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Introduction 
Understanding organelle morphology and distribution in mouse hepatocytes 

is essential for studying metabolic regulation and circadian rhythms. In 

particular, different feeding paradigms — night-restricted feeding (NRF) 

and continuous feeding (CF) — as well as day vs. night conditions 

strongly influence cellular metabolism. In Weger et al., these conditions 

were previously studied at the level of protein expression [1]. However, 

corresponding morphological changes remain largely unexplored. 

Transmission electron microscopy (TEM) provides nanometer-resolution 

imaging of subcellular structures, but manual segmentation of organelles 

across hundreds of images is time-consuming, expensive, prone to 

subjective bias, and not feasible at scale. Simplified approaches such as 

grid-based approximations are insufficient for accurate morphological 

analysis. 

This project develops a semi-automated machine learning approach to 

segment six organelle classes — mitochondria, nucleus, vesicles, 

glycogen, endoplasmic reticulum (ER), and the Golgi apparatus — across a 

dataset of 359 TEM images. 

Objectives 
• Develop a scalable EM segmentation framework with minimal manual 

annotation, enabling automated extraction of morphological features and 

generalization to additional datasets. 

• Extract quantitative metrics such as mitochondrial area and ER–

mitochondria interactions (e.g. contact length and distance). 

Data 
• 359 TEM images of mouse hepatocytes, unannotated 

• 6 organelle classes: mitochondria, nucleus, vesicles, glycogen, ER, 

Golgi apparatus 

• Samples acquired under different feeding paradigms and circadian 

timepoints

Fig. 1: Representative TEM image of mouse hepatocyte tissue (top) with corresponding segmentation 

mask (bottom). Different colors indicate individual segmented instances. Scale bar: 2 µm.
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Methods: Segmentation Pipeline

Preliminary Results 
Nucleus Segmentation 
• Default micro-SAM: visible but imprecise boundaries 

• Fine-tuned micro-SAM: markedly improved nucleus 

segmentation 

• U-Net trained on 17 images (+5 validation) achieves strong 

performance (IoU 0.83, Dice 0.86, Acc. 0.95) 

Mitochondria & Vesicles 
• micro-SAM auto-segmentation successfully identifies major 

mitochondria 

• Vesicles and glycogen remain challenging due to small size and 

require correction 

ER Segmentation (Classical Method) 
• Frangi filter enables effective ER ROI extraction and annotation. 

• A dedicated U-Net for ER segmentation is still to be trained. 

Current Status 
• Initial nucleus experiments demonstrate successful micro-SAM 

fine-tuning and promising U-Net generalization to unseen 

images. Extension of annotation and model training to the 

remaining organelle classes is ongoing.

Conclusion & Outlook 
micro-SAM enables efficient interactive and automated annotation for 

EM data. A segmentation framework for multiple organelle classes is 

under development; annotation of all six structures is ongoing. 

Next steps include fine-tuning micro-SAM and training U-Net models 

for additional organelles. 

Future work focuses on scalable quantitative analysis across all 359 

images (area, distances, contacts) and improving generalization 

across datasets. 

Fig. 2: Overview of the semi-automated segmentation pipeline, from unannotated TEM images through annotation, fine-tuning, and U-Net training to quantitative analysis.

• Stage 3 — Full Segmentation: 

Per-organelle U-Net [4] trained on ~50 annotated images for 

segmentation of the remaining 359 TEM images 

• Stage 4 — Quantitative Analysis: 

Extraction of morphometric features (area, count, size 

distributions, spatial relationships) 

• Stage 1 — Initial Annotations: 

micro-SAM (interactive + automated) [2], Frangi filter for ER 

[3], manual refinement for glycogen and Golgi 

• Stage 2 — Iterative Improvement: 

Domain-specific fine-tuning of micro-SAM on existing 

annotations, enabling iterative improvement and faster 

subsequent annotation

Fig. 3: Nucleus segmentation results of a U-Net trained on 17 annotated images (5 validation). 

Left: TEM image. Center: ground truth mask. Right: U-Net prediction on test images.
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