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Abstract—The use of multimodal or heterogeneous sensors
for surveillance greatly increases the diversity of information
available from a given region of interest. Since the underlying
scene is the same for all the sensors, the data across the sensors
are inherently dependent. The nature of this dependence can be
quite complex and quantifying it is a challenging task, especially
in the case of heterogeneous sensing. We consider the problem
of fusion for the detection of dependent, heterogeneous signals
and design a detector using a copula-based framework. Past
applications using the copula based approach have mostly been
limited to the bivariate (2 sensor) case. We will address copula
construction and model selection issues for the multivariate case.

Keywords: Detection, dependence modeling, heterogeneous

sensing, model selection, sensor fusion, information fusion.

I. INTRODUCTION

The problem of detecting events of interest by fusing data

from multiple sensors has a wide variety of applications

ranging from the surveillance of cleared buildings to patient

monitoring in hospitals. The sensors deployed in a given region

of interest, in the most general setting, may consist of rather

disparate and incommensurate modalities. Even sensors of the

same modality may exhibit differences in their sensing ability,

due to differences during manufacturing, quality control or

the duration and location of their deployment. In other words,

with respect to the information content of the signals, sensors

exhibit heterogeneity that can arise from a wide variety of

causes.

Another factor that influences the performance of a detec-

tion system is the fact that the sensors also observe different

aspects of the same phenomenon, i.e., sensor observations

are dependent. The nature of this dependence can be quite

complex and nonlinear, especially in cases where the signal

may propagate through a non-homogeneous medium.

In this paper, we deal with the issues of heterogeneity in

sensor data and nonlinear dependence. We use the theory of

copulas to design detectors that account for the dependency

information in the formulation of an optimal test. Further, we

apply the proposed techniques to footstep detection using data

collected from a seismic array.

The rest of the paper is organized as follows. Section II dis-

cusses past work and also provides a brief overview of copula

theory. In Section III, a brief description of the details of the

experiments and test-bed deployment at Syracuse University

is provided. The mathematical formulation of the detection

problem is presented in Section IV. Since we consider the de-

pendence between data acquired by multiple sensors, we need

to consider the practical implications of building a multivariate

distribution. We elaborate upon the issues pertinent to the

construction of a multivariate copula, and thus a multivariate

distribution, in Section V. We present our results in Section VI

and provide concluding remarks in Section VII.

II. BACKGROUND

In this section, we provide a brief discussion of related

work. We also provide a brief overview of copula theory.

A. Past Work

The problem of fusing heterogeneous data is difficult and

the solutions proposed have largely been problem specific [1],

[2]. The majority of the approaches are nonparametric and

dependence is quantified either by linear correlation, which

is often an inadequate characterization of dependence, or by

using information theoretic measures, which can be difficult

to compute.

The topic of detecting footsteps using seismic/acoustic

sensors has previously been considered by Bland [3], who has

discussed the use of AR coefficients in designing a footstep

detection scheme from acoustic and seismic sensors. Kurtosis

and wavelet based heuristics have also been proposed [4], [5].

Dibazar et al. [6] have used a neural network based approach

for detecting and classifying perimeter intrusion using geo-

phones. A cadence based method for footstep detection has

been considered by Houston et al. [7].

Copulas are widely used in the fields of econometrics and

finance. They have emerged as a tool for signal and image

processing applications quite recently [8]–[12]. A copula based

approach, in conjunction with canonical correlation analysis,

was previously discussed by Iyengar et al. [13] for the fusion

of acoustic and seismic signals for footstep detection.

B. Copula Theory

Copulas are parametric functions that couple univariate

marginal distributions to a multivariate distribution. They can

model the dependence among random variables with arbitrary

marginal distributions. Recently, considerable progress has
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been made in the study of copulas and their application to

statistics [14].

An important theorem that is central to the theory of

copulas is Sklar’s theorem (see Nelsen [15] for a detailed

proof),

Sklar’s Thoerem. Consider an m-dimensional distribution

function F with marginal distribution functions F1, . . . , Fm.

