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D
istributed particle filter (DPF) algorithms are sequential state estimation algorithms that

are executed by a set of agents. Some or all of the agents perform local particle filtering

and interact with other agents in order to calculate a global state estimate. DPF algorithms

are attractive for large-scale, nonlinear, and non-Gaussian distributed estimation problems that

often occur in applications involving agent networks (ANs). In this article, we present a survey,

classification, and comparison of various DPF approaches and algorithms available to date. Our

emphasis is on decentralized ANs that do not include a central processing or control unit.

1 Introduction

Particle filtering is a Monte Carlo approximation of optimal sequential Bayesian state estimation

[1–4]. During the early 1990s, particle filtering turned to a filtering methodology of choice for

nonlinear and non-Gaussian systems. Since then, it has captured the attention of researchers and

practitioners in various fields including signal processing, control, statistics, and econometrics. In

the first decade of this century, a growing interest in ANs promoted intensive research on DPFs. In

many applications of ANs, the physical systems include nonlinear and non-Gaussian elements, and

hence, particle filtering algorithms are a natural choice for sequential signal processing. However,

for a decentralized implementation, substantial modifications and extensions of particle filtering

algorithms are typically required. Because the measurements are dispersed among the agents,

rather than available at one central location, diffusing the locally available information throughout
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(a) (b)

Figure 1: Two examples of DPF applications in ANs: (a) target tracking, (b) chemical plume

tracking. The agents are indicated by circles.

the network or a relevant part thereof is an essential component of DPF algorithms.

A standard application of DPFs in ANs is target tracking [5] (see Figure 1(a)). A noncooperative

target, such as a vehicle, aircraft, person, or animal moves through an area where the AN is

deployed. The target emits a signal that is sensed by the agents, and a DPF estimates (tracks)

time-varying properties of the target such as its position and velocity. A second application example

is the tracking of chemical plumes [5] (see Figure 1(b)). Here, micro aerial vehicles self-organize

into an ad-hoc airborne AN and execute a DPF algorithm to estimate time-varying properties of

the plume such as overall position, size, shape, and velocity.

2 Distributed Estimation in Agent Networks

Some examples of ANs are wireless sensor networks [5], sensor/actuator networks [6], robotic net-

works [7], networks of unmanned aerial vehicles (UAVs) [8], and networks of cameras [9]. Possible

applications of ANs include environmental and agricultural monitoring [10], health-care monitor-

ing [11], target tracking [5], pollution source localization [12], chemical plume tracking [5], and

surveillance [9]. The agents may range from small, inexpensive, battery-powered sensor units

equipped with limited computation and communication capabilities to resource-rich mobile robots

or UAVs capable of performing complex tasks. Each agent contains (some of) the following el-

ements: one or several sensors, communication interface, processing unit, and actuators. The

on-board sensors measure physical quantities such as temperature, pressure, humidity, concentra-

tion of chemicals, distance, velocity, light intensity, vibration amplitude, or received signal power.

The actuator elements allow the agents to act on the environment (e.g., turn on a water sprinkler

to stop a fire) or on themselves (e.g., perform a controlled movement).

In the application context considered in this article, the agents cooperatively estimate certain
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parameters (or states) of the surrounding environment based on their local measurements. They

need to cooperate because their local measurements are usually insufficient for obtaining reliable

estimates. This is where DPF algorithms come into play. Compared to other distributed sequential

estimation algorithms, DPF algorithms typically offer superior performance in nonlinear and non-

Gaussian systems.

For distributed estimation algorithms, communication aspects of the underlying AN are of cen-

tral importance. These aspects concern the communication topology (which agents are connected

by communication links) and the properties of the communication links (data rate, reliability, la-

tency). The communication topology is commonly described by a communication graph, as briefly

discussed in “Communication Graph of an Agent Network.” For simplicity, we will usually assume

the communication links to be error free.

Communication Graph of an Agent Network

The communication topology of an AN can be described by a communication graph G = (V , E) whose vertex

set (or node set) V comprises the agents while each edge (k, k′) ∈ E in the edge set E ⊆ V × V indicates an

undirected communication link between agents k and k′. In the example shown in Figure 2, the vertices are

depicted by circles and the edges by lines connecting these circles.

Figure 2: Example of a communication graph.

The neighborhood of agent k is the set of agents Nk ⊆ V defined as Nk ,
{

k′ ∈ V |(k, k′) ∈ E
}

, i.e.,

comprising those agents that are connected via a communication link to agent k. Usually, these neighboring

agents (or briefly neighbors) are located spatially close to agent k. An AN is said to be connected if its

communication graph is connected, i.e., if there exists at least one path (sequence of consecutive edges)

between any two vertices in the graph. (The graph shown in Figure 2 is connected.) The diameter of the

communication graph is the greatest distance between any two vertices. The distance between two vertices

is defined as the number of edges in a shortest path connecting them. (The diameter of the graph in Figure

2 is 4.)

Most distributed discrete-time sequential estimation algorithms presuppose synchronization,

i.e., the availability of a common clock or time base at each agent, whereas some approaches (e.g.,

[13]) relax this requirement. Various distributed synchronization algorithms have been proposed

[14]. Furthermore, it is usually assumed that the locations of the agents are known. Distributed
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algorithms for agent self-localization, especially for mobile agents, have been proposed, e.g., in [15]

and [16]. Additional aspects influencing the design of distributed estimation algorithms for ANs

include energy constraints (limited battery capacity of the agents), computation constraints (limited

processing power and on-board memory), and communication constraints (limited transmission rate

and range, intermittent connectivity, bit errors, and latency constraints). The algorithms may also

have to meet application-dependent requirements related to operational lifetime, latency/reaction

time, robustness to link and node failure, agent mobility, and scalability. Several of these constraints

and requirements are inherently conflicting and thus lead to design tradeoffs.

3 Sequential Bayesian Estimation

Because DPFs perform a distributed variant of sequential Bayesian estimation, we review the

principles of (centralized) sequential Bayesian estimation [2] first. Consider a time-dependent state

vector xn, n being a discrete time index, that evolves according to the system model

xn = gn(xn−1,un) , n = 1, 2, . . . . (1)

Here, gn(·, ·) is a known, generally nonlinear function and un is white driving noise that is inde-

pendent of the past and present states and whose probability density function (pdf) is known. At

time n, a measurement vector zn is observed, which is related to xn via the measurement model

zn = hn(xn,vn) , n = 1, 2, . . . . (2)

Here, hn(·, ·) is a known, generally nonlinear function and vn is white measurement noise that is

independent of the past and present states and of the driving noise and whose pdf is known. In what

follows, we write z1:n , (z⊤1 · · · z
⊤
n )

⊤ for the vector of all measurements up to time n. Equations (1)

and (2) together with our statistical assumptions determine a probabilistic formulation of the system

model by the state-transition pdf f(xn|xn−1) and of the measurement model by the likelihood

function f(zn|xn), both of which are allowed to be time-varying. From our statistical assumptions, it

also follows that f(xn|xn−1, z1:n−1) = f(xn|xn−1), i.e., the state xn is conditionally independent of

all past measurements, z1:n−1, given the previous state xn−1, and that f(zn|xn, z1:n−1) = f(zn|xn),

i.e., the measurement zn is conditionally independent of all past measurements, z1:n−1, given the

current state xn.

The task we consider is the estimation of the state xn from all measurements up to time n,

z1:n, in a sequential (recursive) manner that reuses previously obtained results. The Bayesian

approach to sequential estimation is to calculate the posterior pdf f(xn|z1:n) (hereafter briefly

termed “posterior”). From f(xn|z1:n), one can then calculate various estimates of xn. For example,
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the minimum mean-square error (MMSE) estimator of xn is obtained as the mean of f(xn|z1:n)

[2, 17]

x̂MMSE
n , E{xn|z1:n} =

∫

xnf(xn|z1:n) dxn , n = 1, 2, . . . . (3)

Based on the above model, it can be shown [2] that the posterior f(xn|z1:n) can be calculated

sequentially from the previous posterior f(xn−1|z1:n−1) and the measurement vector zn, in two

steps. In the prediction step, the “predicted posterior” f(xn|z1:n−1) is calculated from the previous

posterior f(xn−1|z1:n−1) and the state-transition pdf f(xn|xn−1) according to

f(xn|z1:n−1) =

∫

f(xn|xn−1) f(xn−1|z1:n−1) dxn−1 , n = 1, 2, . . . . (4)

In the update step, the predicted posterior f(xn|z1:n−1) is converted to the posterior f(xn|z1:n)

according to

f(xn|z1:n) =
f(zn|xn) f(xn|z1:n−1)

f(zn|z1:n−1)
, n = 1, 2, . . . . (5)

Note that this involves the likelihood function f(zn|xn). The recursion for f(xn|z1:n) established

by (4) and (5) is initialized by f(xn|z1:n)
∣

∣

n=0
= f(x0), i.e., the prior pdf of x0.

A straightforward calculation of relations (3)–(5) is usually infeasible, since an analytical so-

lution is in most cases unavailable and a numerical implementation involves the computation of

multi-dimensional integrals. An important exception is the special case of linear system and mea-

surement models with Gaussian driving and measurement noises and a Gaussian prior f(x0). Here,

the predicted posterior f(xn|z1:n−1) and the posterior f(xn|z1:n) are Gaussian. The Kalman filter

(KF) relations [17,18] can then be used to update the mean vector and covariance matrix of these

pdfs in a recursive manner that is consistent with the general recursion (4), (5), and the updated

mean directly yields the MMSE estimate (3). For nonlinear and non-Gaussian problems, the ex-

tended KF [17,18] is a common suboptimal solution; however, the underlying approximations may

lead to large errors and even divergence. Other suboptimal approaches include the Gaussian sum

filter [19] and the unscented (sigma-point) KF [20]. The latter outperforms the extended KF in

terms of performance and ease of implementation. Yet another class of methods is based on evalu-

ating the pdfs on a grid in the state space [2]. Usually, the choice of an efficient grid is nontrivial,

and a very large number of grid points may be required.

