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Abstract — The evolution of chemical, biological, ra-
diological, nuclear and explosive (CBRNE) clouds de-
pends considerably on its composition. For example,
cloud tracking usually relies on a diffusion model of
the average atmospheric concentration of the CBRNE
material; identification of its composition can benefit
greatly from knowledge about the propagation of the
compounds. As a result, substance classification and
cloud tracking help each other significantly. However,
few research efforts consider joint identification and
tracking of CBRNE clouds using a network of possibly
heterogeneous sensors. This paper deals with such joint
identification and tracking. We assume that the chem-
ical composition has a sparse representation in the Ra-
man spectra with a reference library and apply a sparsity
pursuit algorithm to adaptively refine the cloud propa-
gation model based on the estimated composition. We
demonstrate the benefit of joint identification and track-
ing of the aggregated clouds when individual substance
has a different diffusion coefficient. The results also
provide guidelines for selecting an appropriate sensor
combination to accurately predict the cloud boundary.

Keywords: Joint identification and tracking, contam-
inant cloud, compound classification, sparsity pursuit,
sensor management.

1 Introduction

The threat of pollution due to the release of chemical,
biological, radiological, nuclear and explosive (CBRNE)
materials, either accidentally or deliberately, has drawn
significant attention to national defense and homeland
security. Early detection and classification of CBRNE
agents are vital for rapid responsive action to reduce
the extent of human exposure. Accurate tracking and
prediction of the contaminant clouds also help in the
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post-accident management to minimize disastrous im-
pact. Many research results are available on detecting
and localizing single or multiple plume sources with au-
tonomous vehicles or sensor networks such as [15] for
a vapor-emitting source, [2] for a nuclear source, and
[10, 11] for a chemical source. In [9] the plume detec-
tion and localization problem is formulated as abrupt
change detection using sparse sensor measurements.
Bayesian inference methods have also been applied to
plume detection [3, 16, 14], localization [8, 21, 22, 4] and
tracking [18]. The development of a large scale testbed
was reported in [5] for the study of contaminate mate-
rials. Classification of chemical or biological agents has
been studied mainly using the sensing devices based on
Raman spectroscopy [7]. Raman spectrum represents
the intensity of the scattered photon as a function of
frequency shift, which can be used to identify the chem-
ical composition of a substance. To represent the target
spectrum as a linear combination of the reference spec-
tra, one needs to build a library of the spectra of known
chemicals as well as the background spectrum. Vari-
ous learning algorithms have been studied within this
supervised regime [17, 13]. Other detection techniques
have also been proposed to handle the cases without ex-
act knowledge of the background and reference spectra
[12, 20]. So far few research efforts consider joint identi-
fication and tracking of CBRNE clouds using a network
of possibly heterogeneous sensors. The difficulty lies in
the lack of accurate predictive model for mean trans-
port and turbulent diffusion of the aggregated CBRNE
compounds. In reality, the CBRNE composition can
only contain a few known substances in the Raman
spectra with a reference library. Thus we propose a
sparsity pursuit algorithm to adaptively refine the cloud
propagation model based on the estimated composition.
We demonstrate the benefit of joint identification and
tracking of the aggregated clouds when individual sub-
stance has a different diffusion coefficient. The results
also provide guidelines for selecting an appropriate sen-
sor combination to accurately predict the cloud bound-



ary.

The rest of the paper is organized as follows. Sec-
tion 2 presents the formulation of the joint classification
and tracking problem using both concentration and Ra-
man spectrum measurements. Section 3 describes the
sparsity pursuit for Raman spectra estimation. Sec-
tion 4 discusses the benefit of Raman spectra for source
localization. Section 5 presents the benefit of source lo-
calization for the identification of source composition.
Section 6 extends the joint classification and localiza-
tion problem to joint classification and tracking of mul-
tiple contaminant clouds. Simulation results are pro-
vided in Section 7 and conclusions are in Section 8.

