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The analytic approach to signal processing performs well if 
there is adequate understanding of the characteristics of the 
signal source. In more complicated cases, syntactic signal- 
processing tools used to be a working alternative; however, 
these share the common algorithmic background with the 

numerical methods. On the other hand, the filed area of order 
statistics (OS) introduced into signal processing a number of 
tools that handle phenomena that the usual analytic theory 
could not even model. To grasp the essence of the filtering 

operation requires a kind of symbolical description, 
ambiguous and full of dependencies, creating a gap between 

the filed and other customary areas of signal processing. 
Thus, proper choice of an OS filter for a given application 

must be based on a mixed numerical versus symbolical 
evaluation of the signal features and goals, which is clearly 
outside the scope of normal signal-processing expertise. A 

possible solution to this problem is to interface the OS tool 
library to the user via an advisory layer capable of the 

integrated maintenance of the quantitative and symbolic 
information, supporting the user in the modelling, decision 

and evaluation phases of problem-solving. The study 
presented in this paper addresses the concrete case of OS 

signal smoothing, evaluating the components of the problem 
and presenting the structure of the intelligent front-end 

system. 

1 Signal processing and expert knowledge 

One of the questions central to signal processing is how 
to relate algorithms to problems by means of signal 
models. The applicability conditions formulated for a 
given algorithm refer to specific signal features that 
should be present in the application. Moreover, the 
algorithm can also be interpreted in terms of changes 
introduced into the signals, i.e. the notion of an algor- 
ithm is coupled to the notion of the (prerequisite and 
resulting) signal models. 

On the other hand, the analysis of real problems 

results in concrete models reflecting the users’ compre- 
hension of the phenomena and also expressing their goal 
and secondary requirements. The problem of a good 
(optimal) choice of an algorithm, in this perspective, is 
equivalent to the matching of signal models and to the proper 
interpretation of thefit between them (Fig. 1). 

Signal models used in the signal-processing field are 
mathematical models, based on the objects and relations 
drawn from calculus and functional analysis. Within this 
class, a good method means choice based on a quantita- 
tive evaluation of an analytical optimality criterion (e.g. 
various optimal estimators). Deviations from ideal con- 
ditions result in sub-optimal solutions, with the loss of 

INTELLIGENT SYSTEMS ENGINEERING AUTUMN 1992 63 



efficiency usually difficult to express by quantitative 
measures. The analytic approach to signal modelling 
works well if there is adequate understanding of the 
characteristics of the signal source. When )he under- 
standing of the phenomena is shallow, or the detailed 
analytical description, however possible, would be handi- 
capped by its own complexity, a working alternative is 
the symbolic (non-analytic) modelling of signal features. 
For example, syntactic signal processing is based on the 
decomposition of a signal into a compact set of easy-to- 
interpret symbolic labels (e.g. slope, peak, val ey etc.). A 
signal transformed to a symbolic sentence is then subject 
to abstract linguistical analysis (parsing), proving or 
disproving the inclusion of a given signal into certain 
signal classes, expressed as grammar. 

Symbolic formulation of knowledge also appears in 
analytical signal processing as strictly defined terms used 
in related theorems (e.g. stationary, band-limited etc.). 
In contrast to syntactic signal processing, however, this 
description serves the interpretative knowletige of the 
user and does not enter any kind of information- 
processing algorithm. Symbolic formulation of signal 
features will encounter trouble when there is not enough 
insight to define grammars, i.e. the interpretdtion of 
knowledge cannot be solved through strictly zlgorithmic 
means. In this case, tools can be still borrowed from the 
field of artificial intelligence (AI), where means of how to 
represent and handle knowledge, i.e. coniputational 
paradigms based on various abstractions of human 
problem-solving (production systems, gentxic tasks, 
generic models etc.) [I-31, have been developed for 
various application areas. 

To summarise, in the field of signal processing we 
could encounter 

symbolic representation of analytic knowledge 
(signal-processing laws), expressing in a mole compact 
form how to model signals and how to use alcorithms. 

symbolic representation of signals, loosely connected 
to the analytic description (e.g. labels of syntactic pro- 

Fig. 1 
Relating problems to 
solutions via signal 
models 

cessing) equipped however with the proper application- 
independent algorithms. 

symbolic representation of signals, leaving place for 
heuristic interpretation and processing of knowledge. 

To use signal-processing tools well requires mathematical 
skills, considerable experience and interpretation skill. 
Whether a specific area of signal processing is addressed 
as difficult or easy depends on the depth of knowledge of 

0 how to model signals efficiently, i.e. how to enclose 
the empirical information in a form which facilitates the 
choice and usage of methods. 
0 how to relate the action of the algorithms to the 
changes induced in signal models. 
0 how to interpret the similarity of signal models and 
algorithm actions. 