4 Particle Filtering

Particle filters (PFs) [1–4] tend to outperform the above-mentioned methods. They can handle

any nonlinearity and any distributions of the driving and measurement noises, and they work

well in many situations in which KF-based methods diverge. On the other hand, they are more
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computationally complex than the extended KF and the unscented KF, although less complex than

grid-based methods. A PF performs a Monte Carlo simulation-based approximation of optimal

sequential Bayesian estimation in (3)–(5). The non-Gaussian posterior f(xn|z1:n) is represented by

a set
{(

x
(j)
n , w

(j)
n

)}J

j=1
of randomly drawn samples or particles x

(j)
n and corresponding weights w

(j)
n ,

which establishes a discrete approximation of the posterior, f(xn|z1:n) ≈
∑J

j=1w
(j)
n δ(xn − x

(j)
n )

(here, δ(·) denotes the multidimensional Dirac delta function). Using this particle representation,

one can obtain various estimates of xn. In particular, the MMSE estimate (3) is approximated as

x̂MMSE
n ≈ x̂n ,

J
∑

j=1

w(j)
n x(j)

n . (6)

This approximation is accurate if the number of particles x
(j)
n located in regions of significant

probability mass is sufficiently large and if the weights w
(j)
n are calculated appropriately.

At time n, the PF recursively updates the previous particles x
(j)
n−1 and weights w

(j)
n−1 using the

observation zn. More specifically, the particle representation of the posterior is used to approximate

the prediction step (4) and update step (5). This is done by means of importance sampling, whereby

the samples x
(j)
n are randomly drawn from a specified pdf (a so-called proposal pdf) that is different

from the posterior f(xn|z1:n). The prediction step (4) is performed by sampling from a proposal

pdf q(xn|xn−1, zn), thus obtaining particles that are used to approximate the predicted posterior

f(xn|z1:n−1). The update step (5) is performed by computing the particle weights w
(j)
n using

the likelihood function f(zn|xn). In “Generic Particle Filter (SIR Filter) Algorithm,” we present

a generic PF algorithm, also known as the sequential importance resampling (SIR) filter, which

yields an approximation of the MMSE estimate x̂MMSE
n .

Generic Particle Filter (SIR Filter) Algorithm

At time n=0, the algorithm is initialized by J particles x
(j)
0 , j = 1, . . . , J , drawn from the prior pdf f(x0).

The weights are initially equal, i.e., w
(j)
0 = 1/J for all j. At time n≥1, the following steps are performed:

1. Prediction step: For each previous particle x
(j)
n−1, a new particle x

(j)
n is sampled from a suitably chosen

proposal pdf q(xn|x
(j)
n−1, zn) ≡ q(xn|xn−1, zn)

∣

∣

xn−1=x
(j)
n−1

.

2. Update step: Nonnormalized weights associated with the particles x
(j)
n drawn in Step 1 are calculated

according to

w̃(j)
n = w

(j)
n−1

f(zn|x
(j)
n )f(x

(j)
n |x

(j)
n−1)

q(x
(j)
n |x

(j)
n−1, zn)

, j = 1, . . . , J . (7)

The weights are then normalized according to w
(j)
n = w̃

(j)
n /

∑J

j′=1 w̃
(j′)
n . The set of particles and

weights
{(

x
(j)
n , w

(j)
n

)}J

j=1 represents the posterior f(xn|z1:n).

3. Calculation of estimate: From
{(

x
(j)
n , w

(j)
n

)}J

j=1, an approximation of the MMSE state estimate is

computed according to (6), i.e., x̂n =
∑J

j=1 w
(j)
n x

(j)
n .
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4. Resampling: The set
{(

x
(j)
n , w

(j)
n

)}J

j=1 can be resampled if necessary (see, e.g., [2] for indications when

resampling should be performed). The resampled particles are obtained by sampling with replacement

from the set
{

x
(j)
n

}J

j=1, where x
(j)
n is sampled with probability w

(j)
n . This produces J resampled

particles x
(j)
n . The weights are redefined to be identical, i.e., w

(j)
n = 1/J .

From the SIR filter, some well-known PFs can be derived by specific choices of the proposal

pdf and/or modifications of the resampling step. The bootstrap filter [1] uses the state-transition

pdf f(xn|xn−1)—which does not involve the measurement zn—as the proposal pdf and performs

resampling at each time step. The auxiliary PF [2, 21] draws particles jointly with samples of an

additional (“auxiliary”) variable, with the goal of improving the estimation performance. In the

regularized PF [2], resampled particles are drawn from a kernel-based estimate of the posterior that

is derived from the original particles. Further PF variants are obtained through other modifications.

The Gaussian PF [22] approximates the posterior by a Gaussian pdf that is calculated from the

particles. The computations are simplified by the Gaussian approximation, while the particle-based

posterior update still leads to improved performance compared to KF-based methods. In a Rao-

Blackwellized PF [4], some components of the state xn are integrated out analytically. This results

in a reduced dimension of the state space, which allows for a reduction of the number of particles.

For good performance of a PF, the proposal pdf q(xn|xn−1, zn) should be close to the posterior

f(xn|z1:n) [2, 3]. Using the state-transition pdf f(xn|xn−1) as the proposal pdf, as is done in the

bootstrap filter, is simple but does not take the measurement zn into account. Thus, many of

the resulting particles may be located in regions with insignificant likelihood and, thus, posterior.

To incorporate zn into the proposal pdf and obtain particles in regions of high posterior, a pro-

cess known as proposal adaptation can be used. The optimal (adapted) proposal pdf is given by

qopt(xn|xn−1, zn) ∝ f(zn|xn)f(xn|xn−1) followed by normalization [4], which is usually difficult to

compute. Suboptimal adaptation methods use a Gaussian or Gaussian mixture (GM) representa-

tion of the proposal pdf, which is calculated by a simpler nonlinear filter. In particular, a PF whose

proposal pdf is adapted using an unscented KF is referred to as unscented PF [20].

5 Distributed Sequential Bayesian Estimation

In a distributed AN setting, the measurements are dispersed among the agents. Let us consider an

AN consisting of K agents. At time n, agent k ∈ {1, . . . ,K} observes a local measurement vector

zn,k, which is related to the state xn via the local measurement model (cf. (2))

zn,k = hn,k(xn,vn,k) , n = 1, 2, . . . . (8)

7



Here, hn,k(·, ·) is a known, agent-dependent, generally nonlinear function and vn,k is a local mea-

surement noise that is white and independent of the past and present states and of the driving

noise un in (1). The global (all-agents) measurement vector zn in (2) is now given by the collection

of all local measurement vectors in (8), i.e., zn , (z⊤n,1 · · · z
⊤
n,K)⊤. Equation (8) together with our

statistical assumptions determines the local likelihood function f(zn,k|xn) of agent k. In addition,

most methods for distributed sequential Bayesian estimation assume that vn,k is independent of

the local measurement noises of the other agents, vn,k′ for k′ 6= k. This implies that the global

likelihood function f(zn|xn) factorizes into the local likelihood functions, i.e.,

f(zn|xn) =

K
∏

k=1

f(zn,k|xn) . (9)

The goal of distributed sequential estimation is to estimate xn in a sequential manner, based

on the measurements zn′,k of all (or a relevant subset of) agents k for all times n′ up to the

current time n. Preferably, each agent should communicate only with neighboring agents, and the

estimation results should be available at each agent, or at least at a relevant subset of agents. An

important class of algorithms for distributed sequential Bayesian estimation is based on the KF or

its modifications [23–29]. In the linear/Gaussian case, the “information form” of the KF—referred

to as the information filter—is particularly amenable to a distributed implementation [23]. In [24]

and [25], distributed information filters based on consensus algorithms are presented. A diffusion-

based distributed KF is proposed in [26], and a distributed KF using gossip algorithms is developed

in [27]. For nonlinear/non-Gaussian models, distributed versions of the extended KF or unscented

KF are proposed in [23], [28], and [29]. A second large class of distributed algorithms for sequential

Bayesian estimation is given by DPFs [30–66], which are addressed in the remainder of this article.

6 Distributed Particle Filtering

Because PFs tend to outperform KF-based methods for nonlinear/non-Gaussian models, DPFs are

an attractive choice for distributed sequential Bayesian estimation in ANs. To obtain a distributed

PF implementation, some approximations are typically required. Further approximations may be

needed to reduce computation and communication requirements; their impact is studied in [67].

As a result of these approximations, DPFs usually do not perform as well as a centralized PF that

has access to all the measurements. However, avoiding these approximations will usually imply

excessive communication requirements, poor scalability, and practically inconvenient constraints

such as the need for synchronized random generators.

The existing DPF algorithms differ in aspects such as type and amount of the data commu-
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FC

(a) (b) (c)

Figure 3: Inter-agent communications for three classes of DPFs. (a) In an FC-based DPF (here

depicted using multihop communications), local information is transmitted or routed to the FC.

(b) In an LA-based DPF, only a subset of agents (dark gray bullets) are activated in a sequential

manner, with a corresponding sequential communication schedule. (c) In a consensus-based DPF,

all agents are simultaneously active, and each one communicates with neighboring agents.

nicated between the agents, communication range, local processing, computational complexity,

memory requirements, estimation accuracy, robustness, scalability, and latency. As shown in Fig-

ure 3, a basic distinction is between DPFs that employ a central processing unit—referred to as

a fusion center (FC)—and those that operate in a decentralized manner. Although we review

FC-based DPFs in the next section, our focus will be on decentralized DPFs.