2 Problem Formulation
2.1 Atmospheric Dispersion Model

If any type of pollutant material is released into the at-
mosphere, the propagation of the contaminant cloud
will eventually lead to a concentration distribution
somewhere downwind of the source. For convenience,
we assume that the contaminant cloud consists of pos-
sibly a combination of chemical substances which can
be modeled by a collection of particles. We set a Carte-
sian coordinate system with z-axis oriented towards the
mean wind direction, y-axis in the cross-wind direction
and z-axis in the vertical direction. If the source of
a pollutant is located at (xg,yo,20) with release rate
q(t), then at time ¢, the concentration of the pollutant
at some down-stream location (z,y,0) can be written
as [4]

C(x,y,O,t):/O K(t,7)q(r)dr (1)

where the kernel K (t,7) is
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with mean wind speed u and diffusion coefficients K,
K,, K. along z, y and z directions, respectively.

2.2 Sensor Measurement Models

We assume that one type of sensor can measure the
concentration of the contaminant source in the atmo-
sphere such as the light distance and ranging sensor
which emits pulses of ultra-violet light and measure
the returning fluoresced light. Under this setting, there
are J sensors deployed at fixed locations where sen-
sor j is located at (z;,y;,0) and collects N concen-
tration readings ¢; = {C(z;,y;,0,t,)}2_;. Denote by
¢ = {c;}/_, the collection of all sensor readings. De-
note by q = {q(7;)}M, the discretized source release
sequence where ¢(7;) is the release rate at time 7;. Ide-
ally, we have the following observation equation

c=A(p)a (3)

where p = (xg, Yo, z0) denotes the unknown source lo-
cation. Note that for measurement ¢;(z;,y;,0,t,), the
corresponding element a;y 1) in A(p) is given by

(4)

where 3,1 is a quadrature weight [4]. The estimation of
source location p and release rate q using a collection
of concentration readings can be formulated as the least
squares problem given by

agin,k) = K(tn, Te) Bk

(p*,q") = argmin||c — A(p)all3 (5)
Note that this formulation is valid only for a single
source.

In order to identify the composition of the pollutant
substance, we assume that another type of sensor can
provide the Raman spectra of both background and pol-
luted area. When one has L chemical substances with
known Raman spectra {s;}£ ;, we can express the true
spectra of the pollutant source as

L
S = E a;S;
1=0

where sg is the background spectra. The coefficient
vector a = [ag aj ... ar]? has to be estimated from
the measured spectrum at different bins with an ap-
proximate linear model given by [13]

(6)

z=Ga+v (7)
where G = BPS and B is the calibration matrix
taking flat-field response into account; P is the point
spread function of the diffraction grating used to spread
the spectral energy across measurement bins; S =
[So 81 ... sr] is the matrix of spectrum library. The mea-
surement noise v absorbs the large signal approxima-
tion error, which in general is non-Gaussian. A popu-
larly used method to estimate a is the so called non-
negative weighted least squares given by [17]

mgn(z —Ga)TW(z — Ga) s.t.a>0 (8)
where W is the weight matrix. Note that the above
formulation assumes that the number of measurement
bins is at least L + 1.

2.3 Joint Source Identification and Lo-
calization

We assume that the concentration readings are the
results of aggregation from multiple source releases.
When there are [ sources with unknown locations
{p(i)}!_, and release rate sequences {q(i)}._,, we have
the following ideal observation equation

9)



The source localization problem becomes identifying
the number of sources, the corresponding origins and
the release sequences jointly based on the concentration
readings from multiple sensors. Unfortunately, localiza-
tion of multiple sources from concentration readings is
often ill-posed when the released source contains multi-
ple chemical substances since the sensors collecting the
concentration readings can not identify the composition
of the source material.