Considering the spectrum of possible approaches ranging 
from handbooks to the fully automated signal-processing 
tools, various levels of knowledge-based intelligent 
behaviour could be realised at the user’s sire and also 
within the computer system. For example, libraries of 
methods influence the interpretation through limited 
textual comments, but the responsibility of choice is that 
of the user. Handbooks can, of course, be consulted, but 
no help is provided on how to interpret them, and the 
level of the users’ expertise projects directly into the 
quality of their choice. Another possibility is to equip the 
library with an intelligent front-end system, removing some 
of the burden of interpretation and decision from the 
user. In this respect, an intelligent front-end is a substi- 
tute for a signal-processing expert, conferring with the user 
and co-operating in the clardication of the task and 
formulation of the solution. 

In the following, the task of signal smoothing is 
addressed as a special case of signal processing. Despite 
the fact that the smoothing methods are based on the 
analytic signal descriptton and work on the quantitative 
representation of signals, a suitable choice of method is far 

64 INTELLIGENT SYSTEMS ENGINEERING AUTUMN 1992 



i---- 

Fig. 2 
General structure of 

the order statistic lilter 

from trivial and is also based on qualitative knmuledge of 
the signal and noise. The aim of the present research is to 
help the usage of so-called order statistic (OS) filters 
[4-71 due to the following facts: 

recent research in OS filters resulted in a \ariety of 
methods, covering a wide spectrum of 1-dim and 2-dim 
applications and exposing a number of unusual features. 

the influence of order statistic filters on the signal can 
only in part be described by the traditional signal- 
modelling techniques; instead a mixture of diverse 
approaches and concepts seems more appropriate. A 
particular order statistic filter means a solution to a well 
defined maximum likelihood problem, for example; on 
the other hand, it smooths patterns better to be described 
in a qualitative way. Restrepo and Bovik [SI (comment 
that 

Fig. 3 
Filtering out the 

excessive amplitudes 
(L-filter) 

'. . . little is understood about the applicability of OS 
filters for genen'c signal processing applications; generally, 
heuristicism or nondynamical statistical considerations are 
presently used to guide the choice of the coefficients of the 
filter . . .'. 
Moreover '. . . in choosing an appropriate OS filter for a 
given noise smoothing application, the designer is faced with 
balancing the goals of signal preservation and noise suppres- 
sion in a manner which remains largely ad hoc.' 

An automated signal-processing system, exploring the 
possibilities of the OS filter library and autonomous as to 
what smoothing procedure to choose or to advise, faces 
problems of multi-level, multi-concept signal represen- 
tation and reasoning. Such a signal-processing tool neces- 
sarily converges in its concept to the idea of a coupled 
symbolic and numeric computing, an important research 
topic in the field of knowledge-based systems [9-121. -- 

A 

= ~ linear weighting 
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Fig. 4 Edge smoothing by the in-place growing (IPG) filter 

2 Order statistics filters: review of problems 

The research on OS filters, originated by the introduc- 
tion of the median filter, has now resulted in a variety of 
more or less clarified, related solutions [4,5, 13-15]. The 
key idea is to introduce into the sliding window (on-line 
smoothing) a rank (amplitude) ordering step, before any 
other operation on the signal samples (Fig. 2). The 
amplitude ordering inside the window pushes to the right 
or left signal samples of excessive values (outliers or 
samples heavily contaminated by noise), making their 
removal a straightforward operation (Fig. 3). The noise- 
smoothing efficiency alone, however, does not make an 
OS filter a better tool than normal linear filtering 
techniques, e.g. the running mean. If the requirement 
for smoothing is paired with constraints on keeping certain 
‘high-frequency’ signal shapes intact (e.g. edges, impulses, 
ramps), or the signal components to be removed and to 
be kept are similar in shape (e.g. to smooth narrow 
impulses, but to keep wider ones), then OS filters 
become promising, even excellent, tools (Fig. 4). 

The field comprises a large body of algorithms, many 
of them being special cases or just well based generalis- 
ations of the others. Many algorithms are the result of a 
good intuitive insight into the mechanism of smoothing; 
others are more or less ad hoc extrapolattons of the proved 
Ideas. A kind of semantic net of filters, of course far from 
being full, is shown in Fig. 5. Some of the filter 
structures exposing clear inheritance of the ideas are 
shown in Fig. 6. 

