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Abstract—We develop methods for automatic environmental we derive the spatio-temporal measurement model of the
monitoring of disposal sites on the deep ocean floor using chem-sensor array, assuming sensors that are selective to a particular
ical sensor arrays and statistical hypothesis testing. Such sites ¢ pstance. We develop two detection algorithms: the first is
have been proposed to relocate dredge materials from harbors lized likelihood ratio (GLR) test [4 d th d
and shipping channels. The transport of pollutants is modeled as f"‘ generalized likelihood ratio ( ) test [4] an € secon
a diffusion process, and the measurement and statistical modelsiS & mean detector that uses averaged measurements. The
are derived by exploiting the spatial and temporal evolution of the GLR detector utilizes prior information by employing physical
associated concentration distribution. We derive two detectors, models of diffusion and gives superior performance when
the generalized likelihood ratio (GLR) test and the mean detector, hage models are reasonably accurate. On the other hand, the
and determine their performance in terms of the probabilities of detector i ful wh little is k bout th
false alarm and detection. The results are applied to the design mean aetector 'S_use ul-when very littie 1S known abou _e
of chemical sensor arrays satisfying criteria specified in terms of transport mechanisms but at the expense of reduced detection
these probabilities, and to optimally select a number of sensors performance. We determine the detection probability) @nd

and time samples. Numerical examples are used to demonstratefalse alarm probability ;,) of these detectors for use as

the applicability of our results. performance measures. In Section IV, we propose methods
Index Terms—Chemical sensing, environmental monitoring, for optimum array design, including the choice of the number
pollutant detection, sensor array processing. of sensors, time samples, and array size. Numerical examples
are presented throughout to demonstrate the applicability of
l. INTRODUCTION our results.

Although our work is developed in the context of the DOR

T HE CONTINUOUS buildup of sediment in U.S. ports and,opjem, all the results can easily be extended to different
harbors has a detrimental impact upon national econonifyironments. such as open air.

and military security. Dredging is required to maintain channel
depths; however, dredged material may contain consideralhg\l'e
guantities of contaminated sediment and waste materials. It has ) o
recently been proposed to dispose of the dredged materials b§*¢cording to the DOR plan [1], the dredged material is
depositing them in bags on the abyssal ocean seafloor. T@Iri_gclosed in geotextile bag-like cylindrical contf':uners, each
proposal is called the deep ocean relocation (DOR) progralifh @ volume of about 800 yd A transporter disposes of
(see [1]). As a result of the presence of contaminants 29 su_ch umts per trip. The disposal Io.catlon is chqsen to be
the dredged material, environmental monitoring of pollutangs r€gion in which the ocean bottom is topographically flat
near the disposal sites must be performed. In this paper (¥4& @ low kinetic energy floor. Due to some randomness that
also [2]), we develop procedures for automatic monitoring &ixists in the free fall of the bags, their points of |mpact with
the disposal sites using chemical sensor arrays and statistff& Pottom will be scattered. However, the bag locations after
hypothesis testing. We derive algorithms for detecting tH@Pact will be measured, and we therefore assume that these
presence of pollutants outside the sites and design serlSGAtiONS are known. _ _
arrays for optimal detection performance. This work extends Each bag may contain a mixture of different pollutants, see,
our previous results in [3]. for exa_mple, [5], where _characterlstlc pollutant concentration
In Section I-A, we discuss the problem background arlgvels in dredged materials from the ports of New York and

consider physical phenomena that affect pollutant transp)W Jersey are given. Typical poIIutan'ts found are metals
in the ocean. In Section II, we develop mathematical modédgddmium, chromium, COpper, etc.), PAH's (anthracene, benzo
of transport processes for the DOR scenario. In Section [RYTeNe, fluorene, etc.), PCB’s, pesticides, and petroleum. The
level of concentration for a particular pollutant may be very
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the midfield, the ambient bottom is defined as the far field@Gombining (2.1)—(2.3) we get, for a source-free volume and
and compliance [6] requires that concentration levels of tilspace-invariant diffusivity, the well-known diffusion equation
contaminants must be insignificant in this region. For the 5 5 5

