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Abstract. Embedded networked sensing (ENS) technology is rapidly expanding into

environmental application domains, where network coverage issues are tightly coupled to the

environmental media and observational objectives. The goal of this work is to develop and

test an automated, real-time ENS coverage design algorithm in the context of an

environmental simulation model. The algorithm combines the application of a genetic

algorithm (GA) with a deterministic inverse modeling approach, and is demonstrated in the

context of a bench-scale groundwater test bed in which the ENS objective is to identify the

location of a heat source. More specifically, optimal sensor locations are determined in real-

time using a GA-based evolution algorithm whose objective function is the trace

minimization of the model-prediction covariance with respect to potential sensor locations.

Next, measured temperature sensor data and a descent-based inverse technique are used to

update the source location estimate. The procedure is repeated (2 monitoring sensors per

design cycle) until a pre-determined sensor supply is exhausted. Two transient heat

transport experiments are undertaken in which sources placed upstream of a manually

configurable ENS comprising thermocouples for mapping spatiotemporal temperature

distributions. The ENS approach successfully corrected an erroneous initial source location

estimate and incrementally improved upon this estimate with the addition of new sensors. A



point of diminishing improvement was eventually achieved at an imperfect source location

estimate. This result was most likely the result of discrepancies between the mathematical

model and the experimental system. For the dual-source experiment, the real-time source

locator converged on a single source between the two sources, indicating the need for more

sophisticated logic for increasingly complex cases.

Keywords: embedded networked sensing, sensor network design, genetic algorithm, inverse

modeling, real-time parameter identification

1. Introduction

Science and engineering researchers working in earth, environmental and ecological

systems understand that the key to answering many of their questions lies in better

observation and decoding of the overlapping, multiscale spatiotemporal patterns that arise in

the real world (NAP 2001, NSF 2003, Culler and Mulder 2004). This understanding is

evidenced by the broad array of on-going large-scale observatory planning efforts (CUAHSI

2003, NRC 2003, AIB 2004). The ultimate goal of embedded networked sensing (ENS)

technology research is to create a new way for applications domain scientists and engineers

to observe their systems by creating the cyberinfrastructure enabling the network of specific



environmental sensors to self-configure as a sophisticated, interactive virtual sensor for

observing an environmental problem. The ENS approach extends beyond distributed

sensors with data-logging capabilities, which are commonly deployed, to an integrated

system in which the sensor readings are visualized and modeled in real-time, and which can

be remotely re-tasked (e.g., to change sampling granularity) to continuously optimize

performance. This work describes the development and testing of an embedded networked

sensing (ENS) design algorithm for environmental media.

Environmental ENS systems currently need to be designed collaboratively by technology

and applications domain researchers. An interdisciplinary approach is needed because it is

difficult to conceive of an effective spatiotemporal sampling plan without domain-specific

knowledge and network programming tools are not yet user-friendly enough to see

widespread use amongst application domain experts. For example, ecologists are

challenged with resolving issues of biodiversity and habitat restoration in the face of human

population growth, land use change and climate change (NRC 2003).

The environmental ENS problem addressed here is the design of sensor network

supporting groundwater observations, such as may be associated with optimal observation

and management of water supplies or subsurface pollutants in the groundwater. The

groundwater monitoring network design problem is a good potential application domain for



ENS because it represents a trade-off between the availability of data and their reliability. A
common groundwater monitoring problem is concerned with the location of contaminant
sources when transport model parameters are unknown or known with some uncertainty, and
where monitoring points (which are costly) are to be located to minimize model prediction
uncertainty for a given budget and collected data. Inverse modeling strategies have been
developed for estimating model transport parameters and reconstructing unknown source
information (Knowles and Yan, 2004; Sun, 1995; Sun and Sun, 2002; Wagner, 1992;
Woodbury et al., 1998; Yeh, 1986; Yeh and Yoon, 1981), but have generally been applied
either to synthetic data or in post priori exercises using real observations.

