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Cryo-electron tomography (cryo-ET) is an emerging technology for the 3D visualization of structural organizations 

and interactions of subcellular components at near-native state and sub-molecular resolution. Tomograms captured 
by cryo-ET contain heterogeneous structures representing the complex and dynamic subcellular environment. Since 

the structures are not purified or fluorescently labeled, the spatial organization and interaction between both the 

known and unknown structures can be studied in their native environment. The rapid advances of cryo-ET have 
generated abundant 3D cellular imaging data. However, the systematic localization, identification, segmentation, 

and structural recovery of the subcellular components have been very difficult due to the structural complexity and 

imaging limits. For example, the native macromolecular structures are very diverse. They can be inside a very 

crowded molecular environment. The tomograms are often of low signal-to-noise ratio and have missing values. 
Therefore, advanced efficient and accurate large-scale image analysis methods are needed for analyzing such 

tomogram data. 

 
We developed and adopted a suite of computer vision and machine learning methods for such analysis. In particular, 

we have developed a set of methods for the de novo structural pattern mining among cryo-ET data for the discovery 

of macromolecular structures without using any external structural template. These methods can be divided into 

following categories: subtomogram classification, subtomogram alignment and averaging, subtomogram and 
tomogram segmentation. Subtomogram classification aims at efficiently separating millions of subtomograms into 

structurally homogeneous subsets. Subtomogram alignment finds optimal rotation and translation so that two 

subtomograms can achieve maximal overlap. Subtomogram averaging overlay the aligned subtomograms 
containing identical structures in order to obtain improved resolution representation of the structure. Tomogram 

segmentation identifies the sub-regions of the tomogram that occupied by different types of subcellular components. 

 
Our efforts on the development of such structural pattern mining methods provide is an important step towards 

visual proteomics analysis of single cells using cryo-ET. 
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Figure 1. The figure above shows extracted structural patterns in cellular tomograms: (a) Slices of 3D tomogram 

images of two bacterial cells. Image data are from the Jensen Lab at Caltech. (b) Isosurfaces of instances of 

extracted structural patterns embedded into the original images. (c) Embedded instances, zooming in on a particular 
region. (d) Isosurfaces of one example structural pattern from each experiment. (e) Spatial distributions of instances 

of different structural patterns: left: the Ribosome like patterns distributed outside the nucleoid region; middle: 

patterns distributed on the nucleoid region; right: patterns distributed at the tip of the cell. For details, see our 
paper on Structure. 
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