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New innovative analytical techniques are necessary to extract patterns in Big Data which
have temporal and geo-spatial attributes. An approach to this problem is required when geo-
spatial time series datasets which have billions of rows and the precision of exact latitude
and longitude data makes it extremely difficult to locate patterns of interest The usual
temporal bins of years, months, days, hours and minutes often do not allow the analyst
control of precision necessary to find patterns of interest. Geohashing is a string
representation of two dimensional geometric coordinates. Time hashing is a similar
representation which maps time to preserve all temporal aspects of date and time of the
data into a one dimensional set of data points. Geohashing and time hashing are both forms
of a Z-order curve which maps multidimensional data into single dimensions while preserving
locality of the data points. This paper explores the use of a multi-dimensional Z-order curve
combining both geohashing and time hashing that is known as “geo-temporal” hashing or
“space-time” boxes using SAS®. This technique provides a foundation for reducing the data
into bins that can yield new methods for pattern discovery and detection in Big Data.

GeoHashing:

Geohash is a latitude/longitude geocode system is a hierarchical spatial data
structure which subdivides space into buckets of grid shape whicho offers
properties like arbitrary precision and the possibility of gradually removing
characters from the end of the code to reduce its size (and gradually lose

xample
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analysis at the scale of billions of events/observations

Geospatial Analysis of Twitter in DC area

This is a typical geospatial visualization that is

visible with these 134K rows of data. The
precision of most latitude and longitude data
can sometimes mislead the analyst without
knowing it. If the data is accumulated over
several dates or months, then complex
behaviors of a person or group of persons is
often difficult to process. Specialized
techniques and processing have been

there is more than 10 Million rows, the
computations increase exponentially. Finding
complex behaviors become nearly impossible.

then used for Analysis. Patterns are somewhat

developed to handle these conditions but when

Geotemporal hashing with SAS®

Data Example SAS Code Geotemporal Hashing w/SAS
J.\ B C D E F 06 SEP13:15:57:52 through 06 SEP13:12:55:27
uuid date_time latitude longitude geo? J|‘rEC DC Tweets Ec,l‘r 316
3.75965E+17 Fri Sep 06 12:55:27 +0000 2013 38.89811  -77.02385521 dqgcjr30 .D-"El EDSDEtiEHﬂut:dcmam 39.2 Ezgs

3.75965E+17 Fri Sep 06 12:55:23 +0000 2013 38.86259  -77.20672578 dgcj5de

3.75965E+17 Fri Sep 06 12:55:32 40000 2013 38.86962  -76.97637529 dgcm07g ,data=data.dc_tweets

Jat_long buckets=64

3.75966E+17 Fri S5ep 06 12:55:38 +0000 2013 38.99313 -77.03058835 dgcjzdk
3.75966E+17 Fri Sep 06 12:55:39 +0000 2013 38.9608 -77.22380125 dgcjdsx .

: . . time buckets=32
3.75966E+17 Fri S5ep 06 12:55:40 +0000 2013 38.92469 -77.21631241 dgcjoyh rir A e Sy ey eyl
3.75966E+17 Fri Sep 06 12:55:42 +0000 2013 38.860055 -77.3693766 dgbwpbm ,ti ne= d ateti e
3.75966E+17 Fri 5ep 06 12:55:47 +0000 2013 38.78133 -76.99761082 dgchxgu }

%heatMap(data=dcmap I
gifname=dcmap) | | _JI=H
0 -774 -770 -7I67

Longitude

L= e R B = T D R S R R

A literature review of the SUGI and SAS Global Forum proceedings did not find this technique and code
was developed to be provided to the SAS community. The above example illustrates the type of data that
is typicall y used, the code that was developed by several of the authors, and a simple animation of the
results for geotemporal hashing for the DC Twitter data. This animation can be superimposed onto a
similar map of DC and you see the types of patterns that you are interested. The full code will be posted
on Don Henderson’s page on sasCommunity.org.
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Using Geohashing, the patterns become easier to see but behaviors which involve
time can still be difficult to see.

Why is it Important?

This ePoster attempts to introduce the use of geotemporal hashing techniques to
find patterns of life using data such as twitter. We showed some examples of this
using Washington, DC area and we showed the SAS code that could be used to
implement such a technique. Typically, geospatial visualization is used to look for
patterns such as heat maps or just plotting of geospatial data on a map. Complex
patterns become harder to discover when the data is collected over days, months,
or years and then displayed and the computational requirements of finding these
patterns is exponential as the number of observations grows. Beyond 10 million
observations, new methods are required to facilitate the discovery of these
patterns. The technique illustrated in this ePoster has been successfully used with
applications with over billions of rows with the precision being defined by the user.

Timehash algorithm is a way of representing a user-defined variable precision temporal. It is
an implementation of a quadtree that is defined with simple ASCII characters.

Interval: Create a fixed interval of time (e.g. 128yrs, 1970-01-01 00:00:00

GMT to 2097-12-31 23:59:59) Date Time Group format: 2013-04023 10:53:59
Conversion. Convert the times to secons since epoch (1907-01-01) in Zulu Add1lefclbd represents this timestamp within +/- 1.868 seconds
time.

Addlefclbrepresents this timestamp within +/- 15 seconds
Subdivision. Subdivide the interval of seconds into a binary tree of intervals,

represented by bits of time (e.g. +/- 128 year bit, +/ 64 year bit, +/- 32 year
bit). Apply a sufficient number of hits to get an interval length sufficient for
capturing the spans of time you want to represent (e.g. +/ 5 days, +/- 2 days)

Addlefcl represents this timestamp within +/- 2 minutes
Addlefc represents this timestamp within +/- L6 minutes
Addlef represents this timestamp within +/- 2.14 minutes

vvvvvvvvvvvvvv

represent the number of bits to encode the time interval
Why is this important? Throwing away precision (in a tunable fashion)

allows for a much simpler approachto BIG DATA analysis at the scale of
2097-12-31 23:59:597 billions of events/observations
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Using temporal hashes, the patterns become easier to see and when your behavior of interest requires you to

define specific periodicity (every 10 minutes), then the technique described is necessary when there is Big Data.
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