The illustrative example used in this work is the groundwater monitoring network design
problem, a combinatorial problem in which the objective is to identify the optimal set of
sensor locations from a set of potential locations. Even for a simple example of a sampling
design of 5 sensor nodes to be deployed among 100 possible locations, there are Cf-OO (=10%)
possible sampling designs. This means that complete enumeration can only be used for
small numbers of sensors. To solve the above large-scale combinatorial problem, a non-
deterministic search approach is required.

The large-scale combinatorial optimization problem has been studied by many researchers

and various numerical approaches have been proposed including simulated annealing (SA),



tabu search (TS), genetic algorithm (GA), and others (Cieniawski et al., 1995; De Schaetzen

et al., 2000; Giacobbo et al., 2002; Glover, 1986; Glover and Laguna, 1997; Hudak et al.,

1995; Jaramillo et al., 2002; Kirkpatrick et al., 1983; Sciortino et al., 2002; Youssef et al.,

2001; Zheng and Wang, 1996). SA, TS, and GA are all local search methods with particular

rules for acceptance of a solution. In contrast to TS, SA and GA have rules for accepting

solutions which are worse than the previous one (i.e., uphill moves) in order to escape local

minima. In contrast to GA, SA and TS are based on the concept of neighboring designs

which constitute the neighborhood. The experimental design problem in this work is

addressed using GA.

The concept of GA was first proposed by Holland (1975), and has since been further

developed by Goldberg (1989) and subsequently by many others. GA differs from many

other types of optimization algorithms in that it searches the space from a population of

points, not just from a single point. This is why GA can be applied to large, complex

problems that are non-linear with multiple local optima. An advantage of GA over

traditional gradient-based optimization searching approaches is that it can find global or near-

global optimum of non-linear multi-objective function with multiple local optima (Carroll,

1996; Goldberg, 1989; Holland, 1975; Michalewicz, 1999; Michalewicz and Fogel, 2002).

Another advantage of GA, particularly in the context of sensor network design, is its capacity



to address combinatorial (0-1) integer variables that reflect the placement or absence of

sensor at each potential sampling location. This integer combinatorial programming

optimization problem is computationally intense. In this study, a GA-based combinatorial

optimization technique is employed to solve the integer programming optimization problem

of identifying optimal sensor locations for the purpose of delineating a heat source.

The GA approach has been applied previously to groundwater monitoring network design

problems, typically for employing synthetic data generated by numerical simulators. For

example, Cieniawski et al. (1995) investigated a method of optimization using GA to

consider the two objectives of maximizing reliability expressed as percent of contaminant

plumes detected and minimizing contaminated area at the time of first detection. They

demonstrated GA utility in solving multiple-objective optimization problems, where they

offered a distinct advantage over conventional optimization techniques because they were not

affected by the complexity, convexity, or linearity of the objective function. More recently,

and in a problem similar to the present one, Sciortino et al. (2002) examined spatial solute

distributions generated in a controlled chemical release experiment, employing a GA to select

optimal observation points from which to invert a model for the purpose of identifying the

contaminant solute source location.

The objective of this paper is to develop and test an intelligent system supporting real-



time ENS design in the context of the environment domain known as the groundwater

monitoring network design problem. The analytical procedure combining a heuristic GA-

based evolutionary algorithm is with a gradient-based inverse modeling technique is

presented along with a brief description of the simulation model assumed to govern the

physical processes in the environmental system. This is followed by a description of the test

bed and three-dimensional heat transport physical aquifer model experiments used to test the

proposed real-time algorithm.

2. Real-time Embedded Networked Sensing Design Algorithm

2.1. Experimental design algorithm

The goal of ENS design is to identify the optimal sampling sets from among many

potential sensor locations. Given a model for the physical system in which the ENS is to be

deployed, the ENS design problem can be expressed as an optimization problem employing

an integer programming formulation. More specifically, the ENS design problem is to

identify sensor locations which minimize the trace of the model-prediction covariance

(Sciortino et al., 2002):

min trace Cov (p) (1)

subjectto ) x; C; < B (2)



where p is model parameter vector to be estimated

x; is the indicator variable associated with sampling i

x; =1 if sampling i is selected; 0 otherwise

B is the budget, and C; is the cost of sampling i

Here the covariance matrix provides a quantitative measure of the reliability of model
parameters and can be used to evaluate and compare alternative ENS deployment strategies.
The reliability of the estimated parameters is characterized by a norm of the covariance
matrix. Covariance matrix of the estimated parameters is given as (Yeh and Yoon, 1981;
Cleveland and Yeh, 1990):

