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Background

Five client applications have been tested with Hyrax serving data stored on
Amazon's S3 Web Object Store.
We tested:

o  Access to data from a single file
o  Access to data from aggregations of multiple files

Two kinds of aggregations were tested:

o  Aggregations using NcML*
o  Aggregations using the 'virtual sharding' technique we have developed for use with S3

Exciting bonus material...

*NetCDF Markup Language 5
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The Five Clients

1. Panoply — a Java client; built-in knowledge of DAP! and THREDDS? catalogs,
uses the Java netCDF library

Jupyter notebooks & xarray — Python (can use PyDAP or netCDF C/Python)
NCO — a C client, C netCDF library

ArcGIS — a C (or C++?) client, either libdap or C netCDF (we're not sure)
GDAL — a C++ client, libdap

a b~ DN

1Data Access Protocol, 2Thematic Realtime Environmental Distributed Data Services



Panoply

e See live demo (using 4.0.5, which has some fixes for servers that use Tomcat

8 — nothing to do with DAP or S3)

e To open a server's catalog: File-->Open Remote Catalog...
o  http:/t41ml.opendap.org:8080/opendap/catalog.html

0] Open Remote

Enter the URL of a remote THREDDS or OpenDAP catalog to open:
http://t41m1.opendap.org:8080/opendap/catalog.html

Cancel Load
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™ M /dmep_s3jairs
AIRS.2015.0

AIRS.2015.01.03.L3Retsed_IROOLYG.0.11.0.G150060 ..
AIRS. 201500104 L3 RetStd_IR001v6.0.11.0.G150060.

AIRS, 2015.01.05 L3 RetSed_IRO0OLv6.0.11.0.G150071 .
AIRS.2015.00.06.1.3 RetSed_IR0O01v6.0.11.0.G150071 ..
AIRS.2015.01.07.L3 RetSed_IRO0IvE.0.11.0.G150081

AIRS.2015.01.08.L 3 Retsed_IRO01v6.0.11.0.G1S0091.
AIRS. 2015.00.09.13 RerSed_IRO01vE.0.11.0.6150101

AIRS.2015.01.10.L3 RerSed_IR001v6.0.11.0.G1S0110.
AIRS.2015.00.11.03 RerSed_IROOLvE.0.11.0.CIS0120 .
AIRS.2015.01.12.13 AetSed_IROOT.vE.0.11.0.6150211

AIRS.2015.00.13.L 3 RerSed_IROOLVE0.1L0O.CISO211.
AIRS.2015.00.14.13 RetSed_IRO01vE.0.11.0.C150211...
AIRS.2015.00.15.L3 RerSed_IR001.v6.0.11.0.G150161...
AIRS.2018.00. 16,13 RetSed_IROGTvE.0.11.0.C150171..
AIRS.2015.00.17.L3 AetSed_IRO01VE0.11L.0.G1S0181..
AIRS.2015.001.18.13 ReSed_IR00LVE.0.11.0.C150191...
AIRS.2015.00.19.L 3 RetSed_IRO0T.vE£.0.11.0.C150200.
AIRS.2015.01.20.13 RerStd_IR001.v6.0.11.0.6150211...
AIRS.2018.00.21.L 3. RetSed_IROONv6.0.11.0.C180220..
AIRS.2015.00.22.L3.RetSed_IR00LvE.0.11.0.6150231...
AIRS.2015.01.33.L3 RetSiad_IROON.E.0.11.0.6150242...
AIRS,2015,00.24.L3 RetSid_IRDOLE.0.11.0.G150250..
AIRS.2015.00.25.L3 RmSed_IRO01ME.0.11.0.C150261...
AIRS.2015.00.26.L3 RetStel_IRD0LvE.0.11.0.C15027 1.,
AIRS.2015.00.27.L3 RetSed_IRO0L6.0.11.0.C150281...
AIRS.2015.01.28.L3.RetStad_IROGLE.0.11.0.0150292...
AIRS,2015,00.29.L3 RetStd_IROOLE.0.11.0.C150331...
A18€ JATE AT W1 Y Durdhd IBANT o A 11 ARIEAY

