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Abstract – Nonparametric belief propagation (NBP)
is well-known probabilistic method for cooperative local-
ization in sensor networks. However, due to the dou-
ble counting problem, NBP convergence is not guaran-
teed in the networks with loops or even if NBP con-
verges, it could provide us less accurate estimates. The
well-known solution for this problem is nonparamet-
ric generalized belief propagation based on junction tree
(NGBP-JT). However, there are two problems: how to
efficiently form the junction tree in an arbitrary net-
work, and how to decrease the number of particles while
keeping the good performance. Therefore, in this pa-
per, we propose the formation of pseudo-junction tree
(PJT), which represents the approximated junction tree
based on thin graph. In addition, in order to de-
crease the number of particles, we use a set of very
strong constraints. The resulting localization method,
NGBP based on PJT (NGBP-PJT), overperforms NBP
in terms of accuracy and communication cost in any ar-
bitrary network.

Keywords: cooperative localization, belief propaga-
tion, nonparametric generalized belief propagation,
clique tree, junction tree, wireless sensor networks.

1 Introduction
We consider the case in which some small number of
anchor nodes, obtain their coordinates via GPS or by
installing them at points with known coordinates, and
the rest, unknown nodes, must determine their own co-
ordinates. We suppose that all sensors with unknown
positions obtain noisy distance measurements of nearby
subset of the other sensors in the network. Typical mea-
surements techniques [1] are time of arrival (TOA), time
difference of arrival (TDOA), received signal strength
(RSS) and angle of arrival (AOA).

Nonparametric belief propagation (NBP) [2] is well-
known probabilistic method for cooperative localization
in sensor networks. It is capable to provide informa-
tion about location estimation with appropriate un-
certainty and to accommodate non-Gaussian distance

measurement errors. This is the main advantage of
NBP comparing with well-known deterministic meth-
ods [1]. However, due to the double counting problem,
NBP convergence is not guaranteed in the networks
with loops [3] or even if NBP converges, it could provide
us less accurate estimates. Since we have already pro-
vided detailed description of this problem in [5], we’ll
skip it in this paper.

The well-known solution for the loopy graphs is
generalized belief propagation based on junction tree
(GBP-JT) method [4], which is a standard method for
exact inference in graphical models. In our previous
work [5], we applied nonparametric approximation of
this method (NGBP-JT) for the localization in small-
scale network and showed that it can overperform NBP
in terms of accuracy. However, there remained two
main problems: how to efficiently form the junction tree
in an arbitrary network, and how to decrease the num-
ber of particles while keeping the good performance.
Therefore, in this paper, we propose the formation of
pseudo-junction tree (PJT), which represents the ap-
proximated junction tree based on thin graph. In ad-
dition, in order to decrease the number of particles,
we use a set of very strong constraints: the measured
distances and the bounded boxes. The resulting local-
ization method, NGBP based on PJT (NGBP-PJT),
overperforms NBP in terms of accuracy and communi-
cation cost in any arbitrary network.

The remainder of this paper is organized as fol-
lows. In Section 2, we provide the background on junc-
tion tree formation. In Section 3, we propose pseudo-
junction tree formation. Localization using NGBP-PJT
method for an arbitrary graph is proposed in Section 4.
Simulation results are presented in Section 5. Finally,
Section 6 provides some conclusions and future work
perspective.

2 Junction Tree Formation
We start by describing the basics of graphical models.
A graphical model is a probabilistic model for which a



graph denotes the conditional independence structure
between random variables. There are two main types:
directed graphical models (or Bayesian networks) and
undirected graphical models (or Markov networks). For
the cooperative localization problem, we use Markov
networks.