Cov(p) =P (a5 9, ) ©
where E is the least squares error, M is the total number of observations, L is the parameter
dimension, and J is the Jacobian matrix. The proposed ENS design method identifies the
optimal set of sampling points by minimizing a trace of covariance matrix (A optimality
criterion). Other optimality criteria such as D optimality and E optimality have been used
successfully in the source identification inverse model, but the A criterion has been proven to
be equal or superior to them in terms of average percentage of decrease in parameter

uncertainty with the increase of the number of observation points in this type of system

(Sciortino et al., 2002).



2.2. Heat transport model for ENS test bed

An analogy between heat and mass transport is exploited in the test bed employed in this
study to take advantage of the small form factor and low cost of temperature sensors relative
to those for dissolved mass. The heat-mass transfer analogy is valid if the following
conditions apply (Bird et al. 2002; Eckert and Drake 1987; Kim et al. 2005): physical
properties are constant in time, no heat or mass is produced in the system (e.g., no chemical
reaction), no radiant energy is emitted or absorbed, no viscous energy is dissipated, and the
velocity is not affected by heat or mass transfer. The governing equation of transient heat
transport for a continuous point heat source in a three-dimensional, homogeneous porous
medium under steady, uniform flow conditions is as follows.

Ty, 20) _ 62T+K 62T+ 0T  oT
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I.C. T(x,y,2,0)=T, (5)
B.C. T(%00,y,z,t)=T,, T(x,2o,z,t)=T,, T(x,y,*o,t) =T, (6)
where Q(X,y,2,t) = q(t) 8(x = X,)3(Y = ¥)8(2~2,) (7

If the heat is liberated at a rate q(t) from t = 0 to t = t¢ at the point (Xo, Yo, Zo), an analytical

solution for the continuous point heat source is then (Carslaw and Jaeger, 1986):
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2.3. Inverse Modeling Algorithm

For the above heat transport model, we formulated algorithms to identify the best-estimate
of the model heat source parameters (i.e., source location coordinates). The minimization
problem is solved using the L-M method, which is a descent method that has been used to
identify source terms in contaminant transport models (Levenberg 1944; Marquardt 1963;
Sciortino et al. 2000; Sun 1995). The objective function @ which minimizes sum of the
squared errors between the calculated and observed temperature values and inverse algorithm

used for parameter estimation of source location are:

. 4 2 bs 2
min ®(p)=> o} (T, (p)-T>) (9)
m=1
Pus =P, —(ATWA, +21) " ATWE, (10)

where T_(p) is the calculated temperature, T°™ is the observed temperature, M is the

number of observations in space, @, 1is a weight associated to measurement m,

m

p=(X,,Y,,Z,) 1s the source location to be identified, n is the iteration number, the term

inside the parentheses is an approximation of the Hessian matrix, A, is the matrix of



partial derivatives (the Jacobian matrix) of the temperature function, and f, is the vector of

residual values for the current iteration:
Tl(p)_TlobS
f = M (11)
Tu (P =Ty
In (10), Al is a correction term, where A is an adjustable constant and I is the identity
matrix. W is a diagonal matrix whose elements represent the weights ®,, associated with
each element of the residual vector f . The purpose of this term is to guarantee that the
estimated objective function decreases from one iteration to the next, and that the parameter
vector is within the range of admissible values.
3. Experimental ENS Test Bed
The experiment was performed in a three-dimensional intermediate-scale physical
groundwater test bed that has been detailed elsewhere (Dela Barre et al., 2002; Kim et al.,
2005). The test bed consists of a 1.5%0.5%0.4 m glass tank containing a water-saturated
sandy porous medium as shown in Figure 1. Framed stainless steel screening is used to
fabricate constant head boundaries at the influent and effluent ends of the tank. Steady,
unidirectional flow through the sand is achieved by constant peristaltic pumping into the

influent clear well (Masterflex® Model 7420, Cole-Parmer, Vernon Hills, IL), while

