


 

 

no transitions from actin to cofilactin 
within individual filaments in our 
training set, in the real data these 
transitions were abundant and easily 
detected by the network (Fig. 5C). 
 
To test whether this approach is 
generalizable and to push its 
limitations, we used purely synthetic 
datasets to not only distinguish 
between actin and cofilactin, but to 
also segment the cofilin molecules 
decorating the filament (Fig. 6A). 
We then used a similar approach to 1) 
differentiate between the catalytic 
domains and the associative core 
domains in real tomograms of 
purified alpha-CaMKII (Fig. 6B), 2) 
segment histone proteins from the 
DNA strand in purified chromatin 
(Fig. 6C), and 3) target the outer 
alpha-rings and inner beta-rings of 
the 20S proteasome (Fig. 6D, EMDB 
7152).  

Segmenting Cellular Data 
 
While there are many applications for 
segmenting in vitro systems, we 
ultimately need tools for segmenting 
crowded cellular environments. 
Using our in vitro approach on 
cellular tomograms, however, did not 
directly translate. We reasoned that 
the synthetic data sets were not 
crowded enough, so we turned to our 
synthetic cytoplasm again. We trained two single 
class U-Nets: one network to recognize microtubules 
and one to recognize ribosomes within a molecularly 
crowded milieu (Fig. S12). The real neuronal 
tomogram shown in Fig. 7A was then subjected to 
segmentation by both networks, as shown in Fig. 7B. 

This composite segmentation represents the raw 
output from both trained networks overlayed and has 
experienced no postprocessing clean-up.  
 
To test the impact of including hand-annotated real 
data to the initial training set, we chose a very small 

Figure 7. Segmentation of real in situ data. A) 2D slice from a neuronal 
tomographic volume. B) 3D segmentation results for microtubules (blue) and 
ribosomes (orange) from the tomogram in (A) by two single-class U-nets 
trained specifically to find each feature within crowded CTS-derived 
synthetic cytoplasm (shown in Figure S10). C) Segmentation of 
microtubules with a network simultaneously trained dual trained on the same 
simulated microtubules plus the 64 cubic voxels of real data shown in the 
inset of (A). D) Segmentation results from a network only trained on the 64 
cubic voxels of real tomographic data 
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amount of data (64x64x64 voxel cube) that included 
a single stretch of microtubule density (Figure 7A 
inset) and combined it with our simulated 
microtubule data to perform what we refer to moving 
forward as “dual training”. In the dual trained 
microtubule segmentation, it is clear that the tubule 
walls are more fully segmented, causing them to lose 
their transparent appearance as in the “Simulation 
Only” segmentation. It’s important to note that 
training only on the small cube of real data did not 
produce a useful segmentation (Fig. 7D), proving 

that the addition of even a small 
amount of real data can fortify 
networks co-trained with simulated 
datasets. 
 
We then turned to training multiclass 
segmentation U-Nets and compared 
“simulation only” training to our dual 
trained approach (Fig. 8). For this test 
we trained a seven-class U-net 
against our synthetic cytoplasm to 
recognize actin filaments, cofilactin, 
microtubules, the chaperonin Tric, 
ribosomes, synthetic spherical 
vesicles, and background (see 
Methods for details). For the dual 
trained network, the real data used for 
augmentation was minimal. Each 
class contributed only a 64 cubic 
voxel dataset, as depicted in Fig. S13. 
From the three-dimensional renders 
(Fig.8A & B), it is simple to conclude 
that the dual trained network was 
superior in terms of segmentation 
noise. Inspection of slices through the 
segmentations, however, shows that 
the “simulation only” network 
performed surprisingly well in 
recognizing objects from different 
classes (Fig. 8C & D). While not 
perfect, we found these results 

remarkable given that both the data and ground truth 
could all be generated on a single CPU (from 
modeling to simulation to reconstruction) in under 30 
minutes. Given these results, we currently suggest a 
dual training strategy for networks meant to segment 
cellular data, but we believe there is potential for 
simulations to reach sufficient levels of realism in 
terms of molecular complexity and noise structure, 
and this will remain an active area of on-going 
research. 
  

