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RESUMEN

El microscopioelectrénio de transmision(TEM) es un dispositivo muy Utipara
adquirir informacién estructural delos complejos macromolecularen las células
vivas. TEM presentaaberracione®pticasque suelen ser modeladas el espaciode
Fourierpor la funcionde transferencia de contra¢(@TF). La determinacion exacide
la CTF escrucial parasu posterior correcciGnPor ota parte la estimacionde la CTF
debe serrapiday robustasi se pretenden llevar a cabo estudios ndieroscopia
electronicade altorendimientoen tres dimensioneSIDEM).

En este proyectosse presentarvarias metodologiason el propésito demejorar el
algoritmo querealiza la estimacion da CTF ajustando un modelo da densidad del
espectro depotencia (PSD) medida en una micrografia especifica Primero nos
centranos en mejorar el meétodo existente da estimacionde la CTF. Luego
estudiaremoda detecion the estimacionesncorrectasde la CTF y PSDs de baja
calidad mediante la generacion ddasificacionescon varios criteriosdesarrollados
teniendo en cuenta distintos parametrode la PSD. Finalmente, analizamosla
posibilidad de volver a calculada CTF de las micrografias cuya®SD eran dealta

calidadpero cuyas estimaciones @&F se calcularon de manera erronea.

La metodologiadesarrolladeesta implementadan C++ y Javausando el entornde
desarrollo Eclipseen un sistemaperativoLinux. Esta nueva metodolog&e presenta
como partedel softwarede codigoabiertode imagerdigital XMIPP (X-windows based
microscopy image processing packagéMIPP es un programde continuodesarrolb
del Centro Nacional de Biotecnologia(CSIC), y estaorientadoa la transformacion
completa de las particulas deEM, desdela adquisicion dela imagen hasta la

reconstruccion 3D
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ABSTRACT

Transmission electron microse®plrEM) is a very useful device to acquire structural
information about macromolealar complexes within living cellsTEM introduces
optical aberrations thare usuallymodeled in Fourier space by the-called contrast
transfer function (CTF). Accurate determinatiof the CTF is crucial for itposterior
correction. Furthermore, tH€TF estimation must be fast and robust if higfroughput

threedimensional electron microscof§DEM) studies are to be carried out.

In this poject we presentseveral methodologies that improve thigorithm that
estimates theCTF by fitting a model ofthe powerspectrum density (PSDyith its
measure on a specific micrograpie first focuson correcting an existing CTF
estimation Then we study thedetecion of wrong CTF estimationsand lowquality
PSDsby generating classifications with several gigedevelopedaking irto account
different parameters of the PSBt the end, we explore the recalculation of the CTF

estimations oimages for which higlguality PSDwas detected previously.

The developed methodology is implemented in C++ and Javausing Eclipse
development environmernin a Linux operating systemThis new methodology is
currently apart of the opensourcedigital image processingoftware XMIPP (X-
windows based microscopy image processing pag¢kag®IPP is continiously
developed bythe National Center of Biotechnology (CSl@nd is oriented to the full
processing of EMsingle particlesmages in structural biologyrom image acquisition

to 3D reconstruction.
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1. INTRODUCTION

Biology is now one of the scientific fieldbat integrate muliscaleknowledge due to
cellular, molecular and genetic discoveries that are taking place. The analyses of these
large amounts of data are particularly powerful when they can be interpreted graphically
by images representing how the different events occur in cellular and mollexels.

This leads us tohighresolution (< 1nm) structures from transmission electron
microscopy (TEM)images. There are various data acquisition techniques, each time
more powerful, but those images must be processed in order to higthieyhtost
relevant part of the information. It is at this point wheeéecommunicatiorengineers

play a fundamental role, since image processingnigact a two-dimensionalsignal
processingnd signal processing acommon topic in our field

Structural biology isa key tool to fully understand thinction of macromolecular
complexes within living cellsTEM is a very usefukechniqueto acquire structural
information about these complexes. However, the electron microsdigterts the
structural information by chmging amplitudesand phase# recorded images. This is
due to theaberrationghat existin the microscope as in any imagidgvice, and to the
particular nature of the propagationedéctron wavesTlhese distortions can be modeled
in Fourier space by anultiplication of the Fourier transfornof an ideal twe
dimensional projection of a thre&Bmensionalobject with the microscope transfer

function calledin the field Contrast Transfer Function (CTF).

The final stepin structural biologyby TEM is threedimensional reconstruction from
TEM images ofmacromoleculacomplexesThe CTF estimatiorand correction has to
be carried out as iseverely limits the achievable resolution in the thi@eensional

reconstruction.
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Automated methods for data collection increase the data quantity that can be collected
during a single EM. These methods combined with techniques for automated particle
picking can generate #reedimensionalreconstruction at swbanometer resolution
within 24 foursafter inserting the specimen grid into the microscope. However, for a

high-resolution reconstruction, data quality is as much important as data quantity.

This master thesis is about t8@F estimation from TEM image3he main objective is
to implement control checks to detect wrongly estimated CTF and design robust
algorithms for theimprovement of CTF estimation Outstanding overall data quality

will producea more preciséhreedimensionaleconstruction.
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2. ELECTRON MICROSCOPY PRINCIPLES

2.1. Electron Microscope

The electron microscope is a device that uses highly accelerated electrons, focused with
electromagnet i c ndsemteeasmdmen ander stufbge Fig.NL. i ma g
The source of illuminadn is a filament (cathodejhat emits the electrons. Since
electrons are scattered by air molecules, the air must be rerbyveictating a high
vacuum. The electrons are accelerated from the cathode to a nearby(eleotiec
potentials in the order of0® kV or higher are typically used). Magnetic coils act as
lenses and focus the electron beam crossing the specimerouidegning electron

beam isrecorded by a photographic plate or a CCD array. Mbshe electrons never
interact with the specimen andnly contributeto form a background noise. A few
electrons will interacelastically (without changing their energy) with the specimen and,
finally, a negligible amounyill interact strongly (inelastic scattering).

Filament —.Iul

Anode — ===
Column —» : - :
H B Condensing lens

— i —

— : Objective lens

Sample holder— ¢ b .

[ Ji L]
mHm

: Projective lens
— E —

Fosforescent screen —

-

Image plane 4

Fig. 1 Shemdic representation of an electron microscope
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As any other imaging device, the electron microscope introduces some distortion in the
acquired images. This distortion is usually modeled in a first order approximation by the
convolution with a Point Spredéunction (PSF). Itsepresentatioim the Fourier space

is calledthe Contrast Transfer Function (CTF).

The CTF looks like a damped twbmensional sinéunction Theeffect of the CTF is
twofold: it introduces zones of alternate contrast (some compoaesfwojected as
white on a black background, while others are projected as black on a white

background) and it introduces band pass filtration.