Then there exists a copula C, such that for all x1, . . . , xm in

[−∞,∞]

F (x1, x2, . . . , xm) = C(F1(x1), F2(x2), . . . , Fm(xm)) (1)

If Fk is continuous for 1 ≤ k ≤ m, then C is unique,

otherwise it is determined uniquely on RanF1× . . .×RanFm

where RanFk is the range of cumulative distribution function

(CDF) Fk. Conversely, given a copula C and univariate CDFs

F1, . . . , Fm, F as defined in Eq.(1) is a valid multivariate CDF

with marginals F1, . . . , Fm.

Note that Eq. (1) implies that the copula function is a

joint distribution of uniformly distributed random variables.

As a direct consequence of Sklar’s Theorem, for continuous

distributions, the joint probability density function (p.d.f.) is

obtained by differentiating both sides of Eq. (1),

f(x1, . . . , xm) =
(

m
∏

i=1

f(xi)
)

c(F1(x1), . . . , Fm(xm)) (2)

where, c is termed as the copula density and is given by,

c(u) =
∂m(C(u1, . . . , um))

∂u1, . . . , ∂um
(3)

where, ui = Fi(xi).
Thus, we can construct a joint density function with speci-

fied marginal densities by employing Eq.(2). Note that C(·) is

a valid CDF and c(·) is a valid p.d.f. for uniformly distributed

random variables, ui. The choice of a copula function to

represent the joint statistics of the sensor observations is

an important consideration here. Various families of copula

functions exist in the literature [15]. However, which copula

function should be used for a given case is not very clear

as different copula functions may characterize different types

of dependence behavior among the random variables [16]. In

this paper, we make use of four families of copula functions,

namely, the Gaussian or normal copula, Clayton copula, Frank

copula and the Gumbel copula. Details about the copula func-

tions, their functional form and the parameters incorporating

dependence, are summarized in the Appendix.

III. DATA COLLECTION

We conducted experiments at Syracuse University to collect

footstep data from geophones. The following subsections

discuss the sensor specifications and details of the experiments.

A. Sensor description

Six GS 20DX geophones [17] were used for the experi-

ments. Transduction is achieved by means of a moving coil

over a magnetic core. The geophones are designed to be floor

mounted. Floor to sensor contact was achieved by means of

a coupling bolt screwed to the sensor, which was held to the

floor by means of a tripod base. This eliminated the need for

structural penetration by means of a probe.

B. Experiment description

The six sensors were configured as a linear array in a

typical office environment. They were placed along the long

edge of a carpeted hallway with raised flooring. The distance

between two adjacent sensors was maintained at 5ft. Data

was acquired using a 16 bit A/D converter at a sampling

rate of 5kHz. Background data was collected during a “quiet”

period late at night, by leaving the sensors in an isolated

environment. Footstep data was collected with 20 trials of a

single person walking and running along the hallway. The data

consists of several time series corresponding to multiple trials

from multiple participants. We, however, restrict our attention

to the “background” and “walking” trials. Each “walking”

trial lasted approximately 12 seconds. The duration of the

background data is 30s. A pictorial representation of the signal

recorded when a person is walking is shown in Fig. 1(a). The

background signal is shown in Fig. 1(b).

IV. PROBLEM FORMULATION

We formulate the detection problem under the Neyman-

Pearson framework. We consider a parallel sensor-network

architecture. Raw sensor observations are transmitted to a

fusion center which determines the copula parameters and

calculates the test-statistic derived from the likelihood ratio test

that is developed below. The test decides whether the signal

observed is due to background or due to the phenomenon

under observation.

We denote the sensor observations by xij , where i =
1, 2, . . . , L denotes the sensor index and j = 1, 2, . . . , N
denotes the time index. That is, a decision window of N
samples per sensor is used. We make a simplifying assumption

that the signals are i.i.d. over time.

We, therefore, have the following binary hypothesis testing

problem,

H0 : fx(xj) =
∏L

i=1(
√
2πσi)

−1 exp
[

x2
ij/(2σ

2
i )
]

H1 : fx(xj) =
∏L

i=1 f(xij) · c(F1(x1j), . . . , FL(xLj)|φ)
(4)

where xj = [x1j , x2j , . . . , xLj ] and σi is the standard devi-

ation of the background process observed by the ith sensor.

In other words, we are assuming that the background (H0) is

distributed normally and is independent across sensors. This

assumption is reasonable, especially for the seismic footstep

data to which the detector is applied; this is corroborated by

empirical analysis reported earlier on the footstep and back-

ground data [18]. We also note that the copula density function

c(·|φ) is a multivariate copula density function parametrized

by the dependence parameter vector φ. Details on how to

obtain the appropriate c(·|φ) are deferred to the next section.

