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for example, by balancing power consumption evenly
across the network through the introduction of “network
intelligence”. Intelligent networks have the potential to
assess and respond to the energy status of individual sensor
nodes and evenly distribute the energy required for data
collection, processing, and transmission. Intelligence is
designed into networks through triggered changes in sensor
duty cycles (eg sleep/work modes) and the ability to self-
organize the network into sensor clusters with shared
power burdens. Self-organization means that individual
sensor nodes can “ally” themselves either with other nodes
with similar power consumption rates or around a central
node with better access to power, for the purpose of data
transmission. These central nodes can carry more of the
transmission energy burden and thus reduce the need for
parallel transmission paths from nodes with less access to
power. The organization of nodes into common networks
can be self-induced, based on the power status of each
node, or induced from outside the network via instructions
sent by a computer base station (Intanagonwiwat et al.
2003; Cha et al. 2007). The power consumed during data

transmission is exponentially propor-
tional to transmission distance (Raja-
raman 2002). The use of self-organizing
transmission designs can therefore min-
imize transmission distances and power
consumption.

� Achieving robust, efficient, and
scalable wireless networking

Wireless collection of data from a net-
work of sensor nodes provides great flex-
ibility by eliminating the need to string
wire from node to node; however, this
can cause a number of problems.
Unreliable communication links can
drop data at any point in the wireless
network. Error protection techniques
that improve reliability must be
achieved efficiently, given the limited
memory and energy lifetime of resource-
constrained sensor nodes. A hierarchi-
cal wireless networking architecture is
emerging that will eventually allow sen-
sor networks to consist of thousands of
nodes (Mainwaring et al. 2002; Werner-
Allen et al. 2006). For example, re-
searchers at the Universities of Colo-
rado and Montana jointly deployed a
hierarchical wireless sensor network to
study weather factors surrounding forest
fires in the Bitterroot National Forest of
Idaho (Hartung et al. 2006). The long-
range wireless network consisted of a
series of WiFi links with directional
antennae, each with a range of up to 50

km. Short-range wireless sensor networks were attached to
the long-range wireless network at strategic points of scien-
tific interest (eg a chosen mountainside). The short-range
sensor networks collected local sensor data and relayed
them to the long-range network, which then relayed them
to a base camp with a satellite uplink to the internet. Using
this hierarchical relay, the wireless network was able to
cover large areas in an efficient, targeted manner.

�Management and analysis of real-time data

Sensor-based observing systems present new challenges for
managing and analyzing data. The large volumes of data
produced, and the need to process data in near-real-time,
require new information-processing solutions. An instru-
mented lake buoy – sampling once per minute – generates
several megabytes of data per day, whereas video sensors
and flux towers produce much greater volumes of data. As
sensor networks are scaled to handle hundreds to thou-
sands of sensors across a wide-area network, the need for
automation intensifies. Both science and system operation

FFiigguurree  33.. A passively powered sensor network system in development at Oregon
State University, featuring power distribution from a central hub to an array of
battery-free sensors, and data communications from sensors back to the hub. Both
power and data communication rely on RF waves. As currently designed, the sensors
measure temperature, but future configurations will use different types of sensors
(revised from Le et al. 2008).
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can require real-time data acquisition and pro-
cessing. Rapid detection of important patterns
within data streams can provide opportunities
for efficient system diagnostics and repair, min-
imizing any loss of measurements. Real-time
data-stream processing can also allow adaptive
control of measurements in response to envi-
ronmental conditions (eg adjusting sampling
rates, instrument activation, or orientation).

A partnership (the “Autoscaling Group”) of
computer scientists (from the University of
California, San Diego [UCSD], State University
of New York–Binghamton, and Indiana
University) and ecologists (from the North
Temperate Lakes Long Term Ecological Research
site, affiliated with the University of Wisconsin–
Madison) developed prototypes of several open-
source (defined in Panel 1) tools (Figure 4) to
automate data processing and accommodate
growth and changes in large sensor networks.
These tools include (1) a real-time data acquisi-
tion system, in which data flow directly from sen-
sors to publicly accessible databases; (2) a com-
mon data model for the integration of diverse
measurements; and (3) tools for data retrieval,
system administration, and status monitoring.
These components (described below) are engi-
neered as modules that can be customized for
specific applications and integrated with other
system components as needed.

