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Abstract

Mitochondria morphology reflects cellular health and is
linked to diseases like cancer and diabetes. While neu-
ral networks achieve high accuracy across diverse com-
puter vision tasks, they often lack interpretability and de-
mand substantial computational resources, as well as large
datasets. We propose a machine learning approach using
texture and fractal descriptors to classify yeast mitochon-
dria states. Our method provides an energy-efficient, inter-
pretable alternative that achieves performance comparable
to standard neural networks.
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1 Methodology

Our methodology extracts interpretable classifications
from raw microscopy images through these stages:

* Segmentation: We perform instance segmentation of
individual cells using Cellpose [6].

* Feature Extraction: We extract IBSI-compliant [3]
texture descriptors [5] (such as GLCM, GLRLM, and
GLSZM) alongside fractal features, including multi-
fractal analysis and lacunarity.

* Feature Selection: We prioritize model simplicity by
narrowing the descriptor set in three distinct phases.
First, we eliminate redundancy by grouping corre-
lated features and retaining the representative with
the highest mutual information relative to the target
variable. The remaining features are then ranked and
filtered using Recursive XGBoost [1], followed by
an exhaustive search to identify the optimal subset
of n features that maximizes the performance of a k-
nearest neighbor classifier [2].

2 Results and Comparison

We benchmarked our method against a ResNet model [4],
trained on the same dataset of isolated yeast cells.

We evaluate the performance using the Macro F1-score,
which calculates the mean of the Fl-scores for each
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Figure 1: Plot of the dataset using extracted texture fea-
tures: GLCM cluster prominence (x), GLCM difference
variance (y), and intensity volume histogram (z).

class to ensure that every mitochondrial state is weighted
equally, regardless of its sample size.

Our proposed method achieved a Macro Fl-score of
67%, approaching the 77% produced by the ResNet
model. The interpretable representation of the classifica-
tion is illustrated in Figure 1.

3 Conclusion

In our experiments, our proposed method was able to ap-
proximate the results of a standard neural network model,
showing that for isolated classification tasks, traditional
machine learning approaches and descriptors remain vi-
able alternatives, with potential advantages in terms of en-
ergy efficiency and explainability.
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