Based on the type of the data communicated between the agents, we will discriminate two broad

classes of decentralized DPFs: statistics dissemination-based DPFs, where processed data (repre-

sentations of posteriors or likelihood functions) are exchanged between the agents [34–55,57,60–66],

and measurement dissemination-based DPFs, where raw or quantized measurements are exchanged

[56–59]. A subdivision of the statistics dissemination-based class can be based on the set of agents

that perform particle filtering at any given (continuous) time, with corresponding differences re-

garding agent scheduling and communication topology. Accordingly, we will distinguish between

leader agent (LA)-based DPFs, where at any given time only one agent is in charge of the process-

ing [34–42], and consensus-based DPFs, where all the agents in the network process data simultane-

ously [43–55] (see Figure 3). A taxonomy of DPFs corresponding to these DPF classes plus certain

subclasses is presented in Figure 4. We note that each of the DPF (sub)classes mentioned above

can be further subdivided into DPFs where each agent calculates the posterior of the entire state

vector xn (the vast majority of DPFs presented in this article are of this type) and DPFs where

each agent estimates only a subvector of xn [64, 65] (this is advantageous for a high-dimensional

state vector xn). However, this subclassification is not shown in Figure 4.

Our discussion of specific DPFs will be organized according to the classification depicted in

Figure 4. FC-based DPFs are addressed in the next section, while the four subsequent sections
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[30–33]

[34–39]
[40–42]

[43–46]
[47–52] [53–55]

[56–59]

[57,60–66]

Figure 4: Taxonomy of DPFs.

are dedicated to four classes of decentralized DPFs: LA-based DPFs, consensus-based DPFs, other

statistics dissemination-based DPFs, and measurement dissemination-based DPFs.

7 Fusion Center-based DPFs

In FC-based DPFs [30–33], each agent uses a local PF to convert its own measurement into a local

posterior, which is then transmitted to an FC. The FC computes the final (global) posterior and

the global state estimate. FC-based DPFs are especially interesting when the final estimate needs

to be available only at a single central location, such as in monitoring applications. The commu-

nication requirements can be reduced by using approximate representations of the local posteriors

transmitted from the agents to the FC, such as GM representations [30, 31] or histograms [32]. If

direct communications from the agents to the FC are not feasible due to limited communication

range, multihop communications can be used (see Figure 3(a)). Disadvantages of multihop commu-

nications are the necessity of rebuilding the routing tables each time the network topology changes

(e.g, due to mobility of the agents) and an unevenly distributed energy consumption (since agents

closer to the FC experience heavier traffic).
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An extended form of FC-based DPFs uses a hierarchical communication topology in which

the agents are organized into clusters and the cluster members communicate only with a privileged

agent termed cluster head [33]. Thereby, intracluster communications are limited to short distances

and power is saved. Each cluster head executes a local PF that converts the measurements received

from the cluster members into a local posterior. The local posteriors are transmitted to the FC,

where the global state estimate is calculated.

For completeness, we also mention PF methods for ANs in which raw or quantized measurements

or innovations are transmitted from the agents to the FC, where they are processed by a centralized

PF. Since the agents do not perform any particle filtering operations, these methods cannot be

considered as DPFs. In the so-called channel-aware PFs [68], quantized local measurements are

transmitted from the agents to the FC. The statistics of the channel imperfections (noise, fading)

are taken into account by the PF algorithm executed at the FC. This results in an increased

robustness to nonideal communication channels. The transmission of quantized measurements

underlies also the PFs proposed in [69–71]. In [69], binary measurements are transmitted over a

noisy channel, and an auxiliary PF or a cost-reference PF is used at the FC. In [71], a PF algorithm

for processing quantized measurements is developed, and a scheme for agent selection is proposed.

In order to reduce the communication requirements and energy consumption, only measurements

of the most informative agents are transmitted to the FC. In [72] and [73], quantized innovations

(i.e., differences between the true measurements and predicted measurements) are transmitted.

8 LA-based DPFs

The remainder of this article is dedicated to decentralized DPFs. Following the classification

in Figure 4, we first consider the class of statistics dissemination-based DPFs, i.e., DPFs where

processed data such as representations of posteriors or of likelihood functions are exchanged between

the agents. We will directly discuss the three subclasses of the class of statistics dissemination-based

DPFs, starting with the subclass of LA-based DPFs.

8.1 Basic Principles

In LA-based DPFs, information accumulates along a path formed by a sequence of adjacent agents.

The agent that is currently active (the LA) performs particle filtering and stores a particle repre-

sentation of the most up-to-date posterior.

One can distinguish two types of LA-based DPFs. In the single LA case [34–39], there is only

a single LA during the continuous-time interval corresponding to a given discrete time step n, as

depicted in Figure 5(a). This LA performs one PF recursion using its own measurement at time n
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time n−1

time n

time n+1

(a)

time n−1

time n

time n+1

(b)

Figure 5: Two types of LA-based DPFs. (a) Single LA case: only one LA is active at each discrete

time step n. Black arrows indicate transmissions of posteriors between consecutive LAs. Dotted

colored arrows indicate transmissions of measurements from neighboring agents to the current LA,

with different colors indicating different time steps. (b) AC case: multiple LAs (constituting an

AC) are activated sequentially during the time interval corresponding to a discrete time step n.

Colored arrows indicate transmissions of partial posteriors between consecutive LAs of an AC,

with different colors indicating different ACs (or time steps). Black arrows indicate transmissions

of posteriors from the last LA of a given AC to the first LA of the next AC.

and, possibly, the measurements of neighboring agents at time n. The LA then selects a new LA

for time step n+1, which performs again one PF recursion using the measurements at time n+1,

and so on. Unless the current LA selects itself as the new LA, the posterior is transmitted from

the current LA to the new LA. Thus, since the posterior involves also past measurements, each LA

performs its PF recursion based on all the information accumulated so far.

In the aggregation chain (AC) case [40–42] depicted in Figure 5(b), multiple LAs constituting

an AC are activated sequentially during the time interval corresponding to a discrete time step

n. They process only their own local measurements observed at time n, not any measurements

from neighboring agents. A given LA of the nth AC receives from the previous LA a partial

posterior, selects the next LA, and transmits to it an improved partial posterior that incorporates

the own local measurement. The last LA of the nth AC thus obtains a posterior that reflects the

measurements of all the LAs of the nth AC (as well as the measurements of all previous ACs). The

last LA then selects the first LA of the (n+1)th AC and transmits to it its posterior, and the whole

process is repeated. Since no measurements are actually transmitted, this scheme is particularly

suited to settings with high-dimensional measurements (e.g., in camera networks). The two types

of single LA DPFs and AC DPFs will be considered in more detail in later subsections.

In certain applications, most notably the tracking of multiple targets, multiple instances of an

LA-based DPF can be performed in one AN: for each target, one LA-based DPF is executed by
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agents located close to the target. However, if two or more targets are close to each other, there

may also be only one LA-based DPF tracking more than one target.

In both the single LA case and the AC case, the current LA selects the next LA from among

its neighbors, using a local on-line scheduling algorithm. Thus, the LA path through the AN is

constructed dynamically and adaptively, without any central control. The selection of the LAs

has a significant impact on the estimation performance and energy costs [74]. Ideally, the new LA

should be the neighboring agent with the most informative measurement (possibly considering also

the measurements of the neighbors of the candidate agents). However, to avoid transmissions from

candidate agents, the current LA typically makes its selection without knowing the measurements

of the candidate agents, based only on its prior knowledge about the candidate agents, e.g., their

positions or measurement models, and its knowledge of the current posterior, which summarizes

all the information about the state available so far. For the selection of the new LA based on this

limited knowledge, various optimality criteria and metrics have been proposed, including entropy

[38], mutual information [75], the Cramér-Rao lower bound [76, 77], and the predicted estimation

error [78]. Furthermore, numerically efficient Monte Carlo computation methods for sensor selection

have been described [38,76,77].

The handover of the (partial) posterior from one LA to the next can be a communication-

intensive task, especially for a high-dimensional state vector xn. The communication requirements

can be reduced by transmitting an approximate representation of the (partial) posterior. The

choice of such a representation affects the kind of processing performed by the LAs as well as the

estimation performance. Clearly, there is a tradeoff between estimation performance and savings

in communication. A straightforward approach is to transmit the particles and weights represent-

ing the (partial) posterior [34]. However, this tends to result in prohibitively high communication

requirements, even if an adapted proposal pdf is used to get by with a smaller number of particles

and weights. Lower communication requirements are obtained by transmitting only a subset of

particles with the largest weights, or by performing a more sophisticated compression of the par-

ticle representation [35]. An alternative approach, which typically results in significantly smaller

communication requirements, is to transmit the parameters of a GM approximation of the (par-

tial) posterior [38, 40, 41]. These parameters can be derived from a particle representation of the

(partial) posterior by means of the expectation-maximization (EM) algorithm [79] or k-means clus-

tering [41]. At the receiving agent, sampling from the GM yields a particle representation that is

approximately equivalent to the particle representation at the transmitting agent.
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8.2 Single LA DPFs

We will now provide more detailed algorithmic descriptions of LA-based DPFs. A step-by-step

statement of the single LA DPF algorithm is as follows:

1. At the beginning of (the continuous-time interval corresponding to) time step n, the current

LA k receives from the previous LA—which was active at time (n−1)—a representation of

the previous posterior f(xn−1|z1:n−1), as well as measurements zn,k′ from a subset of agents

k′ (e.g., k′ ∈ Nk). If the received representation of f(xn−1|z1:n−1) is not already a particle

representation
{(

x
(j)
n−1, w

(j)
n−1

)}

J
j=1 (e.g., if it is a GM representation), the LA randomly draws

particles x
(j)
n−1 from the received representation and sets their weights to w

(j)
n−1 = 1/J .