An undirected graph G = (V,E) consists of a set of
nodes V that are joined by a set of edges E. A loop is a
sequence of distinct edges forming a path from a node
back to itself. A clique is a subset of nodes such that
for every two nodes in clique, there exists an link con-
necting the two. A tree is a connected graph without
any loops, and a spanning tree is an acyclic subgraph
that connects all the nodes of the original graph. Re-
garding directed graphs, we define a root node, which is
a node without parent, and leaf node, which is a node
without children. In order to define a graphical model,
we place at each node a random variable taking val-
ues in some space. Each edge in the graph represents
the information about conditional dependency between
two connected nodes. In this way, we reduced the com-
plexity of computing the joint probability density func-
tion (pdf) of the graph. In case of cooperative local-
ization, this random variable represents the 2D or 3D
position, and each edge, which indicates that measure-
ment is available, represents probabilistic information
about distance. If we exclude the anchors nodes, the
graph is obviously undirected.

Junction tree (JT) algorithm is a method for the ex-
act inference in arbitrary graph. That can be proved
elimination procedure [4]. It’ based on triangulated
graph, i.e., a graph with additional “virtual” edges so
that every loop of length more than 3 has a chord. In
triangulated graph, each 3-node loop (which is not part
of any larger clique) represents 3-node clique, and each
edge (which is not part of any 3-node clique) repre-
sents 2-node clique. If possible, larger cliques (> 3)
should be avoided using optimal triangulation proce-
dure. Using these cliques as hypernodes, we can define
a cluster graph [6] by connecting each pair of cliques
with minimum one common node (i.e., non-empty in-
tersection). Using cluster graph, we can create a lot
of clique trees, but just very few of them represent the
junction tree. The junction tree is a maximum span-
ning tree of the cluster graph, with weights given by
the cardinality of the intersections between cliques. It
is already proved [6] that this is a way to satisfy the
main property of the junction tree, the running inter-
section property (RIP). The RIP is satisfied if and only
if each node, which is in two cliques Ci and Cj , is also
in all cliques on the unique path between Ci and Cj . If
the RIP is not satisfied for any node, there is no the-
oretical guarantee that the belief of that node in one
clique is the same as its belief in another clique.

We illustrate the whole procedure in Fig. 1. We first
triangulate the graph by adding the edge between nodes
2 and 5 (Fig. 1a). Then we form the cluster graph (Fig.
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Figure 1: (a) Triangulated 6-node graph, and corre-
sponding (b) cluster graph, (c) clique tree, and (d) junc-
tion tree.

1b) with cliques Ci(t, u, v) and separator sets Sij(q, r)
(Sij = Ci ∩ Cj), where t, u, v are the nodes in the
clique, and q, r are the separator nodes. Finally, any
spanning tree represents the clique tree like in Fig. 1c
and Fig. 1d. The tree in Fig. 1d is maximum spanning
tree (|S12| > |S13|), so it represents the junction tree of
the initial graph. Note that the tree in Fig. 1c does not
satisfy RIP since the node 6, which is in C1 and C2, is
not in C3.

The described procedure represents the exact forma-
tion of junction tree, also called chordal graph method.
The main problem of this approach is the triangula-
tion phase. Finding, a minimum triangulation, i.e., one



Algorithm 1 Searching for thin graph and cliques us-
ing modified Breadth First Search (BFS) method

1: Input: node list Q and root node root
2: Create more node lists: Nodes,NewV isit← Q
3: Set current root: r ← root
4: Create list of neighbors for all nodes n ∈ Q: Gn

5: while Nodes is not empty do
6: for all nodes t ∈ Gr do
7: if t ∈ Nodes then
8: Remove t from Nodes
9: Insert t in WaitingRoots

10: Insert drt in T
11: else if drt /∈ T and r ∈ NewV isit then
12: Insert drt in T
13: Remove r from NewV isit
14: Create 3-node cliques:
15: for all q ∈ PreviousRoots do
16: if {drq, dtq} ∈ T then
17: C3nodes ← {r, t, q}
18: end if
19: end for
20: end if
21: end for
22: Insert r in PreviousRoots
23: Set current root: r ← first unused node from

WaitingRoots
24: end while
25: Create 2-node cliques C2nodes: each edges in T

which is not subset of C3nodes

26: Output: thin graph {Q,T} and cliques C =
C2nodes ∪ C3nodes

where the largest clique has minimum size, is NP -hard
problem due to the number of permutations that must
be checked. Of course, there exist approximate meth-
ods which are less expensive, but still too costly. For
more details, see Chapter 10 in [6].

