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Abstract – This paper presents an extension to an
existing Joint Tracking and Classification approach for
Wireless Sensor Networks. Terrain information and
how it restricts target movement is used, along with
the estimated target speed, to classify a target using the
Transferable Belief Model. When using terrain infor-
mation, a method is used to take into account the un-
certainty of the target position. In addition, a mecha-
nism is added to the Transferable Belief Model to pre-
vent the assignment of belief to outcomes that past be-
haviour have shown is not possible.

The improvements are analysed with the use of three
simulated scenarios — the results of which show con-
sistently good classification performance. In each sce-
nario, targets have non-constant velocity trajectories.

Keywords: Classification, sensor management, trans-
ferable belief model, wireless sensor network.

1 Introduction
This paper presents a new approach for Joint Track-
ing and Classification (JTAC) with a Wireless Sensor
Network (WSN) which we call ‘tbmTerrain’. We have
improved upon previous work [8] with the use of ter-
rain information, more realistic prior probabilities, and
a method for only assigning belief to targets that are
feasible. Three scenarios, which are more realistic than
the scenario of previous work, are used for a perfor-
mance evaluation — although due to space limitations,
only one scenario is discussed in detail. Targets are
modelled on real vehicles and have more complex, non-
constant velocity trajectories.

Novel improvements presented in this paper are the
use of terrain information and how it restricts target
movement, the use of an elliptical area of a terrain map
to account for position uncertainty and the subsequent
weighted combination of conditional plausibilities re-
lated to the terrain coverage within the ellipse, and the

addition of a mechanism to prevent the assignment of
belief to outcomes that past observations have shown
are infeasible. Other improvements to further increase
classification performance include the use of more real-
istic prior probabilities and the smoothing of the esti-
mated target’s speed.

An existing approach to JTAC with terrain informa-
tion, by Powell and Marshall [4], also uses a particle
filter and the Transferable Belief Model (TBM). Powell
and Marshall do not consider the uncertainty of the tar-
get position when using terrain information — this can
result in the incorrect assignment of belief when there
is enough uncertainty to move the mean of the proba-
bility distribution from the true target position over a
terrain boundary. However, Powell and Marshall per-
form multi-target tracking which we do not consider.
Approaches that treat road networks as graphs (e.g.
Ristic et al. [7]) can allow for targets that travel both
on-road and off-road; our approach goes further than
this by considering how different types of off-road ter-
rain affect the target movement by differing amounts
(e.g. water vs. grass). A notable tracking-only approach
by Fosbury et al. [2] uses ‘trafficability’ terrain informa-
tion to deflect the target motion towards the direction
which provides the least resistance to target motion.

Background information is discussed in Section 2.
The problem formulation is presented in Section 3. Sec-
tion 4 explains the improvements made upon previous
work. The results are presented in Section 5. Finally,
the conclusions and future work are discussed in Sec-
tions 6 and 7 respectively.

2 Background
We utilise the TBM, Intelligence Preparation of the
Battlefield (IPB) [13], and a sensor management al-
gorithm by Williams et al. [14] — which we briefly
describe in this section along with an overview of our



previous work [8] which we extend in this paper. Due
to space limitations only a very brief overview of the
aforementioned topics is provided, for more details it
is recommended that their respective literature is con-
sulted.

2.1 Transferable Belief Model

The TBM [12], an extension of Dempster-Shafer
Theory [1, 9], is used to model subjective beliefs. The
TBM does not require an underlying probability model,
and can model ignorance, uncertainty, and conflict.
Two levels exist within the TBM — the credal and the
pignistic levels. In the credal level, beliefs from agents
are assigned to sets of events, beliefs can be updated,
and beliefs from multiple agents or times can be fused.
In the pignistic level, the pignistic transform is used
to create probability functions. Both open and closed
worlds are supported by the TBM — we use a closed
world.

