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ABSTRACT

This paper reports the first application of actuated sensing systems
for high spatiotemporal resolution characterization of the three-
dimensional environment of river and lake aquatic systems. The
development of a new method and its verification in these two ap-
plication areas is described. Both applications involve dynamic
phenomena - one resulting from flow of the water and the other
from rapidly evolving biological processes. These applications are
typical environmental monitoring problems. They exemplify the
key challenge in such problems - characterizing phenomena dis-
playing spatiotemporal heterogeneity. In many such examples, the
application requires a diverse array of measurements based on sen-
sors for physical, chemical and biological systems. Together, these
requirements pose a significant challenge for conventional sensor
network methods.

We describe the development and applications of a new gen-
eral purpose method for actuated sensing - Iterative experiment
Design for Environmental Applications (IDEA). IDEA introduces
a new in-field adaptation of the sensing systems including static
and actuated sensors. IDEA addresses the limitations of previous
sampling approaches, for example conventional adaptive sampling,
by guiding adaptive sampling with an iteratively developed phe-
nomenon model. This paper presents applications of IDEA to: (1)
Three-dimensional characterization of contaminant concentration
and flow at the confluence of two major rivers; and (2) Character-
ization of phytoplankton dynamics in a lake system. These appli-
cations provide ideal tests by presenting complex structures associ-
ated with each phenomenon and enabling a comprehensive evalua-
tion of the general applicability of IDEA methodology. Improved
performance using guided adaptive sampling is demonstrated for
two existing methodologies, stratified adaptive sampling and hi-
erarchical non-stationary Gaussian Processes. The IDEA experi-
mental results both validate the general applicability of this method
and also have advanced the understanding of interrelated physical,
chemical and biological processes in these sampled environments.

1. INTRODUCTION

A broad class of environmental sampling applications, both ter-
restrial and aquatic, requires sampling of an environment that dis-
plays significant heterogeneity in both space and time. As an exam-
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ple, the growth of planktonic microorganisms, that form much of
the base of the food webs in freshwater and marine ecosystems, is
dependent on the availability of dissolved nutrients and light. These
parameters display dynamic spatiotemporal distributions [1] often
due to interdependence with other physical and chemical param-
eters such as temperature and pH. As another example, river ob-
servations are useful for answering the questions pertaining to the
hydraulics and multi-dimensional river modeling [2], geomorphol-
ogy, sediment transport and riparian habitat restoration [3]. These
require high granularity measurements of coupled hydraulic and
water quality parameters in stream cross-sections. Stationary, tur-
bulent flow of water in the streams result in heterogeneity in time.
On the other hand, mixing of the two streams in a confluence zone
results in spatial heterogeneity. Figure 1 displays the temperature
distribution sampled in a lake and the contaminant distribution (in
space and time) in a river, showing the high degree of heterogeneity
in such an environment.

Environmental monitoring for detailed characterization of such
phenomena require high resolution (in both space and time) sam-
pling. Traditionally aquatic environments are sampled sparsely in
both space and time (horizontally and vertically) because of the
difficulties and the associated cost of continuously accessing these
environments [4, 5]. These constraints led to the development of
models that were often simplified and calibrated using sparse mea-
surements from a small network of static sensors or manually de-
ployed measurements. Over the last few years, with the develop-
ment of various robotic platforms, several prototype systems have
been used for sensing the aquatic environments at different scales.
Buoyed or moored deployment platforms now exist which can pro-
vide vertical profiling capabilities with high temporal resolution
over long time periods at key locations [6,7]. Mobile robotic plat-
forms such as boats [8], Autonomous Underwater Vehicles [9, 10]
and cabled robotic systems [11], each suited for a specific environ-
ment, have resulted in high resolution sampling in both space and
time. However, literature survey reveals that this is the first time an
actuated sensing system has been used to perform complete, three-
dimensional characterization of aquatic systems on this scale.

In spite of the recent advancements in technology, currently avail-
able systems have many constraints that preclude long-term, re-
mote, autonomous, high-resolution monitoring in the real environ-
ment. These constraints include availability of energy, precise au-
tonomous actuation, precise localization, data communication and
others. Thus a large team effort for any such field campaign results
in only a limited time in the field for characterizing the phenomena
with high fidelity. Limited campaign time along with the high asso-
ciated resource cost (team effort and the cost of robotic and sensing
systems) demand for optimized utilization of the available time in
the field.

In this paper, we present IDEA - Iterative experiment Design for
Environmental Applications; an approach for characterizing an un-
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Figure 1: Heterogeneity in space and time for environmental phenomena. Points in the figure represent sampling locations. X axis is across
the transect and y axis is along the depth with negative values below the water surface.

known environment under constraints of rapidly evolving phenom-
ena. This involves an in-field adaptation in the experiment design,
to capture phenomena dynamics exploiting observations from prior,
iteratively executed experiments and the behavior of the underlying
control processes (if known). We discuss how such an approach can
optimize the limited campaign time and acquire data that charac-
terizes the spatiotemporal distribution of the sampled phenomena
with high fidelity. Analysis of this data can then be used to vali-
date the underlying physical, chemical and biological characteris-
tics and to observe the deviations, if any, from the current under-
standing. Additionally, based on observations in the field, experi-
ments can be designed to characterize the constraints of the sam-
pling system. Once the phenomena and the system characteristics
are known, this information can then be used to create an efficient
model for adaptively sampling the phenomenon - enabling sam-
pling with larger spatial coverage without discounting the dynam-
ics in the phenomenon. Thus, by incorporating the spatiotemporal
variability of the observed phenomena distribution, IDEA will re-
sult in improved performance in sampling fidelity over several ex-
isting adaptive sampling approaches that perform sampling without
any such prior, experimentally validated information [12, 13].