2. Using the particles x
(j)
n−1 and weights w

(j)
n−1, the measurements zn,k′ received from the other

agents, and its own measurement zn,k, the LA performs a PF recursion to calculate new parti-

cles x
(j)
n and their weights w

(j)
n . These represent the new posterior f(xn|z1:n). The PF recur-

sion is identical to Steps 1, 2, and 4 of “Generic Particle Filter (SIR Filter) Algorithm,” except

that the likelihood function used in Step 2, f(zn|xn), is replaced by f
(

{zn,k′}k′∈Nk

, zn,k
∣

∣xn

)

.

3. The LA selects the next LA, which is going to be active at time step n+1.

4. The LA transmits to the next LA a representation of the new posterior f(xn|z1:n). This repre-

sentation is either directly given by the particles x
(j)
n and weights w

(j)
n (possibly compressed),

or it is constructed from them (e.g., a GM representation).

Single LA DPFs are proposed in [34–39]. The transmission of an uncompressed particle repre-

sentation of the posterior is considered in [34], while a lossless compression of the particle represen-

tation is proposed in [35] and [36]. A lossy compression scheme is proposed and analyzed in [35–37].

This scheme produces a GM approximation of the posterior; the tradeoff between estimation per-

formance and savings in communication can be controlled adaptively by adjusting the number of

Gaussian components. A theoretical analysis of the impact of posterior compression on the per-

formance of single LA DPFs is provided in [67]. In the DPFs presented in [35–38], apart from the

posterior compression, the PF operations performed by the LAs equal those of a centralized PF.

On the other hand, in [39], assuming a target tracking scenario, the PF operations performed by

the LAs are modified to allow for joint tracking and classification of multiple targets.

8.3 AC DPFs

In the following algorithmic statement of AC DPFs, the LAs constituting the AC at time step

n are indexed using an index-mapping function k(i), which maps a local index i ∈ {1, . . . ,Kn}
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(indicating the position of a given agent within the AC) to the global index k (which is unique for

each agent in the entire network). Here, Kn denotes the number of agents constituting the nth AC.

Furthermore, we denote by k(1: i0) the set of LAs of the AC with local indices i ∈ {1, 2, . . . , i0}.

Each LA within the nth AC performs the following steps, with certain differences applying to

the first LA, k(1), and the last LA, k(Kn), as noted.

1. LA k(i) receives a representation of the partial posterior f(xn|z1:n−1, zn,k(1: i−1)) from the

previous LA k(i− 1). Here, zn,k(1: i−1) denotes the current measurements (at time n) of LAs

k(1), k(2), . . . , k(i − 1). Thus, the condition (z1:n−1, zn,k(1: i−1)) of f(xn|z1:n−1, zn,k(1: i−1))

comprises the measurements of all LAs that have been active so far: those of the LAs of all

previous ACs (i.e., z1:n−1) and those of the LAs of the current AC up to LA k(i − 1) (i.e.,

zn,k(1: i−1)). If the received representation of f(xn|z1:n−1, zn,k(1: i−1)) is not already a particle

representation
{(

x
(j)
n , w

(j)
n,k(i−1)

)}

J
j=1, LA k(i) randomly draws particles x

(j)
n from the received

representation and sets their weights to w
(j)
n,k(i−1) = 1/J . The first LA, k(1), is different in

that it receives a representation of the predicted posterior f(xn|z1:n−1) from the last LA of

the previous ((n−1)th) AC.

2. Using the particles x
(j)
n , the weights w

(j)
n,k(i−1), and its own measurement zn,k(i), LA k(i)

performs a partial update step to calculate local weights w
(j)
n,k(i) ∝ f(zn,k(i)|x

(j)
n ) (cf. Step

2 of “Generic Particle Filter (SIR Filter) Algorithm”). The particles x
(j)
n together with

the weights w
(j)
n,k(i) represent the new partial posterior f(xn|z1:n−1, zn,k(1: i)). The last LA,

k(Kn), is different in that it performs a prediction step in addition to the partial update step.

This produces predicted particles x
(j)
n+1 representing the predicted posterior f(xn+1|z1:n). The

predicted particles are sampled from a (possibly adapted) proposal pdf (cf. Step 1 of “Generic

Particle Filter (SIR Filter) Algorithm”).

3. LA k(i) selects the next LA, k(i + 1). The last LA, k(Kn), is different in that it selects the

first LA of the (n+1)th AC. (Note that the first LA of the (n+1)th AC may be identical to

the last LA of the nth AC.)

4. LA k(i) transmits to the next LA k(i + 1) a representation of the new partial posterior

f(xn|z1:n−1, zn,k(1: i)), which is given by the particles x
(j)
n and weights w

(j)
n,k(i) (possibly com-

pressed) or is constructed from them (e.g., a GM representation). The last LA, k(Kn), is

different in that it transmits to the first LA of the (n+ 1)th AC a representation of the pre-

dicted posterior f(xn+1|z1:n). This transmission can be avoided if the first LA of the (n+1)th

AC is identical to the last LA of the nth AC.
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Thus, whereas in single LA DPFs each LA performs both the update and prediction steps of a

PF recursion, in AC DPFs the LAs inside an AC perform only the update step, which serves to

incorporate their local measurements into the partial posterior; only the last LA of the AC performs

also the prediction step. In fact, the operation of an entire AC can be viewed as one PF recursion,

with the update step implemented in a sequential manner by the LAs of the AC.

AC DPFs are proposed in [40–42]. In these schemes, the partial posteriors are transmitted

between successive LAs via GM approximations, which are derived from the LA-internal particle

representations by means of the EM algorithm [40,42] or k-means clustering [41].

9 Consensus-based DPFs

With consensus-based DPFs, all agents perform particle filtering simultaneously and possess a par-

ticle representation of a posterior. Ideally, this posterior is the global posterior f(xn|z1:n) reflecting

the current and past measurements of all agents, z1:n. This goal is achieved or, at least, approached

by a decentralized consensus algorithm that establishes an agreement on certain global quantities

across all agents. These quantities are then used by each agent to establish a local approximate par-

ticle representation of the global posterior f(xn|z1:n). A short summary of consensus algorithms

is given in “Consensus Algorithms.” The use of consensus algorithms implies that each agent

transmits certain quantities to a set of neighboring agents. This is different from the sequential

communication structure used by LA-based DPFs, as visualized in Figure 3.

Consensus Algorithms

Consensus algorithms are effective tools for distributed computations [80, 81]. A special type of consensus

algorithms is constituted by gossip algorithms [82, 83]. In the context of ANs, “consensus” means a global

agreement on some quantity that depends on the data of all agents, and a “consensus algorithm” specifies

the corresponding information exchange between neighboring agents and the computations performed by

each agent. Consensus algorithms are iterative schemes that diffuse information through the network and,

usually, reach a global agreement only asymptotically. The differences between the values at the individual

agents after a finite number of iterations depends on the number of iterations, the size and topology of the

network, and the particular consensus algorithm. The convergence of consensus algorithms is studied in [84]

and, in the presence of random interagent link failures and data quantization, in [85]. Consensus algorithms

are advantageous in that there is no bottleneck or single point of failure, and the algorithms are robust to

changing network topologies and unreliable network conditions such as link failures.

Three consensus algorithms frequently used in DPFs are the average consensus, the randomized gos-

sip, and the max-consensus. Consider a connected AN where each agent k ∈ {1, . . . , K} possesses a

scalar quantity sk. The goal is a distributed calculation of either the average 1
K

∑K

k=1 sk or the maxi-

mum maxk∈{1,...,K}{sk}, such that the result is available at each agent. In the three types of consensus

algorithms, at each iteration i, each agent updates an “internal state” ζk using the internal states of a set of

neighboring agents. The operations performed by agent k are given by the following unified description:
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1. Initialize the internal state as ζ
(0)
k = sk.

2. For i = 1, 2, . . . , update the internal state according to ζ
(i)
k = u

(

ζ
(i−1)
k , {ζ

(i−1)
k′ }

k′∈Nk

)

, where u(·) is a

state-update function that combines the previous internal state ζ
(i−1)
k and the previous internal states

of all neighboring agents {ζ
(i−1)
k′ }

k′∈Nk
. Then, broadcast ζ

(i)
k to all neighbors k′∈Nk.

The state-update function u(·) depends on the type of consensus algorithm:

• Average consensus : u
(

ζ
(i)
k , {ζ

(i)
k′ }k′∈Nk

)

= ω
(i)
k,k ζ

(i)
k +

∑

k′∈Nk
ω
(i)
k,k′ ζ

(i)
k′ , where the ω

(i)
k,k′ are weights

whose choice is discussed, e.g., in [80], [81], and [86]. Thus, the new internal state is a linear combina-

tion of the previous internal state and the previous internal states of the neighbors. For i → ∞, each

internal state ζ
(i)
k converges to the average of the sk over all agents k.

• Randomized gossip: u
(

ζ
(i)
k , {ζ

(i)
k′ }k′∈Nk

)

= 1
2 ζ

(i)
k + 1

2 ζ
(i)

k̃
, where k̃∈Nk is a randomly selected neighbor

of agent k. Again, the internal states ζ
(i)
k converge asymptotically to the average of the sk over all

agents k.

• Max-consensus : u
(

ζ
(i)
k , {ζ

(i)
k′ }k′∈Nk

)

= max
{

ζ
(i)
k , {ζ

(i)
k′ }k′∈Nk

}

. Here, each internal state ζ
(i)
k becomes

the maximum of all sk after a finite number of iterations that does not exceed the diameter of the

communication graph [44]. The min-consensus algorithm is analogous, with obvious modifications.