The frame of discernment, Ω, contains all of the ex-
pected possible outcomes Ω = {ω1, ω2, . . . , ωn}. One
of the outcomes is the true state, ω̄. In a closed world
we assume that all of the possible outcomes are in Ω,
and the empty set, ∅, which is used to model conflict is
not given any support. An agent quantifies the amount
of support it gives to subset of Ω using a basic belief
mass (bbm):

m : 2Ω → [0, 1] with
∑
A⊆Ω

m(A) = 1. (1)

The degree of belief of A, bel(A), quantifies our belief
that ω̄ ⊆ A, and is calculated as follows:

bel : 2Ω → [0, 1] with

bel(A) =
∑
∅6=B⊆A

m(B) ∀A ⊆ Ω, A 6= ∅. (2)

The degree of plausibility of A, pl(A), is calculated as
follows:

pl : 2Ω → [0, 1] with

pl(A) =
∑

B∩A 6=∅

m(B) = bel(Ω)− bel(Ā), (3)

and quantifies how much belief could be transferred
to support A. A set of bbms is called a basic belief
assignment (bba).

Using the Continuous Transferable Belief Model
(cTBM) [6, 11] it is possible to assign belief to masses
conditional on prior probabilities:

m(A|x) =
∏
ωi∈A

pl(x|ωi)
∏
ωi∈Ā

[1− pl(x|ωi)] , (4)

where m(A|x) is the mass assigned to A given x,
Ā = 2Ω\A. The plausibility of x for a given class (e.g.

ωi) can be calculated for a ‘bell shaped’ [11] pignistic
density function, Betf using:

pl(x) = (x− x̄)Betf(x) +

∫ ∞
x

(
1− dā

da

)
Betf(a) da,

(5)
where x̄ is defined as Betf(x) = Betf(x̄) and x̄ ≤ v ≤
x; v is the mode of Betf .

Beliefs from two agents can be fused using various
rules of combination. Dempster’s rule of combination is
a normalised version of conjunctive combination where
the mass assigned to ∅ is always zero. This rule of com-
bination can only be applied to closed worlds. Conflict
is redistributed via normalisation — it does not take
into account which bbms caused the conflict.

A more sophisticated method for fusing bbas is
PCR5 [10]. It is a more correct way of redistributing
conflict than Dempster’s rule as it only redistributes
mass to outcomes involved in conflict.

The pignistic transform can then be calculated as
follows [6]:

BetP{ωi|x} =
∑

A:ωi∈A

1

|A|
m(A|x)

[1−m(∅|x)]
. (6)

BetP can then be used to make a decision as to what
the target is.

2.2 Intelligence Preparation of the
Battlefield

Our method for incorporating terrain information into
the JTAC is inspired by IPB [13]. IPB is a methodology
for analysing threats in a geographic area. As part of
the IPB process, terrain is analysed and labelled accord-
ing to how it restricts unit movement. The intelligence
used in terrain analysis includes, but is not limited to,
information about vegetation, obstacles, terrain surface
type, slope, and weather.

The IPB process divides terrain into three classes to
indicate how restrictive movement will be — they are
called ‘Go’, ‘Slow Go’, and ‘No Go’. ‘Go’ terrain does
not restrict unit movement. Terrain that is classed as
‘Slow Go’ provides some restriction to unit movement.
‘No Go’ terrain is considered to be severely restricted.

2.3 Sensor Management

We utilise a sensor management approach by Williams
et al. [14] that selects multiple sensors for each time
step. The planning algorithm is non-myopic, i.e. it
plans sensor usage for more than just the a single time
step. Sensor usage is determined for a rolling horizon
length of N time steps. This approach results in a lower
accrued communications cost compared to selecting a
single sensor at each step that either minimises the ex-
pected distance to the target or provides the greatest
reduction in the uncertainty of the estimate of the tar-
get’s kinematic state.



At each time step, a plan is created for the N
time steps. One or more sensors are selected for each
step that either maximise the reduction in uncertainty
whilst not exceeding a communications cost constraint
for the entire N time step plan, or minimise the com-
munications cost for plan whilst meeting a minimum
constraint on the entropy of the probability distribu-
tion function of the target state; our work uses the for-
mer approach. A dynamic programming approach is
used to balance this trade-off between the the quality
of information obtained and the cost of obtaining it.

