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1. Introduction

Cryogenic electron microscopy (CryoEM) is a
nobel-prize winning method for reconstructing 3D
models of biological particles. Reconstructing a high-
fidelity 3D model requires selecting the images that
contains the particle of interest that is of quality. Due
to the large number and noisy nature of CryoEM im-
ages, a 2D classification is used to select the images
for 3D reconstruction. However, little is known about
the discarded images beyond their inability to pro-
duce coherent averages. This challenge is further
compounded by variability among particle images
that share the same projection view but differ in trans-
lations, in-plane rotations, and defocus parameters.
To address these issues, we propose an efficient im-
age featurization that is invariant to translations and
rotations. This featurization enables unsupervised
learning of structural motifs directly of CryoEM im-
ages. The resulting feature manifold can be used to
vector quantize the images and form a map of Cry-
oEM data, via unsupervised clustering methods such
as Gaussian Mixture Models (GMMs). The manifold
allows us to visually separate junk from good parti-
cles, as well as an alternative way of selecting images
for 3D reconstruction. Furthermore, the manifold is
generalizable for different CryoEM data, and is able
to separate images containing different particles with-
out prior knowledge of the 3D structures.

2. Manifold of CryoEM data with translational and
rotational invariance

The utility of translational and rotational invariant
features is that the data manifold formed from im-
ages containing the same particle, featurized this way,
would cluster together even with different projected
views of the particle. Because features are invari-
ant to in-plane transformations, images representing
the same viewing angle collapse to the same point.
As particles rotate out of plane, these points trace a
continuous closed orbit on the manifold - a topologi-
cal representation of the particle’s projection space.
Distinct particles or "junk" images, which possess dif-
ferent structural features, will likely occupy separate
manifolds (or distinct regions of a manifold). This
topological separation enables the effective isolation
of high-quality particles from "junk" images. Further-
more, because these manifolds are already invariant
to translations and rotations, unsupervised methods
like Gaussian Mixture Models (GMMs) can cluster the
images to form class averages for vector quantization.

To obtain the features given an image g(x,y), we
first take the amplitude spectrum of the Fourier trans-

form of the image |G(u,v)| = |F"}{g(x,y)}|. Then we
take the inverse Fourier transform of |G(u,v)|. This
will give features that are invariant to translations and
commutes with rotations:

T(x,y) = F ' {IG(w0)[}. )

Next, we take the Zernike transform of T(x, y) that
is rotationally invariant: [1][2]

T(x,y) = Z am,nR,T(p)eimg. (2)

m,n

The absolute value of the Zernike coefficients, |, n|
are rotationally and translationally invariant. R (p)
is the radial part of the Zernike polynomial and e™?
is the angular part of the Zernike polynomial.

2.1 Experimental & simulated results

We first tested the method on the simulated
T20S[3] and 5MAC[4] CryoEM images with random
orientations. We simulated the images 256 x 256 with

a pixel size of 1A per pixel, a dose of 20 e~ /Az , energy
300keV and a defocus range of 10000A to 25000A. We
first phase flipped the images to remove aberrations,
then downsampled the images to 128 x 128 pixels then
extracted the translational and rotational invariant
features.

We also tested the method using 3 different EM-
PIAR datasets, EMPIAR-10025[3], EMPIAR-10028[5],
EMPIAR-11377[6]. EMPIAR is a database for CryoEM
data.[7] We first cropped the images from the micro-
graphs using CryoSPARC ( an existing software for
CryoEM 3D reconstruction ) [8], then processed the
images similarly with a downsampling of 64 x 64 pix-
els.

To visualize features we used PCA[9] first, keeping
95% of the variance, then use UMAP[10] to form a
lower dimensional embedding of the features. We
then used GMMs|[9] to cluster the images in the em-
bedded space and then calculated their respective
class averages.

In both Fig. 1 and 2, we can indeed see that the im-
ages containing the different particles are separated
without prior knowledge of the 3D structures. The
inset images on the scatter points are the class aver-
ages of the corresponding patch. We see that vector
quantizing the images in the embedded space is able
to form stable class averages and it is able to detect
junk classes. In Fig. 2, the junk classes are separated
from the main patch of good images.
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no. of images per particle
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Fig. 1: Shown are the embeddings of simulated T20S and 5MAC images. Each scatter point represents the
embedded translationally and rotationally invariant features extracted from an individual image. The inset
images in the scatter points are the GMMs class averages of the corresponding patch. Under identical
experimental conditions, images containing different particles form distinct clusters in the embedding space.
Furthermore, images with similar particle projections are identified via vector quantization in the embedding

space, yielding stable class averages.
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Fig. 2: Shown are the embeddings of real experimental data from EMPIAR-10025[3], EMPIAR-10028[5] and
EMPIAR-11377[6]. Here we verify that the method works on real experimental data, yielding stable class
averages after vector quantization and clear separation of images containing different particles. Notably,
experimental junk images are separated from the main cluster of high-quality particles. Inspecting images
from one such cluster (class 7) confirms that they correspond to ice-related artifacts.

3. Conclusion

We have presented a featurization framework that
is invariant to translations and rotations. We inves-
tigated the structure of the resulting feature mani-
fold for CryoEM images and observed that images
containing the same particle cluster together. This
property can be exploited to separate junk images
from particle-containing images through vector quan-

tization in the embedded space. For future works,
we plan to incorporate a broader range of CryoEM
datasets to construct a comprehensive data-atlas of
currently available CryoEM data. We anticipate that
such an atlas could provide insights about experimen-
tal conditions that contribute to particle loss.
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