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Macromolecule
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Cryo-electron tomography

2Weber et al, Cells, 2019

A: Sample preparation

B: Imaging through tilt-series

C: Data collection

D: 3D reconstruction & analysis



Structural pattern mining

Xu et al 2019



Classifying macromoleule structures in Cryo-ET

3github/xulabsImage data from Guo et al 2018



Subtomogram classification
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Image data from Jensen Lab



Cross-domain classification problem

Learned 
model

Knowledge 
transfer

Learned 
model

Source dataset Target dataset

1. Deep learning based 
classification achieved signicant 
improvement in accuracy and 
throughput. However it requires 
large amount of training data.

2. Annotating a dataset for training 
is laborious

3. It is ideal to transfer the 
knowledge from simulated 
dataset or already annotated 
dataset to new dataset.

4. However different datasets have 
different image intensity 
distributions due to different 
experimental conditions.
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Domain shift

A subtomogram:                   Class label: 

Source domain:                    Target domain: 

Covariate shift:

Prior probability shift:

Concept shift:
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3D Adversarial Domain Adaptation (ADA)

Adapted from Tzeng et al, CVPR, 2017 7



Algorithm & Model architecture
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Simulated datasets
Dataset batch A and B, each contains 5 datasets with different SNR

23*1000 subtomograms in each dataset

Different imaging condition: spherical aberration and defocus
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Cross-domain prediction accuracy
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● No DA
● Direct importance estimation
● Structural correspondence learning
● 3D ADA



Result visualization

13

TS
N

E
 e

m
be

dd
in

g
C

on
fu

si
on

 m
at

rix

Before ADA After ADA



Experimental dataset

1. Purified human 20S Proteasome and E.coli Ribosome (Zeev-Ben-Mordehai et 

al. 2016)

100 subtomograms in each class (including a None class)

2. Ribosome, TRiC, Proteasome from a rat neuron culture tomogram (Guo et al. 

2018)

80 subtomograms in each class

3. Purified Hemagglutinin, Apoferritin, Insulin receptor (Noble et al. 2018)

400 subtomograms in each class
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Cross-domain prediction accuracy
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Improvement on novel structure recovery
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Conclusion

1. Lack of annotated data is a major bottlenect for deep learning 

based supervised subtomogram classification

2. Beneficial to have training data from a separate data source 

where the annotation is readily available or can be performed 

in a high-throughput fashion.

3. Domain shift is a major bottleneck in cross-domain 

subtomogram classification, which leads to low prediction 

accuracy. 

4. 3D-ADA stably improves the cross-domain prediction under 

different imaging conditions.
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Automatic Localization and Identification 
of Mitochondria in Cellular Electron 

Cryo-Tomography using Faster-RCNN

R Li*, X Zeng*, et al. BMC Bioinformatics



Automatic Localization and Identification 
of Mitochondria in Cellular Electron 

Cryo-Tomography using Faster-RCNN 



Background

• Existing methods:
• Manual segmentation

• Time- and effort- consuming
• Automatic segmentation

• Focus on specific structures 
• Need precise annotations of contours

• Our goal: a simple and generic method of automatic identification and localization 
of subcellular structures of interest within in situ cryo-ET images with weak 
annotations



Method

The flowchart of our model

images

Pre-processing

Object detection



Method
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Method: object detection based on Faster RCNN

• Object detection in 2D images

• Faster RCNN[1]

• Feature extraction

• Region proposal generation

• RoI pooling

• Classification and regression

• Application in reconstructed tomogram 

slices

[1] S. Ren, K. He, R. Girshick, and J. Sun. Faster R-CNN: Towards real-time object detection with region proposal networks[C]. Conference and Workshop on Neural Information Processing 
Systems(NIPS). 2015. 



Results

• Dataset
• 9 tomograms containing 

mitochondria
• 486 2D slices manually annotated 

through LabelImg
• Train set:402
• Test set:80
• Annotation format:

• PASCAL VOC

• Metrics: AP, IoU, F1 score



Results

• Data preprocessing: noise reduction and contrast enhancement



Results

• Prediction performance



Results

• Source of error
• Too small mitochondria
• Incomplete structure
• Quality of the original image



Results

• Prediction on 3D tomogram slices



Conclusion

• The first work to apply Faster-RCNN model to Cryo-ET data
• Demonstrated the high accuracy (AP > 0.95 and IoU > 0.7) and robustness of 

detection and classification tasks of intracellular mitochondria
• Can be generalized to detect multiple cellular components

• Future work
• Improving the accuracy of localization
• Exploring the effects of different network structures 
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