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Molecular Electron Microscopy: 2D-projections

electrons
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‘3D-Image’

2D-Projection

2-D projection of 3-D object
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Molecular Electron Microscopy: Data Analysis & Reconstruction Workflow

Thuman-Commike, FEBS Lett. 2001
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Article

Extended Data Fig. 2 | Cryo-EM for GABAAR. a, B-factor plots for three 
datasets using an X-FEG, the new energy filter with a slit width of 3eV (orange), 
5eV (blue) and 10 eV (grey) and a Falcon-4 camera. b, Two orthogonal views  
of an electron tomogram for ice thickness measurement. Scale bar is 50 nm.  
c, Representative electron micrograph from the CFEG dataset. Scale bar is  
30 nm. d, A selection of 2D class average images. e, Local resolution map.  

f, Fourier Shell Correlation (FSC) between the two independently refined 
half-maps. g, FSC between the model and the map calculated for the model 
refined against the full reconstruction (black); the model refined in the first 
half-map against that half-map (FSCwork; blue); and the model refined in the first 
half-map against the second half-map (FSCtest; dashed orange). Atomic models 
were refined including spatial frequencies up to 1.63 Å.

Nakane, T. et al. Single-particle cryo-
EM at atomic resolution. Nature 587, 
152–156 (2020).
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Optical vs. Electron Microscopy
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“That much was indeed at once obvious to the marvelously quick 
brain of Leo Szilard, who in 1928 suggested to me that I should 
make an electron microscope. 


To this suggestion I gave the answer, which, I believe, would have 
been given by almost all physicists: “What is the use of it? 
Everything under the electron beam would burn to a cinder!”


“Let it burn, but let us look at the cinder.”
Dennis Gabor, Preface to:

Marton, “Early History of the Electron Microscope”, 1968, 1994

“Let it burn, but let us look at the cinder.”
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the radius of gyration, the scattering amplitude is
described by:

F ¼ ðr2 r0ÞVproteine
2ð2p2R2

g=3d
2Þ

where (r 2 r0) is the difference in scattering
density between protein (r) and solvent (r0).
When written in terms of protein atomic scattering
factors fi:

F ¼ ððr2 r0Þ=rÞð
X

i

nifiÞ e2ð2p2R2
g=3d

2Þ

The scattering maximum occurs at zero angle ðd ¼
1Þ where all atoms scatter in phase and is equal
to

P

i nifi multiplied by the solvent contrast term
ðr2 r0Þ=r: The mean structure factor amplitude is
large but decays rapidly with resolution and con-
tinues to reflect shape and solvent to about 10 Å.

Beyond 10 Å, the mean scattering amplitude
depends to some extent on protein-specific features
including fold and secondary structure, but on
average is determined by the essentially random
position of atoms in the interior of the protein.
According to Wilson statistics,10 the average scat-
tering amplitude from randomly positioned atoms
is given by F ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

P

i nif
2
i

q

: This average amplitude
decreases slowly with resolution roughly in line

with individual atomic form factors, but is essen-
tially constant when compared to decay in the
shape/solvent region at lower resolution. Predomi-
nantly a-helical structures tend to have stronger
diffraction around 10 Å resolution, whereas those
with larger amounts of b-structure diffract more
strongly around 4.5 Å, producing small deviations
from Wilson scattering.
Experimental structure factor amplitudes may be

placed on an absolute scale by setting the zero
angle scattering equal to ððr2 r0Þ=rÞNatoms and
average scattering amplitude in the Wilson regime
equal to

ffiffiffiffiffiffiffiffiffiffiffiffiffi

Natoms
p

; where Natoms is the number of
equivalent atoms of identical scattering factor

such that Natoms=
ffiffiffiffiffiffiffiffiffiffiffiffiffi

Natoms
p ¼ ðPi nifi=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

P

i nif
2
i

q

Þ: For
a typical protein, Natoms may be determined by
assuming the protein molecular mass is made up of
Natoms equivalent carbon atoms (12 £ Natoms Daltons).
In this simplified model, the scattering amplitude
at both low and high resolution may be expressed
in terms of a single parameter derived from the
molecular mass. The molecular mass of a protein
is usually known in advance of structural study.
The solvent contrast factor ðr2 r0Þ=r is equal to

about 0.28 for X-rays (assuming protein density r
is 0.42 e2/Å3 in proteins and solvent r0 is 0.30 e2/Å3

for ice of mass density 0.92 g/cm3). When calculated

Figure 1. Schematic Guinier plot shows the natural logarithm of the spherically averaged structure factor amplitude
(F) for a protein against 1/d 2, where d is the resolution (Å). Zero angle scattering is equal to Natoms carbon equivalents
of the molecular mass multiplied by the solvent contrast (0.28) and places the scattering on an absolute scale. The
protein scattering curve (red line) consists of a low-resolution region (d . 10 Å) determined by molecular shape and
solvent contrast, and a high-resolution region (d , 10 Å) which approaches the scattering of randomly placed atoms
described by Wilson statistics, which decreases only slightly with resolution and may be approximated by the hori-
zontal line of amplitude

ffiffiffiffiffiffiffiffiffiffiffiffiffiffi

Natoms
p

: The high-resolution region may also have structure corresponding to fold-specific
features, including a-helix and b-sheet. The average noise amplitude is FNoise(1) for a single image or FNoiseð1Þ=

ffiffiffiffi

N
p

after
averaging N images. Low-resolution structure factor amplitudes are also shown for a large structure that might be
studied by tomography and a small molecular mass particle which has a low-resolution scattering amplitude below
the noise level for one image (blue lines). The experimental contrast loss for structure factors at high resolution due
to imperfect images is indicated by a dotted red line labeled by its slope, the temperature factor Bimage. Additional con-
trast lost due to imperfect computations gives a line with slope Boverall, which is the sum of temperature factors Bimage

and Bcomputation. The resolution limit is indicated where the structure factor curve equals the noise level, which in this
example occurs at 106 particles for Boverall, but at 105 particles if Bcomputation ¼ 0.

