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ABSTRACT

Three-dimensional reconstruction of biological specimens using electron microscopy by single particle
methodologies requires the identification and extraction of the imaged particles from the acquired micro-
graphs. Automatic and semiautomatic particle selection approaches can localize these particles, minimiz-
ing the user interaction, but at the cost of selecting a non-negligible number of incorrect particles, which
can corrupt the final three-dimensional reconstruction. In this work, we present a novel particle quality
assessment and sorting method that can separate most erroneously picked particles from correct ones.
The proposed method is based on multivariate statistical analysis of a particle set that has been picked
previously using any automatic or manual approach. The new method uses different sets of particle
descriptors, which are morphology-based, histogram-based and signal to noise analysis based. We have
tested our proposed algorithm with experimental data obtaining very satisfactory results. The algorithm

is freely available as a part of the Xmipp 3.0 package [http://xmipp.cnb.csic.es].

© 2013 Elsevier Inc. All rights reserved.

1. Introduction

Single particle analysis (SPA) techniques based on transmission
electron microscopy (TEM) can obtain three-dimensional (3D)
reconstructions of biological complexes near atomic resolution
(Zhang and Zhou, 2011). However, this high resolution studies re-
quire acquiring tens of thousands of projection images. The typical
particle selection or picking approach consists in locating the two-
dimensional (2D) projections of the biological structure under
study within the captured electron micrographs. This process
may be cumbersome, laborious and time consuming, especially if
done manually, and represents a major bottleneck for SPA of large
datasets. However, the success of the reconstruction crucially de-
pends on the number and the quality of the 2D picked particles.
In order to develop high-throughput methods that minimize the
user iteration in the different processing steps, a number of differ-
ent automatic and semiautomatic particle picking approaches have
been proposed. Automatic particle picking techniques (Chen and
Grigorieff, 2007; Adiga et al., 2004; Huang and Penczek, 2004; Ku-
mar et al., 2004; Ogura and Sato, 2005; Plaisier et al., 2004; Rath
and Frank, 2004; Roseman, 2004; Singh et al., 2004; Wong et al.,
2004) consist in image processing algorithms capable to detect
and boxing out the particle projections without the need of any
user interaction. These methods are usually fast and provide a
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large number of particles; however, they may have accuracy and
robustness problems, providing a relatively large set of incorrect
and erroneously picked particles (false positives). These false pos-
itives typically range, depending on the picking algorithm, from
fractions of 10% to more than 25% (Zhu et al., 2004). Therefore,
after the picking process, it is always required to perform a subse-
quent manual curation (screening) approach to reject false posi-
tives. In turn, semiautomatic picking approaches require the user
to provide an initial set of particles, which are manually picked.
From this training set, the algorithms learn the kind of objects to
be detected and boxed from the micrographs (Arbeldez et al.,
2011; Hall and Patwardhan, 2004; Mallick et al., 2004; Ogura
and Sato, 2004; Plaisier et al., 2004; Short, 2004; Sorzano et al.,
2009; Volkmann, 2004). These methods are halfway between man-
ual and automatic methodologies but they also require a posterior
manual particle screening process.

Incorrectly picked particles typically appear because the sample
presents some degree of heterogeneity and/or the existence of
overlapping or degraded particles in the dataset. Additionally,
some of the picked particles usually are strongly affected by noise
or may even contain only noise. Finally, the presence of image arti-
facts such as ice, dust and contaminations, can corrupt the detected
particles. In all of these cases, these picked particles represent false
positives and must be discarded. Fig. 1 shows an example of typical
cases of correctly and incorrectly picked particles. In Fig. 1(a), we
see a correctly picked particle (true positive) of Bovine papillomavi-
rus (Wolf et al., 2010). In turn, Fig. 1(b), (c) and (d) show examples
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Fig.1. Example of three kinds of typical automatic or semiautomatic particle picking problems; (a) correctly picked particle (true positive) of Bovine papillomavirus, two

overlapping particles (b), only noise image (c) and particle affected by an artifact (d).

of two overlapping particles, an only noise image and a particle af-
fected by an artifact, respectively.

