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Abstract— The purpose of this article is to provide rescue
robots with an adaptive behaviour during searching for
victims in disasters such as fire, earthquake, flood, wars etc.
This experimental research work took place in previously
unknown dynamic indoor terrains. The main phases of this
framework are; 1) modelling of robot behaviours/dynamics
in collapsed environments, 2) designing an adaptive con-
troller, which regulates robot longitudinal velocity and head-
ing (collision avoidance) based on the obstacles distribution
histogram, 3) prediction of robot behaviours in another
unknown terrain. Two approaches have been used to design
the adaptive controller: the first one is the stochastic control
theory, based on Kalman filter algorithms [10][8]. The
second approach relies on fuzzy inference systems (FIS)
[5][17][7]- Throughout this work, robot dynamics have been
modelled using the auto regressive exogenous (ARX) scheme,
while ARX model parameters have been identified using
recursive least squares (RLS) [18]. This contribution presents
a description and some discussion of the discrete Kalman
filter, modelling techniques, and some discussion of robot
behaviour analysis. Furthermore, the design of adaptive
controllers using FIS-based techniques versus stochastic
control systems has been demonstrated.
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I. INTRODUCTION

In disasters, autonomous mobile systems are highly
needed to help in finding trapped victims. Intelligent
mobile robots and cooperative robotic systems can be very
efficient tools to speed up searching and rescue operations.
Rescue robots usually have 48 hours to find trapped
survivors. They are also useful to do rescuing jobs in sit-
uations that are hazardous for humans. Promising projects
of rescue robots got recently a lot of attention worldwide,
although the available technologies do not yet provide
enough autonomy or precision as needed. Adaptive con-
trollers compensate fluctuations of internal/external pa-
rameters of dynamic systems to preserve the stability and
to increase the robustness. Based on the histogram of
surrounding obstacles, the robot adapts its translational
velocity and avoids collisions during exploration of the

1This study has been implemented on the B21-RWI robot platform
(Colin and Robin - laboratory for autonomous mobile robots, University
of Tubingen).
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collapsed structure seeking for alive victims. Adaptive
controllers reinforce rescue robot navigation safety by
steering the robot behaviour smoothly to the desired set
point, instead of abrupt variations that might cause a
harmful effect on the internal structure of robots. In this
study, stochastic Kalman filters have been employed to
model robot dynamics, to identify model parameters, to
predict robot behaviours in another terrain and to regulate
the rescue robot velocity related to the free front space
[16][14][4]. Kalman filters belong to algorithms (e.qg.
ARX, ARMA, LMS, RLS, FIR, IIR, LQR, LQG, etc.) that
widely involved in adaptive systems to underlay subjects
of modelling, identification, prediction, signal processing,
behaviour learning and controller design [9][12]. On the
other side, adaptive FIS techniques enable the robot to
interact adaptively with the static or dynamic events
during navigation. FIS have been successfully employed
in automatic control, data classification, decision analy-
sis, expert systems, time series prediction, and pattern
recognition. Furthermore, FIS are considered in many
robotic applications, such as velocity control, collision
avoidance, path tracking, dynamic objects pursuing [1],
map building and in sensor fusion [11]. In this paper, the
following topics will be discussed: part (1) focuses on the
formulation of discrete Kalman filter. Part (lll) outlines
signal and system modelling approaches, ARX model
building, and using the RLS technique in identification
of rescue robot model parameters. Part (IV) demonstrates
how to regulate the robot velocity based on the obstacles
distribution histogram using adaptive Kalman filters and
practical results are presented. Part (V) illustrates applying
FIS techniques to regulate robot behaviours. Part (VI)
introduces a comparison between stochastic based and FIS
based control approaches.

Kalman filters are widely used in studies of dynamic
systems, analysis, estimation, prediction, processing and
control. The Kalman filter is an optimal solution for the
discrete data linear filtering problem. The Kalman filter is
a set of mathematical equations that provides an efficient
computational solution to sequential systems. The filter is
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very powerful in several aspects: it supports estimations
of past, present, and even future states (prediction), and it
can do so even when the precise nature of the modelled
system is unknown. The filter is derived by finding the
estimator for a linear system, subject to additive white
Gaussian noise [10]. The discrete form of Kalman filters
addresses the general problem of trying to estimate the
state of a discrete time process that is governed by the
linear stochastic difference equation. The Kalman filter
formulation begins with definition of the system and
assumptions. Consider a process f(.) given by the state
space model defined by its linear difference equation form

U1 = f (Uk, Ak, €k) = AUk + BrAk + &k (1)

The observation or measurement model is a mapping
of the actual system state to an observed state y. The
system is driven by a control signdl, while measure-
ments are associated with Gaussian white nojseady.