With the help of Raman spectrum measurements, we
can distinguish L chemical substances from the library.
Ideally, for two different chemical sources ¢ and j, we
have

la@ll: _ a:
la()ll oy

since the composition of the substance depends on the
cumulative effect of the source release when the Ra-
man spectroscopy is made close to the source origin.
Given both concentration measurement ¢ and Raman
spectrum measurement z, one may want to identify the
composition of the pollutant sources first and then esti-
mate the origin of each chemical material as well as the
corresponding release rate sequence. Note that multiple
sources can come from the same origin with the same
or different release rate.

(10)

2.4 Joint Source Identification and
Tracking

In practice, we have to collect concentration readings
and Raman spectrum measurements sequentially and
update the release rate estimate of the identified sources
based on the measurements accumulated so far. Denote
by Q(4)r the cumulative release from source ¢ between
time t,_1 and t;. Let QF = [Q(1)x ... Q(L)x]T be the
augmented release vector of all possible materials from
the reference library. Let pZ = [p(1)g ... p(L)x]” be the
corresponding origins of the released sources. Note that
p(i)r will be undefined when Q(#)y is below a prede-
termined threshold, meaning that there is no release of
source ¢ between t;_; and t. Denote by Z; the concen-
tration readings and Raman spectrum measurements
collected between t;,_1 and ty. Let Z% = {Z,, ..., Z};} be
the cumulative measurements collected up to t;. The
joint source identification and tracking problem is to
develop a sequential algorithm for updating the distri-
bution from p(QE |, pL ||Z*71) to p(QE, pE|Z*) with
the newly obtained measurement Z. Note that QF
is in general very sparse, meaning that the source only
contains a combination of a few chemicals from the pos-
sibly very large reference library.

3 Raman Spectra Estimation via
Sparsity Pursuit

When one has a large reference Raman spectrum library
of pollutant chemicals while the number of bins in the

measured Raman spectra is limited, estimating the mix-
ing coefficient vector a becomes an ill-posed problem.
Fortunately, most entries of a will be zero in practical
situations leading to a sparsity constraint. In the noise-
less case, we can pursue for the sparsest solution given

by
(11)

where || - ||o measures the number of nonzero entries of
the vector. Let g; be the i-th column of G. We define
the coherence of G by

min [|al|p s.t. Ga=z and a >0
a

g/ gl
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p(G) = (12)
If a solution a* satisfies Ga* = z and is sparse enough
compared with the incoherence of G, i.e.,

[la*[fo < (13)
then a* is unique [6]. This indicates that the number
of measurements required to recover a* depends on its
sparsity and the incoherence of the measurement matrix
G. When a* is highly sparse while G is incoherent
enough, we can uniquely determine a* from much less
than L measurements. To reduce the coherence of G,
we can multiply G' by a nonsingular square matrix T
so that p(T¢G) < p(G). Since for any vector d in the
null space of G, we have
Id][x

) < 29 (14)

+p(G)
it is intuitively appealing to normalize each column of
the positive matrix GG in order to improve its incoher-
ence. This can be achieved by subtracting the mean of
each column, i.e.,

1-9
Tg=1—-—117T
“ L

where 0 is a small number to ensure the non-singularity
of the transform.

In the noisy setting, we can solve the following con-
strained optimization problem

(15)

m§n||a||1 sit. ||z —Gall}y <eanda >0 (16)
where W is the weight matrix and e depends on the
desired noise level, which makes the tradeoff between
the sparsity of the solution and the accuracy fitting to
the measurements. By relaxing the sparsity pursuit to
{1-norm, we can solve the above problem using stan-
dard convex programming package [1]. Alternatively,
one can also apply any greedy type algorithm such as
orthogonal matching pursuit [19] to find the sparse en-
tries of a one at a time. It is more efficient than us-
ing the convex programming but does not guarantee
to recover the correct nonzero entries of a under a low
signal-to-noise ratio.