Scalability

Scalability is a desirable property of a system,
indicating that it accommodates well to growth
in demands on the system (such as increases in
the number of sensor nodes). To address the scal-
ability of real-time data acquisition and process-
ing, the Autoscaling Group adopted a streaming
data middleware (Panel 1) approach, in which
data from sensors are handled as continuous, real-
time streams. Because observing systems incorpo-
rate various instruments from several vendors and develop-
ers, efficient system management requires integration of
these diverse instruments into a cyberinfrastructure (Panel
1) framework. Based on the experiences of the Autoscaling
Group, UCSD computer science and engineering
researchers collaborated with Creare Inc, the original devel-
opers of the DataTurbine streaming data middleware system
(www.dataturbine.org). They published the DataTurbine
system as open-source software and developed extensions to
adapt the system to the requirements of environmental
observing systems (Tilak et al. 2007). DataTurbine was
enhanced with device interfaces to assorted sensors, datalog-
gers, and video cameras. It has been used for a wide variety of
research purposes, including NASA (National Aeronautics
and Space Administration) airborne sensing projects, earth-

quake simulation experiments, and underwater cameras
focused on coral reefs. It has also been tested in lake moni-
toring applications at several sites.

Storing and retrieving data

How sensor data are stored in a database critically affects
both the automation of system configuration and the flexibil-
ity of data retrieval. The Autoscaling Group has developed a
new data model (Panel 1), Vega (Winslow et al. 2008), and
the ability to integrate it with streaming data protocols. This
data model accommodates reconfigurations of the sensor net-
work, such as the addition of new sensors, without changes to
the database schema. The Vega data model was inspired by
the Consortium for the Advancement of Hydrologic

FFiigguurree  44.. Conceptual architecture integrating components for a real-time
modeling example, in which real-time wind data from the instrumented buoy drive
the hydrodynamic model in nowcasting mode. Information management system
components (described in the text) include streaming data middleware
(DataTurbine), two data sinks (a local database at the field station and a
centralized shared database, both based on the Vega data model), and an
application (dbBadger) that automates database interactions and data handling.
Graphical output from the model shows flow vectors, where the length of the arrow
indicates the magnitude of the velocity and temperature is depicted by a color scale.
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Sciences Incorporated (CUAHSI) Data Model (Observa-
tion Data Model, ODM; Horsburgh et al. 2008). The data
model has been used in an information management sys-
tem package currently deployed at several sites in the
Global Lakes Ecological Observatory Network (GLEON;
www.gleon.org) – a grassroots network of limnologists,
information technology experts, and engineers who have a
common goal of building a scalable, persistent network of
lake ecology observatories (Kratz et al. 2006).

Integration with models in near-real-time  

A software tool developed for GLEON (dbBadger) has
been used to run a hydrodynamic model that predicts
lake circulation and water temperature distribution
(Yuan and Wu 2006; Kimura 2007). In the so-called
“nowcasting” mode, real-time wind data drive the hydro-
dynamic model (Figure 4) that predicts lake circulation.
In the prototype nowcasting system, dbBadger handles all
database interactions and data handling to retrieve and
prepare data for modeling, thereby freeing the modeler
from basic data-management tasks.

Data visualization interface

A group of collaborators at the James Reserve in California
confronted the management and data access challenges for

an extensive embedded sensor system by developing an
integrated data visualization interface. The James Reserve
Google Earth layer (Figure 5) ties together more than 300
in situ sensor nodes (fixed and mobile platforms managing
environmental, physiology, chemical, and imaging sensors)
into a single visualization interface (Hamilton et al. 2007).
Google Earth allows for straightforward integration of a
diverse array of sensing systems with web-based data visual-
ization tools in use at the James Reserve (Askay 2006).
The interface provides realistic three-dimensional (3D)
representations of sensor equipment, current snapshots
from the reserve’s various imaging networks, quick access
to current and time-series sensor measurement graphs, and
the integration of various Geographic Information Systems
thematic layers.

� New approaches to training researchers in 
next-generation technology

In order for sensor networks to be used effectively to
address critical questions in the environmental sciences, we
need to train scientists who can work well across disciplinary
boundaries and to form new, interdisciplinary collabora-
tions. This need is leading to the introduction of several for-
mal and informal training programs, but we believe the
technology is currently expanding more rapidly than is the
preparation of the workforce to use this technology.

Panel 1. Definitions of selected terms 

Open-source software: software whose license allows unrestricted modification and redistribution, rights that are usually reserved
for the author.

Cyberinfrastructure: infrastructure based on distributed computer, information, and communication technologies, consisting of
enabling hardware, software, communications, institutions, and personnel.The goal is to provide an effective platform for communities
of researchers to innovate and eventually revolutionize what they do, how they do it, and who participates (Atkins et al. 2003).