A leader node is used for planning and target track-
ing; the leader node may change at at each time step,
before observations are taken. The leader node receives
measurements from all active sensors, including itself,
and combines them within the particle filter — this is
discussed further in Section 3.

2.4 Joint Tracking and Classification
with a WSN

Previous work combined a JTAC approach by Pow-
ell et al. [5] with the sensor management approach by
Williams et al. [14].An overview of the JTAC approach
can be found in Figure 1. At each time step the plan-
ning algorithm by Williams et al. is used to select the
sensors, a change in leader node occurs (if required),
and then sensors send observations (range measure-
ments) to the leader node. The leader node combines
the range measurements and uses them to update the
particle filter. The particles are then used in the classif-
ication process. A bba is created using the speed of each
particle. The bbas for each particle are fused using the
closed world conjunctive combination, the resultant bba
is then fused with the bba for previous time steps, and
BetP is then calculated from the bbas. The particle
weights are then conditioned as follows:

w̄ik+1 =

{
N
(
S
(
xik
)

;µ, γσ
)

P (ωj) > β,
1 P (ωj) ≤ β

. (7)

S
(
xik
)

extracts the speed from particle xik, µ and σ
are the mean and standard deviation of ωj , γ is used
to reduce the impact of N , and ωj is the class with
the highest classification probability. This adjusts the
particle weights to reflect the current belief of the TBM
once it shows that the target has been classified as class
ωj with a sufficient probability β.

3 Problem Formulation
This paper builds upon previous work [8], and as such
much of the terminology and models are similar or the
same — some of which is repeated in this section along
with new terminology.

The same sensor selection algorithm, by Williams
et al. [14], is utilised. With the exception of resam-
pling, the particle filter code remains unchanged. The
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Figure 1: Data flow of previous work [8].

sensor and communications costs models also remain
unchanged.

The non-linear target trajectories used in this paper
are more realistic than that of previous work — targets
slow down at turns and when travelling on more re-
strictive terrain. Each target class, ωi ∈ Ω, is based on
a real unit; where possible, target characteristics (such
as maximum speed) have been obtained from authorita-
tive literature. The target is modelled by a white noise
acceleration model [3], where the target state, xk, at

time k, is assumed to be xk = [posx velx posy vely]
T

,
and its dynamics are updated by

xk+1 = Fxk +wk, (8)

where

F =


1 T 0 0
0 1 0 0
0 0 1 T
0 0 0 1

 (9)

and wk ∼ N (wk; 0,Q), and T is the sampling inter-
val. The covariance of the process noise is modelled as
follows:

Q = q


T 3

3
T 2

2 0 0
T 2

2 T 0 0

0 0 T 3

3
T 2

2

0 0 T 2

2 T

 , (10)

where q is the constant diffusion strength.
A non-linear sensor model is used, the measurement

obtained by sensors sk at time k is calculated by

zsk = h(xk, s) + vsk (11)

where vsk ∼ N (vsk; 0,Rs), it is independent for each s
and independent of wk, Rs is the measurement noise
covariance matrix for sensors s, and

h(xk, s) =
a

||Lxk − ys||22 + b
. (12)

a and b are used to model the Signal to Noise Ratio
(SNR) ratio of sensors s. The measurement from each
sensor has additive Gaussian noise with variance R.

A linearisation of the above equation about a nominal
point, x0, is

Hs
(
x0
)

=
−2a

(||Lxk − ys||22 + b)2
(Lx0 − ys)TL, (13)



it is used in the particle filter, and also used by Williams
et al. to reduce the complexity of the planning stage.

Any sensor can communicate with any other sensor.
Multi-hop communication is used to minimise commu-
nication costs. The total communication cost between
nodes is the sum of the direct communications costs
between between the nodes along the shortest path.