maintaining constant head conditions in the effluent clear well using a weir. The model



groundwater system is packed with homogeneous, clean sand (nominal grain diameter 0.33
mm, Lonestar Sand, Monterey, CA). The sandy medium is saturated with water to an
average depth of 12 cm. The final porosity and bulk density of the model aquifer are
determined to be 0.38 and 1.60 g/cm’. The heat source is introduced at a fixed location as a
continuous 31.6 mL/min source of warm water via the same peristaltic pump equipped with
small precision tube (1.6 mm i.d., Masterflex® L/S™ 14). Sixteen thermocouples (J type,
1.5 mm o.d.) are deployable in positions indicated in Figure 1 to monitor three-dimensional
temperature distributions resulting from point source injection. One thermocouple is fixed
to the outlet of the warm water injection tube to monitor the source temperature, which was
relatively constant (see inset plot in Figure 1).

The automated monitoring system of National Instruments data acquisition system (NI-
DAQ) is connected to the distributed and networked temperature sensors.  The
thermocouple network is connected to signal conditioning and analog-to-digital switching
modules (NI SCXI-1303, -1326) mounted on a 12-slot chassis (NI SCXI-1001). This
chassis serves to power the SCXI modules while handling timing, trigger, and signal routing
between the digitizer and SCXI modules. The chassis is connected to 16-bit data acquisition
(DAQ) card (NI DAQCard " -AI-16XE-50), which is connected to a PC via a PCMCIA card.

The DAQ system is controlled using LabVIEW (v6.1, National Instruments, 2001) software,

10



which employs an object-oriented programming language called Virtual Instrument (VI) to

create graphical users interface (GUI) for creating input and displaying output. MATLAB

(v6.5, The MathWorks, Inc., 2002) routines are embedded into the LabVIEW program using

the MATLAB ActiveX automation server to support the mathematical modeling and

parameter estimation approaches discussed above.

The ENS design algorithm for source location identification described above was

developed and integrated into the LabVIEW-based DAQ system using Matlab. The design

algorithm is executed as follows: (1) an initial guess of the source location along with the

number of sensors and monitoring period are selected prior to the test, (2) the GA-based

strategy is used to identify the optimum set of sampling locations, (3) the sensors are

manually deployed, (4) the L-M inverse modeling algorithm is used to update the estimate of

the source location based on sensor readings, (5) the updated source location is then

implemented in subsequent iterations to improve accurate source identification (with

expanded budget for additional sensors). A flow diagram summarizing the ENS design

algorithm is shown in Figure 2. To facilitate convergence of the GA, the searchable source

region was restricted to include the upstream portions of the test bed and potential sensor

locations to areas to integer number coordinates downstream of the searchable heat source

region (see Figure 2 for defined regions).

11



The proposed ENS design algorithm was tested for two transient heat transport

experiments comprising of single source (Figure 1) and dual sources (Figure 8). For each

case, an estimate for the source location(s) was provided to the GA for determination of the

initial two sensor locations. In the single-source case, the initial source estimate (x = 10 cm,

y =40, z= 10) was grossly incorrect compared to the actual source location (25, 25, 6). The

investigators immediately installed the sensors at locations dictated by the GA and the

observed temperature histories were then used to update the source location estimate per the

L-M algorithm. Given the updated source location, the GA then proposed locations for two

additional sensors. This process was repeated until an 8-sensor network was achieved.

4. Results and Discussion

The release of the warm water stream results in the propagation of a 3D quasi-Gaussian

3D temperature distribution in the groundwater flow direction. Sensors placed downstream

exhibit the arrival of a dispersed temperature front which builds to a steady response. In

order to use the mathematical heat transport model in the context of the ENS design problem,

key parameters which cannot be independently estimated must be determined through model

calibration. It is important to emphasize that this calibration step is a necessary and

important step in most environmental modeling efforts. The reason for this is that in spite of

the fact that the physical transport of mass and energy in environmental systems are

12



reasonably well-understood, environmental media (and the associated model parameters) are
typically comprised of distributed properties which are difficult to independently determine.
In a previous investigation using this test bed (Kim et al. 2005), a nonlinear least squares
regression algorithm was employed to estimate the thermal dispersion coefficients for the test
bed sand-water system as Ky = 0.6 cm®/min and K, =K, = 0.48 cm’/min by fitting the
analytical solution (8) to the transient temperature values observed at the prefixed location of
x=65 cm, y=25 cm, and z=8 cm for the flow velocity of 7.8 cm/h. Figure 3 demonstrates the
agreement between the experimental data and the best-fitting model temperature history for
these thermal dispersion coefficient estimates.