Sourcas

Dataset "AIRS.2015.01.02.L3.Ret5td_IRO01.v6.0.11.0.G1500519062 1.nch5.dmrpp”

Full Name:
Catalog ULt
0

Arcess=Service:

Access-URI:

hexesz-Service:

Recess-1RI:

Jféarpp_s3/airs/AIRS. 2015, 81.02,L3. RetStd_IRDOL, v6.0.11.0. 615085190671 nc . h5. dmrpp
httpt//talnl.apendap. arg pendap/anrpe_s3/airs/catalog. kal " Po_S
Sopendapshyrax/dnnop_s3/akrs/ATRS. 2015.01,02. L3, Retsta_ LABYL. v6.0.11.0. GIS005190621 . nC. 5. derpp

L2015,00.02.13. Aetsed_IR

DFENDAR
hittpi /e 41n0 . opendap., org: 8080/ opendap,hy ran/darpn_s3/ales/AIRS, 2815, 1. 82,13, RetSed_TRBO1. vE, 8,11, 0, 615006190621 ne. hS. e
HTTPServer

BErpif/t41n], 00endan. {hy fanre s3/airs/AIRS, OIS, O1. 02,13, Rerstd TRBOT.vE. 8. 11,0, C150051906 21, ne 05 . de
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Panoply, continued

e To open a single dataset directly: File-->Open Remote Dataset...
o  http:/t41ml.opendap.org:8080/opendap/dmrpp_s3/merra2/MERRA2_100.instM_2d_asm_Nx.198
001.nc4.dmrpp

C B 15 = L ] T10M in MERRAZ_100.instM_2d asm_Nx.19800
: L =~ > pion | meray1 |
Create Mot Commbine Mot Open Dusaset Remave Remove Al Hide nio " -
Daseis | Cotaloss  Bovkmarks
rame Lang hame Tipe 10-meter air temperature
= EAIRS2015.00.02.L.. ARS.2015.00.02.03 Aedst.., Remase File =
¥ GIMERRAZ_100.Inst., MERRAZ_100 insv_2d_as. Remaee File Variable "T10M’
S 0I5 Tsc plane displecement b ozl float T1gM(time=1, lat=361, lon=576);
&% lamode ip tlang_name = “li-zeter_air_temperature™;
% lon Trgtade e sunits = KT
P surlage pressure CeolD ilivalue = 9.99999%9E141; // flaat
& ovieuM 18-meter specific humidiey Ceo2 scing_value = 0.0900809E141; 7/ float
< M 2-meser sperific humiding Gen2D issing_value = 9.9999990E14f: // flast
&8P 5o level presyure GeslD ¥ = 9.9959999E141; // floatr
2T 1 o in = =3,9999990E141; /S Tloat
e i —— e 14d_range = -9.9999999E141, 9,9999999E141; 4/ float
T 2-mtter 4k temperaiure GeodD
&t e gi3 L] Create ol
i ettt e Mare than one type of plot cin be crested from the variable
- Rotak el o d corygen i "TIOM. What type would you like to create?
& T total precipitable ice wates Geodld :
LAl total precipitable Saqud wa Geo2n O Create geogricded  Longitude-Latiude [ plar
& TV total precipitable water va... GeolD
% TROPPE. tropopaute pressune base, Ceo2D Create 20 phot wsing 0 B forx wais and lon [ for v axis
~ TROPPT ropepause pressure base. G0l 9
Create l al lat axis
= TROPFY IrOpepAUSE presture base... Cea2D =ie ke plot slorg B >
< TROPQ tropapause pecific humid.. CeadD
& TROPT tropepause temperature u. Geold carce! (R
&S surface skin teenperature GeadD
% U1oM 10-meter eavtward wind GeulD
& UM 2-mater eastward wind CoclD
< usom easoward wind a1 50 memers. CeolD 5
; VoM L0-meter porbward wind CeadD 10-meter air temperature (K)
&V 2 haiatd wind (i
e e S 2.3£402 +02 26-02  2.8E+02 2.9£+02 3.1£+02
& Var_DISPH Vaune ol DPH GeolD Dta Wi = 2,30+02, Max = $AL+D2, Mean = 2.90+02
= Var_F3 Variance of P§ CeclD 7 Y T W W \
& Var OVIOM Varlance of GV10M CoolD | Asrayls] | Scale | Map | Overlay | Contours | Veciors | Labels
& Var_GVaM Variance of QVIM CeadDd
& Var_SLP Variance of P GeozD Plot | Map B ot Arariony B @ mersolae
& Var_TI0M Varance of T10M Geodd Array 1 T10M
© Var TIM Variange of TZM GeoZD Time: 1 T ofl= 1980-01-010000 [
Show Al virlabies B