. . dc d“c d“c d“c
remainder of the paper, we assume that the sensor array will  =Ren gt hyag TR
be located in the midfield area with a diameter in the range ot dw Iy Iz

5-10 km. To model the seafloor environment, we use a semi-infinite
The dredged spoil may enter the water column primarily igyedium bounded by an infinitely large plain. Assuming that
two phases, namely as small particles or dissolved materialfe distances at which measurements are taken are much larger
Unless turbldlty flow occurs, the Spread of the particles will bﬂ,ﬁan the source (bag) dimensions, we use a point source model.

confined to a relatively small area, see [7] and hence will nghys, we consider a point source & in a semi-infinite

be considered in this paper. However, the dissolved materigiedium, releasing a diffusing substance at a time-varying rate

will remain in suspension much longer and may be carrieg u(t) kgls, starting at time, (time of impact).

away by larger scale processes of advection and diffusion. |n order to solve (2.4), it is necessary to transform the co-
There are two basic situations that may create plume of thgjinates and reduce the problem to a corresponding problem

dissolved materials. The first is bag impact, and the secondrsan isotropic medium. We use the following transformation
water exchange between the pore waters within the deposit asgle [10]):

the overlaying water column. However, we will not consider

(2.4)

continuous release since its effects are negligible compared — 0 0
with that of impulsive sources over the time interval of interest Ra
(see [8]). We will consider several phenomena that affect the K=| 0 \/E 0 (2.5)
dispersion of released plumes: molecular diffusion, advective Ry
and turbulent flow, and bioturbation. 0 0 \/E
I{/Z

where x is a constant that may be chosen arbitrarily, for
. . . _ example,x = (kgryk.)Y3.

In this section, we describe the physical models of un- afier this transformation, the solution of (2.4), detailed in
derwater substance transport. The transport is mathematicg[lypendix A, can be formulated as a convolution of the rate
described as a diffusion process by appropriate differentig release and the concentration distribution that would result

Il. TRANSPORT MODELS

equations (see [9]) to which other effects are added. from an instantaneous release of a unit amount of substance,
ie.,
A. Molecular Diffusion _
. . e [Tt —te=T) -,
Small-scale spreading of substances is governed by a mixing(™> t) = A (477 )32 Py T s T
process, often called molecular diffusion. Molecular diffusion (2.6)

is caused by random displacements of molecules of dissolwgHerer’ = Kr, andr{, = Kr,. The convolution in (2.6) can
or suspended substances. The process is predictable andbexcomputed analytically in only a few cases, when the source
actly described by the well-known Fick’s law of diffusion is a constant rate or impulsive (instantaneous), for example.
Although the above solution applies to molecular diffusion,
f(r,t)=—KVe(r, t) (2.1) it can approximate other phenomena as well. Turbulent diffu-
sion is often approximated as molecular diffusion [9], but with
where f(r, t) is the flux density vector, in units of kghs, larger diffusivities, so-called eddy diffusivities, with typical
at a pointr and timet, ¢(r, t) is the diffusing substance values anywhere from0? to 10'° times as big as molecu-
concentration in units of kg/MandX is a matrix of diffusivity lar diffusivity. Since turbulent diffusion dominates molecular
coefficients in units of fYs. Okubo [9] provides an excellentdiffusion, we will use the expression molecular diffusion to
discussion of diffusion processes in the oceans and the reagieriote turbulent diffusion that can be modeled as (2.6) with
is referred to his work for a thorough summary. FollowingC corresponding to eddy diffusivities.
[9], we assume, for simplicity, that the principal axes of Similarly, the redistribution of sediment particulates by
the diffusivity tensor coincide with horizontal and verticabrganizms, or bioturbation, can also be approximately modeled

coordinate axes. Thek has the diagonal form as a diffusion process (see [11]), assuming that the redistribu-
tion is done by large numbers of organizms and is spread over
ke 0 0 a large number of individual transport events. However, this
K=10 #y, 0]. (2.2) phenomenon is negligible if turbulent or advective flows are
0 0 = present.

