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Abstract�Large amount of data being generated at large scale facilities like European X-ray
Free-Electron Laser (XFEL) requires new approaches for data processing and analysis. One
of the most computationally challenging experiments at an XFEL is single-particle structure
determination. In this paper we propose a new design for an integrated software platform
which combines well-established techniques for XFEL data analysis with High Performance
Data Analysis (HPDA) methods. In our software platform we use streaming data analysis
algorithms with high performance computing solutions. This approach should allow analysis of
the experimental data�ow in quasi-online regime.
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1. INTRODUCTION

A new approach of High Performance Data Analysis (HPDA) [1] aims to develop high
performance computer e�cient solutions for solving Big Data problems in di�erent �elds. One
of the challenging HPDA applications is reconstruction of the three-dimensional (3D) structure of
biomolecules for structural biology applications. One of the promising approaches for 3D structure
recovery of biomolecules are Single Particle Imaging (SPI) experiments [2, 3] performed at the X-ray
Free-Electron Laser (XFEL) facilities [4, 5].

In such experiments scattered radiation is measured from reproducible bioparticles in unknown
orientations injected into the XFEL beam. The particles are destroyed during scattering process.
However, due to ultra-short radiation pulses (about tens of femtoseconds) generated by the XFEL,
the di�raction patterns are recorded on a detector before the radiation damage takes place. This
approach is called di�raction-before-destruction [6]. No optical elements are used to produce an
image of the biological particle under investigation. Instead, the SPI approach employs complex
algorithms to reconstruct the structure from collected di�raction patterns. Di�raction pattern
contains only limited information about the structure. Consequently, 3D structure reconstruction
is possible from many di�raction patterns of the particle in random orientations. The reconstruction
with high resolution requires large statistics of di�raction patterns to be measured. The SPI data
analysis work�ow includes three main steps: classi�cation of images with di�raction patterns

* E-mail: anthony.teslyuk@grid.kiae.ru
** E-mail: ilyin0048@gmail.com



2 BOBKOV ET AL.

suitable for reconstruction, orientation recovery, and phase retrieval. Each step requires high
performance data analysis.

Several successful reconstructions of 3D structures of biological particles were performed based
on di�raction patterns collected during experiments at the XFELs [7�10]. Presently, there is no
uni�ed software solution available for the whole work�ow of structure reconstruction procedure
directly from the SPI experimental data, while e�ective software packages have been developed
for individual steps of the work�ow [11�13]. The reconstruction process requires detailed analysis
of intermediate results after each step. Various software packages for individual steps of analysis
use their own data formats and they are often not compatible with each other. Integration of
heterogeneous programs into a uni�ed data processing pipeline is an important task. Due to the
complex nature of the applied algorithms and large data volumes, successful reconstruction and
validation typically requires more than a year of research after data acquisition.

A complete reconstruction pipeline requires time-consuming computations. The spatial resolu-
tion of the reconstructed structures depends strongly on the number of single hit di�raction patterns.
Computation time increases at least linearly with the number of di�raction patterns. Processing of
the millions of di�raction patterns for sub-nanometer resolution can only become feasible with the
HPDA approach using powerful computing resources.

The European XFEL facility started its operation in 2017. This facility has potential to acquire
27000 di�raction images per second. With this data rate, a million of di�raction images suitable
for reconstruction can be recorded within one hour.

In this paper we formulate an approach to develop the software platform to implement the
complete data analysis pipeline for SPI experiments at European XFEL. This pipeline will include
all necessary steps to obtain the 3D structure of a biological particle from the raw experimental
data. It will make use of existing software solutions for individual steps of analysis. Missing software
components will be developed to complete the pipeline. As a result, the processing steps requiring
manual intervention will be minimized or even excluded.

2. CURRENT IMPLEMENTATION OF THE DATA PROCESSING

Currently, structure reconstruction starts when the experiment is completed. Empty images are
�tered out, di�raction patterns are classi�ed by the original particle type. A dataset that include
all selected di�raction patterns from the particle of interest is prepared. After that, orientations
of di�raction patterns in the dataset are determined. Two-dimentional di�raction patterns in
respective orientations are combined into 3D intensity map. Then, phases of the scattered radiation
are retrieved. Phase information is combined with 3D intensity into 3D distribution of complex
amplitude, which can be directly translated into 3D structure via Fourier transform.