Single-particle Cryomicroscopy 723

Rosenthal, P. B. & Henderson, R. J. Mol. Biol 2003

Physics, radiation damage, B-factor, and computation limit the resolution 



NCCAT: Single Particle Short Course 2026© 2026 David Jeruzalmi, CC BY-NC-ND 4.0

Vitrification is a final part of the sample preparation, which
includes loading sample on a cryo-EM grid followed by
blotting and plunge freezing in liquid ethane (Tivol et al,
2008). Because liquid ethane is used close to its freezing
point and has a higher heat capacity than liquid nitrogen, it
provides much faster cooling than plunging directly into
liquid nitrogen. This allows the sample to be frozen in a thin
layer of vitreous ice and prevents formation of ice crystals.
Once frozen, the grids have to be kept at temperatures no
greater than !170 "C for sample screening and ultimately
data collection. A cryo-EM grid is a metal mesh disk (copper,
gold, nickel, molybdenum, or rhodium) about 3.0 mm in
diameter, which supports a holey carbon film (Figure 1a).
Mesh size of 200 means that the grid has 20 squares across in
each direction, and a 300 mesh has 30 squares. Copper
200e400 mesh grids are most commonly used; however,
choice of the metal support and mesh size often depends on
the sample properties (Thompson et al, 2016; Xu and Dang,
2022). There are many ways to load a sample on a grid.
The most popular approach is manual pipetting of 3e5 ml of
the sample on a grid, followed by blotting and plunge
freezing using a semiautomated system. In this case, the grid
is placed in the Vitrobot System (Thermo Fisher Scientific) or

similar Cryoplunge 3 (Gatan) and EM GP (Leica), which en-
ables vitrification immediately after the sample loading.
Recently, new automated systems were introduced to make
the process of sample loading more reproducible and appli-
cable to time-resolved cryo-EM studies (Frank, 2017b;
Weissenberger et al, 2021; Xu and Dang, 2022). For example,
the Chameleon system (SPT Labtech) works with nanoliters of
a sample and is designed for high-speed blot-free vitrification,
automated grid handling, and ability to screen grids on the
basis of ice thickness; however, this system is more expensive
and requires its own propriety grids (Darrow et al, 2019).

Next, grids with vitrified sample should be screened on an
EM to assess the sample quality. At this stage, sample-grid
behavioral problems, such as denaturation, aggregation,
complex disassembly, or adsorption on carbon film, become
visible. If the original sample is of high quality, then the main
reason for these issues is the adsorption of particles on the
airewater interface during vitrification (Glaeser, 2018). In
many cases, the addition of detergents, such as CHAPSO, can
prevent adsorption on carbon film and fix the preferred
orientation problem. However, concentration of detergents or
other additives should be optimized on a per-sample basis.
More information about sample optimization can be found in

Figure 1. Data collection and
processing. (a) Sample handling:
sample (cells, purified protein,
macromolecular complexes) is loaded
on the grid, vitrified, milled if needed,
and loaded into the microscope. (b)
General workflow of data processing
using CryoSPARC software. 2D,
2-dimensional; 3D, 3-dimensional;
cryo-EM, cryogenic electron
microscopy; cryo-ET, cryogenic
electron tomography; CTF, contrast
transfer function.

Journal of Investigative Dermatology (2025), Volume 14524

IB Lomakin et al.
Cryo-EM in Dermatology

Cryo EM: Workflow

Lomakin, J. Investig. Dermatol, 2025

Per-particle 

CTF correction

AI-based sharpening
AI-based model-building

Focused classification

Dose-weighting

13



NCCAT: Single Particle Short Course 2026© 2026 David Jeruzalmi, CC BY-NC-ND 4.0

Movie Frame Alignment

Align frames

https://cryoem101.org/chapter-5/

14
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Dose weighting
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Dose weighting

https://guide.cryosparc.com/processing-data/all-job-types-in-cryosparc/motion-correction
16
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Motion Correction
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Motion Correction
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Motion Correction
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Contrast Transfer Function Estimation and CorrectionCTF Estimation
• CTFFIND4
• Sparx/EMAN
• GCTF
• Warp
• CryoSPARC (patch method) 

CTFFIND4

My stuff (CryoSPARC)

20
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Cryo EM: Particle Picking Particle Picking
  Manual –  Blob  –  Template  –  Neural network 

• Topaz
• Gautomatch
• Warp
• crYOLO
• FindEM
• Blob Picker
• DeepPicker
• DeepEM
• PIXER
• DRPnet
• DeepCryoPicker
• AutoCryoPicker
• Start with provided model, get 2D classes, and retrain

Bepler et al., 2019

21



NCCAT: Single Particle Short Course 2026© 2026 David Jeruzalmi, CC BY-NC-ND 4.0

Denoising Images: Warp, Topaz

ARTICLESNATURE METHODS

users via a streamlined user interface (UI) that has been developed 
in parallel with the underlying algorithms to augment their opera-
tion. Warp was designed to be widely applicable for biological-data-
acquisition at any cryo-EM facility and substantially speeds up the 
process of cryo-EM structure determination with improved results.