4 Raman Spectrum Aided

Source Localization

Assume that [ different chemical substances have been
identified with the corresponding estimated intensities
given by {a1, ...,a;}. The goal is to estimate the origin
p(7) and release sequence q(i) of the i-th source for
1 = 1,...,1 using concentration measurements c. We
propose to solve the regularized least squares problem
given by

l

c— > Alp(i)ali)

=1

+
2

l l
A (Z | la(@)lln — Qo |> +p (Z |IQ(i)II1>
i=1 i=1

where the first regularization term promotes the total
release of each source to be proportional to its estimated
coefficient from the Raman spectrum with the scaling
factor @)y while the second term promotes the release
sequence to be sparse, i.e., with few nonzero entries in
favor of the instantaneous release type. The parameters
A and p can be adjusted from small positive values to
large ones to envision the full regularization path that
leads to sparse solutions of {q(i)}!_;.

In practice, we solve the above nonlinear optimiza-
tion problem iteratively. We first make an initial guess
of the source locations {p(i)°}, which can be the sen-
sor locations where the [ largest concentration readings
were reported. Then we find the release rate for each
source by solving

min
{p(),a(i)}

win [le = A ()*)a@)][5+A ()l — Qoal+pllal)|x

and compute the corresponding residuals "
ri = [le — A(p(i)%)a(@)"[3 (18)

We select source j if
j = arg miin T (19)

Next, we update the concentration measurement ¢ by
subtracting A(p(i)?)q(i) from it and then apply the
same procedure to the remaining [ — 1 sources. Note
that we have applied the greedy selection of the release
sequence that leads to the smallest residual in each
step. The above algorithm can be easily modified to
become an orthogonal matching pursuit [19] procedure
with slight increase of the computational requirement.
Once we obtained the release estimate {q(i)"}, then we
solve the source localization problem by minimizing the
least squares directly, i.e.,

min ||c — A(p(i)a(i)"|;

20
p(%) (20)

The iterations between the refined estimates of the
source locations and the release sequences continue un-
til the improvement in terms of the overall regularized
least squares function is below a predetermined thresh-
old.

5 Localization Aided Source

Identification

Once we have obtained fairly accurate estimate of the
source origins, we may want to deploy the Raman spec-
trum sensors close to the estimates to achieve better
distinguishable spectra from the background. Alterna-
tively, when two chemical materials have different diffu-
sion coeflicients, they will have distinguishable concen-
tration variations in the spatial and temporal domains
even when they have identical instantaneous releases
at the same location. Denote by k(i) the diffusion co-
efficient of source i. Assume that we have obtained
concentration measurement ¢ and applied the greedy
method to estimate the location and release sequence
of the source one at a time by solving

min [|c — A(p,k)all3 + pllallx (21)

p.k,q
and subtracted the contribution of the estimated source
from c in order to extract another possible source.
When [ sources have been identified with the estimated
diffusion coefficients given by {k(i)}._,, we can com-
pare them with the reference library and find those
chemical materials with the corresponding diffusion co-
efficients close to the initial estimates. By doing this,
the size of the reference Raman spectra (number of
columns of G) can be significantly reduced.

6 Joint Source Identification and
Tracking via Sparsity Pursuit

We assume that the pollutant source can come from
a subset of L known chemical substances with known
diffusion coefficient {k(i)}~, and Raman spectra G.
Between t;_1 and tj, we have the augmented measure-
ment equation

Z = Pk Kk di) + Vi (22)
where f(-) is a nonlinear function describing the con-
centration reading at any known sensor location and
the Raman spectra from the aggregation of [ active
sources with locations péc, diffusion coefficients kgf and
release rate qu. The noise vector Vi, absorbs the mea-
surement and unmodeled errors in the data collection
process. We further assume that the existence of any
source follows a discrete Markov chain independent of
other sources. This assumption can be refined when
one has prior knowledge on certain possible combina-
tions of the chemical substances likely to be seen in



the contaminant clouds. The transition probability be-
tween the birth and death state of each source is given
by

