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Objectives

Develop methods to:

● analyze big geospatial data 

● Interactively scale geospatial processes on big data

● Interactively visualize results of these geospatial processes on big data

-- which cannot be processed using traditional GIS tools.

By “big” we mean datasets too large to be processed using traditional GIS tools.



Use Case - partisan exposure of US voters
● Objective: Construct individual levels 

of partisan exposure for each voter in 
the US

● Analysis: 

○ Part 1: Find KNN on a voter 
dataset of 180 million, with 
k=1000

○ Part 2: Processing the 180 billion 
KNN results to perform IDW 
modelling

● Goal: Perform the analysis in a cost 
and time-efficient manner



+

Available Computing Resources



Harvard’s FAS Research Computing Cluster

● Compute: 100,000 compute nodes, 8-64 
cores/node, 12Gb to 512Gb memory/node, 
2,500,000 NVIDIA GPU cores

● Software: CentOS 7 operating system, Slurm 
job manager, Singularity, 1000+ scientific 
tools and programs

● Storage: 100 GB (Home dir), 4TB+ (Lab 
storage), 70Gb/node (Local scratch), 2.4PB 
(Global scratch), 3PB (Persistent Research 
data)

● #144 in TOP500 Supercomputers in the world



GIS Databases for Big Data

● PostGreSQL

○ Powerful, open source object-relational database system

● PostGIS

○ Provides spatial objects for the PostgreSQL database

○ Allows storage and query of information about location and mapping

● OmniSci 

○ Leverages the massively parallel processing of GPUs alongside traditional CPU compute

○ Super fast queries/analytics (including machine learning) of unindexed data (open source) 

○ Super fast interactive rendering of millions or billions of features, on-the-fly on a map

○ Designed to overcome the scalability and performance limitations of legacy analytics tools



Challenges in KNN Computation

Major processing steps
● Create spatial index on the data to speed up the search
● Find the nearest 1000 neighbors per voter  
● Compute the Euclidean distances between the voter pairs

Obstacles
● For big spatial datasets, traditional algorithms are slow, 

resource intensive, costly and inefficient
● For datasets large enough not to fit on RAM, retrieval time 

from disk is slow without spatial index

Solution - Geohash and Index based KNN
● Geohash is a method for expressing latitude and longitude 

using alphanumeric strings or hashes
● The longer a shared prefix between two geohashes is, the 

spatially closer they are together.
● Index based KNN is faster, cheaper and more efficient



Solution to Part 1: Geohash Clustering with KNN search

● Two layered approach:
○ Bottom layer of Geohash based clustering 
○ Top layer of R-tree based KNN search

● Spatial clustering based on Geohash provides fast 
and efficient access on disk

● It ensures that records which are likely to be retrieved 
together are located together on disk

● KNN in PostGIS is a pure index based search

● Index based distance operator (<->) is used in the 
ORDER BY clause to make use of the DB indexes 
and LIMIT is used to truncate the search

● It works by walking up and down the index made on 
bounding boxes



Major processing steps
● Compute Inverse Distance Weighted partisan exposure index of three party affiliations 

(Democratic, Republican, Independent) for each voter

Obstacles
● Traditional methods like R and Python are slow and resource intensive
● Traditional algorithms require multiple I/O of data which is inefficient for such big data

Solution - OmniSci
● GPU accelerated database, analytics and visualisation platform
● Uses graphics processing units (GPUs) and central processing units (CPUs) to query and 

visualize big data
● Queries can run across hundreds of CPU cores and tens of thousands of GPU cores per 

server
● OmniSciDB keeps hot data in GPU memory for the fastest access possible

Challenges in IDW Modeling



Solution to Part 2: IDW Modelling Using OmniSci

● Rewrite the original R algorithm to OmniQL, a SQL dialect 

● Divide the dataset for 180 billion into smaller chunks to fit OmniSci memory on 
FASRC

● Combine the results from multiple parallel modelling processes for final results

OmniSci provides the following advantages over traditional methods:

● Eliminates need of multiple I/O (which is a big overhead in these cases)

● Faster GPU based processing (compared to CPU processing)

● Speed improvement from 8 mins to 2.5 sec per 2 billion dataset (compared to 
traditional programming approaches such as R)



Novelty and Key Features of Our Solution
● KNN calculations using PostGIS on AWS:

○ Computing speed: 200,000 distances/sec

○ Hardware: m4.xlarge EC2 server 

○ Software: PostGIS based KNN 

○ Spatial index: Geohash based spatial indexing

○ Storage of results: Amazon S3, Compressed from 18 TB reduced to 1.5 TB 

○ Customized AMI: Optimized PostGIS installed; ready to use for parallel processing

○ Cost Effective: ~ $175/month on AWS 

● IDW modeling results visualization on FASRC: 

○ Extremely fast GPU-based processing of results for interactive visualization 

○ NVIDIA GPUs, 256GB RAM, 2 CPU cores, 1 GPU core per 2 million features



Deployment on FASRC

● FASRC provides a more sustainable and cost-efficient solution compared to AWS, 
especially for expanding the research to even bigger datasets

● PostGIS and OmniSci are installed as public apps on the FASRC to implement the 
solution

● I/O is a big overhead in such problems and FASRC makes it more efficient by loading the 
data once

● Several asynchronous jobs on FASRC run independent calculations and then combine 
the results in the end

● Non-Harvard users may implement the solution on AWS or their own slurm cluster 

● Other slurm cluster users may install PostGIS and Omnisci on their cluster following our 
installation guide here: 
https://github.com/cga-harvard/GIS_Apps_on_HPC/tree/master/dev 

https://github.com/cga-harvard/GIS_Apps_on_HPC/tree/master/dev


GIS Databases Deployed on FASRC



Results - partisan exposure of US voters visualizable at any scale 



Recent Publications Supported by This Work

Article on Nature (3/8/2021) Article on New York Times (3/17/2021)



Future Plan
● Expanding the partisan analysis to 20 years of US voter dataset to study the changes in voting 

behavior over time 

● Combining Partisan Analysis with Twitter data to analyse the effect of social media on voting behavior

● Use distributed Omnisci infrastructure which allows single queries to span more than one physical 
host for big data

● Installing ArcGIS Enterprise on FASRC to make more GIS tools readily available to Harvard 
researchers

● Exploring other possible big data use cases, such as:

○ Disease Surveillance 

○ Global Internet access mapping

○ National Water Model 

○ EPA Air Quality Modeling
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