The real-time sequential ENS design procedure is demonstrated in Figures 4 through 7 for
the cases of 2, 4, 6, and 8 sensors, respectively. For each of these figures, the plots exhibit
the GA-determined sensor locations, the L-M-based source prediction (from the perspective
of the x-y and x-z planes), and a comparison of the simulated and observed temperature
histories at the determined sensor locations. The resulting progression of the ENS design
alternates between locations directly downstream of the source and symmetrically arranged
off-center sensors. As more sensors are added, the same pattern propagates downstream.
As expected, this behavior suggests that, for a steady-state temperature distribution, the best

sensor network characterizes the gradient some optimal distance downstream of the source.

13



For the specific experimental conditions applied, this distance was roughly 10 to 15 cm

downstream from the source. As these locations become occupied, subsequent choices are

forced downstream where the gradient is less sharp and therefore contributes less to the

source delineation effort.

The sequential approach is advantageous relative to a single-step design in that inaccurate

initial estimates can be corrected using data from the first sensor deployments, and then

refined by additional deployments. For the single-source case, the initial source estimate is

errant by 15, 15 and 4 cm in the x-, y- and z-coordinates. In Figure 4, both longitudinally

and with respect to depth, the source location estimate error has been reduced to 2 to 3 cm by

the addition of the 2 sensors. With respect to the y-coordinate, the estimate error has been

reduced to between 5 and 6 cm. Considering the error of the initial source estimate, these

results are encouraging. With two additional sensors, the estimates improve greatly in the x-

direction, closing to within 1 cm. The z-coordinate is slightly improved, but the y-

coordinate estimate is less accurate than before. For the next two sensors (6 in total), the x-

and z-coordinates are highly accurate, while the y-coordinate remains errant by 5 to 6 cm.

For 8 total sensors, the accuracy of all coordinates decreases slightly.

Regardless of the trends in accuracy of the source location, Figures 4d through 7d

demonstrate that model agreement with sensor observations continuously improves with the

14



increasing spatial granularity of sensor network, as does the certainty in the model

simulations (as determined by the 95% confidence interval). These results demonstrate that

it is possible for the ENS results to be biased so as to report less accurate results with more

certainty. This undesirably results may be an artifact of sensor errors, environmental model

error, or both. While the sensors employed in this work are both accurate and precise, our

ability to install them at a particular location is less so and clearly a source of random error.

However, our prior work with this test bed (Kim et al. 2005) suggests that the systematic

inability to correctly locate the heat source is more likely a result of the discrepancy between

the uniform flow model employed and the real system in which a flow field perturbation was

caused by the source injection. This perturbation could be simulated using a more complex

numerical groundwater flow model, but such a model would be more difficult to invert in a

computationally efficient manner. Numerical model inversion will undoubtedly need to be

addressed as ENS extends to more realistic systems.

The dual source experiment illustrates a shortcoming in this ENS design strategy: the

inability to distinguish between individual and multiple sources. The sources, which were

identical in strength, created the temperature distributions depicted by the contour plots in

Figure 9. As the ENS design sequence logged in Figures 10 through 13 indicates, the design

algorithm initially distinguishes between the two sources in the y-coordinate. However, as

15



the experiment continues, and the heat plumes from the dual sources intermix, the ENS

design algorithm loses the capacity to make this distinction, concluding that the dual sources

a aligning in the direction of the groundwater flow. This result is an indication that the

relatively simplistic descent method employed for updating the source location will not

adequately address the problem of multiple sources, and may result in a non-optimal ENS

design. One possible way to eliminate such a non-optimal design from consideration is to

monitor the evolution of the model fit with the data. In contrast to the single-source cases

discussed above, significant discrepancies between the observed and simulated temperature

histories arise, most obviously in Figures 12d and 13d. For a well-defined system, such as

the test bed employed here, discrepancies on this order are indicative of a design progression

gone awry. In more realistic systems, disagreement between simulations and observations

are more common, however, and these types of errors will be more difficult to detect and

remedy. This aspect of environmental ENS design warrants further research.