Fig. 2 Experimental PSD

The CTF severely limits the achievable deson in the thmeedimensional
reconstructionln particular, it filters both the high aritle low frequencies, introduces
zones of alternateontrast and eliminates all information at certain frequencies. It is,
therefore, desirable teplace the reconstructiombt ai ned by a o6r eal
reconstruction that would bebtained from images thatould be produced by an ideal,

aberratiorfree microscope.

11
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The biological sample

Before taking into account the reconstruction problem itself, we shiiggdss the kind

of object to be reconstructed and its behavior during the recording process. Biological
macromoleculesre small. Their ge ranges from 100 to 10,00d@troms This small

size implies that @irect manipulation is extremely difficult, &t all possible, and can
only be performed undemather restrained conditions, which represents an obstacle for
their characterization.

The conditions inside the electron microscope, high vacuum and high electron radiation
level, are very deleterious fdahe specimens, which should therefore be protected
somehow(for example by embedding the sample in ice). This protection has as a side
effect in thatit decreases the sigr@d-noise ratio (SNR)In addition, the problem of
beam inducedlamage is by no mea negligible. Electron radiation induces intense
ionization ofthe sample with the formation of free radicals and ions that produce
important alterations ofhe structure. In order to minimize this damage, very low
electron doses are used, which turn poduce images with extremely low SNR.

Typically observed SNRs can be as lowl4D.

The solution devised for improving the poSNR in the micrographs has been to

A a v e roeegneany (thousands) alentical copies of the speciméerhiscan be done
directly in the case of 2D crystalwhere particles area priori ordered (a crystak a
structure made by an object that repeats itself following a regular pattern), or in the case
of single particles (i.e., identical copies of a molecule that are redoird random
orientationsinside the electron microscope) only after translational and rotational

alignment.

12
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Fig. 3 A micrograph

Noise

As already introduced, the SNR in EM image processing is very low. Noise is generated
by many sources. Among others the low, and possibly varying, electron dose, the
random naturef the electron emission, the interaction of the electrons with the sample
holder, the granulacomposition of the film where the image is recorded, the electroni
noise of the scanner usaadigitize the image, etd.he resulting noise has been shown

to be aditive and normally distributedThis helps simplifying the mathematical
formulation of many of the optimizatigoroblems involved from the image acquisition

step towards the 3D reconstruction of thecromolecule.

13
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3D Reconstruction

Different approaches have been devised to reconstruct 3D structures from their EM
projections.These approaches can be classified depending on the kind of data they work
with, more specifically on the kind of symmetry that the imaged particle exhibits. In the
case ofhelical filaments, a single view carries enough information to reconstruct the
specimen upto certain resolution Other types of symmetry that are typically
encounered for biological macromolecules are:-2fystalsandicosahedraViruses.For

the general case, however, sannot count on symmetry. In the rest of thisjectwe

will focus on the latter case, whichtermedsingle particle reconstructidfrig. 4).

The process followed to obtain a 3Bconstruction for single particles can be briefly
described as follows (only those steps related to the digital image processing will be
enumerated):
1. Images containing many identical copies of the specimereeoeded in the
electronmicroscope and converted to digital form.
2. Micrographs may be preprocessed:
(i) aberrations introduced by the microscope (CaF¢ estimated and
corrected,
(i) images are denoised.
3. Particle projections are identified aextracted from the micrographs.
4. Projections ar@eormalized,aligned and classified (the particles are classified
to distinguishpossible structural variability, different projection directions or
contaminating particles)his is an iterative procesd)e better the particles are
aligned the better they may bkassified, and viceersa.
5. Finally, when a structurally homogeneous and aligned set of particles has

been obtainedt can be combined to obtain a volume.

The whole procedure is iterative, stna first rough reconstruction helps to better
identify, classify and align the 2D projections. The newly aligned projections are then
used to builda finer reconstruction which in turn is again used to align the 2D
projections. This process iterated uatil convergence (usually defined as no significant
change of the projectioalignment, or no significant improvement of the resolution

achieved.)

14
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Fig. 4 Schematic workflow of EM image processing analysis
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2.2. Mathematical basis of the determination of the contrast transfer function
We first presentthe algorithm that fitsa theoretical powerspectrum density (PSD)

based on a CTF model to the PBBasured on a speiciimicrograph.
The estimation of CTparameters is usually performed in two steps:

e Estimation of the power spectrum depsiThe PSDdetermines the amount of
energy present at each spectral frequency. Considering the CTF as a transfer
function of a linear system that takes an input (unknamage and transforms
it into an output (experimentally observed) image, and without taking into
account noise, the PSD of the output image is the PSD of the input image
multiplied by the square modulus of the CTF. Therefore, the PSD of

experimental images directly related to the CTF.

e Estimation of CTF parameters. Once the PSD has been computed, CTF
parameters corresponding to the experimental PSD are estimated. This is usually
done by minimizing some measure of dissimilarity between the experimental
P and the theoretical PSD determirgdthe CTF parameters.

First, we are going to desbe the PSD model that is fitteshd therwe will explain the

algorithm that has been developed for fitting BED parameters.

PSD Model
We assme that the model @fe imageformed in the electron microscope is

Pexperimental (T) = h(?") * (pideal (T') + pnb (T')) + Pn, (T‘) (1)
Wherer € R? is a spatial locationp;,..; is the ideal projection of the 3D object

studied,h is the point spread function (PSF) of the microscope, mndand p,

represent noise terms added before and after the convolution with the PSF.

16
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Given this image formation model, the correspagd?SD is
PSDexperimental(R) = |H(R)|2(P5Dideal(R) + PSDnb(R)) + PSDna(R) (2)

WhereR € R? is a spatial frequency! (R) is the Fourier transform of the PSF (i.e. the
CTF), andPSD,,, (R) andPSD, (R) are the power spectrum density of the noise terms.

We assuméSD;;..:(R) = 0, which is not so far from the truince the noise power
is much more important than the sigr@dwer in a typical electron micrograph.
Moreover, wewill assume that theoise before the CTF is whisD,, (R) = K 2,

Under these two hypotheses, the mailiplifies to
PSDtheoretical(R) = Kle(R)lz + PSDna(R) (3)

The structure of this PSD fermed by two terms. Thirst one is the PSD of the noise
colored by the CTF. Theecond one is the PSD of the noise after CTF arefasred to
as 006bac k gWodalksrodtbede tvio$ebns are describethenext sections.