To illustrate IDEA and its validation in real world applications,
we present case studies of two environmental sensing application
campaigns where such an approach was successfully followed and
validated. The first campaign was at the confluence of San Joaquin
and Merced rivers in California from August 21-25, 2006 (here-
after referred to as San Joaquin deployment). Figure 2a displays
the satellite view of this deployment site. The scientific objective
for this investigation was to characterize the transport and mixing
phenomena at the confluence of two distinct rivers: the Merced
River and the San Joaquin River. Three-dimensional characteriza-
tion of the river basin was enabled by performing actuated sam-
pling at multiple river cross-sections. The second campaign was at
a small (1.2 hectare) lake located in a sub alpine (1,600 m) conif-
erous forest within the San Jacinto mountains of Southern Califor-
nia [14] from August 28-31, 2006. Figure 2b displays the satellite
view of Lake Fulmor. The goal of this study was to employ a suite
of static and mobile sensor technologies enabling biological stud-
ies of the dynamic phytoplankton community in a complete three
dimensional environment.

As illustrated in Figure 1a and Figure 1c, specific spatial struc-
ture is observed in these seemingly similar environments. Spatial
distribution at Lake Fulmor displays horizontal stratification while
at San Joaquin deployment, vertical stratification is observed. Such
structures, when learned in the IDEA iterative cycle, can be used to
build models for effectively sampling the phenomena. We provide
an illustration of the effectiveness of observing and learning such
structures, by demonstrating improvements in two of the existing
model based approaches: (1) Stratified adaptive sampling [12]; (2)

Hierarchical non-stationary Gaussian Process based modeling ap-
proach [15]. More specifically, our main contributions are:

o In-field adaptation of static and actuated sensor systems based
on observations made from iteratively designed experiments.

e Validation of the known understanding about the interdepen-
dence of several physical, chemical and biological processes
in the sampled environment.

o [llustration of improvements in existing adaptive sampling
approaches, if adapted based on in-field observations.

o First three dimensional characterization of lake and river aquatic
systems, typical of several environmental sampling applica-
tions.

Thus IDEA presents a methodology for characterizing the spatiotem-
poral distribution of the sampled phenomena by iteratively adapting
the experiment design in the field based on observed phenomena
characteristics. Details of this methodology are described in Sec-
tion 4

2. SYSTEM DESCRIPTION

An actuated sensor system, Rapidly Deployable Networked Info
Mechanical System [11] (hereafter called NIMS), was used during
each of these two campaigns to navigate a sensor payload anywhere
within the two dimensional cross-section of the aquatic environ-
ments. This enabled high resolution sampling of several important
environmental phenomena along the complete cross-section. Fig-
ure 3a and 3b show the schematic diagram of the system. It is
comprised of three main cables, the mounting hardware, actuation
module and a shuttle. The three cables are: the static cable sup-
porting the shuttle and the vertical node platform, a horizontal and
a vertical cable used to control the corresponding motion of the
sensor payload. The static cable can be attached to the ground an-
chors and routed over the ladders or anchored to any other natural
or man made structures (e.g. trees, railing, poles, etc.). The mount-
ing hardware is supported by the static cable and is used to attach
the actuation module at one transect end and horizontal and vertical
cables at the other end. The shuttle and the vertical node platform
are actuated using two motors located on one side of the transect,
through the horizontal and the vertical cables.

The following sensors were used during each of the two cam-
paigns for monitoring different physical, chemical and biological
phenomena:

1. Hydrolab Minisonde 4a [16]: Sensing temperature, pH and
specific conductivity.

2. Hydrolab DS5 [16]: Sensing Photosynthetically Active Ra-
diation (PAR), depth, oxidation reduction potential, turbidity
and Luminescent Dissolved Oxygen (LDO).
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Figure 2: Satellite view of the deployment sites where iterative experiment design approach was pursued.

3. ISUS sensor [17]: Sensing nitrate concentration.
4. Argonaut-ADV [18]: Used for flow monitoring.

5. Fluorometer: Measuring the concentration of chlorophyll-a
which is indicative of the density of phytoplankton in the
environment

6. Physical Sampling Device: Designed and developed at UCLA
specifically for these campaigns to collect physical water sam-
ples for detailed lab analysis.

Figure 3c shows a picture of all sensors and the physical sampling
device. Sensing multiple parameters simultaneously enabled the
correlation and effective characterization of the sampled phenom-
ena dynamics. For example, sensing dissolved oxygen, tempera-
ture, pH and PAR at Lake Fulmor helped characterize the inter-
related parameters causing the variability in the lake environment.
Similarly, sensing temperature, specific conductivity, nitrate and
pH helped characterize salt concentration in the river basins.

The use of cable infrastructure supporting the mobile system in-
troduces high precision in transport. However, to exploit this capa-
bility, several deployment design limits must be incorporated that
reduce the effective experiment time during the campaigns. These
include installation of the required infrastructure and anchors for
supporting large tension required to support the sensor payload
over long transects (= 70m), in-situ localization calibration and ro-
bustness against in-field failures. Additionally, success and timely
completion of such campaigns heavily depends on participation of
a multi-disciplinary team of researchers resulting in a huge team
effort. Such factors demand for optimized usage of the limited
campaign time to characterize the sampling phenomena with high
fidelity.