1—pp
Dy

Pa

P(bilby—1) = 2

(23)
When the i-th source is inactive from t;_; to tg, i.e.,
bi(i) = 0, we mean that qx(¢) = 0 while py () and kg (%)
are undefined. In order to sequentially update the prob-
ability of existence for each source, we need to know
how to compute the likelihood function A(Zx|qk). This
easily becomes exponentially explosive over time when
we have to enumerate all combinations of the active and
inactive source sequences. Alternatively, since active
sources are sparse among all time instances, we make
the following approximations to the likelihood function
of source

A(Zg|ak(i) = 0) = mjaxA(Zquk(j) > 0,qx(1) = 0,i # j)
(24)
A(Zglak(i) > 0) = A(Zk|axk(i) > 0,qk(j) = 0,5 # 1)
(25)
where maximum sparsity is used to simplify the com-
putation for the existence of each source. If source ¢
is the only active source during T consecutive updates
from k to kK + T — 1, then we can find the maximum

likelihood estimate of source location p(¢) and diffusion
coefficient k(7) directly by

max A(Zg,..., Zxar— 1), k(7
ohax (Zk k+7—-1/P(%), k(7))

(26)
assuming that the source location is fixed. In general,
batch processing using least squares is needed to si-
multaneously estimate the locations and diffusion co-
efficients of multiple active sources. We can apply the
greedy method described in Section 4 without the need
of reestimating the release rate of each active source.
Note that both concentration and Raman spectrum
measurements enter the nonlinear least squares since
we need Raman spectrum measurements to estimate
the diffusion coefficients. The whole computational pro-
cedure to predict the propagation of the contaminant
clouds is shown in Fig. 1. Note that (23) is used to
predict the state of each source in future time so that
the contaminated area is assessed via multi-step look
ahead.

7 Numerical Simulation and Re-
sults

We present the simulation study of source classification,
localization and release rate estimation using multiple
concentration and Raman spectrum sensors. We are in-
terested in both classification and parameter estimation
accuracy.

Given concentration readingsand Raman
spectraz

Estimate mixing coefficient using (16) ‘

A

Update source existence probability using
(24)-(25)

For any active source sequence of length
estimate its origin and diffusion coefficient
using (26)

Update release rate for all L
sources and predict their concentration
propagations using (1)

Figure 1: Computational procedure for joint source
identification and tracking using concentration and Ra-
man spectrum measurements

7.1 Raman Spectra Estimation

We assume that the background spectrum spreads
across all bins of a Raman spectrum detector following
a Poisson distribution with expected number of counts
being 10. There are 1000 reference Raman spectra
with randomly generated patterns across 256 bins. It is
used as the reference library for identifying the active
sources. In the simulation, we randomly select three
sources and set the coefficient of each source being 1
to generate synthetic Raman spectrum measurements.
We compute the probability of correctly identifying all
active sources and the root mean square error (RMSE)
of the estimated coefficients among those cases where
all sources have been correctly identified. We compare
convex program (CP) using (16) [1], orthogonal match-
ing pursuit (OMP) [19] and nonnegative weighted least
squares (NWLS) [13] on the top 20 matched source can-
didates to the measurement spectra. Note that NWLS
is not directly applicable to the case that the number
of reference sources is greater than the number of bins
in the spectrum measurement. We modified the NWLS
algorithm by selecting only 20 candidates ranked with
respect to the residual of each source and then applying
NWLS to the selected candidates. 5000 Monte Carlo
trials were used to evaluate each algorithm and the re-
sults were summarized in Table 1. We can see that
CP recovers the sparse source signal in all testing cases
while OMP performs slightly worse due to the unmod-
eled background noise. In contrast, NWLS fails in most
cases owing to not taking the sparsity of the signal into
account.