Streaming data middleware: a layer of software that moves data from sensors to a publicly accessible database and provides a range of
services. For example, DataTurbine, a streaming data middleware system, provides reliable data transport, a framework for integrating het-
erogeneous instruments, and a comprehensive suite of services for data management, routing, synchronization,monitoring, and visualization.

Data model or data schema: a description of the organization of a database.

FFiigguurree  55.. Sensing in the virtual nest box: Google Earth Pro provides a navigable 3D interface to sensors and cameras inside dozens of
avian nest boxes, situated throughout the James Reserve in California’s San Jacinto Mountains. Users can “fly” through graphical
representations of the boxes (a) and, by clicking on one, activate data windows (b) for viewing real-time and archival environmental
data (inside and outside temperature, humidity, light, and thermal signature) and interval photography of the interior and its
inhabitants. This interface also provides URLs to access a web-based data query tool for specialized searches.

(a) (b)
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Innovative programs are emerging in higher education
to train environmental scientists and engineers who can
then collaborate effectively. For example, at Oregon
State University, a National Science Foundation (NSF)-
funded IGERT (Integrative Graduate Education, Re-
search, and Training) in Ecosystem Informatics program
trains graduate students to apply computer science, math-
ematics, and sensor networking technology to ecological
problems (http://ecoinformatics.oregonstate.edu/). The
graduate students also serve as instructors and mentors for
undergraduates in a new EcoInformatics Summer Insti-
tute – a 10-week program of team-based research that
recruits math, computer science, engineering, and envi-
ronmental science majors from around the US. At
UCLA, CENS offers summer training for graduate stu-
dents and professionals working in sensing technology for
the soil environment, in addition to its undergraduate
internships for engineering and biology students, geared
specifically toward underrepresented groups.

All of the emerging “Environmental Observatory
Networks” include an education component (eg
D’Avanzo et al. 2008). Education and training are also a
focus of smaller groups, such as GLEON. Through meet-
ings that address both emerging science and technology
issues, web interfaces for sharing expertise, assistance
with deployment of sensors and information systems, and
opportunities for students to learn skills at the
aquatics/information technology interface, GLEON pro-
motes a shared vision of a global network of hundreds of
lakes with instrumented buoys collecting real-time sensor
data, selected strategically around the globe. 

There is also a growing number of training workshops
that bring together teams of experts and groups of students
for intensive, hands-on learning. These workshops typically
provide course credit for students, but they may also include
scientists from academia and industry, both as instructors
and as students. For example, in the summer of 2008, a two-
week course, Flux measurements and advanced modeling, was
organized at the University of Colorado’s Mountain
Research Station, and is intended to continue in following
summers. The course included 22 graduate students from
nine countries and invited lecturers from several disci-
plines. Of particular importance was the participation of
Campbell Scientific Inc and LiCor Inc, leading companies
in the development of monitoring instrumentation.
Representatives of both companies gave lectures and pro-
vided the students with opportunities for learning more
about advanced sensor and datalogger technologies through
explanations of underlying theory and hands-on training in
the use of sensor and datalogger instruments.

A further example involves a series of workshops
co-sponsored by the NSF and CUAHSI, which fea-
tured strong industry participation (Selker 2008).
Graduate students, industry representatives, and uni-
versity faculty representing several disciplines worked
in teams to design and implement innovative field
research activities involving state-of-the-art sensor
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technology. This type of workshop provides an excit-
ing and efficient venue for training students and
introducing new technology to seasoned scientists.
The collaborations inspire the formation of partner-
ships that provide the basis for ongoing technological
developments.

� Conclusions

The use of automated sensing systems in environmental
science is rapidly expanding (Porter et al. 2009). However,
realizing the potential of sensor-based observing systems
to transform advances in environmental science involves
some major challenges. Partnerships of ecologists with
computer scientists and engineers are leading to the devel-
opment of next-generation technology for sensor net-
works designed to meet these challenges.

Although barriers to communication still exist
between environmental scientists, computer scientists,
and engineers, these communities are demonstrating
that they can work together effectively. Currently, the
biggest limitation to these partnerships is funding.
Innovative funding mechanisms for research and educa-
tion are urgently needed, as most traditional funding
does not accommodate these multidisciplinary activities.
Moreover, it is not sufficient to fund prototype projects
at the cutting-edge of technology; the science based on
these new sensor networks requires the development of
fully mature technology products. Maximum benefit will
come through funding the development of widely usable
tools; local collaborations in system design have an
important role to play, but we need to move beyond
“one-off” solutions.

Often throughout the history of science, new tools
advance more rapidly than the science that uses them.
The resulting scales and volumes of data will generate
novel scientific questions and models. We need to train
the next generation of scientists to conduct research in
this expanded information environment.
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