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Abstract

High-performance computing is a good choice for handling Big Earth Observation
data, allowing the processing of the data in a distributed and performance-efficient way
using in-memory computing frameworks. The data compression technique reduces the
amount of storage and network transfer time and improves processing performance.
The article aims to investigate the effectiveness of widely used distributed data pro-
cessing frameworks in conjunction with lossless data compression techniques, to find
the optimal compression method and processing framework for specific earth obser-
vation workflows. Normalized Difference Vegetation Index has been evaluated for the
territory of Armenia, obtaining data from the Sentinel satellite and considering the
supported compression methods to compare the performance of in-memory Dask and
Spark frameworks. Experiments show that the Zstandard compression method and
the Dask framework are the best choices for such workflows.
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1. Background and Motivation

Earth Observation (EO) satellite data are necessary for environmental monitoring and gath-
ering vital information about various Earth layers [1]. Specifically, EO data are widely used
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to monitor the atmosphere including air pollution [2] and temperature [3], the oceans con-
sidering sea pollution and ocean acidity [4], and ground, such as deforestation [5] and forest
fire [6], as well as to detect climatic changes [7].

To facilitate work with EO data, Australian researchers [8] have provided an open-source
Open Data Cube (ODC) [9], which is deployed and widely used by several communities
from different countries, including Armenia [10]. Nevertheless, the ODC communities still
encounter the Big EO data processing challenge requiring high-performance computational
(HPC) resources. For instance, the Sentinel-2 satellite [11] provides approximately 200-300
GB, 3 TB, and 36 TB of daily, monthly, and annual data for the territory of Armenia.
Handling this amount of data is a complex task. Therefore, HPC is the right choice to
improve data processing performance using distributed computing techniques. Thus, the Big
EO data processing obstacle is coping with using open-source Apache Spark [12] and Dask
[13] frameworks, which can process data in parallel by dividing them into chunks, processing
them in a distributed way using computational clusters, and aggregating the result. Both
frameworks have master-slave architecture, where slave nodes are worker nodes executing
functions in parallel, and the master node is the driver or scheduler to manage them. Spark
ecosystem supports many projects in data streaming, SQL analytics, and machine learning.
Spark is a multi-language engine that processes and analyzes data, while Dask is a Python
library. Therefore, Spark has its ecosystem APIs and memory models, while Dask uses
them from the Python ecosystem. However, these frameworks have some differences and
limitations in finding an optimal solution for EO data processing workflows.

Besides using HPC, the format of EO satellite images also has a crucial influence on
performance. The data compression techniques can reduce storage usage and the number
of I/O operations, improving processing performance. Recent studies [14, 15] show that
compression methods combined with HPC can significantly enhance the performance of Big
data workflows. One of the optimal satellite image formats is Cloud Optimized GeoTIFF
(COG) [16], which provides essential advantages compared to traditional formats, such as
NetCDF [17]. COG format provides an HTTP range request to extract a part of the data.
Hence, when extracting EO data using COG, there is no need to download the entire image
and then extract the area of interest as in the NetCDF format. Besides the mentioned
benefit, both COG and NetCDF formats support data compression methods.

Several studies [18, 19, 20] evaluate and compare the performance of the frameworks for
particular cases, such as data-intensive neuroimaging pipelines [18], different applications
of molecular dynamics [20], and scientific image analytics [19]. Nevertheless, they did not
consider performance-tuning techniques, such as data compression.

The main objective of the article is to investigate the efficacy of widely used distributed
data processing frameworks, such as Dask and Spark, in combination with lossless data
compression methods, to enhance the performance of EO data processing. The methodology
involved evaluating the approach on the Armenian hybrid research computing platform, and
the results obtained from the evaluation could be used by EO communities to make informed
decisions about improving their data processing performance.