The European XFEL facility will produce up to 27000 di�raction images per second. For such
experiments a new AGIPD [14] detector has been developed, which has a resolution of 1024× 1024
pixels, and the size of one image is 2 Megabytes. About 200 Terabytes of data will be acquired
during one hour in a typical SPI experiment. As we mentioned above, there is no ready-to-use
platform that would allow fast processing of the data �ow of this scale.

Computing resources of about 0.7 tera�ops is required for primary �ltering and classi�cation of
such data �ow [15]. Required performance can be achieved on a rather small cluster. For the next
reconstruction steps, about 2 · 105 Tera�ops of computing resources is necessary. These requirements
were estimated on the basis of existing software in a numerical experiment. Processing of the data
acquired within an hour of the experiment requires several days of computation on the laboratory
clusters. To process experimental data at the generation rate, it is required to use a supercomputer
with several thousands of cores and total performance of about hundreds of tera�ops. Modern
supercomputers and computing resources of the Kurchatov Institute, for example, provide a total
performance of about thousand of tera�ops, which is su�cient for the proposed objective.

Typically, collected data are stored in a speci�c format associated with a certain detector. These
data have to be preprocessed and converted in more commonly used format for SPI datasets, such
as CXI data format [16]. Preprocessing is a complex procedure that includes many steps [17].
Raw data has to be calibrated, background has to be determined and subtracted, response ratio
of di�erent detector panels has to be estimated, pixel coordinates have to be precisely computed,
any detector artifacts need to be determined and corrected. Raw data has to be converted into a
distribution of scattered photons.
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Presently existing software solutions for separate steps of analysis are not integrated with each
other and hardly use additional information that can be extracted from previous steps. Integration
of these software packages along with new solutions that will appear in the future into a single
computing platform will allow to automate the reconstruction process and to reduce the necessity
of the manual control. The proposed approach should improve the process of evaluation of collected
SPI data and open up the possibility to extract more valuable data in a single experiment.
Therefore, continuous analysis and processing of data�ow can directly improve the resolution of
the reconstructed structures.

3. IMPROVEMENTS IN DATAFLOW PROCESSING

The proposed improvements in data analysis are focused on two aspects. First, data analysis
will start together with the experiment. Collected data will be directly sent to the analysis pipeline.
Currently, only rough estimates of the number of images suitable for reconstruction can be obtained
before the experiment is completed. All reconstruction stages will be optimized for analysis of
data�ow instead of a complete measured dataset. Algorithms which were originally designed to
process a complete dataset will be modi�ed for batch processing. They will start processing of
incomplete set of already collected data, and batches of new data will extend the processed dataset.
Since the algorithms which process complete datasets are mostly iterative, it is convenient to update
the dataset when a new iteration of an algorithm starts.

Second, various software packages will be integrated with each other. Compatible data formats
will be used to reduce data conversion, improve performance and provide a uniform access to all
available data and metadata for analysis. User intervention in data processing will be minimized as
it is one of the main factors which slows down the analysis. Available software will be optimized for
high performance and scalability in parallel computing architectures including hybrid architectures.

Integrated platform will provide a full processing pipeline, from the experimental dataset to
reconstructed structure. Software components will be optimized for performance, scalability and
resource management e�ectiveness. Data formats for input and output on every pipeline stage
will be standardized and all software components will be updated to support these formats. The
proposed scheme of data processing work�ow is presented in Fig. 1. The processing procedure
includes the following steps:

• Empty image �ltering. After this step empty patterns are being �ltered out based on the
intensity threshold.

• Di�raction patterns classi�cation. Stream of di�raction patterns is being sorted using machine
learning algorithms into three categories: single hit patterns, multiple hit patterns and the
rest which are considered as non informative patterns.

• Single hit patterns are used as an input for x-ray cross correlation analysis (XCCA) to
determine preliminary information about the structure. The latter can be used to estimate the
initial guess for a Fourier density map FDM1. Current approximation of density map FDMi
and a stream of single hit patterns reshaped into a set of batches with a number of patterns in
a single batch are input data for Expectation-Maximisation (EM) orientation determination
algorithm. The output from the orientation determination algorithm is a re�ned Fourier
density map FDMi+1. The re�ned Fourier density map is used for further iterations of the
EM algorithm together with new batches of di�raction patterns from experiment and already
processed di�raction patterns.

