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Abstract—It is crucial to study and understand cellular
processes. In recent years, Cellular Electron CryoTomography
(CECT) serves as a powerful 3D imaging tool to visualize
spatial structure of macromolecules inside the cell. However,
it is challenging to analyze the macromolecular structures in
a systematic way due to nature of the structural complexity
of subcellular components. Existing computational and deep
learning based approaches suffer from limited scalability, discrimination ability and lack of accurate annotated CECT data.
Training with cheap simulated data can alleviate this problem
while facing new challenges of bridging the ”reality gap” between
synthetic training data and real testing data. In this paper, we
tackle the tasks of macromolecule structure classification and
segmentation in CECT images by adapting a simple but effective
technique, domain randomization. We show that by combining
deep neural models and domain randomization, we are able to
achieve significant improvements of 35.21% and 46.34% in tasks
of classification and semantic segmentation for real CECT data,
comparing to the model trained only on syhthetic data that aims
to faithfully reproduce real-world data distribution.
Index Terms—Cellular Electron Cryo-Tomography, Subtomogram Classification, Deep Learning, Domain Randomization

I. I NTRODUCTION
Cells are basic units of living organisms. Macromolecules
are nano-machines that play significant roles in cellular processes. In order to fully understand cellular processes, it is
critical to know the structures and spatial organizations of
macromolecules inside single cells. Traditionally, it has been
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very difficult to acquire such data. In recent years, Cellular
Electron Cryo-Tomography (CECT) is becoming an emerging
powerful 3D imaging tool to visualize spatial structures of
macromolecules inside single cells with sub-molecular resolution while preserving their native states [1].
However, it remains challenging to classify and recover the
macromolecular structures in a systematic way due to the
nature of the structural complexity of subcellular components.
Macromolecules interact with their neighbours dynamically
and continuously in a crowded environment. Also, though
imaging at sub-molecular resolution, low signal-to-noise ratio
(SNR) and missing wedge effects are inherent to CECT
imaging process, impairing the visualization quality. In addition, due to the process of structure determination using
single-particle cryo-EM, current technical limitations require
collecting very large datasets. BY taking the advantage of
automatic image acquisition, electron microscope is able to
capture hundreds of tomograms within several days. The
image data contains millions of structurally highly heterogeneous macromolecules [2]. The tomograms can be further
divided into cubic sub-volume called a subtomogram, which
enclosing the extracted macromolucule. However, the existing
computational approaches are severely limited in scalability
and discrimination ability, which makes them incapable of
automatically processing a large amount of data.
Previous works approached this problem with various techniques such as template matching [3], [4] and referencefree subtomogram classification averaging [1], [5], while they
lack scalability due to heavy computation. Works with handdesigned features [6], on the other hand, cannot handle noise
and missing wedge effect in the data. In recent years, deep
learning based based approaches [7]–[9] have also been proposed and serves as a powerful tool in addressing problems

Fig. 1. Process of domain randomization: red and blue circles define
the simulation dataset domain and reality dataset domain with a domain
shift. Domain randomization (green dashed ellipse) bridges the gap between
simulation and reality by providing high variability in simulation domain
during training

in CECT images. In general, previous methods suffer from
extremely expensive labor or computational cost for acquiring
annotated CECT data. Training with cheap simulated data will
greatly reduce this cost; however, bridging the ”reality gap”
between synthetic data and real-world data becomes a new
challenge. Conventionally, deep neural models assume that
distribution of training and testing data to be identical [10].
The differences between training (source domain) and testing
(target domain) data distributions of input and output variables
are defined as domain shift, which can severely bias a model’s
performance [11]. We will discuss related work in more details
in Section II.
In this work, we adapt a recently proposed simple yet effective technique named domain randomization [12] to transfer
models trained on simulated images to real images. Instead
of training a model on a single simulated environment, we
expose the model to an environment with high variability by
randomizing the simulation process as shown in Figure 1. If
the simulation has a significantly enough variability, the model
trained with simulated data can show better generalizability
to the real-world data with no additional training. We validate
our method with both classification and semantic segmentation
tasks for real CECT subtomogram data. Our results show that
domain randomization boost up classification and segmentation results by 35.21% and 46.34% respectively. Our work
demonstrates that it is now possible for model solely trained
with cheap simulation data to be deployed in real-world tasks.
II. R ELATED W ORK
A. Subtomogram Classification and Segmentation
One popular line of previous work on localizing macromolecules uses template matching based methods [3], [4],
while their capabilities are restricted to recovering known
macromolecular structures, while it is desired to have model
discovering new structures. Reference-free subtomogram averaging and alignment methods were also developed for recovering novel structures [1], [5], [13], [14], but they are not
data-driven and require expensive computation process when
operating in the 6D rigid transformation space. Also, their

