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Mitochondria is a subcellular structure responsible for crucial tasks like energy production, signaling, 

differentiation, and cell cycle. Evidence suggests that mitochondrial abnormalities are involved in aging 

and age-related neurodegenerative diseases, cancer, diabetes, and several other diseases [1][2][3]. High-

resolution microscopy techniques are used in mitochondria image acquisition. Automated image 

processing and analysis techniques are needed to segment, quantify, and analyze the large volumes of 

generated image data. 

 

This paper presents a deep learning approach to automatically segment mitochondrial structures in 

electron microscopy (EM) image volumes collected using focused ion beam scanning electron 

microscopy or with a volume scope. Deep learning methods [4] enable automatic learning of complex 

features required for visual pattern recognition. Deep learning methods have recently shown outstanding 

performance in biomedical applications involving computer vision and pattern recognition. We have 

developed a deep convolutional neural network (CNN) to segment mitochondria in EM volumes. Our 

CNN architecture (Figure 2) consists of four convolutional layers (one layer with 32 5x5x3, one layer 

with 32 5x5, one layer with 64 5x5, one layer with 64 4x4), three pooling layers, and one fully 

connected layer. CA1 Hippocampus Dataset [6][8] is used for training and testing of the proposed 

network. The dataset contains two volumes of mouse brain of EM images consisting of 165 slices of 

1024x768 pixel images each with 5x5x5 µm sample size and corresponding two-class ground truth 

volumes that indicate the class labels for each pixel. One volume is used for training; other volume is 

used for testing. Training is done with 32x32 non-overlapping blocks extracted from the training 

volume. Because of the disproportion between the mitochondria and non-mitochondria samples, 

mitochondria class training samples are augmented by rotation of the original mitochondria blocks. 

Testing is done by feeding the whole image to the network as described in [5] to efficiently simulate 

sliding window processing. 

 

Figure 1 shows a sample mitochondria segmentation result. We have compared the proposed method to 

recent state-of-the art mitochondria segmentation works in terms of Jaccard Index, 

JAC=TP/(TP+FP+FN), where TP, FP, and FN refer to true positives, false positives, and false negatives, 

respectively. Our preliminary results (Table 1) show that the proposed CNN structure produces better 

mitochondria segmentation in EM volumes compared to previous reports.   

 

Using this new image analytic tool, scientists can more accurately and efficiently quantify mitochondria 

ultrastructural changes upon disease onset.  We anticipate that this algorithm will be useful for numerous 

laboratories performing 3D volumetric imaging, relieving the need for tedious manual segmentation. 



This 3D view of mitochondria ultrastructure will allow another metric to characterize disease and 

perhaps utilized as a marker for early disease detection.   
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Table 1. Comparative results with other studies using the same CA1 Hippocampus Dataset. 
Methods JAC (%) 

Lucchi et al.[6] 94.8 

Neila et al.[7] 76.2 

Lucchi et al.[8] 86.7 

Proposed approach 96.4 

 
Figure 1. (a) Sample EM image, (b) ground truth, (c) segmentation result. 

 

 
Figure 2.  CNN architecture of our approach. 
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