2.  Methodology

A test-bed platform for EO data processing has been deployed to execute EO data pro-
cessing functions and compare the performances in Spark and Dask. The platform is a
container-based solution within the Kubernetes system, enabling evaluating and comparing
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the environments’ performance. It relies on the computational resources of the Armenian
hybrid research computing platform [21]. Fig. 1 shows the architecture of the experimental
platform.
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Fig. 1. Test-bed platform based on Spark and Dask.
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As the figure shows, each node scheduler/driver or worker/executor corresponds to a
pod in Kubernetes with some fixed computational resources. It is possible to configure the
computational resource characteristics of nodes with Kubernetes API. The Jupyter Notebook
[22] corresponds to the FrontEnd of the Spark and Dask cluster BackEnd. It connects to
Dask and Spark of master nodes, configures environments by providing the number of worker
nodes and computational resources for each node, requests to process EO data using Dask
and Spark clusters, and visualizes the output. Dask and Spark clusters fetch data from
repositories of either local Armenian DataCube [23] or global EO data providers. Armenian
DataCube [10] provides data from Landsat 5, 7, 8 [24], and Sentinel-2 satellites, and one of
the global EO data providers is Sentinel-2 Cloud-Optimized GeoTIFFs [25].

The functionality evaluation of the Dask and Spark frameworks is quite interesting.
Dask is a flexible Python library, which makes it easy to migrate and execute the old-
written Python code in a distributed manner. Moreover, Python is widely used in EO data
workflows, and various useful libraries provide vital tools to make the work with EO data
easier. However, working with EO data in Spark is a little tricky because the execution
of the old-written codes in the Spark environment is impossible, as it supports APIs of its
ecosystem, therefore, the code adjustment is inevitable. The GeoPySpark library [26] makes
working with EO data somewhat easier in Spark. So the data processing function can be
easily parallelized only in Dask, considering the limitations and complexity of using Spark.

As EO data processing applications, the Normalized Difference Vegetation Index (NDVT)
[27] was evaluated during the experiments, which provides information for monitoring the
health of the vegetation. The formula of the index is presented in (1).

NIR — RED
NDVI = ————— 1
v NIR+ RED’ (1)
where RE D is the red band, and NIR is the near-infrared band. All bands and the calcula-
tion result are matrices or images and the NDVI index is calculated from Sentinel-2 satellite

images.
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Several experiments were conducted with different parameters to evaluate the perfor-
mances of Dask and Spark using the developed experimental platform. Table 1 presents all
parameters and their values.

Table 1: Experimental parameters and their values.

Parameter name Possible values
Environment Dask and Spark
Input Data sizes 16, 32, 64 GBs
Number of workers 4, 8, 16, 32
Applications NDVI
Compression methods | None, Deflate, LZW, Packbits, and Zstandard

3. Experimental Results

Data compression techniques reduce the actual size of data, resulting in savings in stor-
age space, providing faster network transmission times, and improving the performance of
processing. EO data repositories, which provide satellite images in COG format, such as
Sentinel-2 COGs, by default, use Deflate compression method to reduce the downloading
time of satellite images and save some storage space. Besides the Deflate method, several
compression methods, either lossy or lossless, could be applied with COGs. The accuracy
of the satellite image is essential, as the spatial resolution of the Sentinel-2 image is 10m
[10], which corresponds to the surface area measured on the ground represented by each
pixel. Therefore, the compression methods used for optimization should be lossless to en-
sure accurate results. The COG format supports several lossless compression methods, such
as Deflate [28], LZW [29], Packbits [30], and Zstandard [31].

EO band tiles come in three different sizes (light, medium, and heavy) by which the
compression factor is estimated to understand the average compression ratio of the method.
The light band tiles (coastal, water vapor, etc.) usually have up to 5-10 MB size, medium
50-70 MB (Short-wave infrared (SWIR), vegetation red edge, etc.), and heavy 200-250 MB
(RED, NIR, etc.). They consider all types of possible lossless compression methods. The
compression ratio is calculated for each method by dividing the compressed data size by the
original uncompressed data size. The compression ratios for various compression methods
are presented in Fig. 2.