performance is hindered due to the fact that the crowded nature
of tomograms makes it inevitable to include neighbouring
complexes, which could bias similarity measures used in these
methods. Rotation invariant feature [6] and pose normalization
[15] were attempts to alleviate expensive computational cost,
while they cannot handle well anisotropic resolution and noise
present in data captures via CECT.
Deep learning based approaches [7]–[9] were also studied
recently and showed promising results in both classification
and semantic segmentation tasks. In 2017, Xu et al [7] first
proposed a deep learning model DSRF3D for CECT image
classification, demonstrating essential improvements in scalability and discrimination ability. Later, Che et al [8] extended
the existing work to achieve higher classification accuracy
by proposing 3 deep learning models. In 2018, Liu et al
[9] developed a multi-task learning model for macromolecule
segmentation, classification, and coarse structural recovery for
CECT images. These models still suffer not only from high
computational costs for obtaining large training dataset but
also poor generalization in real-world data even if they are
trained on simulated data.
B. Bridging the Reality Gap
To bridge the gap between simulation and the reality, studies
in computer vision field have been focused on adapting deep
learning models trained in a source domain to a new target
domain [16]–[18]. There is a variety of methods utilizing
domain adaption including re-training the model within the
target domain [19] and adapting weights of the models in
according to the statistics of the source and target domain.
A mapping from the target domain to the source domain can
be also learned [20]. Other related methods such as iterative
learning control have also been applied to different robotic
control problems including model car controling [21] and
surgical robotics [22]. Our method adapts domain randomization, in contrast to those approaches, requiring no additional
training on real-world data. In addition, by performing system identification and rendering high-quality photo-realistic
images, there are approaches making the simulation closely
match the physical reality. Unlike those methods, our method
is very simple to understand and easy to implement. It uses
low-quality simulation, making accessing a large amount of
labeled training data can be done at a very low cost.
III. M ETHODS
Our goal is to bridge the reality gap by training deep neural
networks using domain randomization. We explore the ability
of domain randomization in both subtomogram classification
and segmentation. In the remaining of this section, we discuss
the process of generating simulated CECT data, how randomization is applied specifically and details about our network
architecture.
A. Synthetic Data Generation
Similar to previous works, we generate the synthetic subtomograms by simulating the actual subtomogram reconstruction. The simulation takes into account for noise, missing

Fig. 2. Architecture Overview

wedge effect, as well as other electron optical factors. Two
important factors are Contrast Transfer Function (CTF) and
Modulation Transfer Function (MTF) which can be properly
adjusted by the de-focus range (Dz) and spherical aberration(Cs). In the real world, noise is always the major limitation
in CECT images. Thus, we need to include proper noise
to our dataset to acquire desired SNRs, usually at a lower
range. In additional to low SNR, CECT also has another major
limitation, a limited range of observable tilt angles (also known
as missing wedge angles) for common biological samples.
More specifically, the electron optical density of macromolecular complexes is proportional to the electrostatic potential. We generate the density maps using the PDB2VOL program from the Situs [23] package. These maps are in volumes
of 403 voxels with a resolution and voxel spacing of 1.368nm.
Then we simulate electron subtomograms from density maps
using a procedure derived from [24]. The simulation procedure
is simplified in order to significantly speedup the simulation
process which allows generating large amount of training data
and directly feed into the CNN model on fly. To do so, we
first include into the density map proper noises with desired
SNR level and missing-wedge effects. Next we convolve the
3D images with the adjusted CTF and MTF to simulate optical
effects in real data [25], [26]. The acquisition parameters are
determined based on typical experimental tomograms [27].
The MTF is defined as sinc(πω/2), in consistence with a realistic detector [28]. ω is the fraction of the Nyquist frequency.
We simulate subtomograms of 4 types of macromolucules:
ribosome, proteasome, TRiC and membrane. With the help of
randomization, we can provide enough simulated variability
for the network to generalize the real-world data at the test
time.