Additionally, the speed of the mobile robot is limited both by
the system electromechanical constraints and also the sensor sys-
tem requirements. Due to the response time of the above water
quality sensors that may be characterized with the time constants
of up to 10 seconds, sensor devices must dwell at sampling lo-
cations to permit accurate measurements. Limited speed of the
mobile robot along with dense spatial sampling and corresponding
dwelling time at each location increases the sampling time for each
experiment. This necessitates requirement for adaptively sampling
the phenomenon under investigation to provide large spatial cover-
age within the limited sampling time. Such approaches are inher-
ently preferable to deterministic motion profile (for example simple
“raster” scan patterns). Spatial structures such as those presented in
Figure la and Ic, if learned in the IDEA cycle , will further improve
the effectiveness and accuracy of adaptive sampling approaches.

Software architecture included system for monitoring the real
time data stream from the system to provide immediate fault detec-

tion as well as to monitor the variability in the sampled phenom-
ena distribution in real time. Additionally, adaptive algorithms de-
signed based on observed phenomena distribution were integrated
in the field with the existing architecture to provide autonomous
system operation.

3. AQUATIC SAMPLING MOTIVATION

Water quality monitoring is increasingly important from many
perspectives including public health, protection of agricultural irri-
gation sources, and environmental protection. Measurement objec-
tives include the study of ecological behavior, hydraulics and multi-
dimensional river modeling [2], geomorphology, sediment trans-
port and others. High resolution spatiotemporal observations en-
able distributed model parameterization and provide policy-makers
with the information enabling them to make more informed deci-
sions about issues extending beyond water supply and flood control
to the restoration of river habitats.

3.1 Sampling in San Joaquin river

The first IDEA campaign occurred from August 21-25, 2006 at
the confluence of San Joaquin and Merced rivers in Central Cali-
fornia.Figure 2a displays the satellite view of the deployment site.
San Joaquin is a heavily managed river basin with a robust net-
work of 14 river gauging stations with a spatial granularity of tens
of kilometers being operated and maintained by government agen-
cies. This network provides access to the current gross river condi-
tions via the Internet [19], allowing engineers, scientists, and wa-
ter resource managers to consider real-time adaptive management
of these large and complex systems [20]. Deterministic river flow
and transport models can play a role in determining optimal dis-
tributions. Though, for regulatory work, these are often simplified
(one-dimensional) routing models that assume complete mixing of
chemical species throughout the river cross-section [21]. An at-
tempt can then be made to calibrate these routing models using
time series data from a network of river gauging stations which
record gross flow and, in some cases, temperature and bulk salinity
in terms of the water’s electrical conductivity [21].

In spite of impressive progress towards the automated manage-
ment of the San Joaquin basin, water resources, population influx,
land use changes and climate change impacts create a demand for
the distributed three-dimensional high resolution observation of the
flow and the water quality parameters. The primary scientific ob-
jective for this investigation was to characterize the transport and
mixing phenomena at the confluence of two distinct rivers: the
Merced River (relatively low salinity) and the agricultural drainage-
impacted San Joaquin River (relatively high salinity) by sampling
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many parameters that may control the mixing behavior of the two
streams.

3.2 Sampling in Lake Fulmor

The second campaign occurred at Lake Fulmor, James Reserve [14]

from August 28-31, 2006. The goal of this study was to establish,
test and employ a suite of static and mobile sensor technologies
in Lake Fulmor in order to enable biological studies of the phy-
toplankton community. Figure 2b shows the satellite view of Lake
Fulmor. Itis a small (1.2 hectare) lake located in a sub alpine (1,600
m) coniferous forest within the San Jacinto mountains of Southern
California. The lake has a single source of freshwater at its north-
ern end and a single outlet at its southern end. River flow in and out
of the lake ceases during much of the summer/fall period, making it
an excellent model system for studying phytoplankton dynamics in
the absence of large advective processes. Understanding the phy-
toplankton dynamics is dependent on characterizing several chemi-
cal and physical properties of the water column such as availability
of nutrients, PAR, temperature, pH etc., and the interplay between
these factors and the microorganisms community.

4. IDEA METHODOLOGY

IDEA provides a methodology for in-field adaptation of exper-
iment design to perform detailed, three-dimensional characteriza-
tion of the spatiotemporal distribution of the sampled phenomena.
Following are the different experiment designs proposed under IDEA
methodology with an illustration of their applicability to different
sensing systems.

Dense spatial sampling is required to characterize the spatial dis-
tribution with high fidelity. In the case of statically distributed sens-
ing system, this requires a dense distribution of sensor network. On
the other hand, with an actuated sensing system, this requires per-
forming deterministic, dense raster scans discounting the temporal
variation in the phenomena distribution. In both cases, the initial
spatial density can be decided based on known characteristics of
the sampled phenomena. This can then be iteratively improved till
it is sufficient to completely characterize the spatial variability in
the phenomena distribution. For each of our aquatic sensing appli-
cations, dense raster scans were performed by actuating NIMS to
navigate the sensor payload in the two-dimensional cross-section
of the sampled environment. The density of these raster scans was
decided in consultation with environmental scientists and aquatic
biologists and was influenced by prior observations in the same
environment. This was found to be sufficient for phenomena char-
acterization based on the observed phenomena distribution.