It is worth mentioning that a considerable number of 
the related solutions originated in the (robust) mathe- 
matical statistics [16]. The essence of the statistical ‘past’ 
and the signal-processing ‘present’ of these methods lies 
in different application environments, where the signal 
models do not necessarily match the original assumptions 
(population models), making, on the other hand, the 
validation of the algorithms quite a new issue. 

The extensive number of OS-based algorithms makes 
representative references rather difficult. Positions listed 
in the references are necessarily incomplete; however, 
they provide a good coverage of the problems addressed 
in this paper. 

The main difficulty when dealing with OS filters is that 
the traditional signal hierarchy (i.e. deterministic/ 

stochastic, periodic/almost periodidtransient etc.) 
provides little or no help in describing and understanding 
their smoothing mechanism. The amplitude ordering 
operation introduces non-linearity with memoty, with the 
total loss of the linear system theoretical tools and 
advantages. Signals with a well based deterministic 
description (i.e. with x(t) time-domain shape specified) 
cannot be substituted into the order statistic formulae. 
Stochastic signals, even if their probabilisitic characteris- 
tics are well known, are equally difficult to handle, 
considering the following: 

0 The probabilistic description involves properties of 
the random source and not the properties of the concrete 
measurement registrates (sample functions), which after all 
will be the subject of the filter action. Features essential 
to the filtering (edges, impulses etc.) can appear in the 
same form in different populations. On the other hand, 
various segments of the same measured signal can expose 
seemingly different characteristics (e.g. impulsive and 
non-impulsive noise, stationary versus non-stationary 
behaviour etc.). 
0 PDF (probability density function) formulae for OS 
work only for the ‘constant (DC) signal in additive white 
noise’ case. This is clearly not always the real situation, 
e.g. the median density (for 2N+ 1 independent 
samples) is 

Even a very slow signal introduces a time-dependent 
expected value (non-stationary noise), making exact 
evaluation intractable but for trivially short data win- 
dows. The asymptotic (large window) formulae sup- 
ported by the theory are of equally little value. 
0 An acute problem is that, in OS formulae, both noise 
density and distribution function appear, making the most 
common Gaussian case intractable beforehand. 

The field of OS filters has developed a methodology 
helpful in the evaluation of filtering effects. One 
approach is an extensive simulation study, with input 
signals considered a good excitation, and evaluation of 
the results by normal statistical means. There is, how- 
ever, no underlying theory of how to choose these 

66 INTELLIGENT SYSTEMS ENGINEERING AUTUMN 1992 

I 



dHF 

OSF 
Local OSF 
Global OSF 
WXF 
HLDF 
FMHF 
PMHF 
IPGF 
MF 
LimTF 
STM 

a-Y-F 
Y-F 

DWMTM 

T F  MM( RecMF 

adaptWMF DeOSF 

= order statistic filter 
= local ordering OSF 
= global ordering OSF 
= Wilcoxon filter 
= Hodge Lehman D-filter 
= FIR median hybrid filter 
= predictive FMHF 
= in-place growing filter 
= M-type filters 
= limiter-type M-filter 
= standard type M-filter 
= gamma filter 
= adaptive gamma filter 

DWMTM = double window MTM filter 
LMS-LF = LMS adaptive L-filter 
ROF = rank order filter 
MF = median filter 
WMF = weighted median filter 
adapt-WMF = adaptive WMF 
MMF = modified median filter 
DBOSF = decision based OSF 
LF = L-type filter 
CF  = combination filters 
R M F  = running mean filter 
NOS = non-linear OSF 

Fig. 5 Family tree of the order statistic filters 

signals, even if the reported versions yielded meaningful 
results. Another new methodology is the signal and noise 
representation independent of the traditional signal 
description [4, 7, 131. 

Signal shapes, totally unrelated from the point of view 
of the analytical signal modelling, could represent the same 
object (Fig. 7) for an OS filter. Even the traditional 
classification into the deterministic or stochastic behav- 
iour becomes meaningless, if we consider (definition of) 
such terms as impulse, stationary neighbourhood, edge, 
oscillation etc. [7]. Language developed to describe the 
influence of the filters and to relate the input and output 
signal shapes has the flavour of a syntactic processing 
scheme, i.e. signals are segmented and segments classi- 
fied (labelled). The sequence of symbolic labels consti- 
tutes an abstract ‘sentence’, which should be checked 
(parsed) against possible parent grammar. 