For a source-free volume, by the continuity equation [10] WE Advective Diffusion

have
Advection corresponds to fluid flow on a relatively large

dc V. f 2.3) scale that typically consists of mean flow and fluctuations that

at are periodic and nonperiodic. Such flows strongly affect the
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transportation of dissolved/suspended material by enhancing
the exchange of material at the interface of the deposited x10°
substance and water. -

Currents near the ocean bottom are the principal means of
advection. The definition of the mean and fluctuating parts
of the motion requires a separation between these parts that
depends upon the question at hand [12]. In general, the mean-
flow field is defined by the averaging time or space scale which
is appropriate for a particular problem. For candidate DOR
disposal sites, the average (over small-scale motions) of the
mean flow is expected to be in the range of 0-4 cm/s.

The periodic fluctuations are caused by several processes. In
the abyssal ocean, the principal periodic fluctuations are due S ) _ )
to tidal processes and to a lesser extent the natural oscillatbiy 1+ ©oncentration distribution at radius= 2500 m, single source.
modes of the basin and gravitational waves. For simplicity, we
consider only tidal motion, consisting of a lunar component
(see [13]), having the form x 10"

v(t) = v, cos <%) + v, sin <%) +v 2.7)

where v, and v, are the tidal velocity amplitudes in the
horizontal directionsp is the tidal period, an@ is the mean-
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To include the mean flow and tidal effects in the underwater ST W

diffusion model, we consider a more general diffusion equation Angle [x2r] 0o Time [x1000s]
9¢ F_ig. 2. Concentration distribution at radius= 2500 m with a mean-flow
5= div(KV - ¢) — V- c(v(t)). (2.8) single source.
The solution of (2.8), detailed in Appendix B, is obtained 1) Single Sourcen this section we illustrate the concen-
similarly to (2.4) and is given by tration distribution due to molecular diffusion and advective
flow. We present results for an impulsive source [see (2.10)],
=t Lt —to — 7) located atry = (0, 0, 0) with a normalized release rate of
o(r, t) :/ W u = 1 kg (realistic value will be used as part of the DOR
0 I — w(r)r —1h|? simulation below). _ _
- exp {— - } dr. (2.9) Fig. 1 shows the spatio-temporal evolution of the concentra-

tion for a single impulsive source, as a function of azimuthal
1 | lsive S AR Isi is due to initi Iangle and time, at a radius of = 2500 m. It can be seen
) Impulsive Source:An impulsive source is due to initia that the dispersion is spatially independent since there is no

fgg:feugfolfggéﬁzzg ?riﬂ(l)st;;edsn:itetlrj'igrjoér;s};m:gteoaq vection. The concentration distribution in Fig. 2 illustrates
9 P P pact. same results but with a mean flow of magnitude- 1

'result|r'19 Impact plum'e can be approxmate]y modelec_i as 8/s. Note that the concentration levels are higher than in the
impulsive source at timey of strengthy in kilogram units.

o - - ; X previous example. This is true in particular in an angular range
Substitutingu(t) = ué(¢ - to) in (2.9) yields around the downstream direction. As a result of the increased

L concentration levels, the detection performance is expected to
or, t) = (rn(t = t))52 be better.
|:_ o(t — t0)(t — to) — ro|? . 2) DOR Scenario—M_uItipIg Sourcesn this section, we
- exp {— In(t—10) } (2.10) simulate the concentration distribution for a scenario typical

of the DOR program. We use 20 sources (bags) spatially
distributed with two-dimensional (2-D) Gaussian distribution.

If the fall trajectory is erratic, the landing pattern will ap-
To investigate the effects of the aforementioned phenomepagximate a circular Gaussian distribution. Otherwise, if it is
we compute the concentration distribution for various scenamooth and stable, the landing pattern approximates a Rayleigh

ios. In all examples, unless otherwise stated, we use realitistribution (see [15]). We will only consider impact plumes
(eddy) diffusivity coefficientss, = . = x, = 10 m*/s and that can be modeled as impulsive sources (see Section II-
Ky = k. = 107* m?/s (see [14]). B) (note that between each transporter's 20 bag deposition,

C. Numerical Examples of Concentration Distributions
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Fig. 3. Concentration distribution for 20 impulsive sources (one run) &ig. 4. Concentration distribution for 20 impulsive sources, averaged over
radiusr = 2500 m. 10000 runs, at radius: = 2500 m.