Temporal variation in the phenomena distribution should be char-
acterized at different scales. When using static sensor network,
sampling frequency should be guided by observed temporal vari-

ation. These static sensors will provide both the short term and
long term temporal variations but these measurements will be re-
stricted to only a few locations in the sampled environment (due to
high resource cost associated with the deployment of dense static
sensor network). In the case of actuated systems, diurnal varia-
tion should be characterized by repeating the dense raster scans at
different times of the day. In addition to providing temporal vari-
ation in phenomena characteristics, these scans will also provide
periodic sampling checks for post deployment calibration, data in-
tegrity etc. and a baseline to characterize the performance of any
adaptive sampling approach. At each of our two campaigns we
performed repeated raster scans at different times of the day (and
nights at Lake Fulmor) that enabled us to understand the mixing
effects across different stratas of sampled aquatic system.

Dwelling time at each sensing location, while performing raster
scans, should be selected so as to satisfy both the requirements for
sampling short term temporal variations across the complete sam-
pling environment and the response time of the sensing system.
Further, a subset of locations (representative of the sampled en-
vironment based on spatial distribution of the phenomena) can be
selected and the dwelling time at these locations can be increased
further to perform detailed characterization of the short term tem-
poral variation using actuated sensing systems. For the San Joaquin
deployment, dwelling time during each of the raster scans was se-
lected to be 30 seconds to account for high variability due to con-
stant flow in the river. On the other hand, for the physically static
Lake Fulmor environment, the dwelling time for each of the raster
scans was selected to be 10 seconds. Observed standard deviation
at each of the sensing locations confirms that these dwelling times
for our campaign were sufficient to satisfy both the demands for
sampling short term temporal distribution and the response time of
the sensors. Additionally, during the San Joaquin deployment we
selected a subset of locations along the cross-section of the river
and increased the dwelling time to 5 minutes at each of these loca-
tions.

In addition to characterizing the sampled phenomena distribu-
tion, experiments must be designed to characterize the constraints
of the sampling system such as localization drift, interference in the
sampled environment and others, such that the integrity of the sam-
pled data can be established. For example, for sampling in a physi-
cally static Lake Fulmor environment, we designed experiments to
characterize the mixing of water across different stratas due to the
motion of NIMS inside the water. On the other hand, for sampling
in the San Joaquin environment with significant flow, we designed
experiments to characterize the static deflection of the suspended,
pendulous sensor system while sampling inside the water.

Finally, interspersed with these experiments, adaptive experi-
ments should be designed to enable sampling with larger spatial
coverage without discounting the dynamics in the phenomena. Dur-



ing the two campaigns we designed several experiments that adapted
to the specific observed distribution by varying the sampling den-
sity and dwelling time besides others. Post deployment, the col-
lected data should be used to validate the known understanding of
the sampled parameters, hypothesize the deviations and develop
effective adaptive sampling approaches. We present experimental
validation of related physical, chemical and biological processes in
the sampled environment. Further investigations for the theoretical
treatment of several environmental phenomena and for the devel-
opment of improved adaptive sampling approaches are currently
underway.

5.  SAMPLING USING IDEA

At each of the two campaigns, experiments were designed iter-
atively based on: (1) Observations from previous iterative experi-
ments; (2) Phenomena behavior dependence on observed parame-
ters; and (3) Environment specific system constraints. These were
also designed to optimize the limited field time available for the
campaign and to perform detailed three-dimensional characteriza-
tion of the sampled phenomena distribution. Several dense raster
scans were performed using NIMS, navigating the sensor payload
in the two-dimensional cross-section. This cross-section was se-
lected based on prior observations from statically distributed sen-
sors used for sampling in the same environment. Sampling density
and dwelling time at each of the sampling locations was decided
based on prior understanding of the sampled environment. Graph-
ical inspection suggested that this simple algorithm did not pro-
duce any misleading structures in the data (in any sensing exercise,
we need to be concerned with “outlying” observations, suggesting
more robust aggregation techniques). Response time of the used
sensors was also accounted for in selection of dwelling time.

Whenever multiple observations were taken at a single location
(a “dwell point”) by the robotic unit, we report a mean and standard
deviation. In what follows, our surface displays are constructed
from simple bilinear interpolation. These are observed, through all
experiments, to not introduce artifacts. Other reconstruction meth-
ods, including those introducing smoothing and providing estima-
tion rather than interpolation may be applicable as well. Points in
the figures, wherever applicable represent the sampling locations.
Due to the space constraints here, only a subset of the sampled phe-
nomena are shown for each characteristic. However, it is important
to note that these are representative of the similar trends shown by
all other sampled phenomena in each campaign.

5.1 San Joaquin Campaign

Several experiments were conducted to characterize the transport
and mixing phenomena at the confluence of the Merced River and
the San Joaquin River. High spatial resolution sensing experiments
were performed at two different cross-section locations defined by
NIMS transects. Location of the two transects was chosen based on
prior observations [22]. The first transect was selected at approx-
imately 290 meters downstream from the confluence location of
the two rivers. Its width was approximately 50 meters. The second
transect was selected at a point closer to the confluence (= 130 me-
ters from the confluence location) with the total length of approx-
imately 70 meters. The data is displayed such that the horizontal
coordinate, x, origin is at the Merced river while the San Joaquin
river side lies at the maximum x values.