The use of consensus algorithms in DPFs has become popular in recent years, due to the

following advantages. Consensus algorithms require only local communications between neighboring

agents. They do not require routing protocols or global knowledge about the network. Each agent

is in possession of the global estimate (this is important in sensor/actuator and robotic ANs where

the agents perform some action based on the obtained estimate). Consensus-based DPFs are

robust to changes in the network topology and to link failures, and thus suitable for networks

with mobile agents. They are also robust to agent failures, since the posterior is available at each

agent. On the other hand, a disadvantage is the (generally) higher communication requirements

of consensus-based DPFs compared to LA-based DPFs. Furthermore, the number of consensus

iterations needed to diffuse local information through the AN increases with the size of the AN.

This may be a problem in real-time applications.

The various consensus-based DPFs differ in the nature of the quantities computed via consensus

algorithms. We consider the following types of quantities in the next three subsections: particle

weights, parameters of the posterior, and parameters of the global likelihood function.

9.1 Consensus-based Calculation of Particle Weights

The DPFs proposed in [43–46] perform a distributed computation of global particle weights w
(j)
n

(reflecting the measurements of all agents) from local weights w
(j)
n,k (each reflecting only the mea-

surement of the respective agent k). For each weight w
(j)
n , j ∈ {1, . . . , J}, one consensus algorithm

for computing an average is executed. This approach presupposes that identical sets of particles
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{

x
(j)
n

}J

j=1
are sampled at each agent. This, in turn, requires that the local random number gener-

ators at the agents are synchronized—such that the same pseudo-random numbers are obtained in

the entire network—and that identical particle representations
{(

x
(j)
n−1 , w

(j)
n−1

)}J

j=1
of the previous

global posterior f(xn−1|z1:n−1) are available at each agent.

The consensus-based calculation of the global weights is based on the factorization (9) of the

global likelihood function f(zn|xn). Using (9) in (7), it is seen that the jth global weight w
(j)
n is

proportional to the product of the local likelihood functions evaluated at x
(j)
n :

w(j)
n ∝ w̃(j)

n = f(zn|x
(j)
n ) =

K
∏

k=1

f(zn,k|x
(j)
n ) , j ∈ {1, . . . , J} . (10)

Here, we disregarded the factors f(x
(j)
n |x

(j)
n−1), q(x

(j)
n |x

(j)
n−1, zn), and w

(j)
n−1 occurring in (7) because

they are locally available at each agent as explained in [44] (in particular, q(x
(j)
n |x

(j)
n−1, zn) can be

obtained using a distributed proposal adaptation scheme). Taking the logarithm of (10) yields

log(w̃(j)
n ) =

K
∑

k=1

log f(zn,k|x
(j)
n ) , j ∈ {1, . . . , J} . (11)

This sum over all agents k can be computed in a distributed way by means of a consensus algorithm.

Each agent locally computes log f(zn,k|x
(j)
n ) (by assumption, x

(j)
n is identical at all agents). Then,

for each particle x
(j)
n , j ∈ {1, . . . , J}, one consensus algorithm is executed to calculate an approx-

imation Ã(zn,x
(j)
n ) of the average A(zn,x

(j)
n ) , 1

K

∑K
k=1 log f(zn,k|x

(j)
n ). (Since a finite number of

consensus iterations is used, only an approximation of A(zn,x
(j)
n ) is obtained.) Due to (11), we

have KA(zn,x
(j)
n ) = log(w̃

(j)
n ) and therefore also KÃ(zn,x

(j)
n ) ≈ log(w̃

(j)
n ) and further

exp
(

KÃ(zn,x
(j)
n )
)

≈ w̃(j)
n , j ∈ {1, . . . , J} .

Such an approximation of w̃
(j)
n is obtained at each agent. (Note that K has to be known to each

agent. This information may be provided beforehand, or a distributed algorithm for counting

the number of agents may be used [87].) Next, approximations of the global weights w
(j)
n are

derived from the above approximations of the w̃
(j)
n by normalization, based on the relation w

(j)
n =

w̃
(j)
n

/
∑J

j′=1 w̃
(j′)
n . The resulting approximate global weights will differ slightly at different agents

because only a finite number of consensus iterations has been performed. To obtain identical

weights, max-consensus (or min-consensus) algorithms can be used across the agents; this produces

at each agent the maximum (or minimum) of the weights of all agents. One max-consensus is used

for each w
(j)
n , j ∈ {1, . . . , J}. Having identical sets of weights at all agents ensures that identical

particles will be sampled.

If errors caused by the consensus algorithms are neglected, this DPF scheme achieves the same

estimation performance as a centralized PF. Furthermore, no parametric approximation of the
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posterior is required. On the other hand, the communication requirements of these “nonparametric”

DPFs are quite high, since for each particle one average-computing consensus algorithm and one

max-consensus algorithm are executed at each time step n, and the number of particles can be

as high as several thousand. To reduce the number of particles, and hence the communication

requirements, the DPF presented in [44] uses an adapted proposal pdf, which is computed by

a distributed scheme based on set intersections and implemented via max- and min-consensus

algorithms. In [43], a distributed auxiliary PF is proposed. For distributed weight calculation, a

modification of randomized gossip known as selective gossip [88] is used. Here, the communication

requirements are reduced by transmitting only information about the largest weights. In [45],

two algorithms for distributed weight computation—broadcast gossip [82] and belief propagation

[89]—are investigated and compared. In [46], to ensure identical sets of weights at all agents, a

quantization scheme combined with a min-consensus strategy is introduced as an alternative to

using max-consensus algorithms.

9.2 Consensus-based Calculation of Posterior Parameters

In the DPFs proposed in [47–52], the global posterior f(xn|z1:n) is approximated by a Gaussian

or GM pdf. A similar parametric approximation is used for the local posteriors f(xn|z1:n−1, zn,k)

incorporating the past measurements of all agents, z1:n−1, and the current local measurement of

agent k, zn,k. The parameters of the global posterior are calculated from the parameters of the

local posteriors in a distributed manner using consensus algorithms.

In [47] and [50–52], Gaussian representations are used. Each agent first calculates a particle

representation
{(

x
(j)
n,k , w

(j)
n,k

)}J

j=1
of the local posterior f(xn|z1:n−1, zn,k) ∝ f(zn,k|xn)f(xn|z1:n−1)

via a PF prediction step using a local proposal pdf q(xn|xn−1, zn,k) and a local PF update step in-

volving the local likelihood function f(zn,k|xn). Then, a Gaussian approximation N (xn;µn,k,Cn,k)

of the local posterior is calculated from the particle representation
{(

x
(j)
n,k , w

(j)
n,k

)}J

j=1
according to

µn,k =
J
∑

j=1

w
(j)
n,k

x
(j)
n,k

, Cn,k =
J
∑

j=1

w
(j)
n,k

x
(j)
n,k

x
(j)⊤
n,k

− µn,kµ
⊤
n,k .

Finally, the local parameters µn,k and Cn,k for k ∈ {1, . . . ,K} are fused into the parameters of the

Gaussian approximation N (xn;µn,Cn) of the global posterior f(xn|z1:n) by means of a consensus-

based fusion rule, and the MMSE state estimate is obtained at agent k as x̂n,k = µn. The DPF

proposed in [47] is a distributed SIR filter that uses the state-transition pdf f(xn|xn−1) as the

local proposal pdf. The global posterior parameters are calculated as the averages of the local

parameters; this simple fusion rule is suboptimal but allows a straightforward application of the
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average consensus algorithm. The DPF proposed in [50] is a distributed auxiliary PF that employs

a fusion rule based on the product of Gaussians [90]. This rule requires a “predistortion” of each

local posterior using the power fK(zn,k|xn) instead of the local likelihood function f(zn,k|xn) in

the local PF update step. The fusion rule employed by the DPF described in [52] is based on a

rule previously proposed in [91]. The local proposal pdf is obtained at each agent by means of an

unscented KF. The DPF in [51] uses a fusion rule that is based on the rule proposed in [80]. Only a

single consensus iteration is executed at each time n; this reduces the communications and latency

at the cost of a potential performance loss due to the limited diffusion of local information.

In [48] and [49], GM representations are used. In [48], an EM algorithm is executed at each agent

to calculate the local GM parameters. The global GM parameters are then obtained as averages

of the local GM parameters; this simple but suboptimal fusion rule (cf. [47]) is implemented by

average consensus algorithms. In [49], a distributed EM scheme using consensus algorithms is

proposed for deriving the global GM parameters directly from the local particle representations.

9.3 Consensus-based Calculation of Likelihood Parameters

The DPFs presented in the previous two subsections employ consensus algorithms to fuse approxi-

mate local posteriors (described either by particle representations or by parametric representations)

into an approximate global posterior f(xn|z1:n). We now discuss DPFs in which consensus algo-

rithms are used to compute the global likelihood function (GLF) f(zn|xn) rather than the posterior

f(xn|z1:n) [53–55]. The GLF—or, at least, an approximation—is obtained at each agent as a func-

tion of xn. This allows each agent to evaluate the GLF at the particles x
(j)
n , which is required for

calculating the weights w
(j)
n in the PF update step (7). Therefore, each agent is able to locally run

a PF that is equivalent to a global PF because it uses the GLF and calculates a global estimate

involving the all-agents measurement vector zn. The local PFs operate independently of each other

(only the GLF is computed cooperatively), so that a synchronization of random number generators

is not required. The global estimates obtained at the individual agents may differ slightly due to the

nonsynchronized local random generators and errors caused by insufficiently converged consensus

algorithms.

A consensus-based computation of the GLF is always possible if there exists a sufficient statistic

with a special structure [53]. In fact, for any sufficient statistic tn(zn), the Neyman-Fisher fac-

torization theorem [17] states that the GLF can be written as f(zn|xn) = f1(zn) f2
(

tn(zn),xn

)

.