As with Williams et al. [14], we use Sequential Impor-
tance Sampling (SIS) with resampling at each time step
for tracking. Sensor measurements are fused within the
particle filter. The probability density function (pdf)
of the target’s kinematic state, xk, conditional on mea-
surements received up to and including time k, z1:k, is
approximated by

p(xk|z1:k) ≈
Np∑
i=1

wikδ(xk − xik), (14)

where Np is the number of particles, wik is the weight
of ith particle xik, at time k, and δ (.) is the Dirac delta
function. The same distribution is calculated for the
next time step by sampling from

q
(
xk+1|xik, zk+1

)
= N

(
xk+1; x̂ik+1,P

i
k+1

)
(15)

where

x̂ik+1 =Fxik + Ki
k+1

[
zk+1 − h(Fxik, s)

]
(16)

Pik+1 =Q−Ki
k+1H

s
(
Fxik

)
Q (17)

Ki
k+1 =Q

{
Hs
(
Fxik

)}T ·
·
[
Hs
(
Fxik

)
Q
{
Hs
(
Fxik

)}T
+ Rs

]−1

. (18)

zk+1 are the observations at time k + 1. h(·, s) is a
vector-valued function of length equal to |s|. zk+1 is
a vector of length also equal to |s|. Each particle is
conditioned on all of the measurements received at the
current time step.

wik+1 = cwik
p
(
zk+1|xik+1

)
p
(
xik+1|xik

)
q
(
xik+1|xik, zk+1

) , (19)

where

p
(
zk+1|xik+1

)
= N

(
zk+1;h(xik+1, s),R

s
)
, (20)

and c is a normalisation constant such that∑Np

i=1 w
i
k+1 = 1.

By moment-matching the pdf to a Gaussian distri-
bution, the mean and covariance are calculated as

µk =

Np∑
i=1

wikx
i
k (21)

and

Pk =

Np∑
i=1

wik
(
xik − µk

) (
xik − µk

)T
. (22)

The sensor selection algorithm, by Williams et al.
[14], is largely the same. It has been modified to only
use sensors a minimum distance, mind, away from the
expected position of target. This prevents the sensor
measurements from being saturated when using a much
higher SNR, which disrupts the target tracking.

Terrain types such as road and grass are grouped
into terrain classes; the set of terrain classes, T =
{Go,SlowGo,NoGo} is the same as those used in IPB.
However, our approach is not limited to three terrain
classes, grouping terrain types into these classes pro-
vides a sufficient level of abstraction to simplify calcu-
lations yet still provide adequate richness for the class-
ification process.

We create terrain maps based on the IPB approach
to terrain analysis. A map, represented by a bitmap
image, is segmented by terrain type (e.g. road). Each
segment of the same terrain type has the same colour.
For each target class, a mapping is created from terrain
type to terrain class — this allows each terrain type
to affect target classes in different ways without requir-
ing a separate map for each target class. Examples of
terrain maps can be found in Section 5.

4 Improvements
The following improvements can by divided into two
categories — those designed to improve classification
performance, and those designed to improve feedback
from classification to tracking.

4.1 Classification

The scenarios used here are more realistic than that
of previous work; for this reason, a more sophisticated
method of classification is required. This is achieved by
using a number of improvements to the method for cal-
culating conditional belief masses; these improvements
consist of smoothing the estimated target speed, using
terrain information, using a mechanism to ignore target
classes are that no longer feasible, and using more real-
istic prior probabilities. This results in a more accurate
classification.

4.1.1 Target speed

The estimated speed of the target is smoothed using:

sk =
S (µk) + S

(
µk−1

)
+ . . .+ S

(
µk−W+1

)
W

(23)

where µ is calculated using Equation 21, and W is the
window size. A smoothed estimate is required because
the estimated speed for a single time step is typically
too noisy for accurate classification — especially when
tracking a target with non-linear dynamics. Smoothing
using Equation 23 will result in some bias, but with a
sufficiently small value of T and W it does not nega-
tively impact classification.



