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Abstract—Multi-sensor platforms like buoys and gliders pro-
duce one or more readings per sensor on varying, discrete time
frequencies. The resulting datasets are a matricies with rows
containing readings from sensors that reported at a moment in
time and NULL for missing readings from sensors that did not.
Traditional Relational Database Management Systems (RDBMS)
are already well suited for the dense matricies in which NULL
values are infrequent. The efficiency of these systems deteriorates
though as data becomes more sparse.

The University of South Florida College of Marine Science
Ocean Technology Group (COT) operates four gliders. Each
glider produces dynamic, different sparse datasets. Other data
management solutions exist, but they are based on a RDBMS.
COT has been investigating an alternative without using and
RDBMS.

Glider Database Alternative with Mongo (GDAM) is a data
management system for gliders built on the MongoDB NoSQL
database engine. It is live in production at COT. GDAM is a
collection of scripts which parse, process and store real-time
glider datasets. Data is parsed as soon as it is transmitted via
satellite to our shore-based servers. The system has been tested
during two Slocum G1 glider deployments in September and
October of 2012. Archival datasets dating back to March of 2009
have also been uploaded into this system. Records are indexed
by time, GPS, and depth with the ability to add more indexes as
necessary.

The paper outlines dataset problems identified using data
from COT glider operations in 2012. These problems inform
a discussion of design decisions and possible options considering
both RDBMS and NoSQL systems. The paper concludes by
discussing the current implementation of GDAM.

I. INTRODUCTION

Field deployed multi-sensor platforms introduce a unique

challenge for database management systems. Due to factors

like inclimate weather, cloud cover, or curious fauna sensors

may fail. Throughout the life cycle of the platform sensors

may be upgraded or added. Platform managers may enable

or disable sensors due to funding or power constraints. As a

platform is more dynamic, creating a schema for a database

management system becomes more difficult.

Some platforms are so dynamic that their datasets can

be classified as sparse. Sparse datasets are datasets where

given a set of fields, the majority of fields are not filled

or NULL values. Sparse datasets exist when platforms have

failing sensors, sensors with different sampling frequencies,

or sensors with event-based sampling rather than scheduled

sampling.

Relational Database Management Systems (RDBMS) strug-

gle in handling sparse datasets. The initial design of an

RDBMS requires a schema. This schema can be adjusted

as needed, but it still must account for all possible values.

Schemas that account for sparse datasets can be space ineffi-

cient due to NULLs populating most of the database or require

complex queries due to a non-traditional design.

NoSQL offers a schemaless alternative. NoSQL databases

are designed to handle the high volume of and adjust to

the dynamic nature of web-based data. Most do not require

schema design. Without a schema, NoSQL databases can

efficiently store records of varying sizes without wasting space

storing NULL values.

Glider Database Alternative with Mongo (GDAM) is a

system developed at the University of South Florida College

of Marine Science Ocean Technology Group (COT). It is built

on MongoDB, a NoSQL database. Scripts to parse and store

data from Teledyne Webb Gliders have been developed. These

scripts have been deployed in production and used during

deployment of gliders.

The paper outlines the design decisions and implementation

of GDAM. It begins in section II by demonstrating how

sparse glider datasets can be. Next, section III outlines why

sparse data is difficult for RDBMS. Section IV discusses

the current state of NoSQL systems and tradeoffs between

them and relational database systems. Section V outlines the

implementation of GDAM. Lastly, section VI discusses the

state of GDAM and how it is an improvement over RDBMS

solutions for glider data.

II. GLIDERS

Autonomous underwater profiling gliders have been in

development by a number of research groups for over two

decades. They are tailored to efficiently collect water column

data, from the surface to depth, over moderate temporal and

spatial scales with minimal time investment by the operator.

And over the past decade, their use has grown tremendously,

resulting in thousands of deployments by a number of users.

The gliders traverse the water column using buoyancy gener-

ated propulsion, allowing them to repeatedly cycle the water

column in a saw-tooth pattern while transiting hundreds of

kilometers over a period of weeks. They periodically surface to
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communicate via satellite communications, allowing for adap-

tive missions. They can carry sensor packages that measure a

multitude of sensors.

A. Operations

The University Of South Florida College Of Marine Sci-

ence’s fleet of Slocum gliders, produced by Teledyne Webb

Research and operated by the College’s Ocean Technology

Group, enhance ocean observing efforts. To date, all of the

USF glider deployments have been in the eastern Gulf of

Mexico between Pensacola and Naples, FL. Since 2009, there

have been over 20 missions, benefiting a variety of scientific

missions such as monitoring red grouper [1], understanding red

tide [2]–[5], validating circulation models [6], and monitoring

for dispersed oil during the Deepwater Horizon oil spill. It

is hoped that these efforts continue and expand in support of

coastal observations efforts.