Overall design. A schematic of the computational steps carried 
out by Warp is provided in Fig. 1. At the beginning of the pipeline, 
Warp reads any new data saved by the acquisition software. Warp 
then estimates and corrects the object motion across the micrograph 
movie both globally and locally. Next, Warp fits a spatially resolved 
CTF model, enabling the assignment of local defocus values to any 
particles extracted from the micrograph later. Warp then uses a neu-
ral network-based approach to automatically pick particles from 
the data with very high accuracy. Finally, Warp exports the result-
ing dose-weighted particle images to a downstream structure deter-
mination program such as RELION23 or cryoSPARC24, which carry 
out 2D and 3D classification, map refinement and reconstruction. 
During preprocessing, Warp provides a comprehensive overview of 
important data parameters, allowing the operator to tune acquisition 
settings to achieve optimal results faster.

User interface. Warp’s UI is designed to help the user compre-
hend and interact with the thousands of micrographs generated 
routinely during cryo-EM data collection (Supplementary Fig. 1).  
The ‘Overview’ tab displays various properties, such as defocus, 
estimated resolution, amount of motion and particle count, for 
all processed items as interactive plots. The user can immediately 
grasp the statistics, observe intrinsic patterns and make an informed 
decision to adjust the acquisition strategy, for example to tune the 
lens astigmatism, increase the stage settling time or skip a bad grid 
square. A range can be specified for every plotted parameter to 
automatically exclude lower-quality images from downstream pro-
cessing. Any item can be quickly inspected in more detail in a tab  
called ‘Fourier & Real Space’. Here, a display of the power spectrum 
and the CTF fit allows optimization of CTF fitting parameters.  
In the real-space view, a deconvolution filter and neural-net-based 
denoising (Methods and Supplementary Fig. 2) can be instantly 
applied to micrographs to improve the contrast and make the 
particles more visible to the human eye. The defocus variation 

obtained through local CTF estimation can be overlaid semitrans-
parently. Particle picking results can be assessed and edited manu-
ally. Dedicated dialogs assist the user with tasks like micrograph  
list export, particle extraction, template matching, tomogram 
reconstruction and neural network training.

Motion correction. The motion, that is, the translational shift 
observed between frames, is due to two effects: movement of the 
mechanical sample stage, and BIM. Stage movement causes global 
shifts over the entire field of view, whereas BIM leads to shifts 
between adjacent micrograph patches6,27. Stage drift can lead to 
rapid shift changes between frames, but BIM occurs more slowly 
after rapid relaxation during initial exposure3. Warp corrects for 
both global drift and local BIM at variable temporal resolution 
(Supplementary Fig. 3). The strategy is similar to the one used by 
MotionCor2 (ref. 9), except that Warp does not apply additional 
a  priori assumptions about BIM beyond those imposed by the 
parameter grid resolution (Methods). As a result, Warp corrects 
efficiently and thoroughly for the two types of motion that occur 
during cryo-EM data acquisition in any kind of sample morphology 
and orientation.

Estimation of local defocus and resolution. The CTF model can 
be estimated on the basis of the power spectrum (PS) of a micro-
graph. However, the defocus varies over the micrograph area owing 
to stage inclination, uneven sample surface or an uneven particle 
distribution along the optical axis28. Warp provides a flexible way 
to model local defocus in spatial and temporal dimensions without 
the need for a priori knowledge of particle positions. Instead of one 
global estimate, a tilted plane or more complex geometry is fitted to 
the PS of a movie patch to estimate local defocus. A 1D average of 
all local power spectra rescaled to a common defocus value allows 
the user to easily assess whether fitting the more complex geometry 
recovered more Thon rings (periodic maxima in the CTF) beyond 
the spatial frequencies used for the fitting (Supplementary Fig. 4). 
Thus, Warp goes beyond state-of-the-art CTF estimation by provid-
ing a spatially resolved model without the need for a priori knowl-
edge of particle positions and hyper-parameter tuning. The spatially 
resolved CTF model can converge on the correct solution for  
tilts as high as 60°. This makes Warp a useful tool for tilted 2D data 

Align frames

Fit CTF

Pick particles

Extract and
export

Continuously
import

Continuously
import

CTF

Particles,
CTF values

2D classification

Compressed
raw movies

Acquisition
Automated in SerialEM, EPU

Processing
Semi-automated in cryoSPARC

Pre-processing
Automated in Warp, ≈ 40 s per item, results

updated continuously as new data arrive

3D classification, refinement

Fig. 1 | Warp handles all preprocessing steps in the 2D cryo-EM pipeline. Data is acquired by the microscope in an automated fashion and stored as 
compressed stacks of movie frames. Warp continuously monitors its input folder for new files, and subjects them to all steps of the preprocessing pipeline: 
frame alignment, CTF estimation and particle picking. Warp writes out a stack of particles for each preprocessed micrograph and maintains a dynamically 
updated STAR file with references to all particles and their local CTF parameters. This file can be used as a data source in a tool such as cryoSPARC, which 
will periodically run subsequent processing steps like 2D classification and ab initio reconstruction on the latest set of particles.

NATURE METHODS | VOL 16 | NOVEMBER 2019 | 1146–1152 | www.nature.com/naturemethods 1147

Tegunov, D. & Cramer, P. Real-time cryo-electron microscopy data preprocessing with Warp. Nat Methods 16, 1146–1152 (2019).