5
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Jupyter notebooks and xarray

Download the notebook from the Jira ticket (HK-380)

Use dataset_url = 'http://t41m1.opendap.org:8080/opendap/dmrpp_s3/airs/AIRS.2015.01.01.L.3.RetStd _IR001.v6.0.11.0.G15013155825.nc.h5.dmrpp!

® 0 ® 5 otestarray_dap B Next we open the dataset with xarray, xr.open_dataset() ,and then show the metadata
C O @ localhost:8888/notebooks/src/opendap/hyrax_gi yter/test_xarray_dap.ipynb wr O H 0 * M
In [ ]: remote_data = xr.open_dataset(dataset_url)
Apps 3 Lookup B Mews [ES) OFeNDAP Pages B3 BALTO B3 Python B} C3DISEZSIP BR Comments B3 BitCoin B3R Arduine » 3 Other Bookm remote_data
T Jupyter test xaray_dap (atosa out
i Jupy = y-dap ved) F Lea Then we select a variable and read it's values:
File Edit Viaw Insert Call Kernal Widgets Halp Mot Trusted Python3 O

In [21]: ClrOLR A = remote data['ClrOLR A'][::l,::1]
@+ @A B A % HRn B C B Mirkdown 3 &

In [22]: ClrOLR_A

Out[22]: <xarray.DataArray 'ClrOLR A’ (Latitude: 180, Longitude: 360)>

. array([[ nan, nan, 175.625, ..., 171.875, 174.125, nan],
Test: XArray with OPeNDAP Data (171.875, 174.625, 174.25 , ..., 174.875, nan, 173.125],
(174. , 175.125, 173.625, ..., 175.875, 176. , 175.5 |,
Fetrieve OPeNDAP data with xamay. e
L nan, 198.25 , nan, 193, . 194,25 , 196.75 |,
In [19]: %matplotlib inline 1 nan, 189.125, 192. 189.25 , 189.625, nan],
[150.875, nan, 189.75 , ..., nan, 187.5 , nanj],
import warnings dtype=float32)
warnings.filterwarnings(”ignore”) Coordinates:
* Latitude (Latitude) float64 B9.5 88.5 B87.5 86.5 ... -87.5 -B8.5 -89.5
import xarray as xr "B * Longitude (Longitude) floaté4 -179.5 -178.5 -177.5 ... 177.5 178.5 179.5
import numpy as np Attributes:
origname: ClrOLE_A
The dataset URL we use for this test resferences a dmr++ file hosted on an Amazon EC2 instance Running Hyrax. THe dmr++ file references (is backed by) an fullnamepath: /ClrOLR_A
associated data object (in this case an hdfS file) in 53,
And finally plot the selected variable.
In [24]: dataset_url = ‘http://té4lml.opendap.org:B060/opendap/dmrpp from aws_clifairs/AIRS.2015.01.01.L3.RetS5td IR001.v6.0.11.0.
In [23]: CLlrOLR_A.plot()
Out[24]: <xarray.Dataset>
Dimensions: {CoarseCloudLayer: 3, EmisFreqIR: 4, EmisFreqMw: 3, FineCloudLayer: 12, H2OPressu Out[23]: <matplotlib.cellections.QuadMesh at 0x32346e860>
relay: 12, H20Pressurelev: 12, Latitude: 180, Longitude: 360, StdPressurelev: 24)
Coordinates:
* CoarseCloudLayer (CoarseCloudLayer) float32 B65.0 547.0 66.0 w
* EmisFreqlR ({EmisFreqIR) float3d2 B832.0 561.0 1202.0 2616.0 B0 0
* EmisFregMW (EmisFregMW) fleoat32 23.0 50.3 89.0 =
* FineCloudLayer {FineCloudLayer) fleat32 1018.0 887.0 ... 3Z.0 § -
* HIOPressurelay (HZOPressureLay) float32 961.7692 ... H3.G6G w0 %0
* HIOPressurelev (HZOPressureLev) flpat32 1000.0 ... 100.0 ] =
* Latitude (Latitude) fleaté4 89.5 B8.5 ... -B8.5 =89.5 g o 250;
+ Longitude ({Longitude) floatf4 =179.5 =178.5 ... 179.5 20 <
* GtdFressurelLev {5tdPressureLev) floatd2 1000.0 925.0 ... 1.0 3
Data variables: 5 200
ClroLR_A {Latitude, Longitude) float32 ... &0
GPHeight MW_A_sdev {5tdPressureLev, Latitude, Longitude) floa®32 ...
CO_WMR_TgJ D ct {stdPressurelev, Latitude, Longitude) float32 ... 80 150
Rellum liguid A _max (H20Pressurelev, Latitude, Longitude) float3Z ... -150 -100 -50 ] 50 100 150
Tem h_err (5tdPressureLev, Latitude, Longitude) float3z ... Longitude [degrees_east]