4.1.2 Utilising Terrain Information

Terrain information is used in the classification process
to take into account how the underlying terrain may
hinder a target’s progress. An uncertainty ellipse at
Nσ standard deviations is used to calculate the under-
lying terrain — this provides a more robust classifica-
tion than using a single point at Lµk as the terrain
may vary over a small area and there will usually be
some inaccuracy as to the exact location of the tar-
get. The proportions of each terrain class within the
ellipse are stored in f , a |T | by |Ω| array, such that∑
τ∈T f [τ, ωi] = 1 ∀ ωi ∈ Ω. The notation f [τ, ωi] is

used to denote the proportion of the ellipse coverage
that is of the terrain class τ for the target class ωi.

4.1.3 Ignoring Infeasible Target Classes

One problem that exists with using the TBM to recur-
sively fuse bbms is that belief can be assigned to a target
class that from earlier behaviour is obviously not feasi-
ble — Powell et al. [5] refer to this as a “lack of intelli-
gent memory.” We have modified the TBM to produce
this expected behaviour by calculating which targets
are feasible, and only allowing conditional plausibility
to be assigned to masses that are only for feasible tar-
gets.

At each time step k, the feasible classes Fk are cal-
culated as follows:

Fk =


(⋃

∀ω∈Ω,
S(ω)ρ≥sk

ω

)⋂
Fk−1 if k ≥ ι;

Ω otherwise,

(24)

where S (ω) is the maximum speed of target class ω,
and ρ is the speed tolerance; ρ is due to a small amount
of bias from Equation 23 and inaccuracy when estimat-
ing µk. If at any time k, Fk = ∅, then Fk is reset to
Fk = Ω. S (ω) is calculated as follows:

S (ω) =


SGo (ω) if f [Go, ω] > 0;
SSlowGo (ω) if f [Go, ω] = 0 and

f [SlowGo, ω] > 0;
SNoGo (ω) otherwise.

(25)

SGo (ω), SSlowGo (ω), and SNoGo (ω) are the maximum
speeds for target class ω whilst travelling over terrain
classes Go, Slow Go, and No Go respectively. Fk is then
used when calculating conditional plausibility to ignore
target classes that are infeasible (See Equation 26).

4.1.4 More Realistic Prior Probabilities

A Gaussian pignistic density was used in previous work;
this was sufficient for a constant velocity target trajec-
tory but it is not suitable for more realistic target tra-
jectories. The pignistic density function, Betf , used
in this paper is asymmetric; there is a slow increase in
Betf(y) from y = 0 to the expected maximum speed of
the target, and then a sharp decline from the expected
maximum speed toward∞. Examples of this can found
in Figures 2(b)–2(d).

4.1.5 Combining Plausibilities

In order to create bbms from the estimated target speed
and the underlying terrain, it is necessary to combine
conditional plausibilities. Conditional plausibility is
calculated for each terrain and target class given the es-
timated target speed; it is then combined for each target
class resulting in a conditional plausibility for each tar-
get class. Using the combined conditional plausibility
results in a bba that takes into account not only target
speed and the terrain the target is travelling over, but
also the uncertainty of the target’s kinematic state.

The conditional plausibilities are combined as fol-
lows:

pltbmTerrain(ω|sk)=

{∑
τ∈T f [τ, ω] plτ (ω|sk) if ω ∈ Fk;

0 otherwise,

(26)
where plτ (ω|sk) is the conditional plausibility calcu-
lated for target ω using priors for the terrain class τ ,
and speed sk. pltbmTerrain can then be used to create
conditional bbms for time k using Equation 4.

Any remaining mass that would usually be assigned
to the empty set is added to the most uncertain (yet
still feasible) set, Υ. This is better than assigning the
remaining mass to Ω if some target classes are infeasi-
ble. This is a also a better method than normalising
the bba as it may give a false indication of the true out-
come. Once the bba has been calculated for time k, it is
fused with the existing bba which was created using the
target state estimate for times 1 to k−1. The resulting
bba is used to calculate BetP .

4.2 Feedback to the Particle Filter

In addition to improving the classification process, feed-
back from classification to the particle filter has been
improved. A new method for this feedback is presented
here. The aim of this new method is to use information
from the classification process to reduce the uncertainty
of the target position.

