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then defined as Precision = rR+FP,Recall = TPiFN
In some fields recall and precision are called sensitivity
and specificity. From precision and recall, performance was
derived as balanced F-score:

F 1+ 52) . precision * recall
B pr—

B2 x precision + recall

In our case S = 1 so recall and precision are evenly
weighted. The F-score was improved to 0.93 compared to the
manually chosen parameter set with 0.78. Reasoning from
the exhaustive-parameter optimization, only three (p3, p5 and
p7) of the initial seven parameters have a major impact on
the final STB mask quality. i/ p3: Size of mxm neighborhood
used in the maximum filter, ii/ p5: Threshold used for the
channel containing the staining to quantify, iii/ p7: Threshold
for morphologically opening the binary image.

We were also interested in the correlation of these three
parameters. Bitmap plots visualizing the correlation of these
three parameters can be found in Figure 5 to Figure 7 for
the respective parameter combinations. A legend matching
the colors to the performance is shown next to each figure.
From these figures it can be concluded that p3 and p5 have to
be chosen well otherwise a mask with a performance lower
than 75% will result. In contrast to this parameter tupel
the other two shown in Figure 6 and Figure 7 achieve a
performance of about 90%, even if we take the combination
with the lowest performance. This analysis is important for
later integration of this newly developed algorithm into a
graphical user-interface (GUI) that will be used by biologists,
so a focus on high impact parameters is desirable.

VI. CONCLUSIONS AND FUTURE WORK
A. Conclusion

We presented an algorithm to detect connected tis-
sue structures without previous nuclei detection. As large
amounts of images can now be acquired within short time,
analysis of huge connected tissue structures is of growing
importance and new algorithms are needed to overcome the
restrictions of nuclei-based detection. Furthermore, we eval-
uated this newly developed algorithm by using exhaustive-
parameter optimization. This process assured that the highest
possible performance of the algorithm was achieved. Addi-
tionally, it trimmed the amount of parameters, resulting in a
more manageable GUL

A first application of this novel automated cell-detection
analysis was presented at the International Federation of
Placenta Associations meeting in 2009 where we analyzed
expression of a protein (RAGE, the receptor for advanced
glycation end products) in PCV [3][4]. The algorithm was
optimized on one subregion per placenta. Afterwards the
same settings were automatically used for the whole stitched
placenta image. One acquired placental section consisted of a
stitched 9x9 set of fields of view, respectively 12,528x9,216
pixels.

B. Future Work

Future work will concentrate on extending cell-detection
technologies so that also cell types containing multiple nuclei

(e.g. Osteoclasts) can be properly detected, analyzed and
quantified. With additional markers and one labeling per
structure further classifications (e.g. stem villi) could be
accomplished. Another cell type that cannot be detected
at present using nuclei based methods are of course cells
without nuclei. Erythrocytes are an example for this class and
detecting them can improve protein quantification accuracy
due to the high autofluorescence associated with erythrocytes
in various channels.

During our evaluation we weighted both domain experts
equally. In case of n experts (e.g. n>3) different logical
combinations can make sense, e.g. weighting proportional
to expert level. Unanimous agreement as well as majority
voting are additional possibilities.
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