5.1.1 Spatial Trends

High spatial resolution raster scans were performed at each of
the two selected locations to characterize the spatial trends in the
sampled phenomena. Sampling density at each of these transects
was selected to be 1 meter across the river and 0.6 meters along the

depth resulting in a total of 250 sampling locations at the down-
stream transect and 293 sampling locations at the upstream tran-
sect. Figure 1c and 4a show the spatial distribution of specific con-
ductivity and nitrate concentration respectively. As can be clearly
observed there exists a significant variation in concentration across
the transect. Each of these observed distributions is uniform to-
wards each end of the cross-section while displaying dynamic vari-
ability in the mixing zone in the middle, resulting in vertical strat-
ification. Moreover, comparing Figure 4d, that displays the dis-
tribution of specific conductivity at the cross-section of the sec-
ond transect (closer to the confluence point of the two rivers), with
Figure 1c, one can easily observe the effects of water mixing. In-
creased mixing of water downstream at the first transect results in
reduced gradient in specific conductivity between the two end of
the river. Integrating the total salt concentration at each of these
locations can further help characterize the total salt burden added
from the river basin between the two transects. Higher value of
specific conductivity toward San Joaquin can be attributed to the
agricultural drainage impacting the river.

5.1.2 Temporal trends

Dense raster scans were repeated at different times of each day
and night (wherever possible) to characterize the diurnal variations
in the phenomena distribution. Figure 4c shows the distribution of
specific conductivity at a depth of 1.2 meters at different times. As
the day progresses, specific conductivity on the San Joaquin side
reduces while the mixing effect causes it to increase on the Merced
river side (reducing the gradient between the two flows).

For each of the raster scans, the dwelling time at each location
was selected to be 30 seconds to satisfy both demand for sampling
short term temporal distribution and the response time of the sen-
sors. These sensors have been previously characterized and shown
to have response characteristics that permit stable measurements
well within the 30 second dwell period. Figure 4b shows the con-
tour plot for the standard deviation observed at each of the sensing
locations during the 30 seconds of dwelling time. As expected,
maximum standard deviation (which is not significant) is in the
mixing zone in the middle.

Distributing static sensors for sampling short term temporal vari-
ations, at a specific depth, will be difficult in this environment with
significant water flow. Thus, to characterize such temporal varia-
tions at point locations, as would have been captured by a static
sensing device, the NIMS scanning pattern included a dwell for
5 minutes at several locations along the cross-section at a depth of
1.2 meters. Figure 1b shows this distribution at three such locations
while Figure 4e shows the mean specific conductivity observed at
each of these locations during the sampling time of 5 minutes. As
can be observed, there was higher variation during this short time
towards the middle of the river (x=30) as compared to near end of
the transect (x=15). This further confirms higher standard deviation
and larger dynamic range in the middle mixing zone observed dur-
ing raster scans. Based on this observation, an adaptive experiment
was designed where dwelling time was decided based on standard
deviation at each location instead of uniform dwelling time (as was
the case in raster scans). Details of this adaptive experiment are
discussed next.

5.1.3 Adaptive Experiments

The presence of a high rate of flow in the river system may in-
duce a static deflection of the suspended, pendulous sensor system.
Since this may induce a localization error along the vertical, y, axis,
means must be provided to ensure that this is precisely character-
ized to be accounted for in any actuation algorithm. Thus, a depth
sensor was used, and integrated with the sensor payload, to directly
determine depth. Figure 4f presents a comparison of depth reported
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Figure 4: Tterative experiments performed at the confluence of San Joaquin and Merced rivers, Central California.

by the actuation system (containing possible deflection error), and
the actual system localization determined by the integrated depth
sensor. Based on this observation, our system can account for the
deviation from the expected depth to perform precise sampling,
when using any adaptive sampling experiment. Such observations,
when incorporated into the design of adaptive approach further im-
prove the performance.

Since the phenomena demonstrated vertical stratification, a sparse
sampling experiment was designed by reducing the sampling den-
sity more along the vertical, y, axis. The total time for the scan was
approximately 35 minutes, compared to approximately 150 min-
utes required for the complete raster scan. The results from this
uniform sparse scan, where sampling density was determined based
on observations in the field, were similar to dense raster scan with
significantly reduced sampling time, demonstrating a large perfor-
mance advance.

Based on the observed uniformity in the sampled phenomena and
higher temporal variability in the mixing region, another experi-
ment was designed where the total time of the experiment was fixed
at 1 hour and the dwelling time at each location (only the locations
at depths 1.2 meters and 2.4 meters were chosen for this experi-
ment) was selected based on observed standard deviation, instead
of keeping it uniform. This has the result of further improvement in
performance since the impulse response of the sensor system does
not increase dwell time at all locations. Adapting such an approach
reduced the dwelling time towards each shore to 10 seconds while
increasing the dwelling time in the middle region to as high as 80
seconds. This experiment was performed from 16:20 to 17:20 and
the results can be seen in Figure 4c, labeled accordingly. Compar-
ing it with a raster scan performed the previous day around the same
time (17:30 - 20:00), one can observe that reducing the dwelling
time towards each shore end provides similar results to a determin-
istic scan while requiring substantially lower total observation time.
Again, the adaptive method provides a performance advance.

5.1.4 Mixing effects in rivers
Validation of known understanding about the mixing effects in

rivers using experiment observations at San Joaquin deployment
are discussed next. Shear velocity in an ideal case of uniform,
straight, infinitely wide channel of constant depth can be defined
asu” = /gdS, where g is the gravitational constant, d is the depth
of the channel and S is the slope of the channel. With depth as the
relevant length scale, turbulent mixing in an idealized flow will be
proportional to the product du*. For a wide range of flows, vertical
mixing has been approximated as, €, = 0.05du™ and transverse
mixing as, ¢; = 0.15du™ [23].