Table 1: Comparison of Source Identification and Pa-
rameter Estimation Accuracy from Raman Spectra

Algorithm CP || OMP || NWLS
Correct Prob. 1.0 0.98 0.32
RMSE 0.22 0.27 0.19

7.2 Joint Source Identification and Lo-
calization

Consider one source located at (—40, 35,12) with in-
stantaneous release of ¢(1) = 10°. Another source lo-
cated at (—30,15,0) has continuous release with the
release rate

q(t) = [e7 0110 (1 — 10) 4 270550y (¢ — 50)] - 10°

The first source has the diffusion coefficients K, (1) =
K,(1) = 12, K.(1) = 0.2113. The second source
has the diffusion coefficients K,(2) = K,(2) = 5,
K,(2) = 0.1032. We assume that the wind speed
u = 1.8 along z-axis. Five sensors, located at (0,0),
(15,15), (30,30), (45,45), (60,60), respectively, collect
concentration readings synchronously with 100 samples
per sensor. All sensors are on the ground with zero
elevation. We added white Gaussian noise to the sen-
sor readings with standard deviation 4 - 1073. Each
sensor will have a detection of the possibly aggregated
sources when the concentration reading exceeds 0.01.
In addition, Raman spectrum sensor can be used at
any designated location to measure the source spectra
with the same Poisson distributed background having
10 counts in average. The coefficient of each source
appeared in the Raman spectra depends on the loca-
tion of the sensor with the scaling factor being 0.025 to
the cumulative concentration of the source during the
Raman spectroscopy.

We apply the proposed iterative algorithm to solve
regularized least squares for source localization and re-
lease rate estimation. We consider three scenarios:
(i) finding source locations using concentration mea-
surements only (with known diffusion coefficients of
each source), (ii) finding source release sequences us-
ing Raman spectrum sensor only (located at the ori-
gin), (iii) finding source locations and release sequences
using both concentration and Raman spectrum mea-
surements. Note that in (iii) the diffusion coefficients
of each source are obtained from the reference library
when the existence of the source has been identified
from the Raman spectra. For one realization, we have
the true release sequences of the two sources and the
estimated ones shown in Fig. 2 based on the scenar-
ios (i)—(iii). We can see that the estimated release se-
quences are sparse in nature: they contain more zeros
than the true release sequence of the second source.

Table 2: Comparison of Localization Accuracy Among
Three Scenarios

scenario || RMSE of source 1 || RMSE of source 2
(i) 8.5 6.4
(ii) 12.3 9.5
(iii) 3.2 1.7

Clearly, scenario (ii) yields the largest estimation er-
ror using Raman spectrum measurements only. Sce-
nario (i) yields smaller error than (ii) while scenario
(iil) yields the most accurate estimate of the release se-
quence, i.e., all nonzero entries of the release signals
with large enough magnitude have been correctly iden-
tified in the estimates.
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Figure 2: Comparison of release rate estimation of two
sources

We conducted 100 Monte Carlo trials and computed
the localization RMSE of each source. The results are
listed in Table 2. It can be seen that the localization ac-
curacy is significantly improved by exploiting both con-
centration and Raman spectrum measurements than ei-
ther of the cases using only one type of the measure-
ments.

7.3 Joint Source Identification and
Tracking

We consider that two locations, namely, (—40,35,12)
and (—30,15,0), are the origins of potential chemi-
cal release. There are 100 reference chemical sub-
stances with different Raman spectra as well as diffu-
sion coefficients. Two of the chemical substances are
used to generate the contaminate cloud with instan-
taneous release ¢ = 10° at each time if the source
is active. For source 1, the diffusion coefficients are



