
ON USING ARRAY DBS FOR MACHINE LEARNING & EARTH SCIENCE 
RDA WG ARRAY DATABASE ASSESSMENT – ADOPTION PLANS
PROF. DR. – ING. MORRIS RIEDEL, HELMHOLTZ ASSOCIATION – FORSCHUNGSZENTRUM JUELICH

HEAD OF CROSS-SECTIONAL TEAM DEEP LEARNING & RDA CO-CHAIR INTEREST GROUP BIG DATA



TRADITIONAL MACHINE LEARNING
SUPERVISED CLASSIFICATION EXAMPLE – Remote Sensing Dataset & Code

 One of the challenges in remote sensing is to classify land cover 
into distinct classes based on hyperspectral datasets obtained from 
airborne and satellite sensors

 One dataset used is the Indian Pines AVIRIS dataset over an 
agricultural site composed of agricultural fields with regular 
geometry (200 spectral bands, 1417x617 pixels, spatial resolution 
of 20 meter, 52 classes of different land cover, 6 discarded)

 Before classification is performed the raw hyperspectral data is 
used with feature engineering techniques that in this case is the 
Self Dual Attribute Profile (SDAP)

 The classification is performed via a tuned version of the piSVM 
MPI code that consists of a parallel Support Vector Machine 
(SVM) including radial basis function (RBF) kernel [1] G. Cavallaro and M. Riedel, et al. , 2015

[4] C.Cortes and 
V. Vapnik, 1995

[6] M. Riedel, Invited 
YouTube Tutorial on 
Machine Learning 
with Remote Sensing 
Datasets, Ghent 
University



DEEP LEARNING
Short Overview & Role of Cross-Sectional Team Deep Learning at Juelich Supercomputing Centre

 Innovative & disruptive approach in 
geospatial data analysis

 Provide cutting edge deep learning tools that take advantage of JSC HPC machines
 Advance deep learning applications and research on HPC prototypes (e.g. DEEP-EST)
 Engage with industry (industrial relations team) & support SMEs (e.g. Soccerwatch)

[5] M. Riedel, Invited 
YouTube Tutorial on Deep 
Learning, Ghent University
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DEEP LEARNING VS. TRADITIONAL MACHINE LEARNING
SUPERVISED CLASSIFICATION EXAMPLE – Remote Sensing Dataset & Results

 Traditional Methods
 Support Vector Machine (SVM)

 Substantial manual feature engineering

 10-fold cross-validation for model selection

 Achieved 77,02 % accuracy

 Convolutional Neural
Networks (CNNs)
 Automated feature learning

 Achieved 84,40 % accuracy

 SVM + Feature Engineering (~3 years) vs. CNN architecture setup (~1 month)
[2] J. Lange, G. Cavallaro, M. Riedel, et al. , 2018
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TRADITIONAL MACHINE LEARNING
CLASSIFICATION – Modular Supercomputing Architecture & Array DBs

 (1) The training dataset and testing dataset of the remote sensing 
application is used many times in the process and make sense 
to put into the DEEP-EST Network Attached Memory (NAM) module

 (2) Training with piSVM in order to generate a model requires 
powerful CPUs with good interconnection for the inherent 
optimization process and thus can take advantage of the 
DEEP-EST CLUSTER module (use of training dataset, 
requires piSVM parameters for kernel and cost)

 (3) Instead of dropping the trained SVM model 
(i.e. file with support vectors) to disk it makes sense to 
put this model into the DEEP-EST NAM module 

 (4) Testing with piSVM in order to evaluate the model 
accuracy requires not powerful CPUs and not a good 
interconnection but scales perfectly (i.e. nicely parallel) and thus 
can take advantage of the BOOSTER module  
(use of testing dataset & model file residing in NAM), prediction & 
inference using models is largely usable on the BOOSTER module too

 (5) If accuracy too low back to (2) to change parameters [3] E. Erlingsson, G. Cavallaro, M. Riedel, et al. , 2018
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TRADITIONAL MACHINE LEARNING
UNSUPERVISED CLUSTERING – Dataset & Code

 One of the challenges in massive multi-dimensional point cloud 
data analysis is to perform clustering according to space, time, or 
added information (e.g. material, properties, velocity)

 One dataset used is the ‘Inner City of Bremen’ point cloud 
dataset created by 3D laser scans that is used with clustering in 
order to filter noise or group objects (e.g. like buildings)

 Before clustering is performed the raw point cloud data is used 
with sorting techniques in order to create an index that in turn is 
used with a cost heuristic to equally distribute the points

 The clustering is performed via a parallel and scalable 
HPDBSCAN MPI/OpenMP code that implements the Density-
based Spatial Clustering with noise (DBSCAN) algorithm

Ester et al.