Hence, tn(zn) summarizes the measurement zn in that an agent that knows tn(zn) and the function

f2(·, ·) is able to evaluate the GLF f(zn|xn) for any value of xn, up to an irrelevant factor f1(zn).
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Suppose now that tn(zn) has the following additive structure:

tn(zn) =

K
∑

k=1

ηn,k(zn,k) , (12)

with arbitrary functions ηn,k(·), and that agent k knows its own function ηn,k(·) but not the

functions ηn,k′(·), k
′ 6= k associated with the other agents. Based on expression (12), consensus

algorithms can be used for a distributed calculation of tn(zn) and, thus, of the GLF f(zn|xn).

If the GLF does not have the structure considered above, a consensus-based approximate cal-

culation of the GLF is enabled by the likelihood consensus (LC) proposed in [53] and [54]. The

LC is based on the GLF factorization (9), which presupposes that the measurement noises vn,k at

different agents (cf. (8)) are statistically independent. Taking the logarithm of (9) yields

log f(zn|xn) =
K
∑

k=1

log f(zn,k|xn) . (13)

A direct consensus-based calculation of this sum is not possible in general because the local log-

likelihood functions log f(zn,k|xn) depend on the unknown state xn. The LC therefore uses the

following approximate (finite-order) basis expansions:

log f(zn,k|xn) ≈
R
∑

r=1

αn,k,r(zn,k)ϕn,r(xn) , k = 1, . . . ,K . (14)

Here, the expansion coefficients αn,k,r(zn,k) contain all agent-local information (including the local

measurement zn,k); the ϕn,r(xn) are fixed, agent-independent basis functions that are assumed to

be known to all agents; and R is the order of the basis expansion. Inserting (14) into (13) and

exponentiating yields the following approximation of the GLF:

f(zn|xn) ≈ exp

(

R
∑

r=1

an,r(zn)ϕn,r(xn)

)

, with an,r(zn) ,

K
∑

k=1

αn,k,r(zn,k) .

Thus, an agent that knows the coefficients an,r(zn) is able to evaluate an approximation of the GLF

f(zn|xn) for all values of xn. Furthermore, each an,r(zn) is given by a sum over all agents, in which

the term αn,k,r(zn,k) associated with the kth agent depends only on the local measurement zn,k.

Thus, the an,r(zn) can be computed in a distributed manner via consensus algorithms. Specializa-

tions of the LC to local likelihood functions belonging to the exponential family of distributions

and to additive Gaussian measurement noise are described in [53].

The LC is used in [53] to implement distributed versions of the SIR filter and the Gaussian PF.

A reduction of communication requirements and latency can be achieved by the use of a modified

consensus algorithm with a single iteration per time step n [55]. An extension of LC-based DPFs

with a consensus-based distributed proposal adaptation is presented in [54].
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10 Other Statistics Dissemination-based DPFs

Some statistics dissemination-based DPF algorithms [57, 60–66] do not fit into the classes of LA-

based and consensus-based DPFs. In the DPFs presented in [60] and [61], the agents act as particles

in that their positions represent candidate positions of a tracked target. Propagation of the particles

is performed through activation of appropriate neighboring agents. In the DPFs proposed in [62]

and [63], local posteriors computed at the individual agents are combined using channel filters.

These filters track and remove the common past information—resulting from the common driving

noise in the system model and from previous communications between neighboring agents—from the

transmitted local posteriors so that only new information is updated at each agent. In these DPFs,

it is not guaranteed that the local information is diffused through the entire network. Furthermore,

a tree-structured communication topology is required. In [64] and [65], DPFs particularly suited

to high-dimensional state vectors xn are presented. Each agent estimates only a subvector of

xn, which results in local PFs with reduced complexity. The information communicated between

neighboring agents is given by particles and weights together with auxiliary information [64] or by

local estimates and corresponding covariance matrices [65].

In [57], a DPF based on an approximate parametric representation of the GLF is proposed. The

GLF is assumed to factorize as given in (9). The parametric GLF representation is constructed

sequentially along a path that traverses the entire network from agent 1 to agent K. Agent k receives

from the previous agent k − 1 a parametric approximation of the product of the local likelihood

functions of agents 1 through k − 1. Next, agent k calculates a new parametric approximation

incorporating its own local likelihood function as described in [57] and transmits it to agent k+ 1,

which incorporates its own local likelihood function, and so on. Eventually, the last agent in the

path obtains a parametric approximation of the GLF. The corresponding parameters are then

transmitted back to all agents, where they are used for the update steps of local PFs. Thus, each

agent obtains a global posterior and, consequently, a global estimate. Note that this is a difference

from the LA-based DPFs discussed earlier.

In the DPF proposed in [66], each agent broadcasts parametric approximations of local likelihood

functions to all other agents and then, based on the received parameters, computes an approxima-

tion of the global posterior using a local PF. Unlike in the DPFs presented so far, the variances of

the local measurement noises do not need to be known a priori. In addition to estimating the state

vector xn, the agents also estimate their local measurement models.
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11 Measurement Dissemination-based DPFs

Measurement dissemination-based DPFs [56–59] are an alternative to the statistics dissemination-

based DPFs presented in the previous sections. In these DPFs, each agent transmits to its neighbors

its own measurement and measurements previously received from other agents. This is repeated

until the measurements are disseminated through the entire network or a relevant part thereof. Each

agent then acts like an FC in that it processes all the available measurements using a local PF. To

reduce the communication requirements, the measurements are either quantized [57] (possibly using

only a single bit [59]) or only the most relevant measurements are transmitted [56]. Because the

communication requirements tend to grow with the dimension of the measurements, these DPFs

are best suited to scenarios with low-dimensional measurements.

In the DPF proposed in [57], quantized measurements are transmitted from each agent to all

other agents along a single communication chain that contains all the agents. The measurements are

quantized locally using an adaptive quantizer that is trained using predicted particles and locally

generated predictions of the measurements of all agents. Since all local random generators are

synchronized, all agents generate the same predicted particles and predicted measurements. Hence,

the local quantizers at each agent are identical and there is no need to transmit the quantization

levels. In [59], two DPF schemes using agents equipped with directional sensors are proposed for

a target tracking problem. In the first scheme, each agent broadcasts to its neighbors a binary

value that indicates whether that agent detected the target. The neighbors then broadcast this

information to their neighbors, etc. Once an agent knows the binary decisions of all other agents,

it executes one recursion of a local PF. In the second DPF scheme, only one agent—located close

to the current target position—is used at any given time n to perform the particle filtering. Here,

the number of binary values that is broadcast is smaller because the information need not be

disseminated through the entire network. Once the agent that performs particle filtering obtains

the binary decisions of all other agents, it calculates an approximation of the global posterior. When

the target moves, a new agent close to the new target position is selected for particle filtering. Unlike

in LA-based DPFs, where the posterior is transmitted, only the old estimate x̂n−1 is transmitted

to the new agent. The new agent then samples particles from f(xn|x̂n−1).

12 Numerical Study

We present simulation results for a simple target tracking application. Our goal is to demonstrate

basic principles, aspects, and effects of DPF operation and performance, but not to provide a

comprehensive comparison of the performance of existing DPFs. Such a comparison is beyond
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the scope of our treatment because the performance assessment of any specific DPF algorithm

is strongly dependent on the application, scenario, system parameters, and performance criteria.

Therefore, while the simulated DPFs reflect important characteristics of broad DPF classes, they

are not identical to specific DPFs proposed in the literature.

12.1 A Target Tracking Example

We consider a single target that moves in the x-y plane (cf. Figure 1(a)) and is represented by the

state vector xn , (xn yn ẋn ẏn)
⊤ containing the target’s two-dimensional position and velocity.

The state vector evolves according to (cf. (1)) xn = Gxn−1 +Wun, n = 1, 2, . . . , where (cf. [22])

G =











1 0 1 0
0 1 0 1
0 0 1 0
0 0 0 1











, W =











0.5 0
0 0.5
1 0
0 1











;

furthermore, un ∼N (02, σ
2
uI2) is Gaussian driving noise, with un and un′ independent unless n=n′

and un independent of xn′ for all n′. This model is commonly used for target tracking (e.g., [22], [44],

and [69]). We choose the driving noise variance as σ2
u = 0.00035, and the prior pdf of the target

state as f(x0) = N (µ0,C0) with µ0 = (4 4 0.05 0.05)⊤ and C0 = diag{2, 2, 0.001, 0.001}.

The target emits an acoustic or radio signal with a known, constant transmit power A. At

the position of agent k, denoted ξk , the received power is modeled as A/‖ρ(xn)− ξk‖
κ, where

ρ(xn), (xn yn)
⊤ is the target position and κ is the path loss exponent (see, e.g., [69]). The agent

positions ξk and path loss exponent κ are constant with respect to time and known. The (scalar)

measurement zn,k acquired by agent k at time n is then given by

zn,k = hk(xn) + vn,k , with hk(xn) =
A

‖ρ(xn)− ξk‖
κ , (15)

where vn,k denotes measurement noise. We assume that the vn,k are Gaussian with zero mean and

equal variance σ2
v , i.e., vn,k ∼ N (0, σ2

v); that vn,k and vn′,k′ are independent unless (n, k) = (n′, k′);

and that the vn,k are independent of xn′ and un′ for all n′. This measurement model is a special case

of (8). Note that zn,k does not depend on the velocities ẋn and ẏn. The local likelihood function

f(zn,k|xn) follows as N
(

hk(xn), σ
2
v

)

, with hk(xn) given by (15). Because the vn,k are independent,

the factorization (9) holds and the GLF is obtained as

f(zn|xn) =

K
∏

k=1

f(zn,k|xn) =
1

√

(2πσ2
v)

K
exp

(

−
1

2σ2
v

K
∑

k=1

[zn,k−hk(xn)]
2

)

. (16)

We choose A=10, κ= 2, and σ2
v =0.001.
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Figure 6: Example of an AN and a communication topology, along with (a) the local likelihood

function of the agent indicated by the square, (b) the GLF (product of all local likelihood functions),

(c) a particle representation of the predicted posterior, (d) a particle representation of the posterior

(obtained by weighting the predicted particles from (c) using the GLF from (b) and performing a

resampling step), and (e) a target trajectory and the corresponding estimated trajectory obtained

with a centralized PF. In (a) and (b), darker shading represents higher likelihood. The cross

in (a)–(d) indicates the target position. The star in (e) indicates the start point of the target

trajectory.