USF’s five gliders are each equipped with a CTD, and

most have enhanced optics and acoustic payloads, including

fluorometers, dissolved oxygen sensors, radiance / irradiance

sensors, and passive acoustic recorders. Four of the gliders are

rated for 200m and the fifth is rated for 1000m.

B. Datasets

While they collect thousands of parameters nearly con-

tinuously, the user receives this data via several methods.

Slocum gliders can communicate data through an RF link

or a satellite link, each with their own bandwidths. They

store data on internal memory cards for collection following

a deployment. There are varying levels of data packets for

the user to customize for their operation. These vary from

very sparse and limited sensor value files optimized for

satellite communication, to complete data sets of every sensor

recorded. Additionally, different data types are stored on

different storage disks maintained by the gliders independent

flight and science computers.

Merging data stored on the two independent computers

along time columns results in a very large sparse matrix. Each

row in the matrix represents a record in time where a subset of

sensors is sampled. Each column is a sensor reading type (e.g.,

depth, conductivity, altimeter). Sensor sampling frequencies

and output can be changed by glider operators before or during

a deployment.

One USF glider deployment in October, 2012 produced a

matrix with 698,313 records (rows) and 1,890 unique sensor

fields (columns). Figure 1 shows the frequency distribution

of the number of fields1 in each of the records. 34.1% of

the records contain only 6 out of 1,890 possible fields. The

next most common number of fields is 196 which accounts

for 10.4% of records. The most filled records populate 1,836

fields, but account for 6 records total. The median number of

fields in a record is 191.

The data from this last glider deployment is not an outlier.

Every deployment dataset is like it and may have a different
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Fig. 1. Glider Record Size Frequency Over One Entire Deployment in 2012

TABLE I
COMMON RANGE QUERIES

Query Parameters Request

Time Start,End Return readings between
start and end timestamps.

Sensor Sensor Output Type,Min,Max Return readings taken at
the same time a sensor
output type (e.g., depth)
was between min and max
values.

Spatial GPS Bounding Rectangle Return readings taken in-
side a specific geographic
area.

number of unique sensor fields. A rigid relational database

schema is a difficult system to maintain in this environment.

C. Common Queries

Glider datasets are of interest to a diverse set of users which

can include academic researchers, policy makers, modelers,

fisherman, and the general public. Despite differences in their

objectives, most users can be served by three main queries:

time, sensor, and spatial range queries. The ideal database

system would be able to handle all three types of queries in a

time efficient manner.

Table I provides a list of required parameters and short

request examples for each query type. All range queries return

a subset of glider data as a sparse matrix where every column

is a sensor output type and every row is the value of the sensor

output at that instant in time. The returned sparse matrix can be

further reduced by allowing users to specify fields of interest.

No relational based glider database system could handle all

three types of queries. An alternative is necessary.

III. RELATIONAL DATABASE MANAGEMENT OF SPARSE

DATASETS

Commonly used Relational Database Management Systems

(RDBMS) include MySQL [7], PostgreSQL [8], Microsoft

SQL Server [9], and Oracle Database [10]. Every RDBMS

requires that data be structured in a relational schema con-

sisting of tables with pre-defined columns that each have a

name and data type such as text, integer, or float. Tables

store objects with columns that represent object attributes (e.g,

name, description, cost) and rows that represent new instances

of that object type. Object instances each have a primary



key which is usually an integer. Objects stored in one table

can reference objects in another by storing the primary key

value rather than a copy of the other object. This reference

creates a relation between tables. Sparse data performs poorly

in standard relational schema. A relational table storing just

data from the October, 2012 deployment would need to have

at least 1,890 columns and efficiently store NULL values.

A. Column Limits

Most relational databases cannot store a large number of

columns. MySQL2, Oracle and SQL Server standard table

types are limited to around 1,000 columns [11]–[13]. Post-

greSQL, on the other hand, only has a 1.6TB per row limit

which, in most cases, can store the glider deployment table

[14].

Agrawal et. al. propose a vertical schema to circumvent the

column limitation of any relational databases [15]. Vertical

schemas store 3-ary tuples in a single table that consist of

an object id, key, and value. Each row in the table references

unique objects by id, an attribute of that object, and the value

of that attribute. Object NULL attributes are not stored. Values

are all string types (VARCHAR). Most glider output is a float

or integer. Storing numbers as strings rather than binary is

space inefficient for both tables and indexes.