Mext we apen the dataset with xarray, xr.open_dataset() , and then show the metadata

ESIP 2019 07


https://opendap.atlassian.net/browse/HK-380
http://t41m1.opendap.org:8080/opendap/dmrpp_s3/airs/AIRS.2015.01.01.L3.RetStd_IR001.v6.0.11.0.G15013155825.nc.h5.dmrpp'

Roundup: NCO, ArcGIS, GDAL

e All of these work the same when data are stored on S3

e« There are some quirks for each,
o NCO: A command-line tool, this is easy to run in the cloud and thus an easy way to 'move

compute to the data.'
o  ArcGIS/ArcMAP: Has a special 'OPeNDAP Raster' option
o GDAL: To build DAP access, must be built with the '--with-dods-root' option

e SOme common ISsues:
o Companies may be using an older version of the netCDF library that does not work with Tomcat

8.5. Lobby them to upgrade.
o Any client can be run 'in the cloud;' for GUI! clients, use VNC>2.

o  The configuration for VNC is not trivial

1Graphical User Interface, 2Virtual Network Computing .
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Aggregations

Overview — what we mean by 'aggregation'’

Comparison of our current aggregation software (based on NcML)

How it's possible to mix the old and new software

And aggregations that use 'virtual sharding' to build higher dimension objects



What is Aggregation?

e Definition: noun, the formation of a number of things into a cluster.
o For OPeNDAP, Aggregations are generally defined using a domain specific
language called NcML

e NcML, designed by Unidata, supports several kinds aggregations, including
Joining a number of N-dimensional values to form a N+1 dimensional value

e.g., combine a series of two-dimensional fields to make a cube

Joining a number of N-dimensional values to make a (bigger) N-dimensional value

e.g., combine a bunch of cubes to make a new cube

©c O O O

9
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How NcML Aggregations are Formed by Hyrax

e A NcML file controls which
granules are combined

e An interpreter for that file reads it
and...

o Uses other parts of the server to
read data from those granules

e Theresultis a virtual data set
e e — « NOTE: The granul_es can reside on
o) Bl fd fl fol local disk or S3 (File System or
ﬁ oo [ fod oo ffro Object Store)
agg_def.ncml — E E E ﬁ

10
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NcML Aggregations

o NcML aggregation of 365 AIRS! files on S3; data accessed using the DMR?++
software.

o This show the time taken to access all the data for one variable over all of the 365 days
of data

e« Thisis the baseline data for aggregating data stored on S3

NcML aggregation of DMR++ Files

]
3 100 L 3 @
L]

VN oooedee 00 P00 00009 ®Pgoooeeee Pooooeeee Ooovoode® Tooooooee Pooo0oded Gedeooovedee Oedooveooed ®ooe