Bepler, T., Kelley, K., Noble, A. J. & Berger, B. Topaz-Denoise: general deep denoising models for cryoEM and cryoET. Nat. Commun. 11, 5208 (2020).
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Curation (cryoSPARC)

• Defocus range
• CTF fit resolution 
• Number of particles

• Tilt angle
• Astigmatism
• Ice thickness

Image Curation: cryoSPARC
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2D Classification
• cryoSPARC
• Relion
• Sparx/EMAN2
• ISAC
• Spider
• Simple
• Remove “bad” particles

Lander 2009

2D Classification
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2D Classification

https://guide.cryosparc.com/processing-data/all-job-types-in-cryosparc/particle-curation/job-2d-classification

‘Initial cleanup’ of particles

 Particles are only rotated and translated in-plane

 Class average recovered


Inputs: (CryoSPARC)

 Number of classes

 Maximum resolution

 Maximum alignment resolution

 Minimum alignment resolution

 Plotting sort method

 Initial classification uncertainty factor

 Circular mask diameter (A)

2D Classification
• Anticipate 100 to 400 particles per class
• Don’t ask for too many classes
• I split my particle stack into stacks of 100K particles and 

process each separately to get clean-vs-dirty particles
– Screen through various values for radius
– Relion
• Tau fudge
• CTF

– cryoSPARC
• Turn off Force Max over poses/shifts
• Initial classification uncertainty factory (2 and above)
• Number of iteration to anneal sigma as high as 25
• Set online-EM iterations to 40
• Set Batchsize per class to 400
• Change Re-center mask threshold (possibly as high as 

0.75) for centering particles and smearing neighbors
• set White noise model to off
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2D Classification
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automated manner. In the early stages of analysis, particularly
when little is known about the shape of the protein and the dis-
tribution of the projection views, the manual approach is prefer-
able. A trained and careful practitioner can obtain much better
results than automated approaches, but the risk is that humans
tend to focus on more familiar and better visible particle views,
thus omitting less frequently appearing orientations that may
be needed for successful structure determination. In semi-auto-
mated approaches, the computer performs an initial step of
detection of putative particles in a micrograph. All candidates
are windowed, and the user removes poor particles from the gal-
lery of possible candidates. Fully automated procedures can be
divided into three groups: those that rely on ad hoc steps of
denoising and contrast enhancement followed by a search for
regions of a given size that emerge above the background level
(Adiga et al., 2004); those that extract orientation-independent
statistical features from regions of micrographs that may contain
particles and proceed with classification (Hall and Patwardhan,
2004; Lata et al., 1995); and those that employ templates, i.e.,
either class averages of particles selected from micrographs or
projections from a known 3D structure of the complex (Chen
and Grigorieff, 2007; Huang and Penczek, 2004; Sigworth,
2004). The use of fully automated procedures carries even higher
risks of introducing bias, as positively correlating noise features
are indistinguishable from weak but valid signal. Therefore, one
faces the risk of eventually merely reproducing the template
structure. The study of the HIV-1 envelope glycoprotein is a
prominent example in which template bias likely played a
deciding role (Mao et al., 2013). Good practice is therefore to
rely on template-based particle picking only if particles are
clearly visible in the micrographs.
With particle coordinates identified in the micrographs, the

particles are windowed and assembled into a stack. The initial

locations are not very precise. Therefore, the window size should
exceed the approximate particle size by at least 30% (more for
small particles). For issues relating to aliasing and density
normalization, see Supplemental Information.

2D Clustering and Formation of Class Averages
The first step in single-particle EM structure determination is the
analysis of the 2D image dataset, particularly the alignment and
grouping of the data into homogenous subsets. There are
several reasons for why it is best to begin with 2D analysis: (1)
2D datasets contain image artifacts, invalid particles, or simply
empty fields that should be removed; (2) the angular distribution
of the particle views is unknown and if the set is dominated
by just a few views, 3D analysis is unlikely to succeed; and (3)
computational ab initio 3D structure determination requires
high-SNR input data, as is present in high-quality class
averages.
Various strategies have been proposed to deal with the prob-

lem of alignment and clustering of large sets of single-particle
EM images (Joyeux and Penczek, 2002; Penczek, 2008), but
all are fundamentally rooted in the popular K-means clustering
algorithm (Figure 3A). As most steps in single-particle EM
analysis use a variant of this algorithm, including 2D multi-
reference alignment, 3D multi-reference refinement, even 3D
structure refinement (projection matching), the principles and
properties of K-means clustering are described in Supplemental
Information.
A straightforward implementation of the K-means algorithm in

single-particle EM analysis is 2D multi-reference alignment
(MRA) (van Heel and Stöffler-Meilicke, 1985), a process in which
the dataset is presented with K seed templates, and all images
are aligned to and compared with all templates and assigned
to the one they most resemble. The process is iterative: a new

Figure 3. Principle of the K-means Algorithm Used in Single-Particle EM Structure Determination Protocols
(A) In the basic K-means algorithm, the particle images are compared with a set of class averages using a correlation measure that yields the class assignment.
Based on the updated class assignments, new class averages are then calculated. Simply by adding 2D alignment of the images to the templates using a
correlation function, the algorithm is converted to multi-reference alignment (MRA) (indicated by text in red font).
(B) Principle of the projection matching technique used for 3D single-particle EM structure refinement. The best match of an image to a template yields the Euler
angles that were used to generate the template, while a 2D alignment step yields the third, in-plane Euler angle and the two in-plane translations, the total of five
orientation parameters required for the 3D reconstruction step.

