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Abstract—In a heterogeneous multisensor environment, data
fusion can help to improve the reliability of the sensor data. With
respect to classification of tracked objects, features detected by
different types of sensors can supplement each other, creating
more reliable classifications results.

This paper presents an idea of adapting the classification
rules in a learning process without “known good” learning data.
Instead, the fused result of classification by different classifiers
is used for learning. This way, the classification rules are refined
in absence of a prior knowledge. The gain lies in the fact that
the fused classification results from heterogeneous sensors can be
considered a good approximation of the absolute truth.

In an urban scenario there exist many areas with different
sensor coverage. The learning is most effective in areas viewed
by many sensors – the fused result is more reliable there.
Rules adapted using objects present in these areas can then be
successfully used in the areas where only one sensor is active.

A DAFNE fusion engine together with DAFNE sensor sim-
ulator is described in the paper as a platform which enables
experimenting with different fusion algorithms. Results of exper-
iments with the proposed algorithm and Naı̈ve Bayes Classifier
are shown. The experiments were designed to show the learning
process itself and to study the quality of learning in the presence
of disturbed sensor readings.
Keywords: adaptation, classification, multisensor fusion.

I. INTRODUCTION

In a typical urban scenario of peacekeeping or security op-
erations, many sensors with different characteristics are active
in different coverage areas, determined by sensor properties
and by local context – sensor location, possible occlusions
and reflections, current lighting and atmospheric conditions
(e.g. rain). The fusion of sensor data is necessary to create a
system with maximum possible joint coverage.

Such a scenario may, for example, include cameras oper-
ating in different spectral regions as well as miniature radars
and other sensors (see Fig. 1). A target moving in the observed
area will be visible for a subset of all sensors in each instant,
the subset changing with its movement.

A sensor system with a fusion engine will have the objective
of tracking targets and classifying them, as depicted in Fig. 2,
[1]–[3]. These tasks are interweaved: if an object can be reli-
ably tracked from different sensors (which involves properly
associating detections from these sensors) the attributes of
the object given by these sensors can be combined in the
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Figure 1. A scenario with dislocated heterogeneous sensors: VIS - visual
camera, IR - infrared camera, RADAR

classification process. On the other hand, correct association of
detections to a track can benefit from comparing classification
results based on attributes given by each single sensor.

In the paper the first approach will be investigated. As-
suming reliable tracking and association based on geometric
and kinematic properties, the possibility of improving the
classification process will be proposed – not only by com-
bining attributes assigned by different sensors, but also by
adjusting the classification rules for a single-sensor classifier
using the fused multisensor result as a more reliable source of
information [4]–[6].

Considering areas with different sensor coverage, [7], [8],
the system can be described as multi-tracker approach, as
depicted in Fig. 3 with single classifier. However, adaptation
(learning) of classifier rules requires additional information,
e.g. from human experts. The method proposed here is to use
many classifiers based on different data inputs (Fig. 4 – with
single tracker, Fig. 5 – with distributed tracker). Set of weak
(imperfect) classifiers is able to produce stronger classifier
results. This enables adaptation based on the result of internal
data fusion to improve the classifier rules.

A single-sensor classifier will be inferior to the multisensor
one in the area of sensors’ coverage overlap. However, when
the target moves out – to an area covered with only one
sensor – a single-sensor classifier may get into action. Many
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Figure 2. A fusion system architecture where sensors, tracker and classifier
are considered. Adaptation requires information from outside the system.
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Figure 3. Sensors with overlapping areas are described as multi-tracker
system.
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Figure 4. The multi-classifier approach enables adaptation of classifier rules
based on internally produced information, Σ stands for any fusion algorithm.
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Figure 5. Sensors with overlapping areas and multi-classifier approach enable
adaptation of the system.

variations of this template may be investigated, involving
coverage area intersections of different number of sensors.

The idea of adapting a classifier using a more reliable
source of information to label training data is referred to as
the supervised learning model. The main difference in the
proposed method is in the fact that the labels for training
data are derived from currently available classification results
themselves, so actually in a whole this is an unsupervised
learning process. In order to converge to the desired outcome
it must start from a sufficiently good starting point. This is
going to be provided here from expert knowledge or from
a known training example set. The starting point will in the
previsioned application be stored as a part of the system setup
(“knowledge database”).

Also, the learning process should be performed with some

knowledge about the training data labelling accuracy. An idea
that will be explored here is to use known context data.
Knowing the sensor dislocation and properties, one can define
areas with multisensor coverage to be used for learning,
and exploit the better performance of adapted single-sensor
classifiers in other areas. In [9] many ways to combine weak
classifiers into a strong one are presented. The combined result
will be used in the learning areas as the label data.