plumes will be driven primarily by exchange processes bare selective, i.e., they are sensitive only to the substance of
tween pore waters and the overlaying water column that cemerest. The response of each sensor is

be modeled as continuous sources, however, these sources will

not be considered in this paper, see Section I-A). ylris ) = e(ri, @) + b+ elri, t) (3.11)

It has been shown [16] that the expected impulsive releagfiere «(r,, t) denotes the concentration of the substance
after impact is 10%-15% of each bag's contents. Howevgpo|iytant) of interest,h denotes a bias term invariant in
only about 5% of the bag's contents will be subject tgpace and time, and(r;, ¢) is the measurement noise. The
advection since the more dense component of the plume Vlﬂﬁas represents the sensor's response to interfering substances
settle out very quickly. Thus, to model the release rate for €agRg concentrations resulting from previous deposits that have
bag, we use @ distribution with parameters 1 and 19, so thalgached steady state. We will assume thas known since
the distribution function has a peak at a release rate of 5§.can be measured before the monitoring phase with high
Since each bag contains a mixture of different pollutants W@ cyracy, thus its affect will be removed from the measurement
assume that the mass of a particular pollutant is 1% of the i@ de| by subtraction. The time samples will be assumed to be
contents and hence that 0.05% is the most probable valuggfen at uniformly spaced time points, = +T%, 1 < k < p},
release rate. The density of released plumes is expected to bgfre7; is the sampling interval ang is the number of time
the range 1100-1700 kgfmSince we consider only materialssamples.
with density similar to the water density, the density is set 0 e jump the measurement model (3.11) into a matrix form.
p = 1100 kg/m?. For instance, using the above scenario, th&ithout the bias
most probable (according to the distribution) release of a

particular pollutant would be approximately 336 kg. y=A0u+e (3.12)
The advective flow in the DOR scenario is due to a mea\llvnhere is an (mp)-dimensional measurement vectot(6)
flow of magnitude 1 cm/s and a tidal current that rotates y mp

o . . . . IS an mp x n-dimensional source-to-sensor transfer matrix,
directionally with a period of 12.42 h and magnitude in ths is a \Z/)ector of unknown source and medium parameters

range 2-5 cm/s. For illustrational purposes we will assume T . .

S T o w = [u1, -+, p]* is @ vector of source intensities, is the
that the direction of the mean flow coincides withaxis. . :
. . : : number of sources, anglis a vector of measurement noise.
Figs. 3 and 4 illustrate the concentration for this scenario . S
oy . : .~ The transfer matrix4(@) is given by
with impulsive sources (2.10) using one run and averaging
(over source locations and intensities)16f000 runs, respec- A(0) = [a(6y) - --a(6,,)] (3.13)
tively, using the same parameters as in the previous section. _ ) _
In both examples, we include a mean flow of magnitudéhere a(6;) is an (mp)-dimensional vector whosem(k —
v = 1 cm/s and tidal flow ofv, = 2 cm/s andv, = 5 1) + 4)th component is the concentration at locatianand
cm/s. Observe that the only noticeable difference is that tHEN€ ¢ arising from a unit-rate release from thith pollutant
averaged concentration distribution is more spread around g/rce (bag). For instance, for the point source model (2.10),
mean flow direction. this element is

1 exp{_|r—v(t—t0)(t—t0)—'r0|2}
lIl. DETECTION AND PARAMETER ESTIMATION (4mk(t — t0))>/? 4r(t — to)

(3.14)

A. Measurement Model The measurement noise in (3.12) corresponds to sensor

To model the measurements, we suppose a spatially diise, ambient noise, and possibly incorrect modeling. We will
tributed array ofm chemical sensors located at known posiassume that it is uncorrelated in time and space and Gaussian
tions{r;, 1 <i < m}. We assume that these chemical sensodsstributed with zero mean and unknown variance Note
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that, since the concentration has a nonnegative value, thleere the numerator (denominator) on the r.h.s. corresponds

