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Abstract 
This paper describeS an evidential pattern classifier for the combination of data from physically different sensors. We 
assume that the sensory evidence Is multlresolutlonaJ, Incomplete. Imprecise, and possibly inconsistent. Our focus is 
on two types of sensory information pattems: visual and tactle. We develop a logical sensing scheme by using a 
model based representation of prototypical 30 surfaces. Each surface represents a class of topological patterns 
described by shape and curvature features. The sensory evidence is classified by using a conductivity measure to 
determine which prototypical surface best matches the evidence. A formal evidential model of uncertainty Is used to 
derive logical sensors and provide performance measures for sensor Integration algorithms. 

1. INTRODUCTION 
Robot sensing algorithms perform well for relatively complete and precise data and simple environments. Sensory 
information In realistic applications tends, however, to be simultaneously overconstralned (e.g. redundant data due 
to a higher level of resolution than required by the task) and underconstralned (sparse or Incomplete data due to 
sensor limitations and/or occlusion). When prior knowtedge about unstructured environments Is Incomplete. the 
procedural knowtedge required for sensory data Interpretation Is generally specified In tanna of nexible concepts [61 
that have imprecise and context-dependent meaning. 
For sensors of the same physical type. data fusion Is generally perfonned at a low (slgnaJ)level. For physlcaIIy different 
sensors. each type of sensor Is modeled separately. processes and Interprets Its own data. then transmits Its individual, 
sensor-dependent perception to a decentraliZed system. Global Inferences made during sensory data Interpretation 
require a common frame where high level data can be compared and processed. A task depende_nt. high level 
(knowledge based) model for sensor Integration Is therefore desirable. To maximize the modularity and reusabDfty of 
sensor fusion systems, we opt for a slightly different approach where data fusion occurs at an intermediate (pattern) 
level. We consider sensory information patterns consIsting of a set of sensor and task Independent features. 

Section 2 of this paper Is a brief review of a previously developed evidential classifier for multlresolutional patterns. 
This classifier Is then applied to shape features extracted from visual data (section 3) and curvature features extracted 
from tactOe data (section 4). In section 5, resUts from these two steps are combined to generate information patterns 
In a common frame of topological surfaces. 

2. EVIDENTIAL PATTERN CLASSIFICATION 
This section reviews the evidential classifier described in (3). The presentation Is rather qua/itattve. In an attempt to 
highlight the underlying concepts. Mathematical detals may be found In [3). 

2.1 Evidential patterns 
Our approach to pattern classification Is based on the theory of balef functions [7). Belief functions are partlculariy 
well suited fOr the representation of evidential patterns In which some features may be missing, or where the data 
supports some coarse statement about a set of features. rather than a more refined statement about Individual 
features. Bayesian methods assume a complete probabOlstic model. Rather than completing the model, the OS 
theory computes provabUity or plausabOity Indices. 
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2.2 Information fractals 
Regular sets have exact topology and their size Is measured as an integer dimension. The size and density of irreg~lar 
sets. on the other hand, can only be estimated. This estimation is performed by the canonical measure of a regl..:!ar 
set and yields a fractional dimension. Fractal sets have two basic properties: (i) their boundary is broken into fine 
irregularities. (ii) they include gaps. which makes their density irregular. Similarly. information patterns can be 
deformed into fine irregularities, or they can have heterogeneous density due to the existence of information gaps, 
Information patterns may consist of signal panerns. such as a set of irregular Image edges. Or they may consist of 
knowledge patterns, such as a set of prototypical belief functions with information gaps between focal elements. We 
call such patterns information fractals. 

2.3 Entropy of a belief function 
We use the concept of entropy as a measure of uncertainty within as well as between the focal elements of a belief 
function. Entropy [3.91 provides a usefU and convenient characterization of Information gaps. or cavities. These 
information gaps are at the basis of our fractal characterization of belief functions. They can be characterized by two 
typesofdistances: (1) distances between elements ofa set (equlvalentto theconcept ofsize ofa set): and QQ distances 
between sets. The lar.ger these distances are, the more they break the InformatIon compactness of the belief function. 
Under total certainty, the belief function Is totally compact, the focal elements shrink to points, and the interset 
distances are zero. The volume of a belief function Is viewed as a set of fractional dimension. As the level of certainty 
is increased (through active sensing for example). the belief functions become more compact. the infonnatlon gaps 
shrink. and their dimensions tend to integral values. thus redUCing their fractal characteristic. 

2.4 Fractal dimension of a belief function 
A fractal Is defined as a scale Invariant structure whose statlstJcal properties are unchanged under dDatlon or change 
of spatial length scale. Our approach Is based on fractal sets of fractional dimension