Cell 161, April 23, 2015 ª2015 Elsevier Inc. 443

2D Classification

Cheng, Y., Grigorieff, N., Penczek, P. A. & Walz, T. A Primer to Single-Particle Cryo-Electron Microscopy. Cell 161, 438–449 (2015).
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Initial Model
• Random conical tilt
• Orthogonal conical tilt
• Common-lines
• Tomography with STA
• Random initial parameters, optimize with stochastic 

gradient descent (SIMPLE, cryoSPARC, and Relion). 
• SAXS/SANS
• Structure prediction (calculate map of PDB)

Punjani et al., 2017

Calculation of the 3D Models
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Initial Model
• Generate multiple initial models if uncertain in model
– Look for continuity in density
– Look for sausages to indicate a-helices
– Are projections comparable to class averages?

• Ask for multiple models to be generated
• CryoSPARC’s starting frequency should have more 

information than particle_size / 5 (e.g. 300 / 5 = 60Å)
• Use C1 symmetry

Calculation of the Initial Model
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NATURE METHODS | VOL.14 NO.3 | MARCH 2017 | 291

ARTICLES

if driven by hardware advances alone16. Based on the combina-
tion of algorithms, inexpensive hardware, and an easy-to-use  
graphical user interface, cryoSPARC will enable nonspecialist 
cryo-EM users to process data rapidly without needing to pur-
chase or set up their own computer clusters and with minimal 
user input and expertise.

RESULTS
Formally, structure determination by cryo-EM is an optimiza-
tion problem and may be described in a Bayesian likelihood  
framework12,17: 

arg max log ( | )

arg max log ( , | ) l

V K
K N

V K
i i j i

p V X

K
p X V d

1
1 1

1

1
…

… …
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=

+∫ f f oog ( ) ( )p V Kj
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i
N

111 1…== ∑∑

The aim of the optimization is to find the 3D structures (V1 
to VK) that best explain the observed images (X1 to XN) by  

(1)(1)

marginalizing over class assignment (j) and the unknown pose 
variable (Fi), which describes a 3D rotation and a 2D translation 
for each single-particle image.

Numerical optimization problems have been studied extensively 
in computer science18. Traditionally, optimization is formulated 
as the maximization of a single, monolithic objective function. 
With this approach, the variables of a function are iteratively 
altered until the ‘best’ values, which give an optimum value to 
the function, are identified. Sophisticated algorithms for iterative 
optimization have been developed19 and are central to a myriad 
of problems in data modeling and engineering. In the case of 
cryo-EM map calculation, the objective function (equation (1)) 
quantifies how well cryo-EM maps explain the collected experi-
mental images, and the variables in the function include the 3D 
maps represented as density voxels on a 3D grid.

We use an SGD optimization scheme to quickly identify one 
or several low-resolution 3D structures that are consistent with a  
set of observed images. This algorithm allows for ab initio hetero-
geneous structure determination with no prior model of the 
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Stochastic gradient descent (SGD) enables ab initio cryo-EM structure determination
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Precise, expensive steps computed
using all single-particle images
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Figure 1 | Stochastic gradient descent for cryo-EM map calculation. (a) Iterative refinement methods are sensitive to initialization. An arbitrary 
initialization far from the correct 3D map will be refined into an incorrect structure that attains a locally optimal probability within the space of all 3D 
maps. An accurate initialization will be refined to the correct structure. Iterative refinement uses all single-particle images in a data set to compute 
each step. (b) Random selection of particle images in the SGD algorithm. At each iteration, a different small random selection of images is used to 
approximate the true optimization objective. Each iteration may use a different number of images. (c) Stochastic gradient descent (SGD) algorithm 
enables ab initio structure determination through insensitivity to initialization. An arbitrary computer-generated random initialization is incrementally 
improved by many noisy steps. Each step is based on the gradient of the approximated objective function obtained by random selection in b. These 
approximate gradients do not exactly match the overall optimization objective. The success of SGD is commonly explained by the noisy sampling 
approximation allowing the algorithm to widely explore the space of all 3D maps to finally arrive near the correct structure.

CryoSPARC: Stochastic Gradient Descent

Punjani, A., Rubinstein, J. L., Fleet, D. 
J. & Brubaker, M. A. cryoSPARC: 
algorithms for rapid unsupervised 
cryo-EM structure determination. 
Nat. Methods 14, 290–296 (2017).
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cryo-EM structure determination. 
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molecule’s structure. Once approximate structures are deter-
mined, a branch-and-bound algorithm for image alignment 
helps rapidly refine structures to high resolution. The speed  
and robustness of these approaches allow structure determi-
nation in a matter of minutes or hours on a single inexpensive  
desktop workstation.

Stochastic gradient descent: discovery of protein structure 
from random initialization
Cryo-EM map calculation is a nonconvex optimization problem. 
This type of problem is among the most computationally chal-
lenging optimization problems known and is characterized by 
the presence of multiple locally optimal settings of variables, 
each of which forms an attractor where typical iterative opti-
mization algorithms can become stuck if poorly initialized19 
(Fig. 1a). Sensitivity to local optima is seen in most optimiza-
tion algorithms, including those used in cryo-EM12,13; and, as a 
result, refinement programs require a reasonably accurate initial 
model for the structure that initializes the search near the glo-
bal optimum. Recently, however, methods have been discovered  
that perform well on nonconvex problems. One such method 
is SGD20 (Fig. 1). SGD was popularized as a key tool in deep  
learning for the optimization of nonconvex functions, and it 
results in near human-level performance in tasks like image and 
speech recognition21,22.