When required, feedback to the particle filter is
achieved by updating the covariance matrix, Pk, and
then sampling a new set of particles from a multivari-
ate Gaussian distribution parameterised by µk and the
updated covariance matrix. If there is more than one
terrain class covered by the uncertainty ellipse then the
parts of the covariance matrix related to position are re-
duced, resulting in a conditioned covariance matrix, P̄k.
Assuming that the state vector is [posx velx posy vely]

T
,

P̄k is calculated as follows:

P̄k =


κ κ κ κ
κ 1 κ 1
κ κ κ κ
κ 1 κ 1

 . ∗Pk, (27)

where κ is the conditioning factor, and .∗ is the no-
tation used to denote element-by-element multiplica-
tion (the same notation used by Matlab). If there is



only one terrain class covered by the uncertainty ellipse
then P̄k = Pk. After calculating P̄k, resampling is per-
formed. Each particle, xik, and it’s respective weight,
wik, is sampled and calculated respectively, as follows:

xik ∼ N
(
xik;µk, P̄k

)
, wik = 1/Np, (28)

where µk is calculated using Equation 21. We call the
above resampling method ‘parametric resampling’.

Parametric resampling does not preserve the poten-
tially complex and non-Gaussian nature of the particle
distribution. This makes it inferior to systematic re-
sampling, but it does provide a way to ‘reshape’ the
distribution in a straightforward manner. A hybrid ap-
proach is used that results in a compromise between the
two resampling methods: parametric resampling is used
when conditioning is required, systematic resampling is
used in all other cases.

As the new resampling method has the potential to
remove some of the detail from the particle distribu-
tion, the particle filter has been modified to resample
less often. Resampling is performed at each time step
only if the estimated effective sample size is lower than
a threshold, N̄eff < Nthr. This results in condition-
ing taking place less often, but it aims strikes a bal-
ance between providing feedback from classification to
tracking, and preserving the complexity of the particle
distribution.

5 Results
Three scenarios (A, B, and C) were used to test the
improvements presented. Due to space limitations only
Scenario A is discussed in detail, although results are
shown for all scenarios; tbmTerrain, is compared with
our previous approach and the approach of Williams
et al. [14]. As Williams et al. and previous work, hori-
zon lengths of 5, 10, and 25 are used, and 100 Monte
Carlo trials were used for each combination of parame-
ters.

A different sensor layout is used for each of the 100
Monte Carlo trials in each scenario, and the same set
of 100 sensor layouts is used for each combination of
parameters. A single target trajectory was used for
each scenario as opposed to a different target trajectory
for each trial (as per Williams et al.) — this is because
random variations in the target’s kinematic state could
have resulted in a trajectory that travels too fast or over
the wrong terrain type. The potential pitfalls of using
a single target trajectory for each scenario have been
mitigated by using 100 different sensor layouts. Sensor
layouts were generated using a uniform distribution.

The terrains created were based on real geographic
areas using Ordnance Survey map data. In Scenario A
(Section 5.1), an amphibious light tank drives along a
road, then over a river and grass. In Scenario B, a car
drives up to a roundabout, around it, then away from
it — remaining on the road surface at all times. In
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Pedestrian G G N N S G S
PT76 G G S N S S N
T62 G G N N N S N
Challenger 1 G G N N N S N
ZiL 41041 G S N N N S N
Bicycle G S N N N S N

Table 1: The assumed best performance of each target
class for each terrain type. The letters ‘G’, ‘S’, and ‘N’
indicate Go, Slow Go, and No Go respectively .

Scenario C, a main battle tank initially travels along a
road, and then off-road. The assumed effect of the each
terrain type on the performance of each target class
can be found in Table 1. Ω for Scenario A contains all
6 target classes, Ω for scenarios B and C contain all of
the classes except the bicycle.

The results for Scenario A are shown as the Scenario
is more complex than that of Scenarios B and C. In
Scenario B the target remains on a single terrain type
(Road). In Scenario C, the target travels on a less com-
plex route compared to Scenarios A and B. For classi-
fication performance, there is a larger improvement in
classification performance for tbmTerrain compared to
previous work for Scenarios B and C.