We consider an AN consisting of K= 25 agents that are deployed on a jittered grid within a

square of size 40m × 40m. Each agent communicates with other agents within a range of 18m.

Figure 6 shows the AN and the communication topology. Examples of a local likelihood function

f(zn,k|xn) and of the GLF f(zn|xn) for a randomly drawn zn are shown in Figure 6(a) and (b),

respectively. The local likelihood function is circularly symmetric about the agent position because

the measurement function hk(xn) in (15) depends only on the distance between the target and the

agent. We also see that the GLF is unimodal; this is because the GLF in (16) is the product of the

circularly symmetric local likelihood functions of all agents, which have different locations due to

the different agent positions. Furthermore, the nonlinearity of the hk(xn) results in a non-Gaussian
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CPF centralized SIR PF

S-LA-DPF single LA DPF

A-LA-DPF AC DPF

W-C-DPF DPF with consensus-based calculation of particle weights

P-C-DPF DPF with consensus-based calculation of posterior parameters

L-C-DPF DPF with consensus-based calculation of likelihood parameters

Table 1: Abbreviations of the simulated DPFs.

posterior (shown in Figure 6(d)). In Figure 6(e), we depict a realization of the target trajectory

along with a corresponding estimated trajectory that was obtained with a centralized PF.

12.2 Simulated DPFs and Performance Measures

We present simulation results for two LA-based DPFs and three consensus-based DPFs. More

specifically, we consider a single LA DPF (S-LA-DPF) and an AC DPF (A-LA-DPF) in which the

(partial) posteriors are transmitted as a particle or GM representation. The number of GM com-

ponents is four unless stated otherwise. The number of agents in an AC is seven, which equals the

average number of neighbors; this ensures that the S-LA-DPF and A-LA-DPF use approximately

the same number of measurements at each time step n. The LAs are selected dynamically without

central control. The current LA selects the neighboring LA closest to the current estimate of the

target position as the next LA. We also consider three consensus-based DPFs that calculate parti-

cle weights (W-C-DPF), posterior parameters (P-C-DPF), or likelihood parameters (L-C-DPF) by

means of average consensus algorithms with Metropolis weights [80]. We use eight consensus itera-

tions unless stated otherwise. In the P-C-DPF, the posterior is approximated by a Gaussian whose

mean and covariance are calculated using the consensus-based fusion rule of [50]. The L-C-DPF

employs the LC with fourth-degree polynomial basis approximations of local likelihood functions

and GLF. These DPF algorithms and the underlying techniques were described in earlier sections.

As a performance benchmark, we also consider a centralized SIR PF (CPF) that has direct access

to the measurements of all agents. In all DPFs, the number of particles at each agent is J =5000

unless stated otherwise; the same number of particles is used in the CPF. All DPFs and the CPF

employ the state-transition pdf as proposal pdf. For the reader’s convenience, the abbreviations of

the simulated DPFs are listed in Table 1.

As a performance measure, we use the estimated n-dependent root-mean-square error of the

estimated target position, denoted RMSEn. In the LA-based DPFs, RMSEn is calculated as the

square root of the average of
∥

∥ρ̂n − ρn

∥

∥

2
over 5000 simulation runs. Here, ρn denotes the true
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target position and ρ̂n its estimate. This estimate is obtained in the S-LA-DPF at the LA at time

n, and in the A-LA-DPF at the last LA of the AC at time n. In the consensus-based DPFs, an

estimate ρ̂n,k is obtained at each agent k; therefore, RMSEn is calculated by averaging
∥

∥ρ̂n,k−ρn

∥

∥

2

over all agents k = 1, . . . , 25 in addition to the 5000 simulation runs. We furthermore calculate

the (time-)averaged RMSE (ARMSE) as the square root of the average of RMSE2
n over all 200

simulated time instants n. For the consensus-based DPFs, we also assess the error variation across

the agents k by the standard deviation σARMSE of a k-dependent ARMSE that is obtained by

averaging
∥

∥ρ̂n,k−ρn

∥

∥

2
over all time instants n and simulation runs. In the calculation of RMSEn

and ARMSE, simulation runs corresponding to “lost tracks” are excluded. These are simulation

runs where the estimation error at the final time n=200 exceeds 5m, i.e., half the average of the

interagent distances. Removing lost tracks is important because they tend to skew the RMSEn and

ARMSE beyond interpretability [44,92]. However, for a complete picture of DPF performance that

takes lost tracks into account, we report the percentage of lost tracks (PLT) in addition to RMSEn

and ARMSE.

We furthermore report the communication requirements of the DPFs and the CPF. These are

defined as the total count of real numbers transmitted (over one hop between neighboring agents)

during one time step n within the entire network. For the CPF, we use multihop transmission of

measurements from each agent to the FC, which is located in one of the corners of the network.

In the S-LA-DPF, the LA transmits a representation of the posterior and its neighbors transmit

their measurements. In the A-LA-DPF, each LA transmits a representation of its partial posterior.

In consensus-based DPFs, each agent communicates with its neighbors by executing consensus

algorithms. For the W-C-DPF, the number of consensus algorithms equals the number of particles;

for the P-C-DPF, it equals the number of entries of the posterior mean vector plus the number of

entries on the main diagonal and in the upper triangular part of the posterior covariance matrix;

and for the L-C-DPF, it equals the number of basis functions used to approximate the GLF.

The overall computational complexity of consensus-based DPFs is generally much higher than

that of LA-based DPFs and the CPF, since in the consensus-based DPFs a full-blown PF is executed

at each agent. Because the computational complexity is strongly implementation dependent, we

do not present a quantitative comparison of the complexities of the various DPFs.

The simulation source files and further information about the simulation setting are available

online at http://www.nt.tuwien.ac.at/about-us/staff/ondrej-hlinka.
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Figure 7: RMSEn versus time n for the LA-based DPFs and the CPF. In the LA-based DPFs, for

the transmission of (partial) posteriors between the LAs, GM representations are used in (a) and

particle representations are used in (b).

12.3 Simulation Results: LA-based DPFs

Figure 7 shows the dependence of RMSEn on n for the S-LA-DPF, A-LA-DPF, and CPF. The

overall shape of these RMSEn curves can be explained as follows. The initial position of the target

is randomly generated from a Gaussian prior whose mean is located close to several agents. This

corresponds to a high signal-to-noise ratio (SNR) of the agent measurements and, thus, results in

an initial decrease of the RMSEn curve. Then, as the target randomly moves, it generally passes

also through regions with lower SNRs; by averaging over all simulation runs, we thus obtain an

RMSEn curve that increases but then stabilizes at a certain level. From Figure 7(a), we can see

that when GM approximations of (partial) posteriors are transmitted, the S-LA-DPF outperforms

the A-LA-DPF and thus performs closer to the CPF. This can be explained as follows. In the

S-LA-DPF, the posterior resulting from the PF update step at the current LA is converted to a

GM and transmitted to the next LA. Therefore, a single GM approximation is performed within

each time step n. By contrast, in the A-LA-DPF, at time n, one GM approximation is performed

each time a partial posterior is transmitted to the next LA within the AC. These multiple GM

approximations cause the poorer performance of the A-LA-DPF. When particles are transmitted

and thus no GM approximations are needed (see Figure 7(b)), the S-LA-DPF and A-LA-DPF

perform similar and close to the CPF. Furthermore, it may be surprising that the performance of

the two LA-based DPFs (which use only the measurements of a subset of agents) in Figure 7(b)

is so close to that of the CPF (which uses the measurements of all agents). However, the agent

scheduling in the LA-based DPFs ensures that the measurements with the highest SNR are used.

Since the SNR decreases quite rapidly with a growing distance between the agent and the target,
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Communication
ARMSE [m] σARMSE [m] PLT [%] requirements

CPF 0.3139 – 0.32 ≈64∗

S-LA-DPF (particles transmitted) 0.3162 – 0.44 ≈25000∗

S-LA-DPF (GMs transmitted) 0.3287 – 0.64 ≈65∗

A-LA-DPF (particles transmitted) 0.3216 – 0.36 150000

A-LA-DPF (GMs transmitted) 0.3458 – 0.72 354

W-C-DPF 0.3212 0 0.38 1500000

P-C-DPF 0.4748 0.0019 1.44 2800

L-C-DPF 0.3408 0.1731 0.69 3000

Table 2: Estimation performance and communication requirements of the DPFs and the CPF.
∗The exact count of real numbers transmitted during one time step depends on the specific network topology.

the inclusion of measurements from agents located far away from the target does not noticeably

improve the performance.