&0 80 100

Run Number

1Atmosphereic Infrared Sounder, 2Dataset Metadata Response 11
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We can use DMR++ to Define Aggregations

e Instead of writing a NcML file that
. references a collection of granules,
— e ...Write a single DMR++ file that
N~ r— 11— references all of the data.

e This is possible because the 'virtual

sharding' technigue treats parts of

| T variables as individually
| e addressable 'shards.’
esystem | Object Store

0
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Comparison of NcML vs DMR++ Aggregations

NeML aggregation of DMR++ Files

Hoooebeeeddoeoted0oood Peoovoeed Pooooeeee Ssoeoeceed Poveveeoe Poooooded Oodecooedes Oedoeeeeeed Pooe

DMR++ Aggregation, Data on S3.

& e
.........................................................

Difference of ~50s versus
~12.5s

Access to one variable for all
or 365 days

The aggregation consists of
365 files/objects (one for each
day)

NOTE: These data are for our
implementation of NcML

13
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Orthogonal Accesses — NcML versus DMR++

NeML Aggregation Using 365 DMR++ Files

Aggregation Using One DMR++ File

Rur Number

Slicing across the granules shows the
main benefit of this technique

The 'sharding' aggregation is
significantly faster than our
Implementation of NcML

Why: Our NcML is processed by an
Interpreter which iterates over all the
needed granule descriptions, while the
sharding technique is roughly
equivalent to a 'compiled' version of the
aggregation

14
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Processing Large DMR++ XML! Files is Expensive

DMR++ Aggregation, Data on S3.

e The same amount of data is
— : _ . _ B . returned in each of these two
, S ‘e tqe0e ce0080® 80,5500, " S ®e s0eq0e .—n.o..-‘tp'i ®es0e900® i eve®0 ,00® ..,...-.-.-.-.. CaSES
« The DMR++ file in case #2
contains only information for
part of the AIRs granule - so it
parses much faster
e Optimizing the DMR++ parse
and/or caching is worthwhile

Dmr++ Aggregations, Data on S3

leXtensible Markup Language 15
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Summary

e All five clients work well when reading data from S3 — there is no practical
difference in behavior

e NcML aggregations work; we aggregate the 'DMR++' control files
o  Pro: similar to the aggregations built using 'traditional’ data files
o  Con: Not as fast, particularly for 'cross-granule' aggregations

e The DMR++ software provides a new way to form aggregations
o  Pro: It can be very fast, with little difference for cross-granule aggregations
Con: It is harder to write the aggregation files and results in very large XML documents

o

16
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Bonus Material — Short version

e« How hard will it be to move this code to Google?

e Answer: About 4 hours.

e And, we can cross systems, running Hyrax on AWS or Google and serving
the data from S3 or Google GCS.

e Performance was in the same ballpark

e Originally presented at C3DIS, Canberra, May 2019. Four-slide version

follows...

18



Case Study 2: Web Object Service Interoperabillity

Moving a System to a different cloud provider

e Given: Hyrax data server running on AWS VMs, and
e Serving data stored in S3

e Move the server to Google Cloud VMs and

e Serve the data from Google Cloud Store

How much modification will the software and data need?
How long will the process take?

Will the two systems have significantly different performance?

19




Case Study Discussion

e The Hyrax server is compiled C++
e« The data objects in Amazon S3 were copied to Google GCS

e The metadata describing the data objects were copied and

o Case 1: were left referencing the data objects in S3
o Case 2: were modified to reference the copied objects in GCS

No modification to the server software
Time needed to configure the Google cloud systems: less than 1 day

20




Comparison of Performance

Seconds

30

20

Total Time to Access Data

Average access time, scaled* (N=12)

*Times scaled to
account for

differences in the
VM core number

21
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Case Study 2: Discussion

e Web object store access used the REST API (i.e., the https URLS)

o Each of the two web object stores behaved 'like a web server
o Using common interfaces supports interoperability
o  Other interfaces might not
e Virtual machines
o | used the same Linux distribution; legacy code known to run there
o  Switching Linux variant would increase the work
e The buckets were public
o  Differences in authentication requirements might require software modification

22
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