CTF model

A typical micoscope has a frequency response approximated by

Higea(R) = —((sin(x(R)) + Q(R) cos(x(R))) 4)

whereQ(R) is the fraction of electrons being scattered at each frequency (in our model

it is assumed to be consta@t,) and
2 1 4 12
x(R) = IAF(RIIRI® + 5 Cs IRI* A (5)

C, represats the spherical aberration coefficient, &fqR) is the defocus vector given

by

17
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Af(R) = (Afy cos(<R —0),Afy, cos(<R — 0)) (6)

<R is the angle of the 2D frequengy The defocus vectodescribes an ellipse with
major and minor seraxesAf,, respectively. The angle of the major saaxis with

respect to the horizontal axisdsA is the electron wavelength which is computed as

123
A= (7)
V+ 106 V2

whereV is the acceleration voltage of the microscope.

A real microscope has a frequency response similar to the ideal one except for a
damping envelopé&(R), which resilts in a lowpass filtering of the ideally projected

3D object. Thus, the frequency response of a real microscope is

H(R) = E(R) Higea:(R) (8)

We consider three different effects hindering the maximum achievable resolution: the

beam energy spread, the beam coherence, and the sample drift. The three effects

combine into a single envelope function as
E(R) = Espread (R) Ecoherence (R) Edrift (R) (9)

The beam energy spread envelope is computed as

(GenE 2

log (2)

Espread (R) = exp |R|4 (10)

18
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where(C, is the chromatic aberration coefficie%, is the energy spread of the emitted

. . . Al,.
electrons represented as a fraction of thainal acceleration voltage, aF}dIS the lens

current instability expressed as a fraction of the nominal current.

We compute the beam coherence envelope as

Econerence = exp(—m? a® (Cs 22 [R|® + |Af(R)| |R])?) (11)
wherea is the semangle of aperture.

Finally, assuming the mechanical displacement perpendicular to the focahplamel
the displacement in the focal plane (drift®, the envelope due to sampdift is
modeled as

Eqrife(R) = Jo(r AF 2 |R[*)sinc (|R|AR) (12)

The envelope modél can be well approximated by a Gaussian functioAARf= AR =

A7V = % = 0and C; A2 |R|®> « Af(R)|R|. However, our model is not simplified in this

way and keeps all envelope terms modeling the microscope physics.

Summarizing, the parameters required to fully specify the CTF in our model are
(K.V,Co, Afup, A6, Qo Ca o, 5, AF, AR ) (13)

We assume that andC, are fixed for a given microscope and known by the user. The

rest of the parameters, 11 in total, will be searched by our algorithm.
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Background PSD model

We assume the noise after the CTF to be colored by the film/scanner or CCD frequency
response. Physically modeling the corresponding PSD as the output of a linear system,
although possible, is out of the scope of this work. Insteasl,wN¥ model the
background PSD as a linear combination of exponential functions. The background
PSD depend®nR mainly ase VIR, This term has to be corrected at low resolution
with a couple of Gaussians, a positive and a negative one. The formal fmotiee
background noise PSD used in this work is

PSD,_(R) = b + K, exp (—|s(R)|JW)
+ K exp(=IG(R)| (IR| = [C(R)D?)
— K exp(—=lg(®| (R] = |c(R)D? (14)

where

s(R) = (syycos(ZR —0,), sy, sin (<R —06,)),

C(R) = (Cycos(ZR—6;), C,sin (LR —6y)),

G(R) = (Gy cos(ZR —6;), G,,sin (R —0;)), (15)
c(R) = (cycos(£R —6,), cyysin (R —6,)),

g(R) = (gy cos(R — Hg), Im sin (R —6,)).

The first term provides a constant baseline; the second term is a decaying exponentia
representing the background PSD behavior; the third and fourth terms of the model are
intended to provide more flexibility in the PSD modeling process. The second term will
be referred to as thé - exponential term because of its dependence on theesopatr

of the frequency. The third and fourth terms will be referred to as the positive and
negative Gaussians, respectively. To simplify the writing of the equations we will use

the following notation for the background PSD

PSD,,(R) = b + PSD +(R) + PSDg(R) — PSD,(R)
= PSDlower(R) - PSDg(R) (16)
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All terms are assumed to be elliptically symmetric accounting for a possible anisotropy

of the noise after convolution with the CTF.

Summarizing, there are 17 parameters defining the background PSD, namely
(b, K, Sw1» Sm» 05, K, Gag, Gy Cogy Cons 0, K Gt G Cts s 0 )- (17)

CTF determination algorithm

The CTF determination algorithm searches automatic#dly the values of the 28
unknown parameters (11 ftre CTF and 17 for the backgroundise) determininghe
estimatedPSD that best fits the experimental PSD.

The flow diagram below shows the scheme of the CTF determination model. We first
obtain the experimental PSD from the micrograph. The enhancement of the BSD is
filtering method fo improving visibility of diffraction rings in the experimental PSD of
micrographs. We will use the experimental PSD and the enhanced version of the PSD
to determine the CTparameterbased on a theoretical PSD model. The output will be
the estimated H3

[ Micrograph ]

[ Experimental PSD]

CTF determination algorithm
(based on Theoretical PSD)

[ Estimated PSD ]

[ Enhanced PSD ]

Fig. 5 Schematic diagram of CTF determination model
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This fit is evaluated as a fit of two 2D images. The determined CTF is therefore also a
2D image. Attempting to look simultaneously for all 28 parameters without any
guidance is a formidable task for any optimizatadgorithm. Hence, the optimization
problem isdivided into smaller sub problems that can be easily sahtb@r because
there is an analytical solution or becau$ey involve the adjustment of a few
paraneters withrespect to the values of parameters found in a previouso$tdye
algorithm.

Therefore, the parameters of the CTFvesl as those of the background PSD are
determined in théollowing four steps:

AStep 1: Determination of the theoreti®8$D lowerbound.

AStep 2: Determination of the theoretical PSD ugymemd.

AStep 3: Defocus determination.

AStep 4: Final model adjustment.

As will be further explained, the fitting is always done by minimizing a given measure

of error between a 2D experimental PSD and a 2D theoretical PSD computed for the
values of parameters known at the stage (parameters are progressively estimated; thus,
in the first substeps only a few of them are known). In our algorithm, the dissimilarity

between two 2D images is usually computed based ol-therm of the error vector.

This is so since computing the absolute value of a given quantity is much faster than
performing a multiplication (related to the more popular norm). The employed
optimizer is the Powell 6s conjugate gradie]
convergence without the need of explicit derivatives of the goal function. However,

there are situations in which the problem structure is simple enough so that a solution of

the weighted,- norm optimization problem can be analytically computed. In these

cases, we first compute the analytical solution of the corresponding welghtemm
optimization probl em, and then input it to

thel,- norm related problem.
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Except in step 4c, all optimizations arefpemed by considering a coarse regular grid

of frequencies. That is, we do not compare all possible frequencies since this will result
in a much slower algorithm. In the last optimization step, the coarse regular grid is made
finer and finer until all avéable frequencies are used for the fitting.