[7] M. Goetz and M. Riedel, et al. , 2015



TRADITIONAL MACHINE LEARNING
CLUSTERING – INDEXING & Array DBs

 (1) The point cloud dataset is loaded with parallel I/O
using HDF5 in the DEEP-EST Scalable Storage Service Module 
(SSSM) and the DEEP-EST CLUSTER module

 (2) The indexing through sorting and cost heuristic small 
computing elements can take advantage of the FPGA in the 
DEEP-EST Global Collective Engine (GCE) module in 
combination with a MPI collective MPIAlltoAll() function to 
distribute the points equally among the DEEP-EST CLUSTER 
(index might be re-used by other mining algorithms)

 (3) Clustering with HPDBSCAN is performed on the 
DEEP-EST CLUSTER locally (OpenMP) for shared memory 
elements and the load given by the MPI collective 
of the MPIAlltoAll() function in (2)

 (4) Merging the different computed clusters on chunk edges according to specific rules using 
halos across nodes is performed on the DEEP-EST CLUSTER globally (MPI)

 (5) Cluster ID and noise ID are usually added to the HDF5 file but could reside in the Network 
Attached Memory (NAM) for scientific studies, e.g. level of detail (LoD)

[3] E. Erlingsson, G. Cavallaro, M. Riedel, et al. , 2018
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TRADITIONAL MACHINE LEARNING
Data Fusion & Further Adoption Plans at Forschungszentrum Juelich

 Slide courtesy of Dr. Martin Schultz (Juelich Supercomputing Centre, Forschungszentrum Juelich)

 Adoption of RDA Array 
Database Assessment 
working group 
recommendations



DISCUSSIONS
Adoption, Next Steps, ToDos, Questions

Technical

 Hyperspectral remote sensing data & point cloud datasets in Array DBs – experience/pointers?

 Parallel support in Array DBs (e.g. like RASDAMAN, SciDB)?

 Deployment comparison between HDF5 (e.g. HPDBSCAN & PointClouds)?

 Array DBs for check-pointing of deep learning networks?

 Work towards integrating recommendations for work with JOIN

Process

 What next & Botswana?

 Array DB Assessment is finished as succesful spin-off from IG Big Data – what next?

 IG GeoSpatial Joint Session with IG Big Data in Botswana

 New working group on adopting Deep Learning with GeoSpatial Data & Array DBs

Array DB 
Module?

Pointclouds
Remote 
Sensing

 Adoption of RDA Array 
Database Assessment 
working group 
recommendations



REFERENCES

 [1] G. Cavallaro, M. Riedel, J.A. Benediktsson et al.,  ‘On Understanding Big Data Impacts in Remotely Sensed Image Classification using Support Vector 
Machine Methods’, IEEE Journal of Selected Topics in Applied Earth Observation and Remote Sensing, 2015, DOI: 10.1109/JSTARS.2015.2458855

 [2] J. Lange, G. Cavallaro, M. Goetz, E. Erlingsson, M. Riedel, ‘The Influence of Sampling Methods on Pixel-Wise Hyperspectral Image Classification with 3D 
Convolutional Neural Networks’, Proceedings of the IGARSS 2018 Conference, to appear

 [3] E. Erlingsson, G. Cavallaro, M. Riedel, H. Neukirchen, ‘Scaling Support Vector Machines Towards Exascale Computing for Classification of Large-Scale 
High-Resolution Remote Sensing Images’, Proceedings of the IGARSS 2018 Conference, to appear

 [4] C. Cortes and V. Vapnik, “Support-vector networks,” Machine Learning, vol. 20(3), pp. 273–297, 1995

 [5] M. Riedel, ‘Deep Learning using a Convolutional Neural Network‘, Ghent University, Invited YouTube Tutorial, 
Online: https://www.youtube.com/watch?v=gOL1_YIosYk&list=PLrmNhuZo9sgZUdaZ-f6OHK2yFW1kTS2qF

 [6] M. Riedel, ‘Introduction to Machine Learning Algorithms‘, Ghent University, Invited YouTube Tutorial, 
Online: https://www.youtube.com/watch?v=KgiuUZ3WeP8&list=PLrmNhuZo9sgbcWtMGN0i6G9HEvh08JG0J

 [7] M. Goetz, C. Bodenstein, M. Riedel, ‘HPDBSCAN – Highly Parallel DBSCAN’, in proceedings of the ACM/IEEE International Conference for High 
Performance Computing, Networking, Storage, and Analysis (SC2015), Machine Learning in HPC Environments (MLHPC) Workshop, 2015, 
Online: http://dx.doi.org/10.1145/2834892.2834894



THANKS
Talk shortly available under www.morrisriedel.de