The parameters σi and φ are, in general, not known and are

estimated using maximum likelihood estimation (MLE).

741



1000 2000 3000 4000 5000 6000 7000 8000 9000 10000 11000

-3

-2

-1

0

1

2

3

Time samples

F
o
o
ts

ts
e
p
 s

ig
n
a
l 
a
m

p
lit

u
d
e
 (

s
in

g
le

 s
e
n
s
o
r)

(a) Footstep signal
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(b) Background signal

Fig. 1. Signal amplitude in the presence and absence of a walking person

The test statistic is derived from the ratio of likelihoods as,

T (xj) =
fx(xj |H1)

fx(xj |H0)
(5)

For a given copula density, the marginal distribution under

H1, f(xij), will determine the performance of the detector. For

nonstationary environments, determining the marginal distri-

bution of sensor observation is often a challenging task. We

now discuss three possible detection schemes, that essentially

model the marginals in different ways. Each scheme gives

us a test statistic, Tk(xj), k = 1, 2, 3. The test compares
∑

j log Tk(xj) against a threshold η,

N
∑

j=1

log Tk(xj)
H1

≷
H0

η, k = 1, 2, 3 (6)

A. Complete ignorance

This detector assumes the worst case in that modeling the

marginals is not feasible. The detector ignores the marginal

information and the test statistic is, therefore,

T1(xj) =
c(F̂1(x1j), . . . , F̂L(xLj)|φ̂)

∏L
i=1(

√

2πσ̂2
i )

−1 exp
[

x2
ij/(2σ̂

2
i )
]

, (7)

where φ̂ is the ML estimate of the copula parameters and σ̂2
i

is the ML estimate of the signal variance under H0. F̂i(xij)
denotes the empirical probability integral transform for the ith
sensor and is calculated as,

F̂i(·) =
1

N

N
∑

j=1

Ixij<{·} (8)

This approach is similar to the detector used in [18]; the

difference here is in the construction and use of multivariate

copulas. The empirical probability integral transform provides

the uniformly distributed arguments for the copula density. For

notational simplicity we use ûij , i.e.,

ûij = F̂i(xij) (9)

B. Approximate modeling

Under this scheme, the marginal density is parametrized by

a known p.d.f. that can model some critical properties of the

signal under consideration. We emphasize that this is approx-

imate modeling since, unlike speech signals which have well-

established p.d.f. models, it may not be feasible to accurately

model other types of signals with sufficient generality. For

example, with the footstep data, the signal characteristics are

dependent on the type of floor, the background environment

and the nature of the mixing of footsteps and background. For

our dataset, we have observed that the logistic distribution

provides a workable approximation for the heavier tails due

to footfalls and is also able to capture the symmetric nature

of the geophone signal.

We denote the approximate marginal by f̃(xij). The test

statistic under this scheme is,

T2(xj) =

∏L
i=1 f̃(xij) · c(û1j , . . . , ûLj |φ̂)

∏L
i=1(

√

2πσ̂2
i )

−1 exp
[

x2
ij/(2σ̂

2
i )
]

(10)

For the case of the footstep data mentioned above, the

marginal approximation of choice is the logistic density,

f̃(xij) =
e−xij/s

s
(

1 + e−xij/s
)2 , (11)

where s is the scale parameter and the location parameter for

the logistic density function is standardized to 0. The scale

parameter is unknown and in order to evaluate the likelihood

function corresponding to the marginal density, we have to

estimate s.

742



C. Nonparametric marginal estimation

Kernel density estimators [19] provide a smoothed estimate,

f̂(xij), of the true density. The test statistic for this scheme

is, therefore,

T3(xj) =

∏L
i=1 f̂(xij) · c(û1j , . . . , ûLj |φ̂)

∏L
i=1(

√

2πσ̂2
i )

−1 exp
[

x2
ij/(2σ̂

2
i )
]

(12)

The choice of bandwidth of a kernel based estimator largely

determines the accuracy of the density estimate. In this paper,

the kernel bandwidth is chosen using leave-one-out cross-

validation.