The syntactic approach, however, means no alterna- 
tive for the OS because 
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0 symbolic labels vary in their content of ‘objectivity’, 
e.g. the tail behaviour of the noise (heavy-tailed, medium- 
railed, light-tailed etc.) can be measured and graded more 
or less objectively; other concepts such as edge, outlier, 
impulse etc. present more difficulties. 
0 symbolic labels, meaningful from the point of OS 
filtering, suffer from a lack of signal-independent defini- 
tin. Whether a local signal detail is considered part of the 
disturbance to be smoothed out or part of a useful signal 
to be kept also depends on the size ofthefilter window and 
the amplitude behaviour of the detail‘s environment (i.e. 
labels represent a kind of constraint on the window span, 
other parameters of the filter and the signal+noise 
amplitudes within the window). 

certain OS filters (e.g. median, mid-range, L-filters 
etc.) also emerge as theoretical solutions to the well posed 
optimal estimation problems (e.g. Maximum Likelihood, 
Least Squares etc. [5, 17-18]), creating a confusing view 
considering their properties. 

67 



Fig. 6 Some hierarchical OS filter structures 

The heterogeneous properties of the OS filttrs make a 
single representation approach too rigid to full> explore 
the smoothing potential of these structures. ‘To alleviate 
this problem, a modelling approach viewing the signal at 
multiple levels of abstraction is proposed. This gives an 
opportunity to meaningfully discriminate between meth- 
ods and to make a choice for a smoother best s i t e d  for 
the task. Considering that the layered view of the signal 
still refers to the same, however complex, entity, a 
powerful inheritance can be realised within tht  hierarchi- 
cally organised layers. The levels of signal description not 
only integrate information regarding the signal, but also 
provide a place for robustness and features stongly 
related with the user’s smoothing goal: 

0 registraturn level (the measured signal itself); serves 
as a reference for the derived or user-supplied leatures. 
0 analytical level; the traditional signal modt:l Iiwel with 

the concepts of stationariness, additiveness, PDFs, inde- 
pendence, frequency characteristics etc. 
U quasi-qualitative level; labelling features with no 
strict analytical definition, nevertheless enjoying consen- 
sus in the literature (e.g. Laplacian noise is heavy-tailed, 
Gaussian noise is medium-tailed etc.). 
n qualitative level; with spikes, impulses, edges etc. 
and with their constraint-like description, related to 
other components of the task. 
U heuristic level; interpreting the signal features and 
patterns from the perspective of the task and user’s 
background knowledge. 

Handling the mixture of the related numerical and 
symbolical information is quite unusual in the signal- 
processing field and suffers a complete lack of rnethodologt- 
cal support [12, 19-20]. This discourages many people 
from exploring the library of OS filters, despite the fact 
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that it may provide a good solution for the problem at 
hand. In such circumstances, it is sensible and useful to 
consider an intelligent front-end interface to the numeri- 
cal library of OS filters, meant as an advisory (tutorial) 
tool or as a resource for an autonomous infcrmation- 
collecting measuring system. Such tools should rely 
heavily on the quantitativelqualitative signal dwxiption, 
taking advantage of whatever representation is available. 
The recent developments in the AI field brought into 
focus the concept of multi-level modelling and coupled 
symbolic-numerical computing [9-111, making use of the 
diverse knowledge that is usually available about the real 
phenomena. Coupling the numerical quantification and 
symbolical reasoning poses serious problems for the 
proper choice of knowledge representation schcmes and 
the subsequent efficient implementation. 

In our present study, we aimed mainly at the clarifica- 
tion of the problem of relating the information about 
signals to the user’s smoothing goals and the library of 
algorithms. In this respect, the efficient implementation 
constitutes a secondary problem. Furthermore, ‘only one- 
dimensional OS filter algorithms have been addressed, 
considering the complexity of the field and the fact that 
every essential phenomenon is already present at this 
level 

3 Generic concepts 

Intelligent problem-solving requires a substantial 
amount of knowledge about the task domain. An impor- 
tant question here is to identify what and how to 
represent, i.e. what objects and concepts are involved, 
and what kind of knowledge representation formalism is 
best suited for their handling during problem-solving 

To help identify the components of knowledge, the 
meaning of solving the smoothing problem sliould be 
clarified. Basically, it is understood as finding a method 
within a library of signal-smoothing algorithms, such 
that the formal models built for the task (signal models + 
constraints) would match (in some sense) the model as 
specified for the method. 

It should be clear from the preliminaries that the 
related knowledge is quite diverse and difficult to repre- 
sent. An important step is to first consider the essential 
concepts of the domain, revealing relations and hier- 
archy, and also exposing their role in the mechanism of 
concrete problem-solving. Fig. 8 shows the identified 
top-level concepts of the domain, i.e. task model, 
method model and signal class. 