Gaussian assumption is only an approximation that becomesghe likelihood function under H(Hq) and is given by

more valid as the signal-to-noise ratio (SNR) increases. Wi :

have shown that this gssumption become(zs vali)d for SNR Iargj}ke“hmd(y) - (27r02)7mp/2

than 3 dB (see [17]). -exp{—i(y—Ap,)T(y— Au)}- (3.16)
For the remainder of the paper we will consider the case of 202

known medium characteristics, i.e., the diffusivity matkix The maximum-likelihood (ML) estimateg of the source

velocity v(t), starting time of diffusiorto, and source locations intensities under Hare computed as follows [19]. Let
are all knowna priori. This is a reasonable assumption

since these characteristics can be measured (as will be done =i, s ]t

according to the DOR plan [1]). =(ATA) 1Ay, (3.17)
In the model (3.12), we implicitly assumed that the signal

level is above the sensor sensitivity threshold. In practic-g, en,

actual sensors are not reliable below a certain sensitivity p=[p1, s i)t (3.18)

threshold and, hence, unless the threshold is small, the above 0 fi; <0

model will not be valid. Therefore, the design has to include fij = {gr ATy >0 (3.19)
J ? J

a selection of sensors with sensitivity threshold sufficiently
small so that the time interval in which the concentratiowhere g; is the jth column of matrix(A; A7), A; is an
level is above the sensitivity threshold will be large enoughup x I dimensional submatrix of matrixt whose columns
Our results indicate that the sensors’ sensitivity has to becatrrespond to positive estimates, giad> 0 (/ is the number
least particles per billion (ppb) to guarantee that the detectioh positive components iff).

performance will not be degraded by the sensitivity threshold. The ML estimates of? are

In the following discussion, we will assume that sensitivity 1 - .

threshold does not affect the detection performance. For a . mp (y — AR)" (y — Ajp), under H

detailed discussion, the reader is referred to [17]. =9 1 (3.20)
e yly, under H,.

B. Source Detection Inserting the ML estimateg and 4?2 into the likelihood ratio

The detection of pollutant leakage from the disposal site cg®.15), we get
be expressed as a binary decision between two hypotheses:

T mp/2
* Ho: only the bias term and noise are present; GLR = < vy ) (3.21)
e Hj: the source is present as well, i.e., pollutant leakage y'y—y'Pyy

_ occurs from some b"f‘gs' where Py, = A;(A;" A;)~1 AT is the projection matrix onto
This hypotheses formulation testg > 0 for somej, versus tne column space ofl;.

p; = 0 for all 5. However, it can be easily modified for testing - Applying the monotonic transformatidmp/1) (/"7 — 1),

whether the source intensities (and hence the concentraipd redefine the GLR as

levels) are above a certain value. Note thatcorresponds to T

the strength of theith source. GLR="2 #
1) GLR Detector (Known Physical Model)fthe general- U yly—y Pay

ized likelihood ratio test (GLR) is a commonly used technique The detection decision is then made by comparing the GLR

when the statistical model of measurements is determined bing3.22) with a threshole: if GLR > 7, accept H, otherwise

parameter vector that can be estimated from the measuremefts

[18]. This detector is based on the assumption that the solutionie determine the threshotdto yield a desired probability

(2.9) approximates the physical processes reasonably well afifialse alarm?, (typically P, = 5%), following the standard

that uncertainties in the model are due mainly to measuremepproach in the detection literature [4], [20]. Thus, computa-

(3.22)

noise. tion of 7 requires knowledge of the probability distribution
Under H, and H and the above assumptions, the measuref GLR under H. In this case, the GLR has a central F
ment vector is Gaussian distributed as follows: distribution with! and mp — [ degrees of freedom,;F,,—,
e Ho: y ~ N0, o21]; wherel is the number of positive components of the vegipr
e Hi:y ~N[Ap, o%I], wherep; >0forj =1, ---, n. see, e.g., [21]. Similarly, under;Hthe GLR has a noncentral