V. CONSTRUCTION OF MULTIVARIATE COPULAS

In this section, we address the issue of constructing the

multivariate copula density function. This is an important

issue, since although there are a large number of copula

functions defined in the literature, the majority of them are

defined only as bivariate distributions.

An exception to this is the family of elliptical and

Archimedean copulas. For example, Jouini and Clemen [20]

discuss the use of Archimedean copulas for aggregating expert

opinions from a team of decision makers. A rather severe

limitation of using Archimedean copulas, however, is that

the experts in the decision making problem are necessarily

exchangeable. That is, the experts (sensors) are identical for

the decision making task. This is not reasonable when dealing

with heterogeneous data. Elliptical copulas place restrictions

of symmetry on the nature of dependence, which need not

hold true in general. The next subsection discusses a tree-

based approach to model multivariate dependence. The method

discussed uses a hierarchical, pairwise scheme and is free of

symmetry and exchangability restrictions.

In the discussion that follows (Section V-A), we assume

that the copula parameter φ is known, and do not include it

explicitly in the copula function for brevity of notation. We

note that the copula parameter is typically estimated as a part

of the copula selection process (Section V-B).

A. Vines

Kurowicka and Cooke [21] discuss a graphical method of

constructing copulas using vines. A vine is a nested set of trees,

where the edges of a the kth tree are the nodes of the (k+1)th
tree, and each tree has a maximum number of edges. The trees

are called dependence vines when they are used to encode

dependence structures in multivariate distributions. There are

several vine architectures possible; Bedford and Cooke [22]

present a graphical model that focuses on pairwise interactions

of dependent variables using regular vines.

Two types of regular vines have been analyzed in the

literature [23] in the context of expressing multivariate

copulas: the canonical vines or C-vines, and the drawable-

vines or D-vines. For our work, we use the D-vine architecture

since they are better suited to our application; the C-vines

are useful when it is known that a particular sensor plays

T1

T2

T3

1 2 3 4
c12 c23 c34

c13|2 c24|3

c14|23

Fig. 2. D-vine over 4 elements. Labels indicate the copula density evaluated
at each tree in the vine.

a key role in governing inter-sensor dependencies. A vine,

regular-vine and D-vine are formally defined below.

Definition [21]. V is a vine on K elements if,

1) V = (T1, . . . ,TK−1)
2) T1 is a connected tree with nodes N1 = {1, . . . ,K} and

edges E1; for k = 2, . . . ,K − 1, Tk is a connected tree

with nodes Nk = Ek−1

V is a regular vine on K elements if it satisfies the

additional proximity condition,

3) For k = 2, . . . ,K − 1 if a and b are nodes of Tk

connected by an edge in Tk, where a = {a1, a2} and

b = {b1, b2} are edges in Tk−1, then exactly one of

a1, a2 equals one of b1, b2.

A regular vine is called a D-vine if each node in T1 has

a degree of at most 2.

A D-vine over 4 elements is shown in Fig. 2. When a

four-variate joint distribution is defined over this vine, we

are essentially establishing a hierarchical, pairwise dependency

relation, which can be expressed through copulas. Each tree in

the vine represents a decomposition obtained by successively

conditioning the variables. We elaborate on this procedure

below using the example of a vine over three nodes.

Consider a vine over nodes {n1, n2, n3} = N1. For nota-

tional convenience, in this section, we drop the time index

j. Each node ni ∈ N1 observes data xi. We can write the

following pair densities,

f(x1, x2) = c12(F1(x1), F2(x2)) · f(x1)f(x2) (13)

f(x2, x3) = c23(F2(x2), F3(x3)) · f(x2)f(x3) (14)

where we use subscripts for the copula density function to

clarify the node pairs under consideration. In the context of

vines, the copula between pairs of nodes is also referred to as

the pair-copula density. The conditional density for the pair-

copulas above is obtained as,

f(x1|x2) = c12(F1(x1), F2(x2)) · f(x1) (15)

f(x3|x2) = c23(F2(x2), F3(x3)) · f(x3) (16)

From Equations (15) and (16) we can derive the conditional

CDFs that can be used as arguments for the copula defined
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for tree T2 in the vine. It is easily seen that,

f(x1, x3|x2) = f(x1|x2)f(x3|x2)×
c13|2(F1|2(x1|x2), F3|2(x3|x2)) (17)