In equation (1), each term of the outer sum represents the con-
tribution of a single-particle image to the overall likelihood of the 
3D map. SGD repeatedly approximates this objective function by 
selecting a different random subset of terms (i.e., single-particle 
images) at each iteration, and it computes the sum of those terms 
(Fig. 1b). In a single iteration, the optimization variables (i.e., the 
3D map) are updated based on the gradient of this approximate 
objective (Supplementary Note 1). Each iteration requires ana-
lyzing only a small subset of single-particle images. Consequently, 
a single iteration is inexpensive, and hundreds or thousands of 
iterative changes can be made during each pass through the full 
data set. It is commonly believed that it is because of these many 
noisy changes that SGD is insensitive to local optima and often 
finds effective solutions to nonconvex problems (Fig. 1c).

We implemented an SGD method for ab initio structure deter-
mination and 3D classification. Applied to several different 
data sets, the use of SGD enabled convergence to correct low- 
resolution structures from arbitrary random initialization, 
allowing both ab initio structure determination and ab initio 3D  
classification (Fig. 2). With 35,645 TRPV1 particle images3,  
SGD optimization resulted in a low-resolution 3D map in 75 
min from random initialization (Fig. 2a) using a single inex-
pensive desktop workstation with an Intel i7-5820K Processor 
and a single NVIDIA Tesla K40 GPU. When applied to a data 
set of conformationally heterogeneous Thermus thermophilus 
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Figure 2 | Evolution of 3D cryo-EM maps as computation progresses using the SGD algorithm and branch-and-bound refinement. (a) Low-resolution map 
of the TRPV1 channel calculated in 75 min from random initialization. (b) Multiple conformations of the Thermus thermophilus V/A-ATPase calculated 
simultaneously from separate random initializations. (c) Refinement of TRPV1 to 3.3-Å resolution on a single GPU desktop workstation in 66 min with C4 
symmetry enforced. (d) Refinement of each of three V/A-ATPase rotational states. The rotational state of the central rotor (indicated by red circles) is seen 
in cross sections through the 3D maps. All computations were performed on a single desktop computer with a single NVIDIA Tesla K40 GPU. Scale bars, 25 Å.
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Alignment by Angular Reconstitution

32

Orlova, E. V. & Saibil, H. R. Structural Analysis of Macromolecular Assemblies by Electron Microscopy. Chem. Rev. 111, 7710–7748 (2011).



NCCAT: Single Particle Short Course 2026© 2026 David Jeruzalmi, CC BY-NC-ND 4.0

Projection/Central-Section Theorem
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rotation axes coincide, a!45! tilt of one particle will correspond
to a +45! tilt of the other. The problem is to find equivalent views
in tilt images arising from particles that are orthogonal at 0! tilt.
Combining such tilt views from particles with different in-plane
orientations will generate a tomographic series around the common
axis and can be used to generate a 3D reconstruction with no
missing cone (see Figure 1 of Leschziner and Nogales152).

6.2. Angle Assignment by Common Lines in Reciprocal Space
For any set of 2D projections of a given 3D structure, there

are relationships between the projections that can be used to
determine their relative orientations (Figure 20). Each pair
of 2D projections has at least one 1D (line) projection in
common.153,154 In Fourier space, 2D projections correspond to
planes passing through the origin of Fourier space, and 1D line
projections become radial lines in the transform.The common line
between two projections in Fourier space is the line of intersection
of the corresponding two planes in Fourier space (Figure 21).

With only two images, the angle between the two intersecting
planes cannot be determined because only one common line

exists, but with three images there are three common lines, and
angles between any two common lines can be found with respect
to the third one, so that all of the orientations are fixed.
Determination of common lines from individual raw images is
difficult, but the presence of symmetry provides many more
constraints and results in multiple common lines, both from the
same image (self-common lines) and between image pairs (cross
common lines). Icosahedral viruses provide the most favorable
case, and Crowther145 developed the application of common
lines for determining the relative orientations of virus particles in
Fourier space. Using their icosahedral symmetry, he was able to
find the common lines and to determine the particle orientations.
Because the searching is done in reciprocal space, the radial lines
of the image transforms are compared and the common lines
identified by minimizing the sum of phase residuals between
pairs of common lines. Fuller155 introduced a weighting scheme
to make the common lines method more effective for use with
cryo EM images of icosahedral particles. The phase residual
comparison depends on particle orientation: the common lines
are less well separated in views around the symmetry axes, and

Figure 21. Surface rendered views, projections, and transform sections of a structure, with a common line intersection illustrated in reciprocal space.
The structure has rotational symmetry, and there are several symmetry-related common lines. From the angles between common line projections of
different views, the relative Euler-angle orientations of a set of projections can be determined. Adapted with permission from ref 24. Copyright 2000
International Union of Crystallography.

Orlova, E. V. & Saibil, H. R. Structural Analysis of 
Macromolecu lar Assemblies by Electron 
Microscopy. Chem. Rev. 111, 7710–7748 (2011).
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Projection matching to improve image reconstruction
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Orlova, E. V. & Saibil, H. R. Structural Analysis of Macromolecular Assemblies by Electron Microscopy. Chem. Rev. 111, 7710–7748 (2011).
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3D Classification
• Can be used to clean data further
– Discard “bad” particles

3D Classification as a Particle Clean-up Tool
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3D Classification
• Can be used to clean data further
– Discard “bad” particles
– Discard some preferred orientations

3D Classification as a Particle Clean-up Tool
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Fourier Shell Correlation (FSC)

film (45.48). The increased phase residual for orien-
tation determination on the second film reflects the
fact that the images themselves have poorer agree-
ment with the model even at low resolution, but
also that orientation determination on the second
film is less accurate, probably because of the
damage to higher-resolution features.