We have omitted the dependence 4fon @ since all the F distribution with noncentrality factok = p” A Ap/c” and

medium parameters and source locations are assumed td'§eSame degrees of freedom. .
Known. Let L denote the random variable corresponding,tthe
The GLR test is given by the ratio number of positive components ip. Thus L is of lattice
type and takes values, 1, ---, n with probability Pr{L =
SUp,, 50 20 likelihood(y)} [} = ¢ whereg; is the.probablllty that ar_ly estlmate_s of t_he
== : : (3.15) release rates are positive. The expressionsg:;fare given in

GLR = e
SUp,,,—o, »2>01likelihood(y) } Appendix B.
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Although the distribution of the GLR cannot be computed
in closed form, the performance measures can be expressed
as sums of cumulative central and noncentral F distribution 1
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2) Mean Detector (Unknown Physical ModelThe mean 100
detector makes less assumptions than the GLR about the  Number of sensors 00 Number of samples
model, hencg it is useful when a reliable model is not avaﬂablg.. 5. Detection probability DOR scenario, = 2500 m, for the GLR
In our case, it can be expressed as a test between the follow@gqgctor.
hypotheses:

* Ho: y is distributed as\[0, o21];

* Hy: y is distributed as\V[¢, o21].
£ is the unknown measurement mean corresponding to con-
centrations due to a pollutant of interest, i&5 Ap.

This detector is computed using the statistic (see [22, pp.
265-271))

N 1 X
7o YN

mP /Y Yo o

wherey; is the ith component of the measurement vecgor

the vectory, is a measurement vector obtained before the

detection phase (in the absence of any signal), Ant$ the Radius fm] %00 0 Number of samples

number of time samples used to obtain Fig. 6. Detection probability DOR scenaria, = 100, for the GLR detector.
Under Hy,, T has Student’s central distribution with &

degrees of freedom (see [23]). Under,H" has a noncentral

t distribution with V degrees of freedom and noncentrality

factor A = [(1/mp) >7% &1 /02 (see [23]). 1

Yi (3.25)

where ¢t (-) denotes thet cumulative distribution withV .
degrees of freedom and noncentrality factor in parentheses, 100
and 7 is the decision threshold.

The performance measures are given by 0.84- N )
Py,=1-— Pr[tN(0)2 < 7] (3.26) E’-Zj | ‘\ \\\ \\\\ \
Pi=1—Piftx(3) < 7] (3.27) . ”3‘2“\\\\\\%\\\\\\\\\\\\\\

\\\\\\\\\\ 300

200
100

C. Numerical Examples of Detection Performance Number of sensors Number of samples

We present numerical examples to demonstrate the perféig- 7. Detection probability DOR scenario = 2500 m, mean detector.
mance of the above detectors. We also illustrate the effects

of different transport phenomena (mean flow, advection, et 'leber of sensors: and number of time samples Fig. 6
In all these examples, the thresholds are chosen to yieléz '

r?owsPd as a function ofp and+ for m = 100.

probability of false alarm?, = 5%. For compari PR
4 . parison purposes, in Figs. 7 and 8, we present the
We define the SNR as the ratio of the squared peak Valb'gtection probability using the mean detector. As expected,

of _averaged concentration dllstr|but|on (see Sect!on I-C) fRe GLR detector gives a higher detection probability unless
noise variance. Then, assuming that the SNR is given, we GAB number of sensors or time samples is large

compute the corresponding noise variance.

We use the DOR scenario from Section 1I-C (averaged
concentration distribution) as the source model, a circular array
of radiusr centered at the origin of coordinate system, and
SNR = 3 dB. The sampling interval ig; = 1000 s. We apply the above results on detection performance to

In Figs. 5 and 6, we present the probability of detecti®yn optimally design the array of the sensors. The design is
for the GLR detector. Fig. 5 showB, as a function of the with respect to the system parameters defining the array

IV. SENSOR ARRAY DESIGN
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3000 50

Radius [m] 2000 o Number of sampies

Radius [m] 5500 0 Number of samples

Fig. 8. Detection probability DOR scenario; = 100, mean detector. Fig. Qd System parameters to achielg = 95% with the DOR scenario,
GLR detector.