• When an obtained FDM meets the established criterion, it is used as input for Phase retrieval
iterative algorithms. These algorithms are used to reconstruct corresponding Phase map
(PM), which when combined with FDM can be transformed into 3D electron density map
(3D-DM) of a particle.

• The resolution of a 3D density map is estimated and validated. When the resolution exceeds
the required level, the obtained 3D density map is used as the �nal 3D structure of the single
particle under study.
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The data processing work�ow is grounded on ideas of High Performance Data Analysis (HPDA)
approach. The most computationally intensive steps of analysis: Orientation Determination and
Phase Retrieval are designed to operate in asynchronous batch mode. One can vary batch size,
frequency of Phase Retrieval calculations, the number of di�erent initial map initializations for
FDMs and PMs. Calculations of individual batches as well as reconstructions for di�erent initial
parameters sets can be parallelized across high performance computing infrastructure. With
asynchronous operations and parallel computing one can balance the load of individual analysis
operations thus avoiding possible bottlenecks and improving total performance.

Figure 1. Asynchronous data processing work�ow.

Below we describe each step in more details.

3.1. Preprocessing

The preprocessing stage involves transformation of detector output into di�raction images
suitable for further analysis. This process is relatively fast and every image is processed separately.
Therefore, preprocessing can be performed online on the basis of available software. Current
work�ow for data preprocessing with AGIPD detector includes a calibration stage when calibration
constants that are required to convert the detector output into photons are determined. We plan
to integrate the calibration software into the platform, as we can estimate and improve calibration
quality on the basis of subsequent results.

LOBACHEVSKII JOURNAL OF MATHEMATICS



SOFTWARE PLATFORM FOR EUROPEAN XFEL DATA ANALYSIS 5

3.2. Classi�cation and �ltering of di�raction patterns

The �rst step of data analysis after preprocessing is selection of di�raction patterns that are
suitable for reconstruction. Typically in the SPI experiments less than one percent of collected data
is suitable for reconstruction. More than 95% of images are empty frames, they can be �ltered
out with well-established methods [18]. Such images can be used to estimate background scattering
level for calibration purposes. Collected data also include empty images without scattered signal, as
well as images containing scattering from di�erent particles or multiple particles. Only di�raction
patterns from the single particles of interest are suitable for reconstruction.

Selecting suitable single-particle images among other non-empty images is a more complex
problem. Filtering of such images can be performed via classi�cation by structure type. Recently, a
new approach for classi�cation of such images has been proposed [19]. Comparative study of di�erent
classi�cation approaches has been presented in Ref. [15], where classi�cation precision, sensitivity
and performance were investigated, and optimal sizes of training sets for machine learning were
determined. Considered approaches and their implementations allow to perform classi�cation of
data measured at the acquisition rate of European XFEL.

Due to necessity for algorithm training before classi�cation, analysis of the data�ow is possible
with only a small delay for training [15]. First non-empty images will be classi�ed manually to
create a relatively small dataset to train classi�cation software. After that, all experimental data
will be processed at acquisition rate. Di�raction images of single particles of interest will form a
reduced data�ow for reconstruction and for angular x-ray cross-correlation analysis (XCCA) [10].
A feedback from subsequent analysis stages will be used to improve classi�cation. Images of other
structure types will be transferred to separate datasets which can also be used in the analysis.

Another important factor for data selection is particle size analysis. Particles measured in SPI
experiments can have di�erent sizes either due to intrinsic heterogeneity, speci�c sample preparation
protocol, or sample delivery scheme. Images corresponding to a limited range of particle sizes
should be selected for successful structure reconstruction. Size determination can be performed by
autocorrelation [18] or by �tting of power spectral density function with a form factor of a spherical
particle [10] or spheroid [8]. Size determination can be done separately for individual images, its
performance is su�cient for online analysis in SPI experiments at the European XFEL.

3.3. X-Ray Cross-Correlation Analysis

Angular x-ray cross-correlation (XCCA) approach allows to estimate dataset quality and to
retrieve valuable structural information about the particle of interest [10, 20]. This information
can be used for early detection of experimental problems; experiment can be aborted if collected
data will signi�cantly di�er from the expected parameters estimated by means of XCCA. XCCA
can also be used to create additional constraints for reconstruction methods which could improve
convergence and robustness of the reconstruction step.