3.1 Task model 

[I-21. 

The complex concept of the task model expresses all of 
the knowledge about the smoothing problem posed by 
the user. It can be decomposed further into 

signal model; represents knowledge related to the 
useful part of the input signal, which should be restored. 
It is characterised by attributes of global (e.g. constant, 
slowly varying etc.) and local behaviour (e.g. edge, 
impulses, ramps etc.), as well as speed of changc. 
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Fig. 7 
median and related filters 

‘Qualitatively same’ impulse smoothed by the 

0 disturbance model; represents knowledge related to 
the unwanted component of the input signal, which 
should be smoothed out. It can be further decomposed 
into 

relation with useful signal. 
o dependence among the disturbance samples. 
o temporal support describing if the noise is present 
along the whole signal (continuous or full support) or 
otherwise (limited support). This informaton is essential 
from the point of view of method usage, e.g. if noise is 
of limited support, then it would be useful to avoid 
signal distortion by applying smoothing only to noisy 
regions. 

components, i.e. different noise sources present in 
the signal. 
0 stationariness describing whether the attributes of 
the noise are changing along the signal. 
0 distribuiton, i.e. the probability density function of 
the noise. 
0 symmetty of the probability density functon. 

tails, i.e. how fast the tails of noise density diminish. 
constraints model; represents user’s requirements 

expressed as constraints to be met by the smoothing 
method, e.g. regarding implementation, complexity and 
optimality. This information is needed to discriminate 
between candidates if the conflict set resulting from the 
matching signal models cannot be reduced to a single 
element. 

3.2 Method model 

The concept of the method model defines the necessary 
attributes of smoothing procedure, considered within its 
application environment: 

family; describing the family or class of methods 
closely related to a given method and providing inheri- 
tance of properties among the class members, e.g. 
knowing that the modified median filter is a kind of 
median filter, it can be inferred that the modified median 
filter is good for impulsive noise, despite that this fact 
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Fig. 8 Generic concepts 

need not be mentioned explicitly in the description of the 
filter. 

optimum; describes the analytical model (signal model 
and optimality criteria) from which the method was 
analytically derived. 

input noise-model; the type of noise for which the 
method is suited. For a given noise model, a method can 
be optimal, suboptimal or simply a good heuristic solution. 

input useful signal model; describes which signal shapes 
are unaltered as well as those that are disturbed by the 
method. 

complexity; quantification of the complexity of the 
method. Two types of complexities are considered: 
computational and structural. 

implementation; what type of hardware and software 
implementation is available for the method. 

similarity; reference to the smoothing methods being 
similar to a given one with respect to the input signal 
model. It is essential for tutoring and describing alterna- 
tive solutions to be considered if the method fails. 

parameters; the (numerical) input parameters which 
are needed to run the algorithm but which can be 
considered free or only constrained from the point of 
view of the choice of the method. 

algorithm; a reference to the numerical algorithm for 
running the method. 

usage strategy; defining how to use the method, i.e. 
how to fix parameters, and execute. 

0 output signal model; describes what features may 
appear in the output signal. 

adjustment strategy; tells what to do to improve perfor- 
mance if the result is not satisfactory, e.g. change 
parameter values, perform repeated filtering or try 
another specific method. 

3.3 Signal class 

Like any other problem-solving activity, the choice of a 
good method for a given smoothing application can be 
modelled as a search for a path starting from the initial 
state of the task model to a desired h a 1  state. Compared 
to other interesting problems, it is rather complicated to 
find a solution by random search due to the large number 
of possible choices. Moreover, a method can match the 
signal model only in part (at analytical, qualitative, 
heuristic etc. levels). To overcome these difficulties, the 
set of possible signal models is divided into ten general 
model classes, directly coupled with the set of candidate 
solutions. Thus, the search through the whole library is 
reduced to only a small set of proposed methods. 

4 Knowledge representation 

Good representation of domain knowledge is by itself a 
crucial factor for successful intelligent system design. A 
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given portion of knowledge can be represented using 
different formalism, but each representation is suited 
only for a certain type of application domain. A given 
representation formalism is said to be a good choice if it is 
possible [ 11 

o to represent different flavours of the domain knowl- 
edge. 

to incorporate the means for the manipulation of 
representational structures. 
n to incorporate behavioural knowledge that iacilitates 
the inferring mechanism. 

to acquire new information easily. 