configuration: the array radius number of sensorg:, and \ynere O, is the cost per sensor an@, is the cost per time

number of time samplesg. sample.
The optimal design, assuming the array radius fixed, is
A. Detection Performance Criterion described by the following procedure.
We demonstrate how to select the array parameters t¢ USe the same algorithm as in the previous section to find
achieve a desired detection probabilij for a fixed Py,. the set Oi candidate choices fat and p that give the
Since I%, is fixed, the threshold is a function ofm and desired F].

p only, more precisely ofnp [see (3.24) and (3.27)]. On the * Minimize ' over that set. _

other hand,P, is a function of the source parameters and * Répeat the previous steps for different values-.of

array radius through the noncentrality factofsee (3.24) and ~ For anyr, this procedure yields the optimal choice xf
(3.27)]. Therefore, the array parameters yieldifigare found andp with a corresponding cost. Then, the final decision can

by solving (3.24) or (3.27) for fixed*, and SNR. be made by selecting the largest radius with acceptable cost.
The procedure for selecting the array parameters can bedhe above optimization can be generalized to an uncon-
summarized as follows. strained problem i, and P, are not restricted. The@' can
« Set an acceptably small level of false alad, (e.g., P€ defined as
5-10%). _ _ O = Cim + Cop + g1(Pan) + 92(Pra) (4.29)
« Compute the corresponding threshaldas a function of

mp. where g; and g» are increasing functions of’, and P,

« For this 7, find combinations ofn and p that give the respectively, and, =1 — Py is the probability of “miss.”
desired P; using (3.24) and (3.27). These values are ASsuming that SNR is givenf3, can be expressed as a
obtained by finding the curve of intersection of the surfad¥nction of m, p, and Py, through the threshold. Thus, the

Py(m, p) with the (horizontal) planeP,(m, p) = P;. optimizatioq prqb[em reduces to finding, p, and P, such
« Repeat the previous step for different values of arrdfpat (4.29) is minimized.
radius.

As a result, we obtain a set of possible choices for the arrgy Numerical Examples of Array Design

parametersn, p, andr that guarantees the desirétf. This We present numerical examples of sensor array design for
set can be presented as a surface in three-dimensional (3 DOR scenario Section II-C using the above procedure. In
space, as will be shown in Section IV-C. all examples, it is assumed that the sensors’ sensitivity thresh-

Using the above procedure, we design a detector that guald is sufficiently small, so that the detection performance is
antees the require®;,. However, P, is calculated using an unaffected.
averaged concentration distribution, and, hence, for a particulaFigs. 9 and 10 illustrate the possible combinations of num-
set of source locations and intensitidd, may be different ber of time samples, array radius, and number of sensors
from Pj. that yield detection probabilities’; = 95% and P} = 99%,
respectively. Any point on the surfaces shown in these figures
will guarantee the required®; and F,.

Fig. 11 shows the optimal number of sensors as a function

An optimum selection of the number of sensorsand of relative costC, = C,/C.. The array radius is fixed
number of time sampleg can be done by minimizing a costat » — 2500 m and P = 95%. Similarly, Fig. 12 shows
function C' of involved system parameters, given the SNRhe corresponding number of samples. It can be seen that
Pr,, and desiredr;. For example, the optimum number of sensors (time samples) increases

(decreases) with the relative cost of time samples versus the
C=Cim+ Cep (4.28) number of sensors.

B. Optimum Design
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Fig. 10. System parameters to achieRg = 99%, GLR detector. Fig. 13. System parameters to achie¥e = 95%, mean detector.

100 " ' ' detectors. The GLR detector gives a higher performance and
90f is applicable when the physical model is reliable, while the
mean detector is useful when a precise model is not available.
We have analyzed the performance of both detectors using
the probability of detection?; and false alarn¥;,. We have
also proposed algorithms for optimal array design assuming
a variety of performance and cost requirements. The design
included selection of a number of sensors and time samples.

To ensure the applicability of the GLR test, it would be use-
ful to examine the model assumptions by simulating a realistic
disposal during a controlled research. The measurement vector
0 - '0 - ) obtained during this test could be used to model the transport
10 10 10 10 10 . . . .

Relative cost (Cr) of dissolved materials, i.e., to estimate parameters that cannot
Re measured such as eddy diffusivities.