Figure 2 shows the Betf that is calculated for each
target class and terrain class, Betf for our previous
approach is also shown.

In all scenarios, Nthr, equivalent to 66% was used,
with T = 0.25, q = 50, and mind = 50 m.

For all of the simulations that used our previous ap-
proach, a condition factor of γ = 3.5 was used. Instead
of creating a bba for each particle, creating Np bbas for
each time step, we have created a single bba at each
time step using µk in order to reduce computational
requirements.

The classification accuracies of our new approach
compared to our previous approach can be found in Fig-
ure 4. Our new approach results in consistently good
classification performance which is not the case for the
approach taken in previous work.

5.1 Scenario A

Scenario A consists of an amphibious light tank moving
from the top right to the bottom of a 630m by 436m
region (See Figure 3). The target travels over road,
grass, and water. 20 sensors are used in each Monte
Carlo trial, with R = 1.75 and a = 1500000. Each
simulation is 493 time steps long. The tbmTerrain trials
used the following parameter values: ι = 30, W = 7,
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Figure 2: Betf for our previous approach (a) and
tbmTerrain terrain classes ‘Go’ (b), ‘Slow Go’ (c), and
‘No Go’ (d).

ρ = 1.75, and Nσ = 5 — these values were determined
experimentally.

A comparison of classification performance can be
found in Figure 4(a). The tracking performance is sim-
ilar across all approaches for the same horizon length;
this may be due to a combination of our new approach
using an inferior resampling method when feedback
from classification to tracking occurs, and using a fairly
simplistic method for providing the feedback. As track-
ing performance is similar for all approaches with the
same horizon length, the sensor usage is similar too,
resulting in similar communications costs. This effect
was seen in all three scenarios.

6 Conclusions
We have extended previous work [8] to produce a more
sophisticated WSN JTAC algorithm. Most of the work
presented has focused on improving classification per-
formance — which includes the use of terrain informa-
tion in the classification process. Our new approach
to WSN JTAC has been evaluated along with the ap-
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Figure 3: Target trajectory and terrain for Scenario A.
The red line is the target trajectory.

proach of our previous work and the tracking-only ap-
proach of Williams et al. [14]. Details of the improve-
ments have been discussed in Section 4.

This paper has presented various novel methods to
improve classification with the TBM. One of which is
the use of terrain information related to how it restricts
each target class’s movement. Another is the use of an
elliptical area of the terrain map to account for position
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Figure 4: Classification accuracies for Scenarios A, B,
and C. Each box plot is created from the mean value of
BetP (X) over time for each simulation, where X is the
ground truth target class. ‘cTBM’ denotes our previous
approach.



uncertainty and the subsequent weighted combination
of conditional plausibilities related to the terrain cover-
age within the ellipse. We have also added a memory to
the TBM to prevent it from assigning plausibility (and
hence belief) to outcomes that earlier estimates have
shown is not feasible.

The results have shown a consistently good classifi-
cation performance for our new approach; this is due
to the improvements presented in Section 4. It appears
that the new method of feedback from the TBM to the
particle filter does not improve tracking accuracy. A
consequence of the poor feedback from the TBM to the
particle filter is that the target tracking for all three
approaches evaluated have a similar performance (for
the same horizon length), resulting in similar sensor
utilisation levels and associated communications costs.

7 Future Work
There are a number of potential further improvements.
Firstly, the uncertainty of the target’s position could be
more effectively used than a simple uncertainty ellipse;
since the ellipse represents a Gaussian distribution cut-
off at a set threshold.

An effective method of providing feedback from the
TBM to the particle filter remains to be found, the poor
performance of this step limits the overall performance
of both the approach presented here and that of previ-
ous work. Once a more effective method for feedback
has been found, it will be possible to see if the reduction
in the uncertainty of the kinematic state estimate re-
duces the sensor usage and associated communications
costs.
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