The figure shows that the best compression factor is provided by the Zstandard method,
whereas the worst one is provided by the Packbits method. Zstandard codec compresses
the band image more than the Deflate does, which is by default used by the Sentinel-2
COGs repository. Therefore, using Zstandard instead of Deflate will lead to more storage
savings, and less network transfer time and I/O operations. The storage reduction, in this
case, is 34 % compared with the uncompressed data and 16 % compared with Deflate. The
compression ratio of the Packbits method for the heavy tiles is close to 1, which means that
the method is useless for data size reduction since the actual size and compressed data size
will be the same. Besides the storage saving, further data processing is also essential, as
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Fig. 2. Compression ratio of Deflate, LZW, Packbits, and Zstandard methods for light, medium,
and heavy tiles.

high compression needs more CPU time to decompress into memory before processing. The
majority of the time spent in computing NDVT is devoted to transferring satellite images
over the network and loading them into memory, rather than performing calculations using
the CPU. The comparison of the performances of Dask and Spark, considering different sizes
of input data, compression methods, and 32 worker nodes is shown in Fig. 3.

The execution time of the COG tile compressed with the Packbits method and without
compression is almost the same, as Packbits provides weak compression; thus, it uses lit-
tle CPU time for decompression. The worst performance for both environments from the
possible compression methods is Deflate, whereas the best one is Zstandard. Hence, the
best compression method for satellite images in COG format is Zstandard, as it provides
the highest compression ratio and optimal memory loading time. The performance im-
provement when using Zstandard compared to uncompressed mode is achieved by reducing
network transfer time. Zstandard provides on average 2.15 and 1.82 times faster execu-
tion time compared with the uncompressed mode, approximately 4.72 and 3.99 times faster
than the default selected Deflate method provided by global satellite image repositories cor-
respondingly for Dask and Spark environments. Performance evaluation using Dask and
Spark is quite interesting. For the default used Deflate compression method provided by EO
repositories, Spark and Dask show similar execution times; however, Spark is a bit faster.
The LZW compression method for the Dask environment is better than Deflate but worse
than without compressing or compressing with Zstandard. Also, Spark does not support
the compression method. With uncompressed data, Dask is faster than Spark for 16 GB
input, whereas, in cases of 32 GB and 64 GB, Spark is faster. Performance in Dask using
the Zstandard compression method is an optimal choice.
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Fig. 3. Comparison of Dask and Spark considering 16, 32, 64 GBs of input data and compression
methods.

4. Discussion

The study showed that various data compression methods could reduce storage require-
ments and network transfer time at different scales. Moreover, compressed data processing
using multiple techniques in distributed environments such as Spark and Dask exhibited
other execution times, with some compression methods outperforming uncompressed data
processing time. The study aims to determine the optimal data compression method that
balances performance and storage savings in the chosen distributed processing environments.
The evaluation shows that the Dask and Zstandard combination is the best choice for the
environment and compression method for EO satellite images. It provides the highest com-
pression factor and performance compared to other supported compression methods.

The Armenian DataCube was initially set up with a 2-terabyte storage capacity, which is
limited. To manage this, only the essential bands for specific EO applications that researchers
are interested in during a particular period are downloaded and stored. If the storage capacity
is exceeded, the options are to scale vertically or add external storage. The Zstandard
compression technique was used in experiments to conserve 34 % of storage. This allows
more data to be stored in the allocated DataCube space.