3 Pseudo-Junction Tree Forma-
tion

Due to the high complexity of the optimal junction tree
formation, it’s necessary to find some approximation
that will be suitable for localization scenario. Thus, we
are going to make the following assumptions:

(a) The number of cliques should be reasonable (i.e.,
in the order of number of nodes).

(b) In order to decrease the dimensionality of the prob-
lem, each clique will include no more than 3 nodes.

(c) Since the triangulation is expensive procedure, we
are going to avoid it, even if it causes the break of
RIP for some small percentage of the nodes.

After these approximations, the final result repre-
sents, strictly speaking, the clique tree. However, since

Algorithm 2 Pseudo-Junction tree formation using
Prim’s algorithm

1: Input: node list Q and cliques C
2: Create weighted cluster graph:
3: for all pairs {i, j} do
4: Weights(i, j) = |Ci ∩ Cj |
5: end for
6: Insert random root clique in CurrentList
7: while |CurrentList| < |C| do
8: Choose edge {m,n} with maximal weight, such

that Cm is in CurrentList and Cn is not
9: Insert Cn in CurrentList

10: Insert edge {m,n} in D
11: end while
12: Output: Pseudo-junction tree {C,D}

it is very close to junction tree (measured by percentage
of nodes that satisfies RIP), we call it pseudo-junction
tree (PJT).

In order to satisfy the conditions (a) and (b), we need
to decrease the number of edges in the graph by forma-
tion of thin graph. That can be easily done using modi-
fied version of breadth first search (BFS) method. Stan-
dard BFS method [7] begins at randomly chosen root
node and explores all the neighboring nodes. Then each
of those neighbors explores their unexplored neighbor
nodes, and so on, until all nodes are explored. In this
way, there will not be a loop in the graph because all
nodes will be explored just once. Thus, the final result
of BFS is spanning tree. The worst case complexity
is O(v + e), where v is the number of nodes and e is
the number of edges in the graph, since every node and
every edge will be explored in the worst case.

Nevertheless, the spanning tree is very coarse approx-
imation of the original graph since it excludes a lot of
edges from the graph. For example, in any spanning
tree, one communication failure breaks the graph into
the two parts. As a consequence, we need more span-
ning trees in order to have reasonable accurate inference
in graphical models. Therefore, we modify standard
BFS method by permitting each root node to make the
additional visit to the node that was already visited by
some of the previous roots. All edges found by first
and second visit, together with all nodes from original
graph, represent the thin graph. In addition, the second
visit will automatically form a loop, so we use it to form
3-node clique. The 2-node cliques can be found easily
by taking all edges that appear in thin graph, but which
are not already subset of any 3-node clique. The worst
complexity is O(v+e+v ·nr), since for each of the addi-
tional visit we need to check all previous roots (i.e., nr

represents the average number of previous roots). The
detailed pseudocode is shown in Alg. 1, and an exam-
ple of original graph and corresponding thin graph is
shown in Fig. 2a and Fig. 2b, respectively.
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Figure 2: (a) Example of 10-node graph, and corresponding (b) thin graph, and (c) pseudo-junction tree

The main benefit of thin graph is that it mainly in-
cludes 3-node loops. The number of these loops, which
is obviously always less than number of nodes, is nearly
constant with respect to connectivity, so the number
of cliques will be constant as well. On the other hand,
the main drawback is that there exist the loops which
include more that 3 nodes, but just very few of them.
These loops should be triangulated, but we prefer to
avoid it in order to keep reasonable complexity. Thus,
for n-node loops (n > 3), we form maximum n 2-node
cliques, using each edge (which is not already subset of
any 3-node clique) of the loop as a clique.