In the context of OS filters, the question of k.iowledge 
representation is far from simple since related k.nowledge 
is diverse. Some of the concepts, such as signal model and 
method model, also possess a rich internal stricture of 
numerical and symbolic characters. Research on good 
symbolic-numeric representation is still in progress, and 
many symbolic knowledge representation schemes do not 
permit any adjustment of this kind. On the other hand, 
complex concepts point towards structured knowledge 
representation schemes, and among the available alterna- 
tives (e.g. semantic nets, frames, scripts, object-oriented 
programming paradigms etc.) frame representation formal- 
ism seems the most promising with which to ehperiment 
[21-221. 

The very idea of frames does not make any distinction 
between the possible quantitative or symbolic content of 
the slots, leaving this issue to the implementation phase 
and the ingenuity of the designer. The attributes of 
complex concepts are mainly of the declarative character 
for which frame representation is best suited. The object- 
oriented approach is also a good choice, but it emphasises 
more the representation of procedural knowledge. 

On the other hand, the concept of signal class is rather 
symbolic in nature, reflecting the qualitative levels of 
signal description, and is therefore better suited for 
knowledge representation schemes based on handling 
heuristics, e.g. rule-based formalism. 

The frame consists of slots to store attributes and to 
provide an abstract representation of the concept (attri- 
butes explicitly present in the frame are implicitly 
assumed to be the only essential attributes giving descrip- 
tive completeness about the concept). Knowledge related 
to a concept can be either declarative (attrilmtes and 
facts) or procedural (how to do things). The frame 
provides a structured way for representing declarative 
knowledge, but does not provide a facility for describing 
procedural knowledge. However, it does provide the 
possibility of attaching procedural information (:known as 
demons or active values) to the value of a slot. Active 
values are procedures (e.g. Lisp functions) or a set of 
production rules attached to slots to be invoked when the 
slot value is accessed. 

Based on these considerations, a frame-based approach 
is proposed to express knowledge about filters, resulting 
in structures as shown in Fig. 9 (frame description of the 
standard median filter method). The collection of filter 
frames constitutes the main body of the system knowl- 
edge base. 

:Frame Median-Filter 
(Case-of Smoothing-Method) 
(Family (L-Filter M-Filter Rank-Order-Filter)) 
(Optimum (ML (Signal-model Constant) 

(Noise-model Laplacian)) 
(MAE (Signal-model ?x) 

(Noise-Model (Optimal Lapiacian) 
(Noise-model ?x))) 

(Suboptimal Heavy-tailed) 
(Good impulse Spikes) 

(Exclusive nil)) 
(Signal-Model (Global Constant Smooth) 

(Local Impulse) 
(Disturb Nonmonotone-Trend)) 

(Neg-Effect (Edge-jitter Streak)) 
(Constraint (Impulse Constr-1) 

(Edge Constr-2)) 
(Complexity (Computation Low) 

(Structural Low)) 
(Parameters (Window-Size)) 
(Implement (Hardware Yes)) 
(Special (Root Root-Set-1 ) 

(Algorithm (Alg-1 Alg-2)) 
(Similar ( Alpha-T-Mean 

(Usage (If-Needed Ruiesetl -Median)) 
(Output-Signal (Piece-Wise-Constant 

(Adjustment (If-Needed Ruleset2-Median))) 

(Threshold-Decomposition)) 

Modihed-Median)) 

Monoton-Trend)) 

Fig. 9 Frame representation of the median filter 

5 System activities 

After having clarified concepts related to the domain 
knowledge, our next step is to identify what generic task 
manipulating concepts are required in order to achieve 
the system goals [2]. Here, as in the case of general 
concepts, problem-solving can be decomposed into a 
hierarchy of generic tasks with a naturally emerging 
control structure (Figs. 10 and 11). 

5.1 Build model 

The objective of the task is to create within the system a 
formal structure representing knowledge about the signal 
and user requirements. It can be decomposed further 
into the tasks of build signal model, build disturbance model 
and build constraints. A concrete smoothing session starts 
with the building of the layered signal model (i.e. filling 
in the slots of the task model frame). The related 
knowledge is acquired through the dialogue with the 
user, whereby the user is guided to present essential 
information in a form facilitating the building of the 
model. Related to this task is the explanation of technical 
terms, inference of new facts from the user-supplied 
information, and reasoning about missing knowledge 
(e.g. if the user volunteered that the noise is Gaussian, 
then the system should infer that noise is medium-tailed 
and non-impulsive). 