Figure 8. Multi-class segmentation within crowded cellular tomograms. A) 
3D segmentation results from a 7-class network (actin, cofilactin, 
microtubules, TriC, ribosomes, membrane, and background) that was trained 
solely on these features within crowded synthetic cytoplasm. B) 
Segmentation of the same tomogram by a U-net dual trained on the same 
simulated dataset plus six small (64 cubic voxel) hand segmented inputs 
containing each class (see Fig. S11). C and D) Higher zoom overlays of 
central a slice through the tomogram with the multi-class segmentation 
results. 
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Discussion 
We have showcased CTS, a combined suite for 
generating models of frozen-hydrated samples and 
their cryotomographic simulation. It is capable of 
generating synthetic cryo-ET datasets within minutes 
from structures of interest, paired with both ground 
truth segmentations and matched tomograms of ideal 
to perfect SNR. The simulated datasets and ground 
truth segmentations can train robust semantic 
segmentation networks that surpass expert hand 
segmentations of in-vitro samples, and in cellular 
samples permit training networks more quickly than 
manual training, either with retraining or by 
augmenting with a small amount of target cellular 
data. Regression denoising is almost impossible to 
perform without simulated data and has proven to be 
surprisingly generalizable to different particle 
mixtures. The intensity of denoising is also 
manipulable with such easy training, allowing both 
potent SNR maximizing and gentler denoising that 
better retains high-resolution information. 
 
Each of these applications highlight how CTS can 
help fill the gap between the glut of cryo-ET data 
available and powerful deep learning tools that have 
the potential to analyze those large datasets.  
Considering the standard of computer hardware 
required for collecting and processing cryo-ET data, 
the technical requirements of CTS are no obstacle, 
and it can improve resource use by focusing expert 
microscopists on data collection and analysis rather 
than manual annotation. Further applications we 
have not yet explored include training deep learning 
particle picking tools and directly comparing 
different reconstruction, denoising, and 
enhancement techniques quantitatively with known 
ground truth information. Finally, we have not 
performed head-to-head comparisons with other 
deep learning based denoisers or particle classifiers 
on the same real tomographic data. For instance, it 
may prove interesting to do in depth comparisons of 
CTS-trained regression networks to the IsoNet 21 

approach for missing wedge restoration, or to 
experiment with the usefulness of training IsoNet 
networks with simulated data.  
 
While CTS has enabled fast prototyping and 
powerful deep learning applications, it is deliberately 
simplified for speed and ease of use. It cannot replace 
full physics-based all-atom simulators like parakeet 
36 for quantitative accuracy, especially of very high-
resolution data. In the future, CTS could adopt more 
complete simulation functions to improve rigor and 
accuracy at the potential cost of longer processing 
times. More fundamentally, CTS in its current form 
cannot model ‘true’ cellular or biological 
superstructures that are often of interest in cryo-ET 
(mitochondria, Golgi, synapses, etc.), nor does it 
simulate dynamic molecular properties or 
interactions. 
 
Despite these limitations, it is remarkable that such 
small amounts of CTS-generated data can be used to 
train such powerful and generalizable U-Nets for 
both image regression and semantic segmentation. 
Perhaps more important is the ability to derive new 
training sets, in a matter of minutes, on a single CPU 
core. This means that anyone can use the wealth of 
existing structural data (https://www.rcsb.org/, 
https://alphafold.ebi.ac.uk/, 
https://opm.phar.umich.edu/, etc.) to quickly iterate 
different modeling and simulation parameters to 
systematically test the efficacy of datasets for 
training neural networks. Additionally, on the 
modeling side of CTS, users are only limited by their 
skills and creativity when it comes to building atomic 
models. Finally, while we have tested the impact of 
changing basic imaging parameters on a network’s 
inferability using simulated data, this was only done 
with U-Net architectures under relatively constrained 
hyper-parameters. Moving forward, CTS could be 
used to characterize, optimize, and inform deep 
learning practices in the cryo-EM field more fully. 
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Materials and Methods 

Protein Purification 
Purified non-muscle actin (Cat # BK013), cofilin 
(Cat # CF01-A), and alpha-actinin (Cat # AT01) 
were purchased from Cytoskeleton, Inc. (Denver, 
CO). Native Chromatin was isolated and mnase-
treated according to the detailed methods described 
in 37. Alpha-CamKII holoenzymes were purified on 
a CaM-Sepharose column, as described in detail in 
38. 