Having defined cliques, we can form the cluster graph
by connecting all pairs of cliques with non-empty inter-
section. As we already mentioned, the junction-tree, as
well as pseudo-junction tree, is the maximum spanning
tree of the cluster graph. It can be found using e.g.,
Prim’s algorithm [8], as shown in Alg. 2. The Prim’s
algorithm is a method that finds a maximum (min-
imum) spanning tree for a connected weighted undi-
rected graph. That means that the the total weight of
all the edges in the final tree is maximized (minimized).
In our case, the algorithm starts with a list (i.e., Cur-
rentList in Alg. 2) which initially includes only ran-
domly chosen root clique. At each step, among all the
edges between the cliques in the list and those not in the
list yet, it chooses the one with maximum weight and
increases the list by adding the explored clique. Finally,
it stops when all the cliques are spanned. The example
of pseudo-junction tree is shown in Fig. 2c. The worst
case complexity is O(e · log(v)) [8], but in our case the
weights are binary, so it will be significantly faster.

The BP/GBP methods are naturally distributed
through the graph which means that there is no central
unit which will handle all computations. Thus, the pro-
posed pseudo-junction tree formation has to be done in
a distributed way. It’s already well-known that there is
straightforward distributed way to form any spanning
tree. Since this part is out of topic of this paper, we
refer the reader to [9]. However, due to the modifica-

tion of standard BFS algorithm, we explain here how to
form the cliques in distributed way. This can be easily
done, when root node visit one of the already visited
nodes, by adding node’s IDs in the (initially empty)
clique list. This list must be broadcasted to all the
nodes in the list, and to the next root node. Having
defined all cliques, it remains to define the communica-
tion between neighboring cliques. Since, the separator
sets, between each pair of neighboring cliques, are al-
ways non-empty, the separator nodes are responsible to
perform the communication. For example, in Fig. 2c,
the node 3 will request all the data from node 9, and
upon receiving, it will send the data to node 10, and
vice versa.

The approximations we made usually break the RIP
for some small number of nodes. For instance, in the
pseudo-junction tree in Fig. 2c, the node 10 (due to
the non-triangulated 4-node loop: 3-9-5-10), and node
7 (due to the appearance of 4-node clique: 2-6-5-7) do
not satisfy the RIP. Therefore, we don’t have a guar-
antee that the belief of that node in one clique is the
same as its belief in another clique [6]. Anyway, for the
localization, this is not a problem since we incorporate
additional constraints (see Section 4.1) for the initial
set of particles. Regarding other applications, this al-
gorithm could be used as well, but we recommend the
potential users to test it before starting any implemen-
tation.

4 Nonparametric Generalized
Belief Propagation

Generalized Belief Propagation based on junction tree
(GBP-JT) is a standard method for exact inference in
graphical model. This can be proved using elimina-
tion procedure. [4]. Given cliques Ci and its poten-
tials ψCi

(xCi
), and given the corresponding junction

tree which defines links between the cliques, we send
the following message from clique Ci to clique Cj by



the message update rule:

mij(xSij
) =

∑
Ci\Sij

ψCi
(xCi

)
∏

k∈Gi\j

mki(xSki
) (1)

where Sij = Sji = Ci∩Cj , and where Gi are the neigh-
bors of clique Ci (including anchor nodes, which are not
part of PJT). The belief at clique Ci is proportional to
the product of the local evidence at that clique and all
the messages coming into clique i :

Mi(xCi
) ∝ ψCi

(xCi
)
∏

j∈Gi

mji(xSji
) (2)

Finally, the single-node beliefs can be obtained via
further marginalization. Equations (1), (2) represent
GBP-JT algorithm which is valid for arbitrary graphs.
The standard BP algorithm [2] is a special case of GBP-
JT, obtaining by noting that the original tree is already
triangulated, and has only pairs of nodes as cliques. In
that case, sets Sij are single nodes, and marginalization
is unnecessary.

