 
water sample with example images of 
the two types of algae we are interested 
in quantifying, Asterionella and 
Tabellaria. You will note that these 
two types of algae have very similar sizes, 
transparency, and other characteristics. It would be very 
difficult to construct a simple value filter that could easily 
distinguish between these two particle types.

Statistical pattern recognition, however, can be used to 
discriminate between the two different algae in a very 
straightforward manner. First, two sets of libraries (training 

sets) are built by an expert who can identify good examples 
of each type of algae, similar to the ones shown in Figure 
14. At this point, the statistical filter calculates the point for 
each class in a multidimensional space using all 26 variables 
collected by the FlowCAM. Finally, each particle in the 
sample is compared in this multidimensional space against 
the two libraries and scored against each. Each particle 
is then assigned to the nearest class, but only if its filter 

score is less than the confidence score 
determined by the filter. The remaning 
particles are left as “unclassified”. Figure 
15 shows the results of this automated 
classification.

Although the two classes of particles 
found in this example may be easy to 
distinguish by the human  
eye/brain (as seen in Figure 14), this 
is computationally a fairly advanced 
discrimination to make mathematically. 
The fact that the FlowCAM records 
26 different measurements for each 
particle gives the statistical filter the 
amount of data necessary to make such 
a subtle discrimination automatically. 
In this example, it makes it realistically 
possible to analyze enough sample to 
give statistically significant results in 
a very short period of time. Such an 
analysis performed manually by humans 

Figure 13: Overview of results from FlowCAM acqusition of particles from a water 
sample. Note the “sparseness” of the sample; it contains only 1708 particles/ml. 
Also note the diversity of different particle types found in the right hand window.

Figure 14: Water sample showing the two types of algae that need to be quantified: 
the upper right window shows Asterionella, and the lower right window shows 
Tabellaria. These two types of algae are very similar in size and transparency, so can 
not be as easily distinguished automatically.
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counting through a miroscope would be 
time and cost-prohibitive to perform on 
a regular basis.

Conclusions

The two examples detailed above show 
how statistical pattern recognition can 
be used to automatically differentiate 
and quantify unique particle types 
contained in a heterogeneous sample. 
The more subtle the distinctions being 
made, the higher the level of Particle 
Image Understanding required in order 
to make the distinction. Example 1 only 
required a simple Level 2 value filtering 
in order to quantify the sugars in the 
chocolate, whereas Example 2 required 
a Level 3 statistical filter in order 
to distinguish and quantify the two 
different algae types of interest.

These types of analyses may seem quite 
simple to the human eye/brain system, 
but are quite complex to accomplish 
automatically using mathematics in a 
computer. However, as we can see, this 
type of mathematical analysis is now within the realm of 
possibility to perform on common personal computers using 
off-the-shelf software. The key to performing this type of 
automated analysis is having an image acquisition system 
capable of producing the amount of different measurements 
required to make higher level Particle Image Understanding 
segmentations. Finally, the ability of such a system to collect 
enough particle images to produce statistically significant 
sample quantities will enable the use of these techniques in 
applications where performing manual analysis through a 
microscope would be cost and time-prohibitive.
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Figure 15: Results of the automated statistical classification. The “Clasify” window 
shows the particles identified as members of each class. Note there are two “tabs” in 
this window, one for each class. In this case the window shows the particles classified as 
“Asterionella”, but clicking on the “tab” labelled “Talaberia” would show the particles 
classified as that type. Particles in the right hand window are the particles left over as 
“unclassified”. Note also in the lower part of the left hand window that exact statistics 
(including count and concentration) for each class are summarized.