The discrete time observation model is given by the linear
difference equation

Y = T (Uk, W) = SOk + % 2)

In our case the observed output is the rescue robot longi-
tudinal velocity/heading and the reference control signal
is the obstacles distribution histogram. The coefficients A,
B and S are Kalman filter parameters.

Ill. RoBOT DYNAMICS MODELLING

A. Sgnal and System Modelling

There are two different approaches to the characteri-
zation of dynamic systems: In linear systems theory, one

can assume either some structure in the signals or some

structure in the system. Attempts have been made to
combine these two approaches e.g. harmonic identification
techniques in the Fourier domain.

First approach: Structure the signal can be found using
linear transforms. This approach does not take into account
that the system has some structure. In the time domain,
filtering is a linear transformation. The Fourier, Wavelet,

to be modelled onto mathematical structures like simple
algebraic equations, systems of differential equations or
even difference equations. Mathematical modelling of
robots can be developed in different ways: either purely
theoretically based on the physical relationships (sensors
actuators Interaction), which are a priori known about the
robot dynamics, or purely empirically by experiments on
the already existing robot, or by a sensible combination of
both ways. Models obtained by the first method are often
called priori, first principle or theoretical models, while
models obtained in the second way are called posteriori or
experimental models. Theoretical model building becomes
unavoidable if experiments in the respective system cannot
or must not be carried out. If the system to be modelled
does not yet exist, theoretical modelling is the only
possibility to obtain a mathematical model.

C. ARX Modelling

The discrete ARX modelling scheme is derived from
Kalman filter, see figure (1). The ARX scheme is widely
used in modelling of sequential system dynamics. This
structure takes into account both the observed state
and the driving control signal, which is given by:
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Fig. 1. ARX modelling of rescue robot dynamics

Where; n is the modelling residual, representing the
white noise.n, is the model order of the observed state
(also called the number of polesl, is the model order of
the control signal (also called the number of zeros). The
operatorq ! is the back shift operator or delay, which is

and Karhunen-Loeve transforms have compression Capa- given byq vy = U1y, that follows:

bility and can be used to identify some structure in the
signals. When we are using these transforms, we do not
take into account any structure in the system.

Second approach: Structure the system can be found by
fitting a model to the system.

B. Approaches to System Modelling

Physical models of robots are either reduced-size copies
of the original dynamics following the laws of model
similarity, or analogies. The idea of an analogy implies

A(q Yok =g B(g YA+ nk
Al =1-aql-aqg?—...—a,q" 4
B(q 1) =bo+bigt4+bg2+...+by g™

The observed statewy is the longitudinal veloc-
ity/heading while the control signahy is the obsta-
cles distribution histogram, acquired by laser/sonar. The
Gaussian distributed noise, associated with the observed
output, allows applying identification algorithms such as;

that there exists "something” at every instant of time thatis RLS or least mean squares (LMS) to estimate model
to be analogous to the dependent variables of the original parameters (coefficients). This modelling scheme is only
physical system. Mathematical models map the relation- applicable within linear or quasi-linear systems. There-
ships between the physical variables in the robot dynamics fore, it is applied within this framework to regulate the



velocity/heading, while this algorithm failed to cope with
position control of mobile robots due to enormous non-
linear odometric errors [2].

D. RLS Estimation of Model Parameters

Now let us explain, how to estimate ARX model
parametersA(q—) and B(q~!). The RLS is a stepwise

IV. VELOCITY CONTROL BASED ONKALMAN FILTER

Applying adaptive control theories to autonomous
robots leads to a smooth transition among operation levels.
Moreover, these systems own a deliberative structure,
which involves reference signal generation, modelling,
identification, controller design and sometimes optimizing

learning algorithm, this means that, the estimation of Units, see figure (3). To generate a reference signal,
model parameters has a gradual convergence. Compared€nvironment maps have been built using two B21-RWI

with the LMS algorithm (batch-wise learning), the RLS
needs a lower computational power and it is more stable
than the LMS. The LMS formulation depends on the
matrix inversion and some matrices are not invertible.
We can initialize the RLS identification process using an
empty vector. Also, we can initialize it using fuzzy and
neural nets. Figure (2) shows outputs of both the ARX
model and an actual robot output. The ARX model output
is smooth due to filtering of high frequencies. Figure (7)
shows the convergence of parameters during the learning
process.
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Fig. 2. Output of both the rescue robot and its ARX model