In Table 2, we report the estimation performance—measured by the ARMSE, the across-agents

standard deviation σARMSE (only relevant to consensus-based DPFs), and the PLT—and the com-

munication requirements of the DPFs and the CPF. It can be seen that the ARMSEs of all LA-based

DPFs and of the CPF are quite similar. The PLTs of the LA-based DPFs and of the CPF are

all below 0.8%. The communication requirements of the S-LA-DPF are lower than those of the

A-LA-DPF. This is because the measurements are only scalars; in the case of high-dimensional

measurements, the opposite is true. Furthermore, for the S-LA-DPF, we assume that each agent

knows the local likelihood functions of its neighbors, and therefore the numbers reported in Table 2

do not include transmission of that information. (This is not an issue for the A-LA-DPF, because

each agent only uses knowledge of its own local likelihood function.) As expected, the commu-

nication requirements of both LA-based DPFs are much higher when particle representations of

(partial) posteriors are transmitted than when GM representations are transmitted. In the former

case, the communication requirements can be reduced by lowering the number of particles. This

typically results in a performance loss, which, however, can be mitigated by using proposal adap-

tation. The communication requirements of the CPF are the lowest of all methods. This is again

due to the low dimension of our measurements and may be very different when high-dimensional

measurements have to be transmitted to the FC. Furthermore, we do not consider the overhead

required for transmitting the local likelihood functions, the identities of the agents producing the

measurements, and data associated with the routing protocol, and we assume that there is no need

for the FC to send back information about the posterior to the agents.

29



 

 

number of GM components

A
R
M
S
E

[m
]

A-LA-DPF
S-LA-DPF
CPF

1 3 4 5 6 72

0.32

0.34

0.36

0.38

0.40

(a)

 

 

number of GM components

P
L
T

[%
]

A-LA-DPF
S-LA-DPF
CPF

1

1 3 4 5 6 7
0

0.5

1.5

2

2

2.5

(b)

Figure 8: Performance of the LA-based DPFs transmitting GM representations versus the number

of GM components: (a) ARMSE and (b) PLT. The performance of the CPF is shown as a reference.
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Figure 9: Performance of the LA-based DPFs transmitting GM representations versus the number

of particles: (a) ARMSE and (b) PLT. The performance of the CPF is shown as a reference.

Figures 8 and 9 further demonstrate the performance of the LA-based DPFs transmitting GM

representations. It can be seen that, as expected, the ARMSE and PLT decrease when the number

of GM components increases (Figure 8) and when the number of particles increases (Figure 9).

12.4 Simulation Results: Consensus-based DPFs

In Figure 10, we show the dependence of RMSEn on n for the three consensus-based DPFs and

for the CPF. It can be seen that the W-C-DPF performs almost as well as the CPF. The L-C-

DPF performs second best but still very close to the CPF. The P-C-DPF, which uses a Gaussian

approximation of the posteriors, exhibits a higher RMSEn.

From Table 2, we see that the ARMSEs of the W-C-DPF, L-C-DPF, and CPF are quite similar

whereas that of the P-C-DPF is somewhat higher. For the W-C-DPF, σARMSE is zero because
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Figure 10: RMSEn versus time n for the consensus-based DPFs and the CPF.

the W-C-DPF employs max-consensus algorithms that ensure identical particle weights at each

agent. Furthermore, σARMSE is higher for the L-C-DPF than for the P-C-DPF. This is because

the P-C-DPF employs a consensus step whereby Gaussian approximations of the local posteriors

are combined into a global posterior, thus achieving a tighter coupling between the agents. By

contrast, the local PFs of the L-C-DPF operate independently; only the GLF is computed in a

distributed way. The PLT of the W-C-DPF and L-C-DPF is below 0.4 and 0.7, respectively,

whereas it is 1.44 for the P-C-DPF. Thus, both in terms of ARMSE and PLT, the P-C-DPF is

outperformed by the W-C-DPF and L-C-DPF. On the other hand, the communication requirements

of the P-C-DPF are slightly lower than those of the L-C-DPF and much lower than those of the

W-C-DPF. The high communication requirements of the W-C-DPF are due to the fact that one

average and one max-consensus algorithm are needed per particle. They can be reduced by using

fewer particles (the resulting performance loss can again be mitigated by proposal adaptation, as

in [44]), or by employing selective gossip instead of average consensus, as in [43]. Furthermore, the

communication requirements of the consensus-based DPFs are higher than those of the LA-based

DPFs transmitting GM representations and also higher than those of the CPF. On the other hand,

we recall that benefits derived from these increased communications are an improved robustness

to agent and link failures and the availability of a particle representation of the global posterior

at each agent. Finally, the communication requirements of the consensus-based DPFs (with the

exception of the W-C-DPF) are much lower than those of the LA-based DPFs transmitting particle

representations.

Figure 11 shows the performance of the three consensus-based DPFs versus the number of

consensus iterations. We can see that, as expected, better performance is obtained for a larger

number of consensus iterations; however, this improvement is small for more than about eight

iterations. As a benchmark, we also consider hypothetical DPFs in which the approximate sum
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Figure 11: Performance of the consensus-based DPFs versus the number of consensus iterations:

(a) ARMSE and (b) PLT. The dashed lines depict the performance obtained with exact sum

calculation.
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Figure 12: Performance of the consensus-based DPFs versus the number of particles: (a) ARMSE

and (b) PLT.

calculations performed by the consensus algorithms are replaced by direct, exact sum calculations;

this corresponds to an infinite number of consensus iterations. Finally, Figure 12 shows that the

performance of the consensus-based DPFs improves when the number of particles J increases.

Note, at this point, that the communication requirements of the W-C-DPF increase linearly with

J whereas those of the P-C-DPF and L-C-DPF are independent of J .

13 Conclusion and Outlook

DPFs are a powerful and versatile approach to decentralized state estimation in ANs, and they are

especially suited to large-scale, nonlinear, and non-Gaussian systems. In this article, we provided
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a survey and a classification of the DPF algorithms available to date. After a brief introduction

into ANs, we set the stage for DPFs by reviewing the principles of sequential Bayesian state

estimation and particle filtering. Our subsequent discussion of DPFs demonstrated the large variety

of techniques that have been proposed to enable a decentralized operation of particle filtering. To

make this multifaceted field more manageable and to provide a clearer distinction and appreciation

of the fundamental approaches, we introduced a classification of DPF algorithms into FC-based,

statistics dissemination-based, and measurement dissemination-based DPFs as well as a subdivision

of statistics dissemination-based DPFs into LA-based and consensus-based DPFs. Within each

(sub)class, we discussed the main features and properties of the various DPF algorithms. Finally,

we presented simulation results illustrating the performance of some major DPF schemes in a target

tracking application.

The development of DPF algorithms, their implementation in ANs, and their application to

practical estimation tasks remain active research areas. Numerous open questions establish inter-

esting avenues for future investigations. We briefly mention some of them as follows:

• The theoretical and experimental analysis of the performance of existing DPFs in different

scenarios and applications, and of its dependence on various system and design parameters,

is an important prerequisite for a successful design and deployment of DPFs. Furthermore,

such an analysis can be expected to suggest algorithmic improvements.

• The nature and representation of the quantities transmitted between the agents are interesting

research topics. Is it best to transmit measurements, particles, preliminary/local estimates,

partial posteriors, local likelihood functions, or other quantities? How can we represent pdfs

and likelihood functions in a parsimonious way? This issue is related to (distributed) source

coding, though with the unconventional optimality criterion of estimation performance.

• Apart from some initial work (e.g., [13]), the issue of resilience of DPFs to synchroniza-

tion errors is largely unexplored. Another issue is robustness to imperfect and intermittent

interagent communication links. The channel-aware approach introduced in [68] addresses

imperfect communication links in a centralized setting. Further work on this topic, especially

regarding extensions to decentralized settings and more general models, is an important re-

search direction. Some results on robustness of DPFs to intermittent communications are

presented in [93].

• Going one step further, we conjecture that large performance gains can be reaped by a

consistent integration of interagent communications in the design of DPFs. Ideally, techniques
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for source coding/compression, modulation and channel coding (possibly of a cooperative

type), multiple access and interference management, and receiver tasks (detection, decoding,

synchronization, channel estimation) should be designed and optimized jointly with the DPF

algorithm, using the unconventional performance criterion of estimation performance. At

present, it is unknown how to achieve this goal under practical constraints on complexity.

• The development of DPFs processing multimodal measurements, such as visual and acoustic

data, calls for a consistent combination of distributed particle filtering with sensor (data/in-

formation) fusion [94].

• Many DPF algorithms rely on the factorization (9) of the global likelihood function, which

implies independent measurement noises. How to extend these algorithms to the case of

dependent measurement noises is an open issue.

• The application of DPFs to multiple target tracking and similar problems poses challenges

related to, e.g., an unknown number of targets and the association of the measurements to

the targets. In this context, an interesting problem is how to combine DPF schemes with

elements of random set theory [95] and data association techniques [96].

• In addition to the “primary” state estimation task (e.g., target tracking), it is often necessary

to perform “secondary” estimation tasks to acquire relevant information about the AN or the

environment. Examples of such secondary estimation tasks are estimation of AN topology

and connectivity, agent self-localization, synchronization, estimation of statistical information

and model parameters, channel estimation, and map-building (e.g., in robotics applications).

Here, an interesting problem is the development of a joint estimator that consistently combines

DPF-based primary estimation with secondary estimation in such a way that primary and

secondary estimation support each other. For example, methods for simultaneous target

tracking and agent self-localization are proposed in [15] and [16]. On a related note, it is of

interest to develop DPF algorithms for scenarios with unknown or partially known prior or

side information where no attempt at explicitly estimating such information can be made.

• The design of DPF schemes processing massive data—e.g., video data in camera networks—

suggests a combination of distributed particle filtering with feature extraction.

• Combining DPFs with techniques from control theory is a promising approach in applications

involving robotic networks, sensor/actuator networks, and networks of UAVs.

• The hardware and software implementation of DPFs is a challenging problem. In particular,
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the real-time operation required by many applications places stringent constraints on the

processing speed and the latency of communication links.

The facts that DPFs are formulated within a Bayesian probabilistic framework and that they

use particles for a description of posteriors make them well suited to algorithmic extensions and

embeddings in various directions, including those outlined above.
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