The advantage of using a heterogeneous sensor set in
the process may be visible if the environment change is
encountered, as e.g. lighting or weather change which may
influence the classification results of some sensor type. Then,
the classification rules will be adapted to be useful again, with
help of other sensors which are nonsensitive to that change.
In the result, the influenced sensor – after adapting relevant
rules – may be still valuable in the area not covered by the
uninfluenced ones.

The proposed algorithm is intended to be applied in DAFNE
project. DAFNE stands for “Distributed and Adaptive multi-
sensor FusioN Engine”. The project is devoted to the creation
and experimenting a fusion engine to be used in multisensor
urban environment. The engine is accompanied with a realistic
sensor data simulator and an evaluation module. Thus, the
DAFNE system as a whole constitutes a good testing platform
which allows to create almost-real data sets. The engine itself
consists of database and tracking modules, resource manage-
ment module and a classifier module. Thanks to the system
design, each module may be exchanged without disturbing
the system integrity: this enables easy experimenting with
different algorithms. The access to the run history database
allows also to use iterative learning methods, using all the
input data gathered up to the current instant.

As an example, the application of proposed concept to Naı̈ve
Bayes Classifier will be shown in the following.

II. ADAPTATION OF INTERNAL STRUCTURE OF NAÏVE
BAYES CLASSIFIER

A Naı̈ve Bayes Classifier calculates probability of the given
categories for a piece of input data [10], [11]. If only nominal
attributes and nominal categories are considered, the calcula-
tions use the Bayes rule, presented in equation 1, where ci
is called category, C = {c1, ..., cm} category domain, xj j-th
attribute, and Xj j-th attribute domain.

P (ci|x1, ..., xn) =
P (x1, ..., xn|ci)P (ci)∑
c∈C P (x1, ..., xn|c)P (c)

,

where


ci ∈ C
x1 ∈ X1

...
xn ∈ Xn

(1)

The Naı̈ve Bayes Classifier uses the assumption of attribute
independence, therefore P (x1, ..., xn|ci) =

∏n
j=1 P (xj |ci),

and
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P (ci|x1, ..., xn) =
P (ci)

∏n
j=1 P (xj |ci)∑

c∈C P (c)
∏n

j=1 P (xj |c)
(2)

The NBC could be used to find the most probable category:

argmax
c

P (c|x1, ..., xn) (3)

or to give the probability of each category ci ∈ C calculated
from equation 2.

The learning of Naı̈ve Bayes Classifier is the process to
estimate the P (xj |ci) – conditional probabilities of observed
value xj given category ci and the probability P (ci) of each
category. These parameters are so-called prior probabilities.

It could be estimated based on a training set of examples.
Each training example is a n + 1 tuple (n features and cate-
gory). The number of examples with feature xj and category
ci is marked as Aij , the number of occurrences of example
with category ci is marked as Ai = 1

n

∑
j Aij , and number

of training examples is N =
∑|C|

i=1Ai. The probabilities
are estimated based on equation 4. The Laplace smoothing
is applied to prevent assigning zero probability for samples
which do not occur in training data.

P (xj |ci) =
Aij+1

Ai+|Xj |
P (ci) = Ai+1

N+|C|
(4)

In an initial state all counters Aij , Ai and n are zero, which
means no prior knowledge is available. The prior probabilities
P (ci) are all equal P (ci) = 1

|C| , as well as all conditional
probabilities P (xj |ci) = 1

|Xj | .
After using an iterative scheme presented in this approach

prior probabilities will change unequally on each iteration,
acquiring more meaningful values in the process.

Example 1: Objects are described by three features: size =
{small,medium, large}; speed = {low,medium, high};
temperature = {hot, cold}. There are three classes C =
{person, car, tank}. The NBC requires 27 prior probabilities
(8 feature values, 3 categories). When no training examples
are available P (person) = P (car) = P (tank) = 1

3 , and
P (size = small|person) = ... = P (size = large|tank) =
1
3 , P (speed = low|person) = ... = P (speed =
high|tank) = 1

3 , P (temperature = hot|person) = ... =
P (temperature = cold|tank) = 1

2 .
After taking into account four training examples (ground-

truth data): (size = small, speed = low, temperature =
cold, category = person); (size = small, speed =
low, temperature = hot, category = car); (size =
medium, speed = high, temperature = hot, category =
car); (size = large, speed = medium, temperature =
hot, category = tank); the counters Aij are presented below.

person car tank
size=small 1 1 0
size=medium 0 1 0
size=large 0 0 1
speed=low 1 1 0
speed=medium 0 0 1
speed=high 0 1 0
temperature=hot 0 2 1
temperature=cold 1 0 0

The prior parameters in this case, according to equation 4,
are: P (person) = 2

7 , P (car) = 3
7 , P (tank) = 2

7 , P (size =
small|person) = 1

2 , P (size = medium|person) = 1
4 ,

P (size = large|person) = 1
4 , etc.