B. Domain Randomization in Data Generation
As the key to the success of domain randomization, we
need to provide the network with a highly variational simulated
environment to train. We need to carefully design the simulated
training environment so that it can enable effective transfer
of the model to real-world settings. We use the simulation
program discussed above, and randomize input variable in
source domain. More specifically, we provide randomization
in the following aspects with specific ranges:
•
•

•
•
•

SNR: We uniformly sample the SNRs from 0.03 to 10 at
a logarithmic scale.
Missing wedge angle: We uniformly sample missing
wedge angles from 0◦ to 50◦ , corresponding to tile angle
ranges from ±90◦ to ±40◦ .
Defocus (Dz): We uniformly sample from −12 to 0.
Spherical aberration (Cs): We uniformly sample from 1.5
to 3.0.
Augmentation: for each sample, we add additional augmentation to the simulated subtomograms based on its
variance and mean.

The randomization of simulation parameters produces a very
large diversity of subtomograms. Figure 3 shows examples of
simulated subtomograms from different classes, generated by
randomized inputs. The idea is that by forcing the model to
handle a greater degree of variation in terms of wide range of
SNRs and missing wedge angles etc, we can train a model
that can generalize in real-world images, even though the
simulated subtomograms are not entirely realistic. With the
wider variation in parameters in simulation, it is more likely
the model can learn to be robust to noises and capture more
properties in the real world data.
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Fig. 3. Slices of examples of simulated subtomograms with randomized
inputs: Each row represents data generated by randomizing SNR, missing
wedge angles, Dz and Cs; Each column represents 4 different classes:
membrane, proteasome, TRiC and ribosome.

C. Network Architecture
In this section, we present details of the network architecture
we choose to evaluate the effectiveness of domain randomization for the proposed tasks.
1) Classification: The architecture of our model is illustrated in Figure 2. This classification branch is inspired and
extended based on a DSRF3D-v2 model, which was proposed
in [8] with high classification accuracy for 3D CECT data even
in low SNR cases. The network is consist of sequentially deep
stacked layers and small 3x3x3 convolution filters. The input
subtomogram is connected to 5 stacked layers sequentially1 ,
with each stack consisting of a 3x3x3 3D convolution layer,
a Relu layer and a 3D maxpooling layer. Then the model is
connected to 3 fully connected layers with Relu activation
functions. At the end a logarithmic softmax layer and a
negative log-likelihood loss function are attached for class
prediction.
2) Segmentation: For semantic segmentation, we use our
classification model as the backbone and apply a U-net [29]
structure on top of it. The decoder consists of 4 stacked
layers, each including deconvolution, convolution and Relu
activations. In our experiments, 3D deconvolution outperforms
bilinear upsampling for dense pixel-wise prediction. Skipconnections are added to allow the network access low-level
fine-grained features for more accurate segmentation. The
output of the segmentation branch has a voxelized segmentation mask for each class. During training, we optimize for
binary cross-entropy loss and only propagate back loss on the
predicted mask of the correct class following [30], to avoid
competition between different classes. During inference, we
rely on the predicted class from the classification branch before
picking the segmentation masks.
1 The figure provided is merely for illustration purpose. It does not reflect
the exact number of layers in our model for the sake of best visualization.
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Note that for the purpose of this work, we did not spend
too much effort trying to push the performance limit of the
network architecture. Instead, we focus on evaluating how
adopting domain randomization in data simulation can boost
the performance. We choose such a simple network structure
on purpose without any over-engineering tailored to our tasks,
such that it is reasonable to expect any demonstrated performance boost is universally applicable to any network models.
We leave investigation on optimal network architecture for our
tasks as future work.
IV. E XPERIMENTS
In this section, we discuss details about two experiments
for both classification and segmentation tasks. In order to
demonstrate the ability of domain randomization to bridge
the reality gap between synthetic data and real-world data,
we train the network proposed in section III-C with domain
randomization in synthetic data generation. As for the baseline
method, instead of randomly sampling input parameters (i.e.
SNRs, missing wedge tilt angles, Dz and Cs), we manually
set the parameters based on how we captured the real-world
data. Missing wedge tilt angles, Dz and Cs are 30◦ , −6µm and
2.7mm respectively. Baseline SNR is set to be 0.1 by measuring the testing data. The only ”random” input for the baseline
is the data augmentation. During training, we generate a batch
of 32 subtomograms on the fly for each iteration. Samples for
each batch are simulated with either randomization added, or
based on fixed parameters for baseline. We standardize each
batch with a global mean and standard deviation.
A. Training on Synthetic Data
For network training, we train both classification and segmentation branch simultaneously. In order to balance the loss,
we add up the losses following: ` = λ`cls + (1 − λ)`seg . Our
results are reported with λ = 0.15. We train our networks
for 15000 iterations using stochastic gradient descent (SGD)
optimizer with Nesterov momentum of 0.9, and learning rate
is set to be 5e-3. We implement our model in Pytorch [31]
and train on a Linux workstation with two Nvidia GTX 1080
GPUs and 32 CPU cores.
B. Testing on Real Dataset
Since the goal is to demonstrate the generalization capability
of model trained within simulated environment in real world,
we use real CECT images for testing. The real dataset contains
1,051 subtomograms. The subtomograms are processed with
template search [4] and then manually filtered from a rat
neuron tomogram [32]. The tilt angle range was −50◦ to