To understand better the adjustment of parameters of the CTF, we are going to analyze
each step with an example of a well estim®&dD of a random micrograph-({g. 6). In

the left hand side of the image we e the left half plane of tlrenhanced®SD. The

right handside shows the estimated PSD. The idea is to observe if both sides match

correctly to determine whether the estimation has been done correctly or not.

Fig. 6 Enhanced PSD vs estimated PSD

The fitting is done in 2 dimensions, over the X axis and the Y,axécause we are
processing 2D images. Howevahe CTF parameter are fitted imposing a radial
symmetricbackgroundso we are going to observe the graphshefradial average of
theenhancedSDand theestimated®SD.
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Step 1: Determination of the theoretical PSD lower bound.
The estimation of the theoretical PSD lower bound is performed in four substeps:
e Steps la and 1bdastment of initial values of th¢ - exponential parameters
and of the baseline.
e Steps 1c and 1d:dmstment of initial values of the positive Gaussian

parameters.

Steps l1a and 1b: adjustment of initial values of thg - exponential parameters

and of the baseline

In this step, we compute rough estimates of paramki&tss,,, s,, andd,. First, an
initial guess withs,, = s, andf, = 0 is found so that th&- norm of the error between

the experimental PSD and the theoretical PSiniisimized. Second, this solution is
refined now lettings,, # s,, andf, # 0 so that it optimizes the error in the error in the

[, sense. Finally, the theoretical PSD is further refined by optimization of a penalized
l,-error measure. This penalizatiomoves down the estimat@®$D,;,.oreticar SO that it

becomes a lower bound of the experimental PSD.

Step la parameters,, sy, s,, and 6, are sought with the constraintg = s,, and
0, = 0 so that thel,- norm of the error betweethe experimental PSD and the
theoretical PSD is minimized. This is achieved by the weighted $emstres solution of

the equation system

IOg (PSDexperimental(R)) = log(Ks) - Sm v |R| (18)

where we have one equation for each R in a regular(gadR?, the region in the
frequency space where the two PSDs (experimental &edrdtical) are being
compared. In practice) is an annular region defined by the inner and outer radii
specified by the user. It is important to judiciously select this region since at very low
frequencies the approximati®sD;;.,; (R) = 0 is not vdid. The weight of each one of

these equations is

w(R) =1+ max|R'| — |R| (19)
Rre)
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That is, the goal function to be minimized is

L= z W(Rl) (log (PSDexperimental (Rl)) - lOg(Ks) + Sm \/m)z (20)

Rie)

Below there is an illustration of this first steffrom now on, we will only show the
enhanced PSD toompare it to the estimad PSD.The red line is the rhancedPSD
and the green line is trestimated®SD. In this step, we first give an upper bound which
adjusts fairly well to the final part of the curve.
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Fig. 7 Radial averageof enhanced PSD (red) and estimated PSD (green) after step la

Steplh The first guess of th¢ - exponential term obtained in the previous step is
refined and pushed down in this step. To this goal, the two constygistss,, and

0, = 0 are removed, #hparameteb (whose initial value is 0) is also estimated, and the
error is penalized at frequencies where the theoretical PSD is above the experimental
PSD.
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Thus, the functional to be minimized in this step is

L= z |P5Dexperimental(Ri) - (b + PSD\/_(RI:)) |

Riel

(1 + WIPSDexperimental<PSDtheoretical(Ri)) (21)

wherel,(x) denotes the indicator function (this function is one if x belongs to the set A,
and is O otherwise), W is the penalization weight and follows the sequence 0, 2, 4, 8, 16,
and 32. For each W, Powel |l 6s conjugate

penalized functional starting from the solution obtained for the previous value of W.

An illustration of this step is shown

23
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Fig. 8 Radial average of enhanced PSD (red) and estimated PSD (green) after step 1b
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Steps 1c andld: adjustment of initial values of the positive Gaussian parameters.

In this step, we compute rough estimates of paramgters,, C,,, andf; and refine
these newly introduced parameters together with the ones of the baseline gnd the
exponential ternib, K, sy, s, andé,). As in Steps la and 1b, the positive Gaussian
term of the background PSD is computed in two steps: first, a constfainestror
optimization is performed on a low frequency region of the experimaP&id
previously radially symmetrized. This produces a radially symmetric Gaussian that
helps they - exponential term to reproduce the low frequency spectrum of the
experimental PSD; second, the condition of radial symmetry of the Gaussian is

removed, and penalized, T error optimization is performed.

Step 1c the experimental PSD is radially symmetrized as well as the pentiized-
exponential term and baseline found in Step 1.Starting from the lowest frequency, we
look for the first frequency awhich the two curves are closer. This frequency called
R,.in determines the end of the low frequency region. Within this region, we look for
the frequency at which the two curves are more sepamgied, Parameters,, andc,,

are set t@y, = ¢, = Ry ;IS set to 0, and,, is constrained to be equal @q,.
Therefore, only parameteks, andGyare left. They are chosen so that they minimize
the weighted, i norm of the error between the experimental PSD and the theoretical

PSD.This is achieved by the weighted leaguares solution of the equation system,
log(PSDexperimental(R) - (b + PSD\/'(R))) = lOgKG - GM(IRI - CM)Z (22)

We evaluate this equation in the same spectral grid points as the onebf-the

exponential and we give tlsame weight as in EQ19).
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The radial average of thaleanced®SD after this step is shown below.
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Fig. 9 Radial average of enhanced PSD (red) and estimated PSD (green) after step 1c

Step 1d: this curve is also pushed down so that it really is a background support. The

pushing down is done by minimization of

L= Z |P5Dexperimental (Ry)

RieQl

- PSDloweT (Rl)l (1 + WIPSDexperimental <P5Dtheoretical(Ri)) (23)

With respect to all parameters estimated estimated so far. The Meigiibws the
sequence 0, 2, 4, 8, 16 and 32. The output of this Step 1d is taléldeoretical PSD
lower bound. It is a fully 2D lower bound although for clarity purposes we only

represent its radial average.
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Fig. 10 Radial average of enhanced PSD (red) and estimated PSD (green) after step 1d

Step 2: Determination of the theoretical PSD upper bound.