When new object of unknown class is observed with feature
obs = (size = large, speed = low, temperature = hot),
the classifier produce the following results P (person|obs) =
0.16, P (car|obs) = 0.35, P (tank|obs) = 0.49, and the most
probable category is tank.

If the category of this object is confirmed by the fusion
module to be a tank, the example (size = large, speed =
low, temperature = hot, category = tank) is used to
improve the parameters of NBC.

The fusion combines classification data from multiple
sources. In presented approach the Dempster-Shafer rule [12]
is used, as depicted in equation 5.

P (ci|obs) =
∏K

k=1 Pk(ci|obs)∑|C|
i=1

∏K
k=1 Pk(ci|obs)

,

where
{
Pk is the result for k classifier
K is the number of classifiers

(5)

Example 2: Classifier 1 uses only the size feature. When 5
training examples from Example 1 are considered the classifier
answer for observation obs = (size = large, speed =
low, temperature = hot) is: P1(person|obs) = 0.17,
P1(car|obs) = 0.21, P1(tank|obs) = 0.62, the most probable
category is tank. Classifier 2 uses the temperature and speed
features, and produce the output P2(person|obs) = 0.16,
P2(car|obs) = 0.42, P2(tank|obs) = 0.42, the most probable
category is car (assuming the first category from set of equally
posterior probabilities is returned). The fusion combines the
results (as depicted in equation 5) P (person|obs) = 0.07,
P2(car|obs) = 0.24, P2(tank|obs) = 0.69, the most probable
category is tank.

If the fusion result is used for learning, as depicted in Fig. 5,
the rules for Classifier 2 are adapted and the most probable
category for this classifier is tank.

III. DAFNE - DISTRIBUTED DATA FUSION SYSTEM

The DAFNE project aims at designing and experimenting
a real-time distributed multisensor fusion engine that will
combine data from heterogeneous sensors. A system has
been built for experimenting with different fusion algorithms.
The DAFNE system consists of the fusion engine itself and
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Figure 6. Data flow in DAFNE system
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Figure 7. Modular structure of DAFNE system

accompanying data source and data sink. The data source in
the system is a multisensor data simulator, whereas data sink is
an evaluation block which purpose is to analyze fusion results
and evaluate their quality.

The simulator supplies the engine with real-like processed
data from a set of simulated sensors viewing a loaded scenario.
The simulation includes also the nonideality of sensors in a
form of random errors with realistic probabilities.

The evaluation block receives data from the engine as well
as direct, undistorted “ground truth data” from the simulator.

In order to facilitate development and to enable experiment-
ing with different algorithms, the system is logically designed
as a set of modules as depicted in Fig. 6 and Fig. 7. The fusion
engine comprises:

• a tracker module which performs association of detec-
tions from different sensors and kinematic tracking;

• a classifier module which derives class labels for a tracked
object, using features supplied by sensors;

• a situation assessment & decision support module which
tries to detect and flag potentially dangerous situations;

• a resource manager module which adapts the used sensor
set based on assessment of their utility towards the
tracking and classification quality.

The simulator and evaluator blocks are also built as distinct
modules – this will enable to exchange them in future for a
real sensor interface at the input, and a real user interface at
the output.

All the modules communicate through a common database
server which stores a whole history of current run of simulated
data, as well as the a priori knowledge (e.g. classification rules
or initial parameters) and scenario context (e.g. geographical
model of the scenario environment).

The communication in the system has been designed in a
form of a web application (or a Rich Internet Application)
with a database server providing the services allowing to share
and process information with other applications using Internet
[13]. All the modules communicate with database using the
HTTP protocol, as depicted in Fig. 8.

This solution allows the data to traverse the Internet between
cooperating modules and allow the data to pass through any
network elements, including firewalls and address translations.
Thus, modules may be developed and debugged in physically
remote locations.

The graphical user interface for supervision of the engine
uses a web browser and communicates with database in the
same way. The screenshot of the system GUI is shown in
Fig. 9.