A variant of this idea called a binary representation splits

each attribute out to separate tables containing object id

and value pairs where the value can be typed correctly and

efficiently stored [15]. A glider operations schema similar to

a binary representation does exist and is used in production.

Both vertical and binary representations descrease query sim-

plicity and performance [16]. The similar glider operations

schema suffers from these same problems.

B. NULL Value Storage

Relational database schemas often include fields that can

either contain a value or a NULL. RDBMS deal well with a

few NULLS that may be present in a dense dataset. They are

space inefficient for sparse datasets though especially if fixed

size types like integer or floats are present in rows. In the case

of the example glider deployment table, 90% of columns are

NULL. Beckmann et. al. describe a more efficient row storage

method called interpreted storage that does not use storage on

NULLs [16]. Oracle and SQL Server both offer a wide table

type that can efficiently store NULL values. Unfortunately,

neither are open source or freely available.

IV. DOCUMENT-ORIENTED NOSQL

NoSQL refers to a wide set of database systems that depart

from some fundamentals of RDBMS. For simplicity, this

section focuses on Document-oriented NoSQL databases but

touches on topics relevant to other types. Cattell et. al. gives

a broad overview of what NoSQL stores are available along

with a comparison [17]. The majority of NoSQL database

developers relax RDBMS requirements and focus on flexibility

2Using the default InnoDB table storage engine

and scalability to handle the dynamic and high volume of web

based data [17], [18].

A. Flexible Record Storage

All NoSQL databases offer flexible storage. Not every type

to be stored must have a column defined. Instead, values can

consist of any number of fields. Document-oriented NoSQL

databases specifically store data points in documents that

each have a unique identifier (key) assigned and their own

data structure (value) with one or more fields. Relations

between documents can be made by referencing the keys of

other documents. Care must be taken in using relations with

NoSQL databases because, unlike all RDBMS, not all NoSQL

databases guarantee atomicity and isolation.

B. ACID vs. BASE

RDBMS guarantee atomicity, consistency, isolation, and

durability (ACID) properties on operations or sets of oper-

ations marked by a transaction block [19]. Each term makes

the following guarantees:

• Atomicity guarantees that all operations in a set occur or

none occur; Partial transaction execution is not allowed.

• Consistency guarantees that each transaction preserves

the state of the database.

• Isolation guarantees that one transaction cannot affect

another.

• Durability guarantees that in the event of a system failure

all completed transactions will persist in the database.

ACID properties are absolutely necessary in databases where

real-time accounting is important such as stock exchanges or

banks.

Most NoSQL systems do not guarantee all ACID properties.

They are better described by consistency, availability, and

partition tolerance (CAP) properties. As originally proposed

by Brewer, these properties are defined as [20]:

• Consistency guarantees that all database clients see the

same set of data.

• Availability guarantees that the database is able to handle

a high volume of operations.

• Partition tolerance guarantees that database cluster clients

will still be able to read and write to the database when

nodes fail. When a node comes back online, it receives

all writes performed while it was offline.

Unlike RDBMS and adherence to ACID, NoSQL systems

decide between either strong consistency or high availability

[21]. To offer strong consistency a system must go offline for

short intervals to synchronize. To offer high availability, the

system will continually be in an ‘eventually consistent’ state.

Eventually consistent system guarantees are best described

by yet another acronym: BASE [22]. BASE stands for ‘Basi-

cally Available Soft state Eventually consistent’. It guarantees

that the system - barring some catastrophic failure - will be

available, but all clients accessing different database nodes

may not see the same state of data. After data is written or

updated on one node, the change it will eventually be reflected

on the other nodes. BASE offers a good tradeoff for database



management systems that do not require a real-time consistent

state.

C. Scalability

Relaxing ACID in favor of BASE allows many NoSQL

systems to scale well across multiple servers (i.e., horizon-

tal scaling). RDBMS can scale across multiple servers, but

they require complex schemas that include table partitioning

schemes. Most RDBMS focus on scaling by moving to a better

server (i.e., vertical scaling) rather than to a cluster of average

servers.

D. Performance

Flexibility and scalability usually come at a cost. A re-

cent comparison on a single server show that MongoDB,

a document-oriented database, is faster than SQL server at

reading and writing data points [23]. As databases scale hor-

izontally though, the overhead of managing schemaless data

becomes apparent. Two others studies between horizontally

scaled RDBMS and NoSQL servers show how the former

can still be faster [24], [25]. All three benchmarks use dense

datasets with very few NULL values. No benchmarks could

be found for sparse datasets.

