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Fig. 3. 2D segmentation of mitochondria on a single cell slice obtained using (a) Persistent Homology (PH) Algorithm,
(b) Traditional Segmentation Algorithm, (c) Hybrid Segmentation Algorithm, (d) MitoNet Model. Green pixels show True
Positive (TP), red pixels show False Positive (FP), and blue pixels show False Negative (FN). Region of interest (ROI)’s have
been darkened to improve contrast.
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Fig. 4. Illustration of the variability of the distribution of the cellular structures in four different cells. In all cells, the plasma
membrane is displayed in a very light gray, the nuclear envelope in light blue, invaginations of the nucleus in bright red, and
mitochondria in green. It can be noticed how mitochondria distribute in the cells: (a) uniform, (b) polarised towards left and
right, (c) uniform except for a small region, (c) concentrated towards the right.

indication of the size of the cell.
2 A negative (r = �0:4466) and significant (p = 0:0252)

correlation between the number of mitochondria and the av-
erage volume of mitochondria was found. This suggests that
the more mitochondria are present in a cell, the smaller they
are. This correlation would not be affected by the size of the
cell.

3 A negative (r = �0:4407) and significant (p = 0:0275)
correlation between the volume of the cytoplasm and the as-
pect ratio of the mitochondria, suggesting that the larger the
cytoplasm, the thinner and more elongated the mitochondria.

4. CONCLUSION

In this paper, a methodology to morphologically analyse
HeLa cells as observed with Electron Microscopy has been
described.

In order to characterise the shape of the nucleus, the in-
vaginations of the nuclear envelope were segmented using
conventional image processing methods. A segmentation of

mitochondria was also performed, during this process, dif-
ferent algorithms were compared in order to acquire a seg-
mentation that yields results similar to manual segmentation.
The deep learning model known as MitoNet outperformed all
other algorithms and was chosen to perform such segmenta-
tion. PH, hybrid and MitoNet were implemented in Python.
Image processing, the invaginations and metrics and correla-
tions were measured using MATLAB®.

The measurements were compared and correlations were
found between the total volume of invaginations and the to-
tal volume of mitochondria (r = 0 :5067), the total volume
of the cytoplasm and the aspect ratio of the mitochondria
(r = �0:4407), finally, the number of mitochondria and the
average volume of mitochondria (r = �0:4466). Whilst these
results are interesting, it is acknowledged that much more
could be explored in the future. Specifically, improving the
segmentation of mitochondria, extracting more morphologi-
cal measurements and developing the study of the correlations
between metrics.
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