The database server uses the standard components: HTTP
server, the relational DBMS, the web framework (django),
Python interpreter as well as the domain specific software
delivered as a shared libraries. This design allows the software
to run on many platforms including Unix, Windows and Sun.
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Figure 9. The graphical user interface for DAFNE server using web browser. The screen shows the view of Naı̈ve Bayes Classifier whith classifier results
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Figure 8. Communication model in DAFNE fusion system

IV. SIMULATION EXPERIMENTS

The experiments are perfomed with help of the DAFNE
system introduced in previous section. The standard and
adaptive classifier accuracy are examined with different signal
to noise ratios in the sensor data.

We assume that we have three real-valued attributes: speed,
size and infrared component of average color of an object (in-
terpreted as temperature measurement). The objects from three
different classes ( “person”, “car”, “UAV” - Unmanned Aerial
Vehicle) are considered. The simulated data are described in
Appendix A.

For each simulated object, the simulator calculates values
measured by a sensor, then distorts them according to the error
model of the sensor. In the following experiments we will
ease the simulation complexity, employing a simple distortion
model as depicted in equation 6, where a′ is the return value,
a is the exact value, N(0, k ∗ σa) is the noise with normal
distribution, k is the noise factor, σa is the accuracy of
measuring the value a. In the experiments σa is set to 0.1
of the maximum scale of a.

a′ = a+N(0, k ∗ σa) (6)

Based on three available atributes (speed, size, temperature),
there are also three NBC classifiers, Clspeed, Clsize, Cltemp,
each one working with one attribute. The results of these
classifiers are fused according to formula 5.

The first experiment shows the ability to learn rules in
adaptive system. No truth data is available and the knowledge
for learning is available only from two pre-learned classifiers.
The third classifier starts from a tabula rasa state and adapts its
rules based on fused results of all three classifiers. The system
doesn’t distinguish the good and bad sensors – all results are
fused and all rules are adapted.

The starting point for Clspeed and Cltemp is calculated from
data described in Appendix A, the Clsize is left in initial state.
The presented method is able to produce rules from fused data,
as described in Tab. I, the error rate for Clsize decreases.

In the table, Cl−speed, Cl−size, Cl−temp mark the results of
non-learning classifiers given as reference. The results marked
as Cl+speed, Cl+size, Cl+temp come from adaptive classifiers,
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Table I
ERROR RATE (IN%) OF NON-ADAPTIVE AND ADAPTIVE CLASSIFIERS (k – THE NOISE FACTOR, AS DEFINED IN EQ. 6

k Cl−speed Cl+speed Cl−size Cl+size Cl−temp Cl+temp fused− fused+

0.1 13 13 67 34 34 34 0 0

Table II
ERROR RATE (IN%) OF STANDARD AND ADAPTIVE CLASSIFIERS IN FUNCTION OF k PARAMETER (NOISE FACTOR). THE COLUMNS fusion− AND

fusion+ SHOW ERROR OF DATA FUSED FROM ALL CLASSIFIERS WITHOUT OR WITH THE ADAPTATION RESPECTIVELY

k Cl−speed Cl+speed Cl−size Cl+size Cl−temp Cl+temp fused− fused+

0.1 13 13 34 34 34 34 0 0

0.5 13 13 34 34 47 46 3 1

1 15 14 35 34 56 55 8 8

3 22 21 44 43 63 62 22 20

6 34 33 47 47 64 64 31 31

10 44 44 50 52 64 66 40 43

where the fusion result affected the rules. The fusion− is
fusion of Cl−speed, Cl−size, Cl−temp, the fusion+ is fusion of
Cl+speed, Cl+size, Cl+temp respectively.

The quality of results after data fusion was investigated in
second experiment when different level of signal/noise ratio
in the input data was used. The process of generating training
data set and testing data set is similar to presented before, the
difference is that we assume a “steady state” at the beginning
– all classifiers Clspeed and Cltemp and Clsize, have the prior
knowledge (the starting point is calculated using examples
with small noise (k=0.1)).

Next, a new observation set is generated, with the same
scenario, but with different random contribution. This data set
is used as testing data in two cases:
• with fixed rules, equal to the starting point (no learning);
• with adaptive rules (learning according to Fig. 5).
The results (percentage of errors) are provided in Tab. II,

where the fusion described the percentage of errors for
category after fusion.

The quality of results of data fusion affects the applicability
of presented solution. In the experiment the classes after fusion
are very well compatible with ground-truth data up to k = 6,
thus they could improve the single-classifier rules. With higher
signal/noise ratio (k > 6), the fusion produces poor quality of
data, and the adaptive rules give worse results than the fixed
ones.