The Zstandard compression method combined with the Dask environment offers benefits
such as improved data storage efficiency and EO data processing time. However, additional
steps are required to achieve these benefits, such as converting analysis-ready data from the
DataCube to Cloud Optimized GeoTIFF format and compressing them using the Zstandard
method. Although this may increase the total execution time of downloading and prepro-
cessing, it provides such benefits as enhanced processing time and storage savings. Moreover,
this efficient method of storing compressed data can be applied to other types of EO data
repositories and DataCubes.
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In conclusion, data compression methods can effectively reduce the amount of EO data
stored and improve processing performance. Zstandard exhibits the best performance and
storage efficiency for EO data among the available compression methods. Additionally, the
implementation of the Dask environment speeds up distributed processing.

5.  Conclusion

The study evaluates the performance of EO data processing in Dask and Spark, considering
compression methods. Experimental results show that Dask and Spark provide similar data
processing performances. The mixture of the Dask and Zstandard compression methods
is optimal, as the compression method provides the best compression factor of all possible
lossless compression methods. It reduces the amount of used storage by 16 % and speeds up
execution times by 4.72x and 3.99x in Dask and Spark, correspondingly compared with the
Deflate method, which is used by default from the EO data repositories. In further work, it
is planned to store the data in Armenian DataCube compressed with the Zstandard method
and use the Dask environment for data processing.
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Anaau3 npou3BoAUTEeABHOCTH Dask 1 Spark aast o6paboTku
AQHHBEIX HaOAIOA€HUS 3€MAU C YYE€TOM CKATUsl AQHHBIX

Aptyp I'. Aarasgu

WucturyT npodbaeM nHdpopMaTuku u aproMatrzanuu HAH PA, Epesan, ApMeHusa
e-mail: arthurlalayan97@gmail.com

AnHoTanuys

BBICOKOTIPOM3BOAUTEABHBIE BBIYUCACHUS SBASIOTCSI XOPOIIUM BBIOOPOM AAS
00pPabOTKU OOABIIINX AQHHBIX HAOAIOA€HUS 3€MAU, MO3BOASIS 00pabaThiBaTh AQHHBIE
pacupeAeAeHHBIM ¥ BBICOKOIPOM3BOAUTEABHBIM CIOCOOOM C MCHOAB30BaHUEM
BBIUMCAUTEABHBIX TIAQT(OPM B IaMATH. TeXHOAOTUS CXKATHUSI AQHHBIX COKpAIaeT
o0beM XpaHUAMINA U BpeMS MepepAauM II0 CETU U IIOBBIIIAeT IIPOU3BOAUTEABHOCTH
obpabotku. LleAapto cTaThu ABASIeTCS HCCAeAOBaHUE 3d(PEPEKTUBHOCTU NIIMPOKO
HWCIIOAB3yEMBIX CHUCTEM pPACIPEAEAEHHOM OOpabOTKM AQHHBIX B COYETAHUU C
METOAAMU C)KaTusl AAHHBIX 0Oe3 MoTepb, 4YTOObBI HAWUTHU OITUMAABHBIM METOA
COKATHUS U CTPYKTYPY OOpabOTKU AASI KOHKPETHBIX PabOumMX MpPOIeCCOB HAOAIOAEHUS
3emMau. HopMaanM30BaHHBINM PAa3HOCTHBIM MHAEKC PACTUTEABHOCTH OBIA OIl€eHEH
AN TeppuTOprY ApPMEHUU C HCIOAB30BAaHMEM AQHHBIX CO CIIyTHMKA Sentinel m ¢
YUETOM IIOAAEPKUBAEMBIX METOAOB CJKATUA AN CPaBHEHMS IIPOU3BOAUTEABHOCTH
dperiMBOpKOB Dask m Spark B maMsaTH. OKCOEPUMEHTHI IMOKA3BIBAIOT, UTO METOA
cxartusa Zstandard m gperiMBopK Dask gBASIOTCS HAMAYYIIMM BBEIOOPOM AAS TaKHUX
paboyrx IpoIleCcCoB.

KaroueBrle caoBa: HaOatopenme 3emanu, HPC, Spark, Dask, pacnpeaereHHBIE
BBIUMCAEHUS, CKaTUue AAHHBIX.
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