V. IMPLEMENTATION

Glider Database Alternative with Mongo is a glider data

management system that can be used in tandem or in place of

the manufacturer’s data solution. It uses 10Gen’s MongoDB, a

NoSQL Document-oriented database, as it’s back-end. Users

can access the system via a web front-end. Details about the

MongoDB back-end and web front-end follow.

A. MongoDB Back-end

MongoDB is an open-source Document-oriented NoSQL

database. It requires no schema to begin handling data, can

scale horizontally across up to 12 heterogeneous machines,

and can store up to 16MB in a document [26]. Documents

are stored in an efficient Binary Javascript Object Notation

(BSON) format.

BSON stores each field to it’s closest binary representation

rather than storing everything as a string. BSON document

sizes can vary. Only fields with values are stored in BSON

documents. No NULL-valued fields are stored. Another great

feature of BSON is that it quickly translates to the popular

JSON web format used in many RESTful APIs. BSON docu-

ments are assembled into logical groups called collections.

Collections usually contain similar documents, but, unlike

RDBMS tables, do not require it. Similar to RDBMS tables

though, all query, insert, index, and update operations are per-

formed on collections. Collection joining is not supported by

MongoDB. Sets of collections can be separated into individual

databases. Proper planning and organization of the database,

collection, and document storage can make queries simpler

and faster.

GDAM organizes collections based on glider and upload

type. Upload type allows the subset of data uploaded while

Fig. 2. GDAM Mongo Collection Organization Based on Glider and Upload
Type

the glider is in the field to be separated from the much higher

resolution data that is processed from a retrieved glider. Figure

2 shows this split between glider, and upload type. Scripts in

the system are run as soon as all data is transmitted to shore.

These scripts parse and merge glider flight and science data

based on timestamps. The merged data is then inserted into

the proper MongoDB collection.

Indexes are built on each collection glider field and com-

plete collections to efficiently handle time, sensor, and spatial

queries as discussed in II-C. The only field assumed to be in

every document of the collections is ‘timestamp’. A unique

index over timestamp prevents duplicate record insertion and

speeds time range queries. A sparse index over depth speeds up

depth range queries. Other sparse index fields can be added as

needed on individual collections. A sparse, spatial index over

GPS coordinates greatly speeds up any spatial queries.

Sparse indexes are used on depth and GPS because not

all records have these fields. A drawback to having to use

sparse indexes is that they require two queries to retrieve all

the relevant data. The first query is on the sparse indexed

field to find the time minimum and maximum. These time

extents are then used in a second query to retrieve the set of

documents in that time range. Currently, the depth and spatial

query methods only works for a single deployment at a time,

but work is being done on extending it to retrieve data across

multiple deployments.

B. Web Front-end

GDAM implements a read-only RESTful API. Developers

can query for glider data by time, sensor, or spatial area by

generating and sending a GET request to a web-facing server.

The server performs the query on the GDAM MongoDB and

returns results as a JSON document by default. CSV and KML

formats are available if requested in the GET URL.

COT uses the GDAM API to display glider data on it’s Cen-

tralized Remote Observations Website (CROW) [27]. CROW

uses the Google Charts and Earth API to display gilder

deployment paths and data since the last surfacing. To begin

users specify a time range in UTC. As the user enters their

desired time range, the site generates a GDAM API request

and starts an AJAX request for KML data. When the AJAX



Fig. 3. USF CROW Web Interface

request is successful, a path is shown in the Google Earth panel

with a time range control in the top left. Any adjustments to

the time range in Google Earth will also adjust the time axis

of the data plot at the bottom.

VI. CONCLUSION

GDAM provides a novel alternative to traditional RDBMS.

The lack of a schema and dynamic nature allows it to map

storage more closely to the real values without the inefficiency

of storing empty or NULL values. As demand or storage

needs increase, it can be scaled horizontally across hetero-

geneous machines rather than requiring a machine upgrade.

The RESTful web-based API allows other users to easily and

efficiently perform time, value, and spatial range queries to

retrieve subsets of all glider deployment data.

The authors believe a similar solution may be much more

difficult to achieve with RDBMS than NoSQL. Though more

tried and proven, RDBMS do not accommodate sparse datasets

efficiently. Research does exist on trying to improve RDBMS

and the authors will continue to monitor for any improvements.

For now though, in our opinion, NoSQL offers a better

alternative for dynamic, sparse glider datasets.
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