K,(1) = K,(1) = 12, K.(1) = 0.2113. The transi-
tion between active and inactive state follows a Markov
chain with birth probability p,(1) = 0.02 and death
probability ps(1) = 0.99. Source 2 has the diffusion
coefficients K;(2) = K,(2) = 5, K,(2) = 0.1032 and
birth/death probabilities py(2) = 0.05, pg(2) = 0.95.
Initially, source 1 is active at (—40, 35, 12) while source
2 is active at (—30,15,0). We consider two configura-
tions of sensor deployment for joint source identification
and tracking. Configuration (i) fixes the concentration
sensors at (0,0), (15, 15), (30, 30), (45, 45), (60,60) and
the Raman spectrum sensor at (0,0) throughout 100
updates of the source state. Configuration (ii) puts con-
centration sensors at (s, ys), (xs+15,ys), (£s+30,ys),
(xs + 45,ys), (zs + 60,ys) and the Raman spectrum
sensor at (xs,ys) where (zs,ys) is the x-y coordinates
of the centroid among the estimated source locations
when sensor measurements allow one to localize mul-
tiple sources. The tracking algorithm keeps updating
the existence probability of each source using both con-
centration and Raman spectrum measurements. When
the existence probability of any source is above 0.5,
the source is declared to be active. For a source be-
ing active in three time instances, we apply a batch of
the concentration and Raman spectrum measurements
throughout this interval to estimate the location and
release rate using regularized least squares. The previ-
ously estimated source location, if available, is used to
initialize the iterative algorithm. Note that the number
of active sources is known in this batch processing step
so that the regularization only promotes the sparsity
of the source mixing. With each active source being
identified, we find its diffusion coefficients from the ref-
erence library. When the active source’s origin is local-
ized with the estimated release sequence, we can apply
the dispersion model to propagate the impact area of
this contaminate cloud over time. To assess the pre-
diction accuracy of the cloud tracking algorithm, we
compare the predicted impact area at ¢ = 120 with the
true impact area calculated from the simulated source
releases. We define two types of errors in the prediction
of the impact area: False positive ey is the predicted
area outside and true impact area over the whole true
impact area; false negative e is the true impact area
not being covered by the prediction over the whole true
impact area.

We conducted 100 Monte Carlo trials for the track-
ing algorithm to perform 100 updates and then assess
the prediction accuracy of the impact area at t = 120
based on two sensor configurations. The results are
listed in Table 3. We can see that both false positive
and false negative in the impact area prediction are sig-
nificantly reduced when we can deploy the sensors close
to the estimated source origins and along the downwind
directions with adequate spacing. Thus it is worth in-
vestigating the adaptive sensor placement problem to
best characterize the contaminate clouds. Here we only

Table 3: Comparison of Prediction Accuracy of the Im-
pact Area

configuration e1 es
(i) 0.12 || 0.07
(ii) 0.06 || 0.03

addressed the issue of source identification, localization
and release sequence estimation. When the wind field is
not homogeneous, more sophisticated dispersion model
is required to make long time prediction of the impact
area.

8 Conclusions and Future Work

We considered joint identification and tracking of
CBRNE clouds using a network of possibly heteroge-
neous sensors that can provide both concentration read-
ings and Raman spectra. We assume that the chemical
composition has a sparse representation in the Raman
spectra with respect to a reference library possibly of
large size. We applied a sparsity pursuit algorithm to
adaptively refine the cloud propagation model based
on the estimated composition. We conducted simula-
tion study using several different source release scenar-
ios and demonstrated the benefit of joint identification
and tracking of the aggregated clouds when individual
substance has a different diffusion coefficient. We also
found that adaptive sensor deployment can provide bet-
ter tracking accuracy in terms of predicting the impact
area of the contaminate clouds than that using the same
sensor suites but at fixed locations. One possible fu-
ture work is to conduct realistic experimental study and
compare with available Raman spectrum based classi-
fication and tracking benchmarks. Another avenue is
to study the best configuration of heterogeneous sen-
sors to consistently monitor a large surveillance area
and quantify the benefit of dynamic sensor deployment
compared with the static case where sensor locations
are fixed.
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