The RLS estimation process can be accomplished ac-

cording to the following. At time stepk@ 1):
1) FormT (. 1yusing the new data (input-output pat-
terns)

F(TKH) = [U(kJrl)....U(k,na))\(k)
2) Form the estimation erra, 1) using

Ek+1) = Y(kt1) — Ukr1) = Yika1) — r<Tk+1)@<k) (6)
3) FormW, 1) (based on Kalman gain) using

T
r<k+l)r<k+1)w(k)

Wi =W ~ )
(k+1) (k) |'m
L+ ) Yol keen)
4) Update parameters
Owt1) =Ow) + Ykl kr1)€k+1) (8)
where
Ofkr1) = [1— a1 — @, +bo+ ...+ bn]  (9)

5) Wait for the next time step to elapse and loop back
to step (1)

robots, equipped with 24 Polaroid 6500 sonar sensor and
a Sick LMS 200 laser range finder. The characteristics,
advantages and disadvantages of map building using both
of time of flight (TOF) sensors (laser and sonar) can be
reviewed in [13] and [2]. To build an obstacles histogram
of an environment, different methods can be used. There
are: 1) nearest obstacle of the front free space, 2) area of
the surrounding free space or 3) the free front space area.
What has been used throughout this work, is the nearest
obstacle of the free front space. Figures (4, 5) present two
models of map building using the laser range finder and
sonar modules [2]. The implementation of the adaptive
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Fig. 3. Adaptive control of rescue robot longitudinal velocity
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Fig. 4. Map building using the Sick LMS 200 laser scanner

Fig. 5. Map building using Polaroid 6500 sonar sensors

control starts with data acquisition of input/output patterns



(histogram/velocity). Then, ARX paradigm depicts rescue
robot dynamics. Meanwhile, the RLS algorithm identifies
ARX Model parameters (coefficients). After training, the
ARX model can resemble the rescue robot behaviour with
another histogram. Figure (2) shows ARX model learning
using the RLS algorithm. The model output is highly
correlated to the reference signal (after omitting high
frequency noises). Figure(6) presents the prediction of
rescue robot behaviour driven by arbitrary histogram. The
convergence of model parameters during learning process
is presented in figure(7), this convergence reflects the
success of training. Figure (8) show white noise associated
with learning process. In adaptive systems, the design of
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Fig. 6. Output of ARX model in prediction mode
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Fig. 8. Training error

controllers relies on on-line estimated model parameters.

Throughout this phase, the pole assignment self-tuning
controller forces the robot behaviour to yield a definite
pattern [4][3]. The controller compensates not only the
transient time errors but also steady state scalar errors
according to the following:

U« 4 B@hC . T(gh)
— = .————— andC = Ilim
k T(gh a—1B(q1)

where, T = 14+t;7 14 ... +t,z ™ is the assigned pole
function and C is the compensator. To choose appropriate
controller parameters, coefficients of the robot dynamics
model have to be incorporated in computational processes.
Successful controller parameters achieve the maximum
correlation p) between the observed statg and the
reference signaty. The delay factod is considered as
unity for simplicity.

(10)

cov(u,r)

\/Var(v)+/Var(r)

Figure (9) shows the variation of the correlation fagbor
due to changing desired (assigned) pdles

(11)

Correlation

Pole value

Fig. 9. The relation between correlation and controller parameters
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Fig. 10. Adaptive pole assignment control of robot velocity