5. Summary and Conclusions

This work develops the concept of creating real-time decision-making algorithms in

support of automating embedded networked sensing (ENS) design in an environment-

specific context. The design algorithm used to demonstrate the concept combines a GA to

solve the combinatorial optimization problem associated with identifying the best

16



combination of limited number of sensor locations for identifying a heat source location, and

a descent-based inverse modeling algorithm for updating the location estimate. While such

algorithms have been used in computational experiments and for post priori analyses, their

integration into a real-time ENS design algorithm based on the environmental medium in

question is the key to successful design in such systems. The algorithm was validated for

the case of a single heat source. However, the optimal inversion of sensor readings to

identify the source location maintained a significant bias, suggesting that the

phenomenological inverse model was overly simplistic relative to the experimental system.

The algorithm failed to correctly identify the presence of dual sources, pointing to the need

for incorporation of additional intelligence in the ENS design algorithm. Overall, the results

of this demonstration point to the need for collaborative research between artificial

intelligence, distributed networking, and environmental systems investigators to better couple

learning and decision-making algorithms with realistic distributed parameter environmental

simulators in the context of creating robust ENS designs for a variety of applications.
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Figure 1. Plan view of the experimental layout for exercising the real-time monitoring
network design algorithm, and temperature history from a point heat source. The numbers

denote the elevation (z coordinate) of the potential sensor location above the aquifer bottom.
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Figure 4. 2-sensor design with an initial guess of (10, 40, 10) for 0.5 ~ 2.5 hours: (a)
monitoring network design with GA, (b and ¢) source identification with L-M, and (d)
comparison between experimental data and estimated temperatures for the optimal sensor
locations selected (¢ is true source location, A are optimal sensor locations, O are estimated
source locations, and o are sensor readings).
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Figure 5. 4-sensor design with an initial guess of (10,40,10) for 3 ~ 5 hours: (a) monitoring
network design with GA, (b and c) source identification with L-M, and (d) comparison
between experimental data and estimated temperatures for the optimal sensor locations
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locations, and © are sensor readings).
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Figure 6. 6-sensor design with an initial guess of (10,40,10) for 5.5 ~ 7.5 hours: (a)
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Figure 7. 8-sensor design with an initial guess of (10,40,10) for 8 ~ 10 hours: (a)
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Figure 8. Plan view of the multiple heat experimental layout and potential sensor locations

for exercising the real-time monitoring network design algorithm, and temperature history

from two point heat sources
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1150 min.

Figure 9. Snapshots of computed temperature contours from two point sources over a time
horizon of 10 hours, with time intervals of 2.5 hours. Results are shown only in the middle of

aquifer (z=6 cm) for convenience.
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Figure 10. 2-sensor design with two initial guesses of (10,20,2) and (20,45,10) for 0.5 ~ 2.5
hours: (a) monitoring network design with GA, (b and c) source identification with L-M, and

(d) comparison between experimental data and estimated temperatures for the optimal sensor

locations selected (¢ is true source location, A are optimal sensor locations, O are estimated

source locations, and o are sensor readings).
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Figure 12. 6-sensor design with two initial guesses of (10,20,2) and (20,45,10) for 5.5 ~ 7.5
hours: (a) monitoring network design with GA, (b and c¢) source identification with L-M, and
(d) comparison between experimental data and estimated temperatures for the optimal sensor
locations selected (¢ is true source location, A are optimal sensor locations, O are estimated
source locations, and o are sensor readings).
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Figure 13. 8-sensor design with two initial guesses of (10,20,2) and (20,45,10) for 8 ~ 10
hours: (a) monitoring network design with GA, (b and c¢) source identification with L-M, and
(d) comparison between experimental data and estimated temperatures for the optimal sensor
locations selected (¢ is true source location, A are optimal sensor locations, O are estimated
source locations, and o are sensor readings).
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