Method
w/o domain randomization
w/ domain randomization

Classification Accuracy
0.605
0.818

Pixel Accuracy
0.923
0.940

mIoU
0.205
0.300

TABLE I
P ERFORMANCE OF OUR MODEL WITH AND WITHOUT DOMAIN RANDOMIZATION

+70◦ . The 1,051 subtomograms are of 4 classes: 80 ribosome
subtomogram, 460 mitochondrial membrane subtomogram,
125 TRiC subtomogram, and 386 single capped proteasome
subtomogram. Examples of real testing data are shown in
Figure 4. At the test time, we smooth our testing data using a
Gaussian filter data after a global standardization. We compare
the performance between networks using domain randomization and the baseline method in Section V.

model is more powerful at capturing fine-grained features
and its predicted masks show clearer structures. Our results
demonstrate that with the help of randomization in the source
domain, the trained model is able to generalize in a highly
diverse real-world scenarios for both classification and segmentation tasks. Due to the high variability provided to the
model during training time, our model is able to cover most
possible subtomograms scenes in real world.

baseline

ours

gt mask

input

VI. C ONCLUSION
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Fig. 5. Visualizations of predicted segmentation masks. From top to bottom:
input data, ground-truth mask, result of the model with domain randomization,
and result of the baseline approach. The 3D images are plotted as slices.

V. R ESULTS
In this section, we show results for both classification and
segmentation tasks. We report accuracy for classification, and
both pixel accuracy and mIoU for segmentation in Table I. We
also present some visualized comparisons between the results
produced by the model with domain randomization and the
baseline, as shown in Figure 5. Note that for method with
domain randomization, we report the mIoU by taking a standard probability threshold of 0.5 in the predicted segmentation
mask, while for the baseline, we took a threshold of 0.2, since
the baseline model performs best with this value.
Our model trained with domain randomization reaches
classification accuracy of 0.818 on real-world testing dataset,
showing a huge improvement of 35.21% compared to the
model without domain randomization. For segmentation, similarly, the model trained with domain randomization shows
better performance in terms of pixel accuracy, and significantly
outperforms the baseline model by 46.34% in terms of mIoU.
Visual inspection reveals that with domain randomization, our

Macromolecules are key components towards understanding cellular processes. In order to systematicly detect native
structures and spatial organizations of macromolecules inside
cells in situ, CECT has been developed to be the most
promising technique in the past decades. However, CECT
analysis is very difficult due to the large data quantity,
high level of structural complexity, molecular crowding and
imaging limitations in CECT data. High-throughput subtomogram classification and segmentation are key steps for
significantly improving macromolecular structural recognition
and recovery, by reducing of such structural complexity and
crowding. Existing unsupervised geometry based subtomogram analysis methods often have poor scalability. Recently,
deep learning based supervised subtomogram classification [7]
and segmentation [9] potentially make a powerful technique
for the large-scale subtomogram analysis with remarkable
improvements in speed and accuracy. But large amount of
structurally annotated subtomograms is generally necessary
for the successful training of such methods. The preparation of
such training data from the same tomogram dataset is generally
laborious and computationally expensive. Therefore, training
with virtually unlimited training data collected from simulation
is a beneficial and practical solution. However, in such case,
we will have to overcome the domain shift problem. This is
because that the domain shift is likely to produce significantly
biased the results in the cross data source prediction.
In this paper, we adapt a simple domain randomization
framework for such cross-domain subtomogram structural
classification and segmentation tasks. The simulation procedure is based on 3D convolution that is simplified from
existing back-projection based simulation approaches. The
randomization is implemented by varying the parameters that
defines the models electron optical effects of transmission
electron microscopy imaging. Our tests showed that our
domain randomization method significantly improved crossdata source subtomogram classification and segmentation. This
work demonstrates large potentials of fully utilizing the power
of deep learning for large-scale macromolecule structural
analysis. The optimal domain randomization and multi-branch

CNN models and training strategies for better performance
remain to be explored.
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