Post-picking methodologies, based on processing the output of
automatic and/or semiautomatic particle picking methods, have
been previously proposed to separate particle images from non-
particle ones (Norousi et al., 2013; Sorzano et al., 2004). Since these
two strategies are conceptually close to our newly proposed ap-
proach, we will describe them in some depth in the following. In
(Norousi et al., 2013), a supervised discriminative post-picking ap-
proach based on characteristic features calculated from the boxed
out images is presented. This method requires the user to provide a
training dataset from the previously picked particles. The classifi-
cation is based on the extraction of distinct features, such as: radi-
ally weighted average intensity, phase symmetry and dark dot
dispersion. First, the radially weighted average intensity is calcu-
lated as a weighted sum of the pixel intensities. The weighting is
inversely proportional to the pixel’s Euclidean distance from the
image center. Note that this descriptor does not obtain reliable val-
ues in cases where the particle centroid is not placed exactly at the
image center. In these cases, the particles will be incorrectly con-
sidered as false positives. Additionally, the phase symmetry is
computed from a set of 2D wavelets that extracts local frequency
information (Kovesi, 1997). In (Norousi et al., 2013), it is claimed
that non-particle images will have larger locally symmetric areas,
but this consideration may not be general. Finally, the dark dot dis-
persion descriptor consists in convolving the image with a 2D sym-
metric Gaussian kernel and binarizing the resultant image using
the 0.95 intensity quartile. The authors establish that the average
distance between the dark detected regions is larger in particle
images than in non-particle images. Observe that the good perfor-
mance of this descriptor depends strongly on the signal-to-noise
ratio (SNR) of the images. Additionally, in (Sorzano et al., 2004) it
is presented a post-picking particle sorting method to determine
the quality of the input boxed images and identifying erroneous
particles. This method uses as descriptors both the radial average
intensity and the image histogram. Note that as mentioned before,
the radial average descriptor presents problems in cases where the
particle centroid is not placed in the image center.

Building on the large body of experience in the field, which has
been briefly presented in previous paragraphs, we present in this
work a new approach to particle quality sorting that outperforms
previous approaches while being computationally efficient. The
main objective of this work is to detect outliers (incorrectly picked
particles) from a previously picked dataset and not to be very accu-
rate in the fine assessment of correctly picked particles. The input
of the algorithm is a previously picked particle dataset that can be
affected by outliers and may be coming from any manual, semiau-
tomatic or automatic particle picking method. The unique require-
ment of our new approach is that there is a majority of correctly
picked particles in the dataset. For each of the provided particles,
several different types of descriptors are obtained, that are mor-
phology, histogram and noise-based. Morphology descriptors

encode information about the shape of the particles. Histogram
descriptors give statistical intensity information of the particle
images. Finally, noise-related descriptors allow for the separation
of noise-only images from those containing signal and noise. For
each particle and type of descriptor we compose a vector and, con-
sequently, we will have three vectors per particle. Stacking the vec-
tors of the same descriptor class and of all particles, we compose
three descriptor matrices. Using a principal component analysis
(PCA) dimensionality reduction approach (Roweis, 1998), we
obtain an error score (z-score) for each particle taking into account
the descriptor matrices. Furthermore, we study the statistical dis-
tribution of our proposed z-score under a set of simple hypothesis,
reaching the conclusion that z-score values around 3 should be
appropriated, specially when performing the sorting in a fully
automatic, parameter-less, high throughput way. Low values of
this z-score mean high reliability of the particle under study. Note
that a reliable z-score measure is of high importance as it can be
used to discriminate between true positive and false positive par-
ticles. Additionally, this reliable particle measure can also be uti-
lized as a weighting parameter of the different projections in
further processing steps, as for example the three-dimensional
density reconstruction, although we have not exploited this issue
in the present work.

The paper is organized as follows. In next section, we present
the particle quality assessment and sorting method. In Section 3,
we show some experimental data results and, finally, the discus-
sion and conclusions are given.

2. Methods

In this section, we present the proposed approach to obtain the
morphology, noise-based and histogram descriptors, as well as, the
method to compute the particle score from them.

2.1. Morphology descriptors

The morphology descriptors obtain image features that enable
discrimination of incorrect particlesbased on their general mor-
phology/shape while eliminating overlapping particles. A good
example of the kind of incorrectly picked particles that these mor-
phology descriptors will remove can be seen in Fig. 1. Note that the
shape of the particles shown in Fig. 1(b) and (d) is very different
from the particle shape shown in Fig. 1(a). Therefore, in these
cases, the morphology descriptors will provide valuable informa-
tion to differentiate between these correctly and incorrectly se-
lected particles. In this work, we use two different sets of
morphology descriptors. The first one is based on an image nor-
malization process using the spiral phase transform (SPT) method
(Larkin et al., 2001) and Fourier filtering. The second one is derived
from the particle autocorrelation map, which is sensitive to the
particle shape, at the same time that it is shift invariant.
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