AV Al
v’

In this step, we search for the following parameters of the envelgpg, ,AF,

andAR. The other two unknown parameters of the enve{@dyeanda) are coupled in

the termE  perence- They will be determined in Step 3 when searching for defocus
parametergAfy, Af,,0) on which this term depends. Therefore, we assume that
Af(R) = (0,0) anda = 0 (i.e., E¢operence (R) = 1 at this point. We seSD,, (R) to its

lower bound found in Step 1d and we only look for the envelope parameters. As in Step
1d, the search for the upper bound of the PSD is performed by minimizing a penalized

goal function. The goal function used in this step is

L= Z |P5Dexperimental(Ri) - (PSDlower(Ri) + KZEZ(Ri))I

Ri€N

(1 + WIPSDexperimental>PSDtheoretical(Ri)) (24)
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The initial values of the umlown parameters in this optimization step are

AV Al ©)
(K,CQ,V,T,AF,AR)z(LCa ,0,0,0,0) (25)

whereCa(O) Is an initial chromatic aberration coefficient that can be supplied by the user
(by default, its value is 0). The penalizativhfollows the sequence 0, 2, 4, 8, 16 and

32.

The output of this step is referred to as the theoretical PSD lower and uppeisbo
There is no graphic representation of this step, but the idea is the same as in step 1.
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Step 3: Defocus determination.

In this step, we determine the defocus paramétefis, Af,,, 0) and the aperture semi
anglea. First, we compute a rough estimate of the defocus values making use of the
estimated lower and upper bounds. Then, we refine all parameters determined until that

point.

One of the problems encountered when fitting a PSD model is that the fitting errors

committed at high frequencies are of little importance because of the PSD amplitude

damping (the PSD amplitude is very small at these high frequencies). Here is where the
lower and upper bounds of the PSD come into play to help us define an error measure
that is less dependent on the frequency. Given the lower WRfing, ., (R) and the

upper boundSD,,,.-(R) + K? E? (R), each PSD used in this step is nolineal as

follows

PSD(R) - PSDlower(R)

P R = B Drger (R) + KZEZ(R) — PSDigryer (R)

_ PSD(R) - PSDlower(R)
B K2 E2 (R)

(26)

This normalization guarantees that any PSD within the lower and upper bounds will be
mapped between 0 and 1, and therefore all frequencies will similarly contribute to the

PSD fitting error as long as the lower and upper bounds are accurately computed.

Thegoal function to be minimized at this stage is

1 DO ——
L = @ Z |P5D experimental(Ri) — PSD defocus(Ri)I

Rie Q

- p (m enhanced(Ri): Hideal(Ri) E(Rl)) (27)
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where |Q| is the number of spectral grid points in the Qet andp(x,y) is the

correlation coefficient between signalandy defined as

E{xy}
p(x,y) = ———— (28)
VE{x?} E{y?}
where E{.} is the expectation operatoPSD,,,qnceq IS @ filtered version of the

experimental PSDPSD g, ¢,y is cOmputed as follows
PSDdefocus(R) = PSDlower(R) + K? |H(R)|2 (29)
Again, this step is divied in the following two substeps.

Step 3: afirst estimate of the defocus values is obtained by exhaustive search of the

three parameter@\f, Af,,,0) on a regular grid. Each explored point is used as the
initial sol uti on adient agptomiezer. Thié algorthomncpmpgtest e g r
values of the three parameters by minimizi
despite the initial exhaustive search. The best fitting parameters computed at this step

are used as the initial solution for Step 3b.
In the graph below we can appreciate howmadel the functiorwith the upper and

lower bounds estimated befolie order to adjust the zeros and poles of theamced
PSD.
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Fig. 11 Radial average of enhanced PSD (red) and estimated PSD (green) step 3a

At this pant it is interesting tsee the adjustment of tlestimated®SD to the ehanced
PSD.

— .

Fig. 12 Half plane of enhanced PSD (left) and estimated PSD (right) after step 3a
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Step 3hb we refine all parameters found so far (23 parameters) by minimizing the goal
function. The only parameters that have not been found yet are those of the negative

background Gaussigi®SD,). They will be determined in Step 4.

Now we can appreciate tliest zero in the theoretical PSD, as well as good values of

the curves at the beginning and at the end.
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Fig. 13 Radial average of enhanced PSD (red) and estimated PSD (green)

Step 4: Final model adjustment.

In this step, we estimate first the parameter®5l, (Step 4a). Then, we refine all

parameters of the model using a coarse grid (the same grid as in all previous steps)
(Step 4b). Finally, we refine all parameters using a fine evaluation grid (Stephe

output of this step is the output of the CTF determination procedure.

Step 4a:we compute a first estimate tfe PSD, similarly as in Step 1c. We assume
the term to be circularly symmetric and therefoge= c,,, g = g and6, = 0. Thus,

this first guess can be found as a weighted sqsares solution of the equation system
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IOg (PSDloWer(R) + K? |H(R)|2 - PSDexperimental(R))

= logKg — gu(IR| — cy)? (30)

There is one equation for each 2D frequency for which the theoretical PSD estimated in
Step 3b is larger than the experimental PSD. We do this beaatisese frequencies
some negative term is needed in order to compensate the difference between the
expeimental and the theoretical PSD
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Fig. 14 Radial average of the enhanced PSD (red) and the estimated PSD (green) after gtap
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Step 4hb al model parameters are refined on a coarse frequency grid. By default, the
coarse grid is defined by taking 1 frequency sample out of 4 consecutive ones in each

direction. The goal function to be optimizedsigow in Eq.(27).

At this point we can actually see how the radial average of the estimated PSD follows
the curve of the enhanced PSD very well.
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Fig. 15 Radial average of enhanced PSD (red) and estimated PSD (green) after step 4b
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Step 4c:the frequency grid is made finer and finer until all availadbdguencies are
used. Thus, the grid is mafieer by dividing by 2 the grid spacing until this valuelis
For each grid spacing, the model parametersedied again using the same function
and optimization algorithm as in Step 4b.
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Fig. 16 Radial average of enhanced PSD (red) and estimated PSD (green) after step 4c

We cannot forget that these graphs representatiial average of theneancedPSD
and theestimatedPSD. Radial plotsalong two perpendicular axes show that the two
backgroundsare different ¢ee Fig. I and Fig. B), that is, the backgroumbise level
effectively depends on the direction. This expemtn shows that assuming radial

symmetricbackground may result in inaccurate estimateshaf defocus
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Fig. 17 Fit along x-axis of the enhanced PSD (red) and the estimated PSD (green)
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Fig. 18 Fit along y-axis of the enhanced PSD (red) and thestimated PSD (green)
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The final estimation of thd®>SD is shown in Fig.19. The estimated PS[Cclearly
improves the visibility of the ring®f the enhanced PSEnd facilitate the quality

assessment of micrograph.

Fig. 19 Final result of the model
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3. IMPROVED CTF ESTIMATION AND PSD/CTF CLASSIFICATION

The main objective of this project is to detaad correctwrongly estimated CTFTo
this goal,we worked with a setof micrographs to analyze the calculated CHAsl
develop several methods to improve results. iéw methodologywasimplementedn
C++and Javana a Linux operating system, and integrated thempensourcedigital
image processingoftware XMIPP (X-windows based microscopy image processing
packagégdeveloped byhe National Center of Biotechnology (CSIC)

We first classifiedthe micrographs into 3 categories:

e Micrographs withgoodquality enhancedexperimentalPSDs and correctly estimated
PSDs.

e Micrographs with goodjuality enhancedexperimentaPSDs and incorrectly estimated
PSDs.