3.4. Orientations recovery

When informative di�raction patterns are selected from the data stream they need to be aligned
according to particle spatial orientation. Each di�raction image represents a 2D section of 3D
distribution of the scattered intensity in reciprocal space. Orientation recovery is one of the most
time consuming step of structure recovery. Nowadays, it requires several days of computation on a
modern server to reconstruct orientations of the experimental dataset consisting of 10000 di�raction
images.

One of the most popular methods to �nd orientations of di�raction patterns and thus the 3D
intensity distribution is the Expansion-Maximization-Compression (EMC) algorithm [12, 21]. It
has been successfully applied in a number of structure reconstructions [7, 9]. The EMC method is
based on a powerful machine learning Expectation Maximization (EM) algorithm [22] which has
been used in a large number of applications in various �elds of research.

The EM algorithm in its general formulation needs all the data to be available prior to the
analysis. This is not the case when we have a stream of data and want to do online learning while
data are collected from the stream. For this case several modi�cations of the EM method were
proposed, namely batch EM [23], incremental EM [24] and stepwise EM [25, 26]. All three methods
were shown to produce correct results and improve the likelihood function after each iteration.
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Other promising modi�cations of the EM method which can accelerate calculations are Stochastic
EM [27, 28] and Monte Carlo EM [29] methods. The idea of these methods is to replace the
probability density function, which is used to calculate the likelihood, with a random sample of n
(Monte Carlo) or even one (Stochastic) example. This technique signi�cantly simpli�es calculations
of the likelihood function, that is the most computationally intensive part of the algorithm.

Implementation of EM algorithm modi�cations will allow solving the problem of orientation
determination in the interactive regime, and getting a rough approximation of the 3D intensity
distribution just after �rst data have been measured. However, calculation of the �nal result might
need to reuse the whole dataset for re�nement. In this case a draft structure computed during data
collection will be used as initial approximation. This will signi�cantly improve further reconstruction
since EM-based methods strongly depend on the choice of initial parameters. If bad initial values
were chosen the algorithm may converge to a wrong structure or may not converge at all. The
choice of the most e�cient algorithm for the orientation determination problem is a subject of our
further research.

The EMC reconstruction will start once su�cient dataset is collected. A criterion for a su�cient
dataset can be based on the XCCA analysis. Another option is to estimate the statistical signi�cance
of image density for given q-values in reciprocal space.

Many EMC reconstructions will run in parallel with di�erent initial states (guesses). These states
can be chosen randomly, they can be based on XCCA and size analysis, or be a combination of
both options. Reconstructions which do not converge will be detected and discarded automatically.
Successful reconstructions will be used in phase retrieval, and will provide feedback for previous
stages of analysis. When more suitable images will be collected in the experiment, a new set of
EMC reconstructions will be launched with initial states which are based on previous successful
reconstructions. Successful results will be compared by the likelihood metrics.

3.5. Phase retrieval

When orientations are recovered, di�raction images can be combined into a 3D intensity
distribution in reciprocal space. To determine the structure of a particle, it is necessary to
retrieve phases of the scattered radiation. The 3D intensity distribution complemented with phase
information can be converted into 3D electron density of the particle through a single 3D Fourier
transform.

However, phase information is not recorded by a detector and has to be retrieved. Phase retrieval
can be performed based, for example, on well-known Error-Reduction (ER) and Hybrid Input-
Output (HIO) algorithms [30, 31]. These approaches are based on iterations between real and
reciprocal spaces. At each iteration, various types of constraints are imposed, e.g., amplitude
constraint in reciprocal space, and support constraint for electron density distribution in real space.
Eventually, the algorithm converges to the phase distribution, which satis�es all imposed constraints,
and produces the 3D structural image of a particle in real space.

Currently, phase retrieval is performed after successful determination of orientations of all images
in a complete dataset. We propose to start phase retrieval on intermediate results that were
computed for an incomplete dataset. Iteration process starts with phase distribution that is chosen
randomly and can signi�cantly di�er from true distribution. Algorithm convergence is slow and
typically requires few thousands of iterations. As a result, a lot of iterations have to be performed
until an intermediate result gets close to the true values. These iterations can be computed on
intermediate data. When more images are collected and better amplitude distribution is determined,
phase retrieval can start from the intermediate result for faster convergence.