The detection performance is also strongly affected by the
source intensity model and, therefore, further experiments are
required to obtain a model for the dewatering processes and
to quantify the release rates.

An effort should be made to examine the robustness of
the GLR detector. In practice, the actual parameter values
may be different from those assumed in the model (3.12),
alternatively the real measurement process may differ from
(2.9). Therefore, deterioration in the detection performance due
to parameter/model deviations should be investigated.

Equations (3.24) and (3.27) were derived under the as-
sumption that the sensor noise can be modeled as a Gaussian
process. Research should be undertaken to investigate changes
in detection performance and array design for different noise
10° models. This also indicates that an effort should be made to

model the sensor noise more accurately.
Fig. 12. Optimal number of time samples as a function of relative cost, 1N€ Sensor array can be designed using either the GLR or
GLR detector. mean detectors. However, if conditions are right, the GLR
detector will perform much better than the mean detector,

In Fig. 13, we show design results for the mean detectd‘r’,"ess the number of samples is very large. In practice, the
P = 95%. As expected, the number of time samples requir&'.f'mber of sensors used for the GLR detector should be

to achieve the same detection performance is significan{fge" than the numbers found in Section IV-B, to guarantee
larger compared with the GLR detector. the desired performance level in the presence of potential

modeling errors such as those discussed above.
Future research should also include improving detection per-
V. SUMMARY AND CONCLUDING REMARKS formance by using flux (vector) sensors, decreasing detection
We have proposed detection algorithms for environment#tine and computations by using an adaptive sampling rate,
monitoring of disposal sites in the deep ocean using chemickdtection in the case of unknown medium parameters (deter-
sensor arrays. The algorithms included the GLR and meaninistic and/or random), and extensions of the measurement
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model to more realistic scenarios. Preliminary results for theseThen, ¢; is given as a sum of probabilities for all possible

extensions are presented in [17]. realizations
Finally, in order to ensure higher detectability at larger n ‘
distances, more sensitive sensor technologies are required. = Z H wjj (1—wy)t™" (B.4)
This is true in particular for metal pollutants since existing iy ey j=1
sensors will most likely be unable to detect metals outside of w; =erfe(hf p) (B.5)
the near-field area (see also [17]). !
i1---4, €{0,1} and i1 +---+1i, =k (B.6)
APPENDIX A
Using the transformation (2.2), the Cartesian form of (2.4) APPENDIX C
translates to The GLR test (3.22) is distributed as
Jdc &c n d?%c n &c , Jc , Oc , Oc
— =K — Uy — U, — U,
at 97’2 ay’2 912 = 9! Yy Y GLR = 1, [=0 (C.1)
(Al) Fl,mp—l()\)7 1<li<n '
where we have used the facts thadt= Kwv and (9¢/dz = with
Oc¢/02")\/K /K., and similar expressions for thg and » 0 under H,
components. I
The above equation corresponds to an advective diffusion A= &214”7 under H. (C.2)
a

in isotropic media and therefore can be solved easily (see [3]).
The solution can be obtained using a 3-D Fourier transforma-Performance measures are then given by
tion with respect to the spatial coordinates (see [3]). It can be

shown that the impulse response (Green’s function) is given by Pra = Pr[GLR > 7|Ho]

/ _ 1 ~
h(r', t) = (i — o) = ;%Pr[ﬁ,mp_l(o) >7|L=1Pr[L=1] (C.3)
I = o) —to) =" 1 5 Py = Pr[GLR > 7|H,]
FexP {_ 4kt — to) } (A2)

wherer’ = Kr.
Then, the concentration in the presence of a point source
with release rate.(¢) is given by the convolution integral

- ZPr[FLmP,I()\) > 7|L=1Pr[L =1]. (C.4)
=0
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APPENDIX B

The coefficientc; (3.24) is the probability that exactly
! components of the vectoi are greater than zero. The

probability that particulai components, for example, the first [1] P. J. Valenlt and D. K. Yciung, “Ab)t/]ssalbseaﬂoor waste isolation: En-

: vironmental report,” Naval Research Laboratory, Stennis Space Center,
l, are greater than zero is MS, NRL/MR/7401-95-7576, Sept. 1995.
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