V. CONCLUSIONS

An idea of adapting a single-sensor classifiers using the
fused result of many sensor classification data as the reliable
source of information in the learning process has been shown
in the paper. The idea has been verified with a Naı̈ve Bayes
Classifier using data simulated in the experimental DAFNE
fusion engine environment.

The simulation results show advantages of simple adaptation
techniques based on simulated data. The use of fused data

to improve the single-classifier rules could however lead to
deterioration, if the fusion data is of lower quality than data
produced by single classifier, e.g. there is a set of failed
sensors. In such cases resource management techniques should
be applied, which does not allow to use data from uncertain
sensors.

Described system is still under development and many
issues are not presented in current work. No missing values
are assumed in the presented algorithms; the consideration of
missing and uncertain values is an ongoing task. In future,
experiments with real data are planned, as well as adoption
of this idea with decision-tree classifiers (ID3 algorithm). An
investigation on the impact of discretization process to the
classifiers results is also envisaged.

APPENDIX A
SIMULATION DATA

The scenario for simulator allows for generating 9 tracks.
There are 3 tracks for “person” class (in the description below
actions are separated with a comma, each action lasts 1 min.,
speeds are in m/s, temperature is the result of IR sensor
measurement):

per. 1 size: 1; temperature: 33; actions: stand, go in the x
direction at a speed of 0.6, go in the y direction at
a speed of 0.6, run - y velocity component is 0.6, x
velocity component rises linearly from 0 to 5, stand

per. 2 size: 1; temperature: 30; actions: go in the y direction
at a speed of 0.6, go in the x direction at a speed
of 0.6, go – x velocity component is 0.5, y velocity
component is 0.4, go – x velocity component is 0.4,
y velocity component is 0.5, go in the y direction at
a speed of 0.4

per. 3 size: 1; temperature: 35; actions: run in the x direc-
tion at a speed that decreases linearly from 5 to 1,
run in the x direction at a speed of 3, run in the y
direction at a speed of 2, run – x velocity component
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Table III
ERROR RATE (IN%) OF CLASSIFIERS FOR EACH CLASS. THE NOISE

FACTOR k = 3.0

person car plane

Cl−speed 19 20 2

Cl−size 24 76 100

Cl−temp 54 46 100

Cl+speed 18 19 1

Cl+size 30 70 100

Cl+temp 51 49 100

is 1, y velocity component decreases linearly from 3
to 1, run in the x direction at a speed that increases
linearly from 1 to 4

There are 3 tracks for “car” class:

car 1 size: 14; temperature: 66; actions: stand, go in the x
direction at a speed of 0.6, stand, go in the x direction
at a speed of 13, go in the x direction at a speed of
0.6

car 2 size: 16; temperature: 61; actions: go in the x di-
rection at a speed of 13, go in the x direction at
a linearly decreasing speed from 13 to 0, go in the
y direction at a linearly increasing speed changing
from 0 to 26, go in the y direction at a speed of 26,
stand

car 3 size: 28; temperature: 51; actions: go in the x direc-
tion at a linearly rising speed from 0 to 13, go in the
x direction at a speed of 13, go in the x direction at a
speed of 12, go – x velocity component is decreasing
linearly from 12 to 0, y velocity component is
increasing linearly from 0 to 13, go in the y direction
at a speed decreasing linearly from 13 to 0

There are 3 tracks for “UAV” class (here, first action last 3
min., second one 2 min.):

pl. 1 size: 2; temperature: 37; actions: go in the x direction
at a speed of 42, go in the x direction at a speed of 41

pl. 2 size: 2; temperature: 38; actions: go in the y direction
at a speed of 42, go in the y direction at a speed of 42

pl. 3 size: 2; temperature: 39; actions: go in the x direction
at a speed of 42, go – x velocity component is 30, y
velocity component is 20

For each track the simulator produces one sample per
second. The number of samples (observations) for each tracks
was from 300 to 900, additionally 10 runs of simulation
were performed, the shown results are the average value. For
example the Tab. III describes the average error for each class.

The classifiers use the nominal variables as input data, these
variables could have value from finite unordered set called
nominal domain. The discretization converts continuous fea-
ture to nominal one. There are 3 discretizers created by human
experts. The sections boundaries are provided in Tab. IV.

Table IV
SECTION BOUNDARIES FOR SPEED, SIZE AND TEMPERATURE DISCRETIZER

speed

idx min. max.

0 -100 0.8

1 0.8 6

2 6 28

3 28 100

size

idx min. max.

0 -100 2.5

1 2.5 22

2 22 100

temperature

idx min. max.

0 0 45

1 45 255
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