The joint density of x1, x2 and x3 is,

f(x1, x2, x3) = f(x2)f(x1|x2)f(x3|x2)×
c13|2(F1|2(x1|x2), F3|2(x3|x2))

= f(x1, x2)f(x3|x2)×
c13|2(F1|2(x1|x2), F3|2(x3|x2))

(a)
= f(x1)f(x2)c12(F1(x1), F2(x2))f(x3|x2)

× c13|2(F1|2(x1|x2), F3|2(x3|x2))

(b)
= f(x1)f(x2)f(x3)c23(F2(x2), F3(x3))

× c13|2(F1|2(x1|x2), F3|2(x3|x2)),
(18)

where (a) follows from Eq. (13) and (b) follows from Eq. (14).

In a similar manner, it can be shown that the joint p.d.f. for a

4 variable D-vine is [23],

f(x1, x2, x3, x4) = f(x1)f(x2)f(x3)f(x4)

· c12(F1(x1), F2(x2))

· c23(F2(x2), F3(x3))

· c34(F3(x3), F4(x4))

· c13|2(F1|2(x1|x2), F3|2(x3|x2))

· c24|3(F2|3(x2|x3), F4|3(x4|x3))

· c14|23(F1|23(x1|x2, x3), F4|23(x4|x2, x3))
(19)

The labels in Fig. 2 indicate the copula density evaluated

at each tree in the vine. The density of an L−dimensional

distribution expressed in terms of a D-vine decomposition is

given by Bedford and Cooke [24],

L
∏

i=1

f(xi)
L−1
∏

j=1

L−j
∏

k=1

cj,j+k|j+1,...,j+k−1

(F (xj |xj+1, . . . , xj+k−1),

F (xi+j |xj+1, . . . , xj+k−1)) (20)

B. Copula selection

The importance of copula selection has been noted at vari-

ous points as a vital component of copula-based designs [12],

[18]. The dependence between the sensor observations may

get manifested in different ways and the copula function that

best models it should be selected. Selecting a copula function

that does not adequately model the statistical dependence

between the sensor observations may result in model mismatch

subsequently deteriorating the detection performance.

When constructing multivariate copulas using vines, the

copula selection process has to be repeated for each pair-

copula in every tree in the vine. We use a minimum description

length (MDL) [25] based approach for model selection. MDL

techniques of model selection are based on the principle that

the model that achieves the best compression is the model best

suited, from the available alternatives, to describe the data. In

our case, we do not know the “true” copula density, c(·), and

the best possible copula is selected from a predefined library

of copula functions (see Appendix).

In this paper, we compare four criteria available under the

MDL framework; the criteria considered are: (1) Akaike In-

formation Criterion (AIC), (2) Bayesian Information Criterion

(BIC), (3) Stochastic Information Complexity (SIC) and (4)

Normalized Maximum Likelihood (NML). Suppose the copula

functions are parametrized by φ of dimensionality d. Then,

these MDL criteria are defined,for the connected node pairs

{n1, n2} ∈ Tk, as:

AIC =−
N
∑

j=1

log c(F (xn1j), F (xn2j)) + d/2 (21)

BIC =−
N
∑

j=1

log c(F (xn1j), F (xn2j)) +
d

2
logN (22)

SIC =−
N
∑

j=1

log c(F (xn1j), F (xn2j)) +
1

2
log |Σ̂| (23)

NML =−
N
∑

j=1

log c(F (xn1j), F (xn2j)) +
d

2
log

(

N

2π

)

+ log

∫

√

|I(φ)|dφ (24)

where |Σ̂| in Eq. (23) denotes the determinant of the Hessian

of −∑N
j=1 log c(F (xn1j), F (xn2j)|φ̂) and |I(φ)| in Eq. (24)

is the determinant of the Fisher information matrix evaluated

over c(F (xn1j), F (xn2j)|φ).

C. Node ordering

The D-vine characterization of multivariate dependence

constrains the tree T1 to have a degree of at most 2. This

implies that node ordering is important, since different order-

ings may give rise to different joint-distributions, especially

since our copula selection is done through a library of copulae.

Therefore, before constructing the D-vine, we must select an

appropriate node ordering scheme.

Since our detector capitalizes on the dependency infor-

mation, we use a dependency criterion to order the nodes.