Natural channels differ from such ideal channels in several ways
such as irregularity in depth, curvature in the channel and others.
None of these factors will influence the vertical mixing rate signif-
icantly as it only depends on the local depth. In contrast, they do
influence the transverse mixing, resulting in a modified approxima-
tion €, = 0.6du™ [23]. With these approximations, the transverse
mixing coefficient will be an order of magnitude more than verti-
cal mixing coefficient (¢; ~ 10¢,). Mixing time for a stream is
proportional to the square of the length divided by the mixing co-
efficient. Thus for a river such as San Joaquin (= 50 meters wide),
transverse mixing time will be 502 /10 times the mixing time for
vertical mixing. Due to this order of magnitude difference, which
is typical of similar river systems, one can assume that the vertical
mixing is effectively instantaneous compared to transverse mixing.
This conforms with the vertical stratification observed in the sam-
pled phenomena at San Joaquin. Furthermore, this can be used to
calculate the mixing effect at a given distance from the confluence,
with increased mixing for points further downstream. Figure lc
displays the specific conductivity at the first transect that was fur-
ther downstream (= 290 meters) compared to the second transect
(=~ 130 meters). Figure 4d displays the specific conductivity at the
upstream transect. Comparing the two figures, increased mixing
can be easily observed at the downstream transect with lower gra-
dient of specific conductivity across the two ends of the river.

5.2 Lake Fulmor Campaign

The goal of this campaign was to study the behavior of phyto-
plankton in the lake and its relationship with the underlying phys-
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Figure 5: Iterative experiments performed at Lake Fulmor, James San Jacinto Mountain Reserve.

ical, chemical and biological parameters. Location of the transect
was chosen based on the observations from previous campaigns in
the same lake using statically distributed sensing systems [7, 8].
Total length of the transect was 45 meters.

5.2.1 Spatial Trends

Dense raster scans were performed to characterize the spatial dis-
tribution of the sampled phenomena in the two dimensional cross-
section at the selected location. The density of the raster scan
was selected to be 2 meters along the cross-section and 0.15 me-
ters along the depth resulting in a total of 732 sampling locations.
Phytoplankton concentration is measured by detecting the presence
of chlorophyll-a using a compact, immersible, optical fluorescence
sensor. Figure 1a and Sa display the spatial distribution of temper-
ature and chlorophyll-a as sampled during one of the raster scans.
Amount of chlorophyll-a is calculated from the observations made
by the fluorometer attached as part of the sensor payload. Simi-
lar to the San Joaquin deployment, there exists a spatial structure in
the observed phenomena but in this environment the stratification is
horizontal instead of vertical as observed at the San Joaquin deploy-
ment. Chlorophyll distribution is uniform close to the top and the
bottom while showing considerable dynamic variation in the mid-
dle layer. The opposing trend is observed for temperature resulting
in horizontal stratification. Detailed analysis of such distribution
of chlorophyll and temperature is provided in Section 5.2.4. This
confirms that there exists considerable heterogeneity in both scales
and type of spatial structure when sampling different phenomena
and further confirms the requirement of IDEA methodology with
iterative experiment design to characterize the phenomena distri-
bution effectively.

5.2.2 Temporal Trends

Dense raster scans were repeated at different times of the day
to characterize the diurnal variations in the sampled phenomena.
Figure 5c, Se and 5f show the distribution of chlorophyll-a, dis-
solved oxygen and temperature respectively at a distance of 32 me-
ters from the near shore side (x=32), as sampled during the four
dense raster scans performed during the campaign. Considerable
dynamics for the chlorophyll-a are observed in the middle layer

where the temperature is uniform. Detailed discussion about such
distribution is provided in Section 5.2.4.

To characterize the short term temporal dynamics and the re-
sponse time of each sensor, NIMS scanning pattern included dwell
periods at each sensing location for 10 seconds. Figure 5b displays
the standard deviation at each position for the chlorophyll data col-
lected during one of the raster scans. Lower values of standard
deviation, even in the middle region with considerable dynamic
variation, confirm that the dwelling time at each location can be
reduced without compromising the quality of the collected data.

5.2.3 Adaptive Experiments

For such a lake environment with very low input flow (as con-
firmed by our placement of static sensors) and observed horizon-
tal stratification, it is important to characterize the mixing induced
in the water column by NIMS actuation while sampling at several
locations along the depth. We performed two experiments to char-
acterize this interference that the sampling system (NIMS) might
be causing to the phenomena distribution. Firstly, we placed a
static sensor close to the cross-section sampled by the NIMS and
observed the sampled data when NIMS was sampling in the vicin-
ity, comparing it with the sampled data during a different day when
there was no sampling performed by NIMS in the vicinity.Figure 6¢
shows the temperature data from the static sensor, placed close to
the NIMS transect for the three days during the August deployment
from 12:50 - 13:36. Only on August 31, NIMS node was sampling
in the vicinity (x=24 to x=34 during this period, when the static sen-
sor was located at x=30). Secondly, instead of sampling at the two
nearby locations consecutively along the cross-section, we alterna-
tively sampled at two locations far away i.e. instead of sampling
at 12m, 14m, 16m, 18m... along the cross-section as in a regu-
lar scan, we sampled at 12m, 24m, 14m, 26m. ... Observations
from both the experiments confirmed that there was no observable
mixing induced by vertical motion of NIMS node. In addition to
characterizing the phenomena distribution in the sampled environ-
ment, such experiments are required to characterize the effect of
sampling system on the sampled phenomena distribution to ensure
data integrity.