¢ Micrographs withbad-quality enhanceaxperimentaP SDs.

The formula use to assess theorrectness of the CTF estimation progr@&mthe

following
— GG o 31
n= CC+CB 0 success (3D

where GG refers to thenumber ofgood enhancedPSDs giving correctly estimated
theoreticalPSDs and GB refers to thenumber ofgoodenhanced?SDs producingbadly
estimatedtheoretical PSDs. Although it is not necessarin the formula for the
correctnesg, we will also introduce the ter®B which will correspond to micrographs

with a badquality enhanced PSDs.
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The formula represents the percentage of good experimentaWwhieb resulted ina

good estimation of the theoretical PSD out of the total number of good experimental
PSDs. This way, wedo not take into account the bagality experimental PS®as with

that data we cannot make a gdo@F estimation.

We will apply this formula beforeand afterwe introduce anymodifications to the
program to see in which grade they improve the CTF estimatio
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4. METHODOLOGY AND RESULTS

4.1. Introduction

To assess the actuadrrectnessf the calculation of th€TF we will workwith a set of

753 micrographs. This set of micrographs is subdivided into several subsets which
correspond to samples taken by different electron microscopes and will therefore have

different parameter values.

We can distinguish a bad estimation of a PSD from a goodaggiimby observing the
enhanced version of the experimenB$D half plane versus thestimatedPSD half
plane Fig. 19). Now we need to specify what weeeto when we talk about a good
guality experimentalPSD and a baduality experimentalPSD in orde to determine
which micrographs should be discarded.

The goodquality PSD comes from agyoodquality micrograph, whicltypically present
multiple concentric rings, extending from the image center toward its edges. Bad
micrographs majack any rings or dg have very few ringshat hardly extend from the
image centerOther reasons to discard micrographs rbaythe presence of strongly
asymmetricrings (astigmatism) or rings that fade iparticular direction (drift). Some
examples that illustrate thmicrograph selection based theirPSDs are shown iffrig.

20.

Astigmatism

Fig. 20 (a) A suitable PSD has several rotationally symmetric rings. PSDs should be discarded if they present
astigmatism, that is, (b) rotationally asymmetric, or drift, that is, (c)fading in a particular direction.
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The CTF calculatiofior 753 micrographgroduced the following results
e MicrographsGG i 486 micrographs
e MicrographsGB i 194 micrographs
e MicrographsBB 1 73 micrographs

The computed correctness of CTF estimation is 71 %. It is a fairly good number of

correctestimations to start withHn the next section we will develop methods to rise this
percentage.
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4.2. Improvement of the goal function

4.2.1. Methodology

The estimation of the CTF parameters is done between the minimum digital frequency
(which should be a little lower than the digital frequency of the first CTF zero) and the
maximum digital frequency (which should be higher than the last zero of the CITF). A
higher frequencies there is more correlation with noise, so if we focus on calculating the
parameters only between the first and the third zero, where noise affects less, we will
probably make a better estimation of the parameters.

In the mathematicabasisof the determination of th€TF we presentethe defocus
determination in Step Jhe goal function to be minimized at this stagshown inEq.

(27). In this equationiQ| is defined aghe number of spectral grid points in the Qet

This setis defined as the region in the frequency space where the two PSDs
(experimental and theoretical) are being compaBsd( is an annular region defined

by the inner and outer radii specified by the user which corresponds toirtlreum
digital frequency andhe maximum digital frequencyVe will modify this by denoting

that sefQ at this point will be a region defined by the first and the third zero of the PSD.

Therefore, v define a mask for this regi@md we will work over it instead of working

over thewhole range of frequencies of the PSD
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The mask is the lightedregion traced in the figure below.

Fig. 21 Mask over the PSD of the micrograph

4.2.2. Results
After implementing tis method we euld see that many good experimental PSDs that
had batly estimated®?SDs result new incorrectlyestimated PSD$-or example, sethe

following figure.

Fig. 22 (a) Initial calculation of estimated PSD, (b) calculation with new metbdology
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This improvementwas introduced in theclassadjust_ctf.cppwhere we calculate the

parameters of thETF.

The correctnessy will show evaluate the improvement quantitativelyhe CTF
calculation or753 micrographs resulted:in

e MicrographsGG i 574 micrographs

e MicrographsGB i 106 micrographs

e MicrographsBB 1 73 micrographs

If we compare theseesultswith the initial oneswe can see tha&88 micrographs that

belonged taMicrographsG B now belongo MicrographsGaG.

The correctnessonsequently improved form= 71% ton = 84%.
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4.3. Semi automatic lassification

In this section we are going to develop several criteria to sort the set of micrographs.
The aim of this methodology is not to correct badly estim&®Bs but to detect them.

If we manage to find a method which sorts the micrographs from better estimations to
worst estimations, badly estimatB&Ds could be removed from the set of data or even
be recalculated. Moreover, bad experimental PSDs couldbalsemoved from our set

of images.

4.3.1. Individual criterion

The goal wado implement in XMIPPseveral different criteria to classify our set of
micrographs depending on different properties of its experimental PSD astimsited
PSD. Different criteria give the user the possibility t@hoose among different

classificationsin the following subsections we will present the criterigwested

To understand how each criterion classifies, the best thing is to select one image that
represents a apd estimation of the PSD and another one that represents a bad
estimation of the PSD. We will not assess these sorting methods with the corrgctness
because we are not correcting bad estimations; we are detecting bad estimations and bad
experimental PS8 In theannex(A.1) we show a partial view of the clafisation for

each criterion
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4.3.1.1. Damping
4.3.1.1.1. Methodology
The dampings the envelope value at the border of the PSD. Micrographs with a high

envelope value at border are either wrongly estimated stronglyder sampled.

AW
UV
\ A/\(\nn

WARVAILLL

Fig. 23 (1) Radial average of a PSD with a low envelope value, and (aylial average of a PSD with a high
envelope value

amplitude

frequency

amplitude

The damping envelope isalledE (R) and it is showrin Eq.(9). The formula of this

criterion is shown below
damplng = E(Rborder) (32)

whereR, 4. IS the spatial frequency corresponding to the border of the P& ian

defined aR,rger = % , WhereN is the size of the image in pixels.
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4.3.1.1.2. Results

As we said before, this method evaluates the envelope value at the border of the PSD. In
the image below we can appreciate how the envelope o2#igdp) extends ma to the

border than the envelope of Fig4 (a). Image (a) will appear somewhere at the

beginning of the classification and image (b) somewhere near the end.