Specifically for the seismic footstep signal detection, we

would like to pair sensors that exhibit greater co-movement in

their signal amplitudes. In other words, we wish to measure

the dependence behavior of the sensors at the tails. Copula

literature (see [14], Chapter 6) discusses two tail dependency

measures called the upper and lower tail dependence, defined

below.

Let [X,Y ] be a vector of continuous random variables with

marginal CDFs F and G. Let C(F (X), G(Y )) be a bivariate
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copula distribution function. Then,

λU , lim
uր1

P(Y > G−1(u)|X > F−1(u)) (25)

= lim
uր1

1− 2u+ C(u, u)

1− u
(26)

λL , lim
uց0

P(Y ≤ G−1(u)|X ≤ F−1(u)) (27)

= lim
uց0

C(u, u)

u
(28)

Since a seismic signal oscillates about its mean, λU and

λL provide similar information for characterizing the co-

movement of the signal under consideration. In the node

ordering algorithm described below we use Eq. (26) as the

measure by which suitable nodes are paired.

Recall that L denotes the number of sensors and that T1 is

the tree connecting the sensor nodes. Prior to the D-vine con-

struction, we order the nodes in T1, N1 = {n1, n2, . . . , nL},

for each frame. For this purpose, we implement the following

algorithm,

1) Choose a random ordering of sensor nodes. This is only

to initialize the ordering process; it is done just once and

not repeated for each frame. Label this initial ordering

of L nodes as n1
1, n

1
2, . . . , n

1
L. The superscript indexes

the iterations through which the algorithm runs.

2) For l = 1, 2, . . . , L− 2:

a) Pick nl
l and compute λU (Eq. (26)) for each of the

L − l pairs, {nl
l, n

l
l+1}, {nl

l, n
l
l+2}, . . . , {nl

l, n
l
L}

using the copula selected (Section V-B) for that

node pair.

b) Choose the pairing that has the maximum value

of λU . Suppose this maximum occurs for some

node k, l ≤ k ≤ L, k ∈ Z
+, that is, {nl

l, n
l
k} has

the greatest value of λU among all node pairs. We

swap and relabel the nodes as follows:

nl
k → nl+1

l+1

nl
l+1 → nl+1

k

nl
p → nl+1

p , p = l + 2, l + 3, . . . , L
p 6= k

3) The set of nodes {nL−2
1 , . . . , nL−2

L } = N1 is the set of

nodes in T1 ordered by decreasing tail dependence.

VI. RESULTS

In this section, we describe the results obtained from various

cases considered. The multivariate copula-based detectors,

described in the previous section, were applied to the footstep

data (Section III). The footstep and background signals are

split into non-overlapping frames of 50 samples per sensor.

Although the setup consisted of a linear array of 6 sensors,

the results presented here use L = 4 sensors; the “center”

sensors, i.e., 2nd to 5th sensors are used. In the discussion

that follows, we use receiver operating characteristics (ROCs)

to characterize the detection performance; the ROCs shown

are the average over randomly chosen ensembles of 10 trials.
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Fig. 3. ROC comparing the different MDL-based selection criteria.

Probability of false alarm and probability of detection are de-

noted by PF and PD, respectively. PF and PD are determined

empirically by varying the threshold η.

Fig. 3 shows the ROCs comparing the different selection

criteria discussed in Section V-B. The different selection

criteria are compared using T1(xj) (complete ignorance case)

since modeling of the marginal distributions has no effect

on the copula selection. We observe a slight improvement

in overall detection performance with NML as the selection

criterion. However, at lower PF values SIC is observed to

perform better. Note that these are empirical observations

made on the footstep data. As such, it has been reported that

SIC and NML are superior approaches, especially when used

with nested models [25]. We expect that these methods will

perform better than AIC and BIC when we consider, e.g., a

mixture of copulae. This is a topic for future investigation.

NML also incurs a large computational cost because
∫

|I(φ)|,
in Eq. (24), is evaluated over all possible values of φ. For the

remainder of the section SIC is used as the criterion for copula

selection.

Using SIC for model selection from the copula library, we

compare the performance of the detectors based on Tk(xj)
for each k = 1, 2, 3. Here we observe (Fig 4), as expected,

that the non-parametric modeling of the marginal distribution

gives the best detection performance. The approximate model,

while easier to compute online, has a lower performance. De-

tection by ignoring the marginal information also, expectedly,

performs poorly in comparison.