In order to adapt GBP-JT to iterative scenario for
cooperative localization, the previous equations, at it-
eration m+ 1, can be written as:

mm+1
ij (xSij ) =

1
mm

ji(xSji
)

∑
Ci\Sij

Mm
i (xCi

) (3)

Mm+1
i (xCi

) ∝ ψCi
(xCi

)
∏

j∈Gi

mm+1
ji (xSji

) (4)

At the beginning, it’s necessary to initialize m1
ij = 1,

and M1
i = ψCi

. The clique potentials are given as a
product of all single-node and pairwise potentials. The
single-node potential (the prior) of node t is given by
ψt(xt) = 1 within the bounding box, and otherwise
ψt(xt) = 0. The bounding box of node t, created using
approximated distances to anchors as constraints [10],
represents the region of the deployment area where the
node t is localized. The pairwise potential ψtu, which
represents the probabilistic information about the dis-
tance between nodes t and u, is given by:

ψtu(xt, xu) =
{
pv(dtu − ‖xt − xu‖), if dtu < R,
0, otherwise.

(5)
where dtu represents the distance between nodes t and
u, pv the noise distribution of the measured distance,
and R the transmission radius. The more general
model, which incorporates the probability of detection,
can be found in [2, 10].

Due to the high complexity, the presence of nonlinear
relationships, and potentially highly non-Gaussian un-
certainties, we use nonparametric (particle-based) ap-
proximation of GBP-JT method (NGBP-JT). More-
over, due to the problems explained in previous sec-
tions, we are going to use PJT instead of JT. There-
fore, in following subsections, we propose NGBP based
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Figure 3: Illustration of initial particles from 2-node
and 3-node cliques (to make plot visible, we set NC =
3). The true node positions are marked with black cir-
cles.

on PJT (NGBP-PJT) for any arbitrary network. Be-
fore continuing, we recommend the reader to read [5],
where we provided the analysis of GBP-JT and NGBP-
JT for the small-scale network.

4.1 Drawing particles from the cliques

Let us drawNC weighted particles, {W k,m
Ci

, Xk,m
Ci
} (k =

1, ..., NC ,m = 1), from clique i. Since it’s computation-
ally very expensive to draw particles from M1

i = ψCi
,

we need to find appropriate importance density func-
tion. Thus, for the initial particles, we are going to use
two constraints: i) each particle of the node must be
inside its bounding box, and ii) the distance between
each pair of the nodes in clique should be close to the
mean value of the measured distance. Taking this into
account, our importance density function qm

Ci
(m = 1)

for clique i, which includes nodes t and u, is given by:

q1Ci
(xCi

) = q1tu(xt, xu) ={
ψt(xt)ψu(xu), if ‖µtu − ‖xt − xu‖)‖ < 2σ
0, otherwise

(6)

where µtu is the mean value of measured distance, and σ
is the standard deviation of the error distribution. The
importance density for 3-node clique j, which includes
nodes t, u, and v, is given by:

q1Cj
(xCj

) =
√
q1tu(xt, xu)q1tv(xt, xv)q1uv(xu, xv) (7)

To draw clique particle, we need to draw node particles
within its boxes and accept the particle if the constraint
is satisfied. If not, we reject the sample, and try again.
The weights of the particles can be easily computed by
W k,1

Ci
= ψCi

(Xk,1
Ci

)/q1Ci
(Xk,1

Ci
) and then normalized. In

this way, we have created two types of particles: the
edges (for 2-node cliques), and the triangles (for 3-node
cliques). We illustrated initial set of particles in Fig. 3.



4.2 Computing messages

Having computed initial particles from beliefs, we can
compute the particles from the messages. According
to equation (3), we first need to marginalize the belief
from previous iteration and then to divide the belief by
the incoming message from previous iteration. Since
all node particles within the clique have one common
weight (e.g., {W k,m

Ci
, Xk,m

Ci
} = {W k,m

Ci
, Xk,m

t , Xk,m
u }),

we can simply pick the node which appears in the mes-
sage (from clique that send the message), and compute
the weight as reminder of (3). Since the separators sets
can include one or two nodes, there exist 1-node and
2-node messages. For example, the weighted particles
of the 1-node message from Ci(t, u) to Cj(t, v), at iter-
ation m+ 1, are given by:

{Xk,m+1
Sij

,W k,m+1
Sij

} = {Xk,m
t ,

W k,m
Ci

mm
ji(X

k,m
t )

} (8)

The 2-node message can be found in same way. As
we can see, we need the parametric form of the mes-
sage mm

ji , so we estimate it using spherically symmetric
Gaussian kernel [11]. For 2-node message, it is very ex-
pensive to estimate the parametric form directly from
high-dimensional (4D) particles. However, there is de-
pendency between the nodes within the message (noisy
distance), so it can be written as:

mm
ji(xt, xu) = mm

ji(xt)ψtu(xt, xu) (9)

Finally, the messages from any anchor a to an un-
known node t, are simply given by parametric form:
mat(xt) = ψat(Xa, xt).

4.3 Computing beliefs

According to (4), the belief of clique i is a product of its
clique potential and all the messages coming into the
clique. Before drawing particles, we need to solve two
problems: i) the messages include information about
different nodes within the clique, and ii) it is very ex-
pensive to draw samples from the product.

The first problem can be solved by filling the message
with information about nodes which appear in destina-
tion clique, but not in the message. For example, for the
message mm+1

ij (xt, xu), from Ci(t, u, v) to Cj(t, u, r),
we can form the joint message: Mm+1

ij (xt, xu, xr) =
mm+1

ij (xt, xu)ψtu(xt, xr)ψtu(xu, xr). Using (9) and the
definition of clique potential, the joint message can be
written as:

Mm+1
ij (xCj

) = mm+1
ij (xt)ψCj

(xCj
) (10)

where node t must be in appropriate separator set
(t ∈ Sij), and if |Sij | > 1 we can pick one node ran-
domly. Taking this into account, it can be easily proved,
that equation (10) is valid for any clique. Thanks to
the particles from standard messages, we already have

few (one or two) node particles from each joint mes-
sage. The remained node particles can be drawn by
shifting given node particles in random direction for an
amount which represents the observed distance, and by
checking (only in case of 3-node clique) another dis-
tance constraint (more details in [5]). Of course, the
weights of the particles from joint messages are equal
to the weights of the particles from standard messages.
However, due to the sample depletion, we resample with
replacement [2] so as to produce the particles with same
weights: {1/NC , X

k,m+1
ij }.

Finally, due to the problem ii), instead of product,
we make the sum of joint messages (i.e., using mix-
ture importance sampling (MIS) [2]) Therefore, the fi-
nal importance density for the belief of clique j, and
corresponding particles, are respectively given by:

qm+1
Cj

(xCj
) =

∑
i∈Gj

Mm+1
ij (xCj

) (11)

{W k,m+1
Cj ,q , Xk,m+1

Cj ,q } = { 1
|Gj | ·Nc

,
⋃

i∈Gj

Xk,m+1
ij } (12)

Finally, we can find the set of particles from the be-
liefs {W k,m+1

Cj
, Xk,m+1

Cj
} (k = 1, ..., NC):

Xk,m+1
Cj

= choose(Xk,m+1
Cj ,q

∣∣∣|Gj |

k=1
) (13)

W k,m+1
Cj ,corr = W k,m+1

Cj ,q

∏
i∈Gj

mm+1
ij (Xk,m+1

Sij
)

qm+1
Cj

(Xk,m+1
Cj

)
(14)

W k,m+1
Cj

= W k,m+1
Cj ,corr · ψCj

(Xk,m+1
Cj

)
∏

t∈Cj
a∈Gj

mat(X
k,m+1
t )

(15)
where W k,m+1

Cj ,corr is correction of the weights due to the

MIS, Xk,m+1
t particle from node t, and function choose

chooses randomly one particle from |Gj |.
The final estimates of the nodes within the cliques,

are given as the mean of the beliefs in last iteration.
Since the most of the nodes appear in more than one
clique, we simply average multiple estimates.