As a final demonstration of the improvement in
particle orientation resulting from parameter
optimization, we used an entirely different
approach requiring the separate determination of
the orientations of the untilted and tilted particles.
For each particle, the best tilt axis was found that
relates the untilted and tilted particle orientations
with the constraint that it lies in the plane normal
to the electron beam (see Methods). We plot the
tilt axis direction and tilt angle for each particle
pair before (Figure 6a) and after (Figure 6b) opti-
mization using the same data and refinement
parameters as used in Figure 3(a) and (b). As
shown by the clustering at the known target

values, the tilt axis and angle are also more accu-
rately determined in Figure 6b on an individual
particle basis. Orientations are therefore more
accurately determined after optimization. The
RMS deviation for the well-clustered tilt axes
(within the small circle in Figure 6b) is 3.28. The
error for the tilt axis reflects errors in orientation
on both films, but the error in orientation on a
single film is the most important quantity to know
for most data collection strategies. For example, if
orientations have two times worse RMS error on
the second film than on the first because of radi-
ation damage, then the RMS orientation error in
orientations on the first film is approximately 1.48.
Using Figure 6 it is possible to identify individual
image pairs for which the tilt angle is incorrect.
Removing images that are clearly outliers due to
noise features, damage, or particle heterogeneity
may also improve hand discrimination by the free
hand difference.

In summary, the ability to determine absolute

Figure 7. Data for the final E2CD map. (a) Distribution of orientation angles for particles, with 5, 3, and 2-fold sym-
metry axes labeled. (b) Fourier shell correlation (FSC), Cref, and CXRAY for the final dataset.

732 Single-particle Cryomicroscopy

Rosenthal, P. B. & Henderson, R. J. Mol. Biol. 333, 2003.
Heel, M. van & Stöffler‐Meilicke, M. EMBO J. 1985

“The FSC is the correlation between two 
independent maps, where each map is calculated 
from half the images. In the Appendix, we argue 
that the resolution of the map should be assigned at 
the point where the FSC crosses a threshold of 
0.143. This corresponds to the resolution at which 
the estimated correlation between a density map 
calculated from all the data and a perfect reference 
map …… also plotted is 0.5.”
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Greber, B. J., Toso, D. B., Fang, J. & Nogales, E. 
The complete structure of the human TFIIH core 
complex. eLife 8, e44771 (2019).

The complete structure of the human TFIIH core complex.
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Greber, B. J., Toso, D. B., Fang, J. & Nogales, E. 
The complete structure of the human TFIIH core 
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The complete structure of the human TFIIH core complex.
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Compositional and conformational 
differences
• Human erythrocyte ankyrin-

1 complex
• Multiple ab initio models 

generated
• 3D classification to identify 

compositional differences
• Signal subtraction and local 

refinement used to identify 
conformational differences

Vallese et al., 2022
Vallese, F. et al. Architecture of the human 
erythrocyte ankyrin-1 complex. Nat. Struct. 
Mol. Biol. 29, 706–718 (2022).

ARTICLESNATURE STRUCTURAL & MOLECULAR BIOLOGY

Extended Data Fig. 2 | Cryo-EM workflow and analysis of the ankyrin-1 complex. Flowchart outlining cryo-EM image acquisition and processing 
performed to obtain the structure of ankyrin-1 complex. All processing was performed using CryoSPARC v.3.3 (see Methods for details).

NATURE STRUCTURAL & MOLECULAR BIOLOGY | www.nature.com/nsmb

Architecture of the human erythrocyte ankyrin-1 complex
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1) ab initio

2) DnaB helicase (closed planar ring)

3) DnaB helicase • DnaC helicase loader (open spiral)

4) DnaB helicase • ssDNA (closed spiral)

5) Cryo-electron tomography (BP)

Cryo-EM of the E. coli DnaB - Phage λ P Helicase Loader Complex 

Chase, J. et al. eLife 2018.

Noble, A. J. et al. eLife 2018.

Chase, J., Berger, J. & Jeruzalmi, D. Trends Biochem. Sci. 2022

Shatarupa, A. , Brown D. et al. Nucleic Acids Res. 2025.
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3D Reconstruction using closed planar form of DnaB (PDB = 2R6A) 
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3D Reconstruction using open spiral DnaB•DnaC (EMDB = 2321) 
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3D Reconstruction using closed spiral DnaB•ssDNA (PDB = 4ESV) 
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Krios/K2 Detector
1.07 Å/px, 256x256 px


15,000 Particles

RELION

A Better Data Set of the E. coli DnaB - Phage λ P Helicase Loader Complex 
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Gaussian particle picking

Incoherent ab initio

reconstruction 

A Better Data Set of the E. coli DnaB - Phage λ P Helicase Loader Complex 
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Cryo-electron Tomography of the BP complex 

Noble, eLife 2018
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Cryo ET Results: 
Video of Z Direction

Noble, eLife 2018

Cryo-electron Tomography of the BP complex 



NCCAT: Single Particle Short Course 2026© 2026 David Jeruzalmi, CC BY-NC-ND 4.052

Cryo-electron Tomography of the BP complex 
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3D Reconstruction using Particles Picked with Tomogram



NCCAT: Single Particle Short Course 2026© 2026 David Jeruzalmi, CC BY-NC-ND 4.054

Jillian Chase

Cryo-EM of the E. coli DnaB - Phage λ P Helicase Loader Complex 
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Cryo-EM of the E. coli DnaB - Phage λ P Helicase Loader Complex 
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Cryo-EM of the E. coli DnaB - Phage λ P Helicase Loader Complex 
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Cryo-EM of the E. coli DnaB - Phage λ P Helicase Loader Complex 