Fig. 24 (a) A PSD with a low envelope value, (b) a PSD with a higinvelope value

It is obvious that PSD (b) is badly estimated. In fact, we can demonstrate that the
bad estimation of this PSD is due to an error when introducing the value of the

sampling rate of the micrograph.

Fig. 25(a) PSD Fig. 24 (b)) evaluated with sampling rate of 0.84 Angstroms, (b) PSD (Fig. 24 (b)) evaluated
with sampling rate of 2.52 Angstroms
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We solved the problem by multiplyg the sampling rate by three (Fig. 29)his
problem is caused by an error of the usaen introducing the sampling rate, so there is
no way we can correct this, but we can detect this kind of mistakes with this criterion.
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4.3.1.2. First zero average

4.3.1.2.1. Methodology

In practice the frequency of the first zero of tHeSD is between 0.1 and 0.25 in
normalized units (normalized frequency is between 0 and 0.5), which corresponds to the
values betweefhOx and 4x the sampling rate in Angstrof&Ds with the first zero out

of this rame will be penalizedThe diagram of Fig. 26 shows the range of values in

which the first zero should be according to experimental results.

amplitude

10xTs 4xTs
I

. A
l | \/ frequency
0.1 0.25

Fig. 26 Radial average of a PSD with the normalized frequency margins marked

In thefirst place, we calculate the radial integral around the first zero

360°

Z PSDenhanced (AaRl)

a=0°

first zero average = (33)

whereq is the radial angle = [092,3602], R, is the spatial frequency corresponding to
the first zeroandA, is defined below

cosa sina
Ay = ] (34)

" l—sina cosa

The formula of this criterionEq. (33)) will give a numerical result which corresponds
to the normalized frequency of the first zero of the corresponding PSD. If this result is

notbetween 0.1 and 0.2&he resulting value of the criterion will be a high value.
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4.3.1.2.2. Results
When we saw the classification results, we discovered that this method is very useful to
identify CTFs which were not estimated atlksicause they are highly penalized.

Fig. 27 (a) PSD at the beginning of the list, and (b) PSD #lte end of the list

The enhanced PSD of Fig. 27 (a) was not calculated, therefore the radial integral of the
first zero will not satisfy the premises of this criterion. This mehasthis PSD wilbe

highly penalized and will be situated at the beginning of the list. Enhanced PSDs with
the first zero of the radial integrtiiat are between the defined experimental range will

have a small value for this criterion and will be situated near the ahe &gt (Fig. 27

(b).
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4.3.13. First zero ratio
4.3.13.1. Methodology
This measures the astigmatism of #8D by computing the ratio between the largest
and smallest axes of the first zero ellipse. Ratios close to 1 indicate no astigmatism.

major axis

minor axis

Fig. 28 Major and minor axis of the first zero ellipse
The formulaof this criterion is defined as

o PSD(UR)
first zeroratio = —x- = (35)
Yreo PSD(VR)

whereU andV are unitary vectors corresponding to the directiohaxisU and axisV

respectively, an®, is the spatial frequency corresponding to the first zero.
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4.3.13.2. Results
At the beginning of the list we will have CTFs with no astigmatism and at the end of the

list we will have the more astigmatic CTFs.

Fig. 29 (a) PSD at the beginning of the list, and (b) PSD near the end of the list

In Fig. 29(a) we see thahe eccentricity of the ellipsé¢hg ratio of the distance between
the two foci to the length of the major axis)small For this reason, this PSD will be
located in the beginningf the list. The PSD of Fig. 2®) has a large eccentiti¢ so it

will be placed near the end of the list.
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4.3.14. Fitting score
4.3.14.1. Methodology
The CTF is computed by fitting a theoretical model to the experimentally observed

PSD. This criterion is the fitting score. Smaller scores correspond to better fits.

—— Experimental PSD
Theoretical PSD

Fig. 30 Zeros of experimental PSD vsheoretical PSD

The formula corresponding to this criterion is

Rmax

fitting score = Z |P5Dtheoretical (R) - PSDexperimental (R)lz (36)
R=0

whereR,, ., is the maximum value of the spatial frequency.
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4.3.14.2. Results
In the figure below we can clearly observe that the PSD at the beginning of the list has a
better fitting of its theoretical model with its enhanced experimental PSD thaisihe P

at the end of the list.

Fig. 31 (a) PSD at the beginning of the list, and (b) PSD at the end of the list

Fig. 31(b) will have very high values for this criterion because we can clearly see that
the theoretical PSD and the expeental PSD do not fit properly. This PSD will appear
near the end of the lisThe PSD in Fig. 31a) has a very good fitting so it will be
placed at the beginning of the list.
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4.3.15. Fitting correlation between zeros 1 and 3

4.3.15.1. Methodology

The region between the first and third zeroes is particulambortant since it is where

the Thon rings are most visible. This criterion reports the correlation between the
experimental and theoreticaktimation ofPSDs within this region. High correlations

indicate good fits.

—— Experimental PSD
Theoretical PSD

Fig. 32 Mask between zeros 1 and 3

The fornula for this criterion will be the same formula as fiteng scorecriterion

shown in Eq36, butthe rangeof the spatial frequencyill be different.

R3
corrld = Z |P5Dtheoretical(R) - PSDexperimental (R)lz (37)

R=R1

whereR, andR; are the spatial frequencies of the first and the third zero respectively.
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4.3.15.2. Results
This criterion is amodified version of thditting scorecriterion that gives very good

results.At the beginning of the list will be the worst estimated CTFs.

Fig. 33(a) PSD at the beginning of the list, and (b) PSD at the end of the list

In Fig 33 (a), the theoretical PSdoes not mdel well the rings 1 to 3. Aetheoretical
PSD ofFig. 33(b) does it correctly.
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4.3.16. PSD correlation at 90 degrees

4.3.16.1. Methodology

The PSD of norastigmatic micrographs correlate well wits rotated versiorby 90
degrees. This is so because {astigmatic PSDs are circularly symmetrical, while
astigmatic micrographs are elliptically symmetrical. High correlation when rotating 90
degrees is an indicator of n@astigmatism. This criterion is computed on the eohdn
PSD.