5 Simulation Results
We placed Na +Nu = 60 nodes in 20m x 20m area. The
minimum number of anchors, which are placed near the
edges, is Na,min = 4. This realistic constraint helps the
unknown nodes near the edges which suffer from low
connectivity. The rest of the anchors and the unknowns
are randomly deployed within the area. The number of
iteration is set to Niter = 3, which means that any
node/clique will receive all the information 3-hop away
from itself. We assume that the distance is obtained
using RSS measurements, so we choose the standard
deviation σdB =5dB (i.e., the parameter of log-normal
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Figure 4: Illustration of results for the 60-node network: (a) NBP (b) NGBP-PJT. The anchors are marked with
red squares, the unknowns with black circles, and the estimated locations with black dots.

distribution of the distance is σlog(d) = σdB/10np =
0.25, where np ≈ 2). All simulations are performed for
Na = 6 and Na = 12 anchor nodes, and with respect to
transmission radius R, which varies from 5m to 12m.
All previous parameters are same both for NBP and
NGBP-PJT. However, the last parameter, the number
of particles, is set to Nnbp = 100 and Npjt = 210 1,
so as to make the same computational time for both
methods2. Finally, all simulations results represent the
average over 20 random networks.

Using the defined scenario, we compared accuracy of
NBP and NBP-PJT algorithms. The error is defined
as Euclidean distance between true and estimated lo-
cation. We illustrated the results of both methods in
Fig. 4. It’s obvious that, for almost all unknown nodes,
NBP-PJT method overperforms the NBP method. Re-
garding RMS error and coverage (the percentage of lo-
cated nodes with error less than predefined tolerance)
shown in Fig. 5 and Fig. 6, the NBP-PJT significantly
(5-10%) overperforms NBP, for all R and both values
of Na. It’s also worth noting that number of anchors
significantly affects accuracy and coverage.

To measure the communication cost, we count el-
ementary messages, where one elementary message is
defined as simple scalar data (e.g., one coordinate of
one particle). According to Fig. 7, the NGBP-PJT
not only overperforms NBP, but also this improvement
is increasing as transmission radius increases. This is
achieved thanks to the thin graph, which ensures low
communication cost, and makes it nearly constant with
respect to R. This feature provides us more precise

1Theoretically, Npjt = Nn
nbp for n-node clique, but thanks to

the constraints that we included, this number is significantly less.
2We set the same comp. time for R = 5. For R > 5 the comp.

time is even less for NGBP-PJT.
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Figure 5: Comparison of the accuracy

information about battery life. Regarding number of
anchors, the larger fraction of anchors decreases com-
munication cost due to the simple message that each
anchor has to transmit. However, it’s interesting that
for R < 7, the conclusion is opposite. This is caused
by our constraint that the network is always connected
(i.e., there is a path between each pair of the nodes),
which is realistic constraint in the most applications.
Basically, when the network is disconnected (it mostly
happened for R < 7, Na = 12), we replaced that net-
work with connected one, and as a consequence increase
the communication between nodes.

6 Conclusions and Future Work
In this paper, we presented NGBP-PJT, a novel prob-
abilistic approach for cooperative localization in loopy
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Figure 6: Comparison of the coverage
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Figure 7: Comparison of the communication cost

networks. Since the exact formation of junction tree
is not tractable, we proposed the formation of pseudo-
junction tree (PJT), which represents the approximated
junction tree based on thin graph. In addition, in
order to decrease the number of particles for NGBP-
PJT method, we used a set of very strong constraints.
The resulting localization method, NGBP-PJT, over-
performs NBP in terms of accuracy and communica-
tion cost in any arbitrary network. Moreover, thanks
to the thin graph, NGBP-PJT has nearly constant
communication cost with respect to transmission ra-
dius. There remain many open directions for the future
work. A comparison with other BP-based methods for
loopy networks could be very useful. We are currently
working on two alternative solutions for this problem:
NBP based spanning tree, and tree-reweighted NBP
[12]. Furthermore, it’s important to check if there is
some cheaper (non-particle-based) message representa-
tion, which should be capable to handle all realistic un-
certainties. Finally, target tracking using this method

could be an interesting direction.
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