Shatarupa, A. , Brown D. et al. Nucleic Acids Res. 2025.
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Cryo-EM of the E. coli DnaB - Phage λ P Helicase Loader Complex 
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Cryo EM: Workflow
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DeepEMhancer: a deep learning solution for
cryo-EM volume post-processing
Ruben Sanchez-Garcia 1,4, Josue Gomez-Blanco2,3, Ana Cuervo1, Jose Maria Carazo 1,
Carlos Oscar S. Sorzano 1✉ & Javier Vargas2,3✉

Cryo-EM maps are valuable sources of information for protein structure modeling. However,

due to the loss of contrast at high frequencies, they generally need to be post-processed to

improve their interpretability. Most popular approaches, based on global B-factor correction,

suffer from limitations. For instance, they ignore the heterogeneity in the map local quality

that reconstructions tend to exhibit. Aiming to overcome these problems, we present Dee-

pEMhancer, a deep learning approach designed to perform automatic post-processing of

cryo-EM maps. Trained on a dataset of pairs of experimental maps and maps sharpened

using their respective atomic models, DeepEMhancer has learned how to post-process

experimental maps performing masking-like and sharpening-like operations in a single step.

DeepEMhancer was evaluated on a testing set of 20 different experimental maps, showing its

ability to reduce noise levels and obtain more detailed versions of the experimental maps.

Additionally, we illustrated the benefits of DeepEMhancer on the structure of the SARS-CoV-

2 RNA polymerase.

https://doi.org/10.1038/s42003-021-02399-1 OPEN

1 Biocomputing Unit, Centro Nacional de Biotecnología-CSIC, Madrid, Spain. 2 Department of Anatomy and Cell Biology, McGill University, Montréal, QC,
Canada. 3 Departamento de Óptica, Universidad Complutense de Madrid, Madrid, Spain. 4Present address: Department of Statistics, University of Oxford,
Oxford, UK. ✉email: coss@cnb.csic.es; jvargas@fis.ucm.es
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checking and refinement remain necessary, ModelAngelo outper-
forms human experts in identifying unknown proteins and produces 
initial atomic models of comparable completeness to those obtained 
by human experts.

A multimodal approach to model building
Automated model building of proteins and nucleic acids in ModelAn-
gelo comprises three steps (Fig. 1a). Details about the network archi-
tectures that underlie these steps and how they are trained have been 
described previously28.

In the first step, positions for the backbone Cα atom of amino acids 
and the phosphor atom of nucleic acids are predicted using a convolu-
tional neural network (CNN). This CNN is a modified feature-pyramid 

network29 that predicts whether each voxel in the cryo-EM map contains 
the Cα atom of an amino acid, the phosphor atom of a nucleic acid 
residue or neither. A graph is then constructed in which each residue 
is a node, and edges are formed between each residue and its 20 near-
est neighbours.

In the second step, a graph neural network (GNN) is used to optimize 
the positions and orientations of the residues to predict their amino 
or nucleic acid identity, and to predict torsion angles for their side 
chains or bases. The GNN consists of three modules: a cryo-EM mod-
ule, a sequence module and an invariant point attention (IPA) module 
(Fig. 1b). Each node of the graph is associated with a residue feature 
vector. Each module takes the residue feature vector as input, combines 
it with new information and outputs an updated residue feature vector 
that is passed to the next module. The sequential application of the 
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Fig. 1 | Atomic modelling in ModelAngelo. a, ModelAngelo builds atomic 
models in three steps: (1) a CNN predicts protein and nucleic acid residue 
positions; (2) a GNN optimizes these positions and orientations (shown in b); 
(3) post-processing of the optimized graph leads to a complete atomic model. 
b, The GNN, which is arranged in eight layers with three modules, uses a feature 
vector per residue that is passed through MLP and integrated with additional 
data through attention mechanisms that have query (Q), key (K) and value (V) 

vectors. The cryo-EM module also produces a feature vector (C) used for 
residue prediction. The IPA module uses query points (Qpoints) and their 
distances to the neighbouring residues (Dq) for attention. Stable gradient 
propagation is ensured by residual connections with layer norms (Add LN)51. 
Residue feature vectors are used to update residue positions and orientations. 
They are also used to predict torsion angles, confidence scores and residue 
identities at the end of each layer.

Model Building into Cryo-EM maps
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DnaB N-Term:  

1B79 (2.30 Å)

Cryo-EM of the E. coli DnaB - Phage λ P Helicase Loader Complex 

DnaB C-Term:  

Alphafold

DnaB linker-helix:  

Alphafold

Lamba P:  

1 - 119: Alphafold

120-192: 1.86 Å crystal structure

193-299: Alphafold
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Additional Reading
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Our study addressed the so-called 'initial volume problem' in the single-particle reconstruction, 
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Molecular Electron Microscopy
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Molecular Electron Microscopy: 2D classification

66



NCCAT: Single Particle Short Course 2026© 2026 David Jeruzalmi, CC BY-NC-ND 4.0

Projection/Central-Section Theorem

The Fourier Transform of a projection (2-D) of an object 
corresponds to a section through the center of 3D-
Fourier transform of object. Johann Radon, 1917


Klug, Desrosier, Crowther, 1968, 1970

FT (2D)

FT (3D)

FT (2D)FT (2D) FT (2D) FT (2D)
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FT <- 2D

FT <- 2D

Fourier Transform 
Real space

image

Reciprocal space

FT <- 2D

transform

(3D)

FT <- 2D
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Assessing the resolution of EM reconstructions
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Molecular Electron Microscopy: Data analysis

# of particles

1:200 

2:1000

3:3000

4:6384

5:6384 

+ symmetry applied Böttcher-Nature, 1997
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Atomic level models from electron microscopy
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