-
N

Fig. 34 The first ring of PSD vs the first ring of the same PSD rotated 90°

To perform this pakwise comparison, we computed the normalized cross correlation
(NCC) between these two images, which is a simple and dagpwtation. The NCC is

defined as

Silfie = F)(gk-j — 9)
Y(fie — f)z VZr(gk — 9)*

NCC = max

(38)

wheref,, andg, are the samples of two images at the pixel coordikat@ndf and g

are the mean values of the corresponding images. The denominator in the equation
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serves to normalize correlation coefficients such that < NCC <1, NCC =1
indicating maximum correlation (here, ideally circular diffraction ringg)C = 0 no
correlation,NCC = —1 meaning that one image is the inverse of the other—dn«

NCC < 0 meaning that one image has small values in the same part where the other
image has large values. In the ideal case of perfectly circular rings whithout noise, the
NCC depends neither on the number of rings nor on the contrast in the spectrum
(NCC = 1 for any number of rings and for anyrteast). In reality, however, noise in

the spectra and imperfect circularity of the rings lead to diffeNeff values below 1.
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4.3.16.2. Results
The PSD at the beginning of the ligig. 35(a)) is visibly astigmatic whilst the PSD at

the end of the lis(Fig. 35(b)) is circularly symmetrical.

Fig. 35(a) PSD at the beginning of the list, and (b) PSD at the end of the list
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4.3.17. PSD radialintegral

4.3.17.1. Methodology

This criterion reports the integral of the radially symmetrized PSD. This criterion can
highlight differences among the background noiseBSD This criterion is computed

on the enhanced PSD.

A \ /\ A
\j U \J ewins U U \]VVA\/frequenw

A = area below the curve B = area below the curve

frequency frequency

Fig. 36 PSD with no noise vs PSD with noise

In the diagranof Fig. 36there is a graphical sket¢first two diagrams in bluedf the

calculation of this criterion. The PSD with no noisiei] is obviously an approximation

as the PSD will always have some noise), will have a higher envelope than the PSD

with noise. This is because at higher frequencies there is more correlation with noise,

and if there is a lot of noise the values oftheenl ope at t hose frequen
visible as if there is no noise. If we sum the values of the absolute values of the
envelope for each case we will obtain the area below the curve (named A for the PSD

with no noise and B for the PSD with nois&ye can observe that A > B, so this
criterion wild.l penalize noisy PSD as it [

estimation as a less noisy PSD.
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This criterion is calculated the following way

360°

Z PSD(AR)

a=0°

Rmax

radial integral = z

R=0

! 39
N, (39)

Wherea is the radial angle= [02,3602], Ny is the total number of pixels in the image,
andA, is defined below

cosa sina
A, = .
—sina cosa

(40)
To compute the radial integral for all spatial frequencies, we need to define the

maximum frequency value of axisand axisV.

(41)

Rnuu

N = =
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4.3.17.2. Results

The bad visibility of the rings at high frequencies in Fi§ &) is due to background
noise. This means that this PSD will be at the beginning of the list. The rings have a
better definition in Fig. 3 (b). In this case, this criterion suggests that this PSD will be
better adjusted to the theoretical model, theeefo will be placed near the end of the

list.

Fig. 37 (a) PSD at the beginning of the list, and (b) PSbear the end of the list

64



< \—.I(.s',a

;—‘;T:. UNIVERSIDAD SAN PABLEZEU PROYECTO FINAL DE CARRERA
hi}f’ﬁiﬂ\‘ ESCUELA POLITECNICA SUPERIOR INGENIERIA DE TELECOMUNICACION

&y o®

4.3.18. PSD variance

4.3.18.1. Methodology

The PSD is estimated by averagiddferent PSD local estimates in small regions of the
micrograph. This criterion measures the variance of the different PSD local estimates.
Untilted micrographs have equdéfocusall over the micrograph, and therefore, the
variance is due only to noiséiowever, tilted micrographs have an increased PSD
variance since different regions of the micrograph have diffelefoicus Low variance

of the PSD igndicative of nortilted micrographs

The formula of this criterion is similar to the formula of tlaignce.

Npieces

> 1PSDi(R) - PSD(R)? (42)

i=1

variance =
Npieces

wherei iterates through all the small regions of the PSR, is therefore the

number of regions in which we divide the PSD.

PSD(R) is the mean of themall regions of th®SDand is defined as

Npieces

Z PSD,(R) (43)

i=1

PSD(R) =

pieces
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4.3.18.2. Results
The PSD at the beginning of the lifEig. 3 (a)) would correspond to a tilted
micrograph and the PSD at the end of the(ksg. 38 (b)) would correspond to a nen

tilted micrograph.

Fig. 38 (a) PSD at the beginning of the list, and (b) PSD at the end of the list
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4.3.19. PSD PCA Runs test

4.3.19.1. Methodology

Whencomputing the projections onto the first principal component, as discussed in the
previous criterion, one might expect that the sign of the projection is random for untilted
micrographs. Micrographs with a marked m@amdom pattern of projections are
indicative of tilted micrographs. The larger the value of this criterion, the less random
the pattern is.

For this criterion we will use th&rincipal component analysis (PLAvhich is a
mathematical procedure that uses athogonal transformatiomo convert a set of
observations of possibly correlated variables into a set of values of uncorrelated
variables callegbrincipal component$?CA is useful when youadveobtained data on a
number of variables (possibly a large number of variables), and believén¢hatis

some redundancy in those variables. In this case, redundancy means that some of the
variables are correlated with one another, possibly becaugsaréheneasuring the same
construct. Because of this redundancy, you believe that it should be possible to reduce
the observed variables into a smaller number of principal components (artificial

variables) that wilkccount for most of the variance in thHeserved variables.

To characteze the trends exhibited by the setd#ta, PCA extracts directions where
the cloud is more extended. For instance, if the cloud is shapeahliglipse the main
direction of the data would be a midline or axis alongléingth of theellipse Thisis
called the first component, or the principal component. PCA will then look fanetkie
direction, orthogonal to the first one, reducing the multidimensional cloud ihim-a

dimensional space. The second component wouttiédaxis along thellipse width.

This transformation is defined in such a way that the first principal component has as
high avarianceas possible (that is, accounts for as much of thality in the data as
possible), and each succeeding component in turn has the highest variance possible.
Principal components are guaranteed to be independent only if the datgosattyis

normally distributed
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Fig. 39 Example of data set with two main components

This criterion iscomputed using the formula of the covariamgemeasure how much
the first and the second components (PC1 and PC2 respectively, shown in Fig. 39)

change together.

Rmax
1 _ - _
PCA Runs = C— RZ;) (|PSD;(UR) — PSD(UR)|?) (|PSD;(VR)
— PSD(VR)|?) (44)

whereR,, ., is themaximum value of the spatial frequency along axiévhich is the
large axis)PSD(R) is the mean of the small reqgis of the PSD and is defined in Eq.
(43). U andV are unitary vectors corresponding to the directions of ldxasd axisV

respectively.

The covariance will provide a measure of the strength of the correlation between the
two sets of random variables. For uncorrelated variables, the covariance is zero.
However, if the variables are correlated, their covariance will bezeaom Thelarger

the value of thisformula traduces to a less randopatternin the micrograph and

therefore there is a bigger possibility that the micrograph is tilted.
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