One of the key components of the multivariate copula

construction was node ordering. The nodes in T1 correspond

to sensor nodes and are ordered using the tail-dependence

criterion, λU (cf. Eq (26)). Recall from Section III that, in

our test-bed setup, sensors are placed as a linear array along

a hallway. This suggests that there exists a natural ordering;

the sensor closest to one end of the hallway can be sensor

1 and neighboring sensors can be successively indexed as 2,
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Fig. 4. ROC comparing the different detectors obtained from different
marginal models. SIC is used for copula selection. CI: Complete Ignorance,
AM: Approximate Modeling, NP: Nonparametric modeling.
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Fig. 5. ROC illustrating the benefit of using λU -based node ordering.

3 and 4. However, we observe that using λU to order the

sensors results in a different ordering. This is most likely due

to the non-homogeneity of the seismic medium, in this case,

the hallway floor. The natural ordering is used to initialize the

node ordering algorithm. The D-vine built using this natural

ordering is labeled as the “Without sensor ordering” case in

Fig. 5. The curve labeled as “With sensor ordering” is the

detection performance corresponding to the D-vine built using

the end result of the node ordering algorithm. We observe

that tail-dependence based ordering gives superior detection

performance.

Constructing a multivariate copula leads to increased system

complexity as well as additional computational effort. Fig. 6

shows that the additional complexity leads to substantial gains

in detection performance when compared to bivariate copula

based detectors. Since the comparative performance depends
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Fig. 6. ROC comparing multivariate copula based detector to various bivariate
copula based detectors. {Sp, Sq} represent sensor pairs for p, q = 1, 2, 3, 4
and p 6= q. The x-axis is on a logarithmic scale to emphasize low PF values.

on the copula function alone, the ROCs are obtained from

detectors that ignore the marginal information.

VII. CONCLUSIONS

In this paper, we have discussed detection schemes that con-

sider multisensor dependence using a copula-based approach.

Our detector is optimal in the Neyman-Pearson sense and we

have shown that accounting for multivariate dependence leads

to significant improvement over a bivariate approach, within

the copula framework. The results have also suggested several

directions of future research. The performance of selection

criteria with a mixture distribution of copula functions would

be an interesting extension to the library based approach.

The architecture considered here also assumes that the raw

sensor readings are sent to a fusion center. A more bandwidth-

conserving, distributed detection [26] approach is more chal-

lenging as copulas for discrete random variables are not well

defined. With respect to constructing a multivariate copula us-

ing D-vines, we considered a tail-dependence based approach

for node ordering based on the heavy-tailed nature of data

collected. Other modality-specific node-ordering approaches

will likely yield better results for different types of signals.
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TABLE I
ARCHIMEDEAN COPULA FUNCTIONS

Copula Generator Function Parametric Form

Clayton 1
φ

(

u−φ − 1
)

(

∑m
i=1 u

−φ
i − 1

)− 1

φ
, φ ∈ [−1,∞)\{0}

Frank − log
exp{−φu}−1
exp{−φ}−1

− 1
φ
log

(

1 +
∏m

i=1
[exp{−φui}−1]

exp{−φ}−1

)

, φ ∈ R\{0}

Gumbel − lnuφ exp

{

−
(
∑m

i=1(− lnui)
φ
)

1

φ

}

, φ ∈ [1,∞)

Independent − lnu
∏m

i=1 ui

APPENDIX

A. Gaussian copula

The Gaussian or normal copula is derived from an m-

variate normal distribution. Dependence is specified using the

correlation matrix, Σ. The Gaussian copula is, thus, defined

as,

CG(u|Σ) = ΦΣ(Φ
−1(u1), . . . ,Φ

−1(um)) (29)

where, ΦΣ denotes the multivariate Normal CDF Φ denotes

the univariate Normal CDF. The Normal copula belongs to the

elliptical family of copulas.

B. Archimedean copulas

Archimedean copulas, describing an m-variate CDF, are

defined as follows,

C(u|α) = Ψ−1

(

m
∑

i=1

Ψ(ui)

)

(30)

where, Ψ(·) is referred to as the generator function and α is the

copula parameter specifying dependence. The Archimedean

copulae considered in this paper are shown in Table I

(see [15]).
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