Specimen preparation, Image Collection and 
Reconstruction 
Stock actin (10 mg/ml) was diluted 1:10 into ATP-
supplemented general actin buffer from 
Cytoskeleton Inc. (Cat # BSA01-001, 5mM Tris-HCl 
pH 8.0, 0.2 mM CaCl2, and 0.2 mM ATP), and left 
on ice for 30 min. Next, 10 ul of actin polymerization 
buffer (Cat # BSA02-001, 50 mM KCl, 20 mM 
MgCl2, and 1 mM ATP) was added, mixed well, and 
placed at RT for one hour to polymerize. After 
polymerization, 2.5 l of Cofilin (5 mg/ml) was added 
to a tube and diluted in 10 ul of 20 mM Tris-HCl 6.6 
Buffer, before adding 12.5 ul of polymerized actin 
and letting it sit for 30 min at RT. For Alpha-actinin, 
40 ul of F-actin was placed in a tube and 10 ul of 
alpha-actinin (1 mg/ml stock) was added for a final 
concentration of 200 ug/ml. Add 2 ul of Tris pH 6.5, 
and leave at RT for 30 min. Before vitrifying 
CaMKII, stock aliquots dialyzed in 10 mM HEPES, 
pH 7.4, 0.1 mM EGTA, 200 mM KCl, and 20% 
glycerol, were thawed and diluted from 3.4 mg/ml to 
1 mg/ml in dialysis buffer. Chromatin was prepared 
according to the detailed protocol in 37 
 
All samples were plunge frozen on R2/2 200 mesh 
Quantifoil EM grids, using a Vitrobot Mark IV 
(Thermo Fisher). Copper grids were used for purified 
particles in suspension and gold grids were used for 

culturing neurons. For purified actin/cofilactin and 
actin/actinin, chromatin and alpha-CaMKII, 3 
microliters of sample were applied to freshly glow-
discharged grids and blotted for 3.5 s with force 5. 
For neurons cultured on grids, we followed the 
protocol described in detail here 39. Briefly, E18 
Sprague Dawley rat hippocampi were grown to 
either DIV 1 or 2 before being picked up in forceps 
and loaded on the Vitrobot. Grids were hand-blotted 
through the side port, from the back, using forceps 
holding blotting paper. After plunge-freezing, 
samples were stored in liquid nitrogen until they 
were loaded into the cryo-TEM for tilt series 
collection. 
 
Tilt series were collected on a Titan Krios (Thermo 
Fisher) 300 kV cryo-TEM, equipped with a 
Bioquantum energy filter (Gatan) and either a K2 or 
K3 direct electron detector. Using Tomography 5 
(Thermo Fisher), data was collected from -60 to 60 
degrees in either a dose-symmetric scheme or a split 
scheme with 2-degree increments for everything 
except purified chromatin, which was imaged with 5-
degree tilt increments. Total electron dose was 
maintained between 60-150 electrons/Å2, and 
defocus was maintained at ~5 microns. A range of 
magnifications were used, depending on the sample, 
from 3.3 - 1.35 Å/pix2. Tomographic alignment and 
reconstruction were carried out using IMOD. All 
tomograms were reconstructed with weighted back 
projection and binned 4x before denoising or 
segmentation. 

PDB structures 
See Table S1 for PDBs used and a description of their 
modifications. 

Generating Synthetic Training Data 
Modeling Parameters 
Tomogram models were generated using the 
parameters in Table S2. If not listed in the table, the 
default values were used. 
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Simulation Parameters 
Simulations were generated using the parameters in 
Table S3. If not listed in the table, the default values 
were used. 
 
Ground Truths 
For regression networks the ground truth was 
simulated as tomograms with no CTF corruption or 
radiation damage, no signal loss at the “detector”, 
and nearly full angular sampling (-89° to +89° with 
1° increments). The full 90 degrees was not used due 
to limitations imposed by IMOD’s XYZProject 
function. For segmentation networks, the atlases 
output from CTS during the simulation phase were 
used as a ground truth for training. The exact 
specifications of the simulations can be found in 
Table S3. 

Deep Learning 
All U-Net building, training, application, and 
performance testing were done within the Dragonfly 
2022.1 software suite by Object Research Systems. 
Non-commercial licenses are available through their 
website at www.theobjects.com, and an open source 
tutorial video can be found at 
www.jove.com/t/64435/deep-learning-based-
segmentation-of-cryo-electron-tomograms. 
 
In all cases 5-slice U-Nets were used with default 
architecture and the following hyperparameters: 
Patch Size = 64 or 128 pixels2, Stride Ratio = 1, 
Batch Size = 32, Epochs = 100-300. The loss 
function used for regression was Dragonfly’s 
“MixedORSgradientLoss”, and for semantic 
segmentation it was “CategoricalCrossEntropy”. For 
both, the optimization algorithm used was 
“adadelta”. 

Software Download 
CTS can be downloaded from its Github page. The 
github project also contains installation instructions, 

required software, and preliminary tutorials on its 
use. 
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