V. Fuzzy CONTROLLER

In 1965, Zadeh published his paper (Fuzzy Sets). After
that scientists worldwide developed different algorithms
to design a fuzzy logic controller (FLC) e.g.; E. Mamdani
1975, Takagi-Sugeno 1985 and Tsukamoto fuzzy model.
FIS present a considerable solution to the subject of
mobile robots control [6]. The fundamental three phases



of FLC are; fuzzification, inference engine design and
defuzzification. These three phases are analogous to three
phases of stochastic based control systems; modelling,
identification and controller design. A FLC is an intel-
ligent control system that smoothly interpolates between
rules. A fuzzy set may be represented by a mathematical
formulation known as a membership function. That is,
associated with a given linguistic variable (e.g. mobile
robot velocity) are linguistic values or fuzzy subsets (e.qg.
slow, fast, etc.), expressed as membership functions, which
represent uncertainty, vagueness, or imprecision in values
of the linguistic variable, see figure (11). This function
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Fig. 11. Fuzzy control of robot’s longitudinal velocity

assigns a numerical degree of membership, in the closed
unit interval, to a crisp (precise) number. Within this
framework, a membership value of zero-one corresponds
to an element that is definitely not/definitely a member of
the fuzzy set. Partial membership is indicated by values
between 0 and 1. Implementation of a fuzzy controller
requires assigning membership functions for inputs and
outputs. Inputs are usually measured variables, associated
with the state of the controlled plant that are assigned
membership values before being processed by an inference
engine. The heart of the controller inference engine is a
set of if-then rules whose antecedents and consequents
are made up of linguistic variables and associated fuzzy
membership functions. Fuzzy set intersection, or conjunc-
tion, operators in the antecedent are generally referred
to as t-norms. They commonly employ algebraic min or
product operations on fuzzy membership values. Conse-
qguents from different rules are numerically aggregated by
fuzzy set union and then defuzzified to yield a single crisp
output as the control for the plant [15]. The most popular
FLC algorithm is the discrete Takagi-Sugeno fuzzy model,
the consequent part of the rules is described by nonfuzzy
analytical functions. The discrete FIS considered in this

paper is defined by the following implications:

1) The centroid or the centre of gravity (COG) defuzzi-

fication ruleg is expressed by:

_ SiLiwgi
YL@

2) Formulating the state representation as follows

g (12)

I @i (A@ Ygu +Ba Hug)

ety = Y1 Wik
(13)
3) Driving the controller observed state
N -1
0 = Yie1 (r|]7k)S(q )9k (14)
2i=1Wik
4) Calculating the robot control signaly,
At ="~ F(a o
1 @i F (@ hS(a 1oy (15)

r
“ Sit1 Wik

Figure 12 shows how the robot's output follows the
reference signal smoothly, highly correlated (the cross
correlation of bothu andr is 0.936). Compared with
results of pole assignment control, shown in figure (10)
(the cross correlation of botv and r is 0.7367), the
FLC has a better performance. Based on the previous

Velocity regulation of rescue robot using FLC
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Fig. 12. Adaptive regulation of rescue robot velocity using FLC

results, we can find that the FLC can deal with model
based and behaviour based control systems. In collision
avoidance, FIS have a better performance than what has
been achieved by Kalman filters. The random dynamic
obstacles have no definite motion model, therefore Kalman
filters failed to cope with them, while FIS succeeded to
interact adaptively with those events. On the other side,
the model of robot velocity has a clear modelling scheme,
which can be easily handled using Kalman filters. We
have to take into consideration that the COG function fails
to deal with some types of membership functions. The
major differences between both approaches are explained
in details in the next part.



VI. KALMAN FILTER VERSUSFUZzzY LOGIC

The conclusion of this contribution is introduced as

a comparison between stochastic based and FIS based

control systems. The following points distinguish between
both of them:

Stochastic control systems are applicable only to
well-structured problems such as feedback control of
linear or piecewise linear dynamic systems where our
knowledge about the problems is deep and extensive.
FIS do not need models to control a system.

Almost all applications of FIS to traditional system
problems amount to nothing more than interpolating
or extrapolating among well-known controller de-
signs implemented with stochastic control techniques.
However, the world is full of control problems be-
yond this narrow confine.

Most problems are poorly understood and described
only in natural language terms. For these problems,
FIS can play a role either by quantifying imprecise
natural language and/or by converting human experi-
ence to systematic but logic if-then rules.

The difference between logic and stochastic system
is simply an illustration of generality versus depth.
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Stochastic control system analysis tends to be sophis- [11]

ticated compared with the simplicity of FIS.

Contrary to the stochastic control system, FIS pay a
poor reaction to the fully interconnection and to the
parallelism.

Logic computing systems support the independent
pattern recognition, while stochastic systems support
behavior learning.
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