Phase retrieval will be organized similarly to the process of orientations determination. Many
reconstructions will start in parallel with di�erent random initial phases. Each computation will use
one of the successful EMC results as an amplitude constraint. EMC results with better likelihood
value will be used in more phase retrieval computations. The reconstructed electron density
distribution will serve as an intermediate reconstruction result. These results will be analyzed
to provide feedback for previous stages of analysis and for experiment. When the updated EMC
result will be available, a new set of parallel computations will start. A new set of initial phases will
be based on converged phase retrieval results obtained at a previous incomplete dataset collection
step.

The presented data processing scheme makes it possible to isolate conformational changes of the
structure with small di�erences when enough data is collected. If EMC results tend to converge
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to di�erent intensity distributions, this tendency can be considered in the classi�cation to separate
data�ows for di�erent conformations. Orientations and phases for these data�ows will be computed
separately according to the presented scheme.

4. RESOURCES ESTIMATION

4.1. Network and storage

During the experiment di�raction patterns are saved at XFEL online cluster which can be thought
of as an intermediate data cache and then are transferred to o�ine storage deployed at IBM General
Parallel File System (GPFS). GPFS is a high-performance clustered �le system widely used in
supercomputing environments. Typical delay between data generation and data availability on
GPFS is few minutes. To be able to process the incoming data in near real-time regime we need to
have data transfer rate grater than data generation rate. First experiment at XFEL SPB station
took place in December 2017. During 5 days of experiments about 115 Terabytes of data were
generated. One can estimate data generation rate to be about 4.6 Gbps, taking for account that
experiment time was about 12 hours per day. This rate is easilly achievable for big data centres such
as Kurchatov Institute where several external 10 Gpbs network connections are available. However,
for smaller centres network bandwidth tests and reservations should be performed. In the �rst SPB
experiment in December 2017 we have used FTP service with multiple concurent connections to
transfer the data. For automated data synchronization and replication one can consider distributed
storage systems like dCache [32], which is widely used in LHC Computing Grid collaboration.

4.2. Computing resources

Data analysis includes three major steps: di�raction patterns classi�cation, orientation determi-
nation and phase retrieval. For support vector machine (SVM) based classi�cation method [19] we
have measured the following performance results: 353 images per second when use of Intel Xeon
E5-2650 v3 CPU facilities over 24 parallel threads and 354 images per second with 2xNVIDIA Tesla
K80 GPU. Note that during latest experiment at XFEL, data generation rate was 270 di�raction
patterns per second. In the future this rate is expected to be two orders of magnitude greater,
but the fraction of informative images with di�raction patterns is estimated to be around 1%. Our
computing experiments show that a single server with two GPU cards or with 24 CPU cores will
be su�cient to classify patterns stream on the �y.

The most time consuming step is orientation determination. For model data we have the following
measurements: one iteration of EMC algorithm on 1000 di�ractions patterns using one Intel Xeon
E5-2650 v3 core takes about 4200 seconds. During 4200 seconds a dataset of 4200 ∗ 270 = 1.13 ∗ 106
di�raction patterns will be generated at the experiment. If use batch EM-mode we can distribute
data across batches of di�raction patterns. Each batch will be processed separately. For one iteration
per batch we will need about 1100 CPU cores. The precise estimation of optimal batch size and the
number of iterations per batch is a subject of our further research. However, very rough estimations
show that computing cluster with several thousands CPU cores will be su�cient to process the �ow
of di�raction patters from the experiment on the �y. The cluster does not require to be tightly
connected (e.g. with In�niBand fabric) because of independent processing of each batch. Up to the
moment of writing no GPU-based EMC implementation is available.

The latest part of data analysis is phase retrieval. Using one Nvidia Tesla K80 and libspimage
software [33] it takes about 600 seconds for phase reconstruction for 3D volume of size 183x183x183
pixels. In our software platform we plan to use phase retrieval in asynchronous manner in parallel
with orientation determination. In this way one node with NVIDIA K80 GPU will be su�cient
for this step of analysis. CPU-only computations for phase retrieval are also possible but take one
order of magnitude more time.

5. SUMMARY

We presented a possible approach for analysis and processing of large data volumes generated
during SPI experiments at a large scale facilities as the European XFEL. A combination of the
HPDA approach and knowledge of di�raction physics allows to create an integrated platform which
comprises a complete reconstruction pipeline from detector output to the 3D structure of a particle
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under investigation. The proposed platform may allow producing �rst reconstruction results within
a day after the start of data collection in the SPI experiment. Application of the platform may
dramatically reduce time for obtaining the �rst images of the reconstructed biological particles and
will allow better planning of the whole SPI experiment.
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