As an example of the working principle of the task, 
consider the concept of the probability-density function. 
The task reads the content of the concept-related slot, 
and since initially its value is not defined (nil), the 
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generic tasks 

model 

\ 
find method 

build constraint 
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Fig. 10 Generic tasks 

attached procedure (IF-Needed) is automatically 
invoked, which starts the dialogue with user (i.e. the 
related question is presented to the user). Posing a 
question involves printing a plain language text, showing 
legal answers, getting user response and providing expla- 
nations (text, figures etc.) if required. Then the user 
response is stored in the slot, causing the invocation of 
the attached procedure (IF-Added). The aim here is to 
provide the possibility of default reasoning, to activate 
(making it on) another concept or to infer new facts. For 
example, consider that if the user announces the dis- 
tribution to be Gaussian, then the IF-Added procedure 
should infer values of the tail and amplitude-support 
concepts to be medium and non-impulsive, respectively. 
Consequently, their status will be turned 'off'. excluding 
the need for further dialogue. 

5.2 Find method task 

The aim here is to relate the task model to the library, i.e. 
to find a match between the signal model and a smooth- 
ing method (or methods). The find method task is the 
primary tool to select the promising smoothing methods, 
i.e. methods which assume the built task model is the one 
to be worked on, and transform it into the form required 
by the task. The task is further decompoed into compare 
models and conflict resolution (descriminate between 
hypotheses). 

5.2. I Compare models: the library is first scanned on the 
basis of a qualitative signal description, and the method 
with the signal model close to that defined by the user is 
proposed as a promising solution to be executed and 
verified. The input signal is then classified into one of the 
signal classes. The qualitative level of the signal model is 
compared with the class desciption and, as a result, a set 
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of hypotheses is generated. As mentioned above, the 
knowledge about how to classify the signal into signal 
classes is represented by forward-chained IF-Then rules. 
The rule interpreter matches the facts from the signal 
and disturbance models against the rules of the signal 
classes, generating a set of hypotheses (methods pro- 
posed for smoothing), e.g. 

IF 

Then Consider the set of filters: 

the signal contains sharp edges 
and the noise is non-impulsive 

(MTM DWMTM STM ATM FHM MF) 

5.2.2 Conflict resolution: with a set of candidate meth- 
ods, deeper knowledge can be used to discriminate 
between them, leading to the choice of a single method. 
The conflict can be resolved based on different and 
possibly contradictory factors such as optimality, speed, 
complexity, implementation etc. Owing to the relative 
importance of the these factors (i.e. specific for a given 
application), several conflict resolution strategies can be 
proposed. One possibility is to grade hypotheses accord- 
ingly to optimality and select the excessively good one, if 
present. Otherwise, grade the hypotheses accordingly to 
other factors and increment the grade. Repeat this until a 
single candidate is found or all the grading factors have 
been tried. In this case, every candidate is a good choice. 
Another possible strategy could grade alternatives 
according to all the possible factors and pass the decision 
to the user themself. 

5.3 Run method 

The run method is composed of the parameterise method 
and execute method tasks. 
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5.3. I Parameterise method task: the knowledge of how to 
choose the best values for the parameters left free in the 
method model differs largely from one msthod to 
another. Therefore, it is provided within the method 
description (method frame). The concrete riumerical 
values, of course, depend on the actual signal model. 
Generally, the parameter values are subject to inequali- 
ties, but certain parameters, e.g. window size, mter real 
constraints involving values of other attributes. When 
setting the value of a constrained parameter, a check 
should be performed to ensure that the constraint is 
satisfied. Consider, for example, window size W in the 
case of a median filter; it should be selected to 2N + 1 s 
W < 2M + 1, where N and M are the maximum duration 
of impulses to be smoothed out and the minimum 
duration of impulses to be kept, respectively. If the 
window size is forcibly selected, however, the view 
(impulse width) of what is to be considered a noise 
changes accordingly. Another example is the parameter (1 
of the rx-trimmed mean, with its value limited to 0 < U  > 
0.5*W. The exact value depends on the tails of noise 
density or the probability of impulses, i.e. the heavier the 
tails of noise density, the more trimming is desirable. 
This type of knowledge is represented in procedural form 
and attached to the parameter-related slot, to be auto- 
matically activated when the value of the parameter is 
needed. 

5.3.2 Execute method task: the aim of the task is to run 
the numerical algorithm to perform the smoothing. 
Naturally, the numerical algorithm is implemented using 
programming languages more suited for numerical pro- 
cessing, such as C, Pascal, Fortran or Matlab. To 
facilitate the coupling, a reference to an item from the 
numerical method library (code of the numerical algor- 
ithm) is present in the method description. 'To run a 
method, the related programme code is loaded from the 
library and then executed. 