Based on our discussion with the biologists, we found that ther-
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mal stratification, resulting from temperature gradient across dif-
ferent stratas of the lake, prevents mixing of water across the gradi-
ent resulting in the biomass distribution getting locked in the mid-
dle layer of uniform temperature. To characterize the amount of
biomass distribution in this middle strata of uniform temperature,
we designed an adaptive experiment deciding the sampling den-
sity based on curvature of thermal gradient. Resulting sampling
locations along the depth are sampled at three different locations
along the cross-section (x = 16m, 24m, 32m). We further per-
formed simulations to characterize the effectiveness of sampling
based on such an approach. Figure 6a represents the subset of the
distribution of fluorometry data from x=6 to x=34. Sampled data
was observed in simulation with sampling density of 2 meters along
the cross-section (x-axis), and sampling density along the depth (y-
axis) based on curvature of the thermal gradient. This resulted in
only 165 sampling locations out of a total of 330 sampling location
in the complete subset. Points in Figure 6a represent the sampling
locations selected using this approach. Local polynomial fit was
performed over the data from these locations to create a complete
surface distribution. Figure 6b represents a surface of predicted
values using the local polynomial fit. As can be observed the pre-
dicted surface distribution is similar to the actual surface distribu-
tion shown in Figure 6a. The total root mean square error between
the predicted and the actual surface was 4.89.

Additionally, in this example of a low net water flow aquatic
system, we had again characterized the vertical localization using
the depth sensor. Figure 5d displays the comparison of expected
depth, reported by the system with the actual depth, reported by
the sensor. As for the river environment, the depth sensor provides
accurate localization and the NIMS system is shown to provide ac-
curate control for navigating the sensor payload anywhere within
the two dimensional cross-section of the sampled environment.

5.2.4 Phytoplankton in Lakes

Growth patterns of phytoplankton in a lake environment depends
on several physical and chemical parameters. Light, required for
photosynthesis is abundant near the surface of the water and its
availability reduces with depth. Nutrient concentration is abundant
near the bottom of the lake due to the sinking of decaying biomass
and other material. Thus, in order to maximize the availability
of both light and nutrients, phytoplankton tend to show preferred
growth patterns at a level near the surface. This conforms with our
observation in the field (please refer to Figure 5c), where we also
observed peak levels of chlorophyll-a, representing the availabil-
ity of phytoplankton, at a depth of approximately 1.5 meters with
reduced levels both close to the surface (top) and bottom.

Wind effects and differences in density (lower density of the
warmer water close to the surface due to increasing air temperature
and solar radiation) causes mixing of water in the top layer. This

results in significant dynamics in several parameters and conforms
with our observations for temperature, pH and dissolved oxygen
(please refer to Figure 5c, 5f). A middle layer of uniform temper-
ature (from approximately 1.5 meters depth to 3.5 meters depth,
Figure 5f), creates a thermal gradient that prevents waters from the
top layer to mix with waters from the bottom layer. This prevents
the nutrient rich water from the bottom from mixing with the water
at the top, forcing the phytoplankton to display maximum concen-
tration at a subsurface layer. This gradual mixing of water in the
vertical direction even within the top layer for such an environ-
ment (with negligible total lake flow) is completely opposite to the
instantaneous mixing (discussed in Section 5.1.4) in the case of wa-
ter streams. This reinforces the requirement to first characterize the
sampling phenomena distribution, with IDEA methodology, to un-
derstand the structure in spatiotemporal distribution. This structure
can then be used to create efficient models to sample the phenom-
ena distribution adaptively with high fidelity.

6. IMPROVED MODELS USING IDEA

The successful application of IDEA methodology for both the
San Joaquin River investigation and the Lake Fulmor campaign re-
sulted in detailed characterization of spatiotemporal variation of
different phenomena in the sampled environment. Specific struc-
tures related to the spatiotemporal distribution of the phenomena
can be extracted using IDEA methodology from any such environ-
mental application. Since similar distributions may not exist in dif-
ferent environments, a single sampling approach suitable for one
environment may perform poorly in another environment. However
if some information regarding the sampled phenomena distribution
is known, then a sampling approach can be biased accordingly to
perform high fidelity sensing in these environments.

Next, we discuss how two such approaches, proposed earlier in
the literature: (1) Stratified Adaptive Sampling [12]; and (2) Hier-
archical Gaussian Process Based Modeling [15]; can perform ef-
fectively when prior information regarding the spatial distribution
of phenomena is known as an input.

6.1 Stratified Adaptive Sampling

Several adaptive sampling approaches have been proposed in lit-
erature that hierarchically divide the sampling environment, thus
performing dense sampling only in the regions of interest (regions
of high phenomena variability) [12, 13]. For this purpose, a sparse
scan of the environment is required in the first stage to extract the
regions of high variability. In the second stage, dense sampling is
performed only in these regions to create high fidelity reconstruc-
tion of the sampled environment. If the phenomena shows con-
siderable variability, at a rate faster than the rate at which the first
stage scan can be completed, then this approach will result in poor
performance. However, if some information about the structure of
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the phenomena distribution is given as input, then such hierarchical
approach can bias the first stage sampling accordingly, resulting in
improvement in the results.

Figure 7a displays a typical example of temperature distribution,
sampled using NIMS at Lake Fulmor. This field was used as an in-
put distribution to be sampled by the stratified adaptive algorithm,
discussed in [12]. When no information was known about the phe-
nomena distribution distribution, the algorithm sampled a total of
270 locations (out of a total of 522 locations) and estimated the
field with root mean square error of 0.04. However, when the verti-
cal stratification information was given as input (reducing the sam-
pling density along x-axis for the first stage scan and splitting the
regions only vertically at each stage instead of 4 equal regions as in
the uniform case), the algorithm sampled only 135 locations (a sig-
nificant reduction in sampling time) and estimated the distribution
with root mean square error of 0.11 (a modest increase in sam-
pling error). Points in Figure 7a represent the sampling locations
selected by the algorithm when vertical stratification information
was known as an input. Figure 7b represent the field distribution
estimated by sampling at this subset of locations using local poly-
nomial fitting of second order over the sampled locations.