5.4 Verification 

Owing to the fact that the choice of a good method is 
based on qualitative measures, the verification of the 
smoothing effect is the necessary finishing siep. This 
feature is generally out of the question in the analytical 
signal-processing field. The role of the verification task is 
to propose a solution in case, if after having run the 
method, there are still doubts regarding its satisfactory 
perfomance. This can be achieved by a better tuning of 
the free parameters (modifj method parameters task) or, in 
the case when parameter tuning does not help, by 
selecting another method from the set of ':andidate 
methods (try another method task). 

5.4.1 Modify method parameters task: similarly to the 
parameterisation of the method, knowledge c'f how to 
modify parameters is provided within the method 
description (method frame). This knowledge is rather 
heuristic (OS filters lack good systemic description) and 
express our expectation regarding signal shapes and side- 
effects that may appear in the output signal. 'The pres- 
ence of certain unwanted effects in the output s~gnal may 
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Fig. 11 Control flow of the problem-solving 

lead to the adjustment of certain parameters or may point 
to another similar method, better tuned to the actual 
problem, e.g. in case median filter outliers are still 
present at the output, then a larger window size is 
needed. On the other hand, if an edge jitter is observed at 
the output, then the modified median filter, which is 
specially developed for this problem, should be tried. 
Clearly, such heuristic knowledge can be easily and 
effectively represented in the form of production rules, 
and attached to the method frame (demons). 

5.4.2 Try another method task: the task selects a method, 
which has not been tried yet, from the set of candidate 
methods and passes it to be executed. The selection can 
be based on the grade of the method, i.e. select the next 
method with the highest grade. This is to be continued 
until a satisfactory solution is found or all the set of 
hypotheses has been exhausted. Surely, the latter case 
means that there is something wrong with the formula- 
tion of the task model, and therefore this should be 
reformulated and the search should be repeated once 
again. 
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6 Summary 

The growing complexity of signal processing and a better 
understanding of knowledge-intensive applications 
brought into focus the problem of coupling numerical 
and symbolic computations and integrating the results 
into a consistent body of knowledge. Recent experiments 
in knowlege-based signal processing, however, addressed 
problems where the concrete application domain 
enforced specific features in the representation. 
Numerical signal processing constituted procedural 
knowledge clearly separated from the symbol-based 
heuristic part. Numerical packages have been used 
within properly controlled operational conditions, and 
the task inferring what algorithm to use and how to use it 

did not belong to the coverage of the in-built intelligence 
[19, 20, 23, 241. 

The design of a system with a full library of numerical 
signal-processing methods at its disposal and prepared to 
solve a wider scope of tasks presents deeper problems 
related to the proper representation and usage of signal- 
processing meta-knowledge. How to qualify algorithms 
when the normal quantitative qualification (e.g. optimal- 
ity criterion) fails; how to express that certain algorithms 
and problems are similar and can draw from each other; 
and how to represent the whole process of ‘using a 
library’ in a knowledge-intensive way are the subject 
of present research and extension of related work 
[25-271. 

The evaluation of all the peculiarities of the OS filter 
field makes it an excellent subject for investigation of 
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how the qualitative knowledge description and related 
symbolic reasoning help overcome problems that origin- 
ated in the traditional deterministdstochast ic signal 
representation. The need for the co-operative usage of 
the numerical and symbolic knowledge is exceptionally 
strong in this field, starting from the interpretation of the 
task itself to the proper choice and execution of an 
algorithm. 

In the present phase, the emphasis has been placed on 
clarifying the conceptual background, working out the 
suitable knowledge representation scheme and 
knowledge-handling mechanisms. For this purpose, 
frames mean a good compromise due to clear structure 
and flexibility. 

The computational model of how signal-processing 
algorithms are chosen for a task is strongly based on the 
concept of generic models and activities, with heuristics 
(rule-based approach with search) secondary and local. 
Formulation of models, comparing and transforming 
them makes it possible to introduce deeper knowledge 
into the problem-solving system, securing more flexibil- 
ity and intelligence in the system behaviour [3. 28, 291. 
Of special interest is that this model arises in a natural 
way from the problem domain itself (the verq idea of 
second-generation AI tools [3, 28]), without enforcing 
any kind of artificial control structure on the system. 

The concrete implementation of the frame-based 
smoother library (with the general structure depicted in 
Fig. 12 and under way in PC-based Common Lisp) is 
meant as an experiment, providing better understanding 
of non-orthodox signal-modelling techniques .ind inte- 
grating OS filters into the common but heterogeneous 
signal-processing framework. 
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