6.2 Gaussian Process Based Modeling

A common approach in statistical methods for addressing a spa-
tially distributed phenomena is to use a rich class of probabilistic
models called Gaussian Processes (GPs) [15]. Using such mod-
els, one can quantify the informativeness of a particular location,
in terms of the uncertainty about our prediction of the phenom-
ena, given the measurements made at already visited locations. To
quantify this uncertainty, we used the mutual information (MI) cri-
terion [24,25]. If the phenomenon is discretized into finitely many
sensing locations V), then for a set of locations P, visited by the
mobile robot, the MI criterion is defined as:

MI(P) = H(Xy\p) — H(Xwn\p | Xp), (1

where H (X p) is the entropy of the unobserved locations, and
H(X\\p | Xp) is the conditional entropy after observing sensed
locations P. Hence mutual information measures the reduction in
uncertainty at the unobserved locations.

In particular, we first learned a non-stationary Gaussian Process
model, (using an extension of [25]), by maximizing the marginal
likelihood [15] using a subset of temperature data at Lake Fulmor.
This non-stationary process was learned by dividing the complete
region into smaller sub-regions, assuming stationarity within these
regions, and learning the required parameters from a set of param-
eters provided as input. Instead of starting from a random/uniform
initial set of parameters to chose from, this was decided based
on the spatial distribution of temperature. Then a smooth non-
stationary GP is learned from a combination of locally-stationary
GPs. The two algorithms compared are when: (1) The sampled

environment was divided into smaller sub-spaces uniformly; and
(2) The sub-spaces were selected based on horizontal stratification.
For each of these algorithms the input set of parameters are still
decided based on the observed phenomena distribution. We did not
perform comparison with an algorithm where even this input set
of parameters is unknown as that is obviously expected to perform
poorly compared with these algorithms.

For both approaches, starting from initial greedy set of 20 loca-
tions, additional 30 locations are selected, again greedily, based on
the mutual information criterion given in Equation (1). Figure 7c
compares the root mean square error in prediction after sampling
each of the selected locations for the two approaches. GP based
approach with known input information regarding the horizontal
stratification performs better than the approach with uniformly di-
vided sampled environment. Additionally, any active learning ap-
proach, where the GP is learned online based on sampled data will
benefit from known information regarding stratification and known
information regarding input set of parameters both in terms of ac-
curacy as well as speed of convergence.

7. CONCLUSIONS AND FUTURE WORK

Traditional approaches for environmental sampling are not ca-
pable of capturing the spatiotemporal dynamics of a complex phe-
nomena with high resolution. In this paper we described the Iter-
ative experiment Design for Environmental Applications (IDEA)
approach that we developed and used in two recent field campaigns
for sampling the aquatic system. IDEA is based on an iterative exe-
cution of experiments that reveal phenomena behavior with an ob-
jective to perform detailed characterization of the dynamics in the
sampled phenomena distribution. We demonstrated the effective-
ness of the IDEA methodology by providing a detailed characteri-
zation of the two markedly different aquatic phenomena. Literature
survey reveals that this is the first time an actuated sensing system
has been used to perform complete, three-dimensional characteri-
zation of aquatic systems on this scale.

The in-depth, three-dimensional field characterization performed
using IDEA, can then be used to validate the existing models that
now provide a representation of the environment. We also discuss
how observations from our experiments validate several underly-
ing physical, chemical and biological attributes. These include: (1)
Thermal Stratification in a lake environment; (2) Preferred max-
imum concentration of phytoplankton in a sub-surface layer; and
(3) Mixing effects at the confluence of two rivers showing effec-
tively instantaneous vertical mixing and slow transverse mixing.

We also demonstrated that different environments require char-
acterization of the constraints of the sampling system such that the
integrity of the sampled data can be relied upon. We illustrated
this characterization through experiments based on in-field obser-
vations. These include: (1) Characterizing the static deflection of
the suspended pendulous sensor system in an environment with sig-



nificant flow; and (2) Characterizing the interference, churning of
the water while moving along the vertical, y, axis in the water,
caused by the sampling system. Observations from such experi-
ments, when included in creating new models for experiment de-
sign, result in increased fidelity and reliability in the sampled data.

Finally, we also illustrated how observations from such exper-
iment analysis can be used to improve the performance of exist-
ing model-based or adaptive sampling approaches. This is illus-
trated on two existing approaches: (1) Stratified Adaptive Sam-
pling; and (2) Non-stationary Gaussian Process based approach.
We performed simulation using the real temperature data collected
by NIMS and presented a comparative analysis of improvements in
the performance of these two approaches, given structural informa-
tion regarding the sampled phenomena distribution. This illustrates
that when the detailed characterization of the sampled phenomena
distribution is known, using IDEA methodology, then it can be used
to improve several existing adaptive sampling approaches.

In the future we plan to investigate model based adaptive ap-
proaches, that can be biased towards specific spatial and tempo-
ral structure existing in the real environment. We also plan to
further advance the theoretical treatment of several environmental
phenomena and incorporate these into a model based experimen-
tal design approach. These steps can then extend the IDEA system
to enable it to autonomously determine the set of experiments to
perform based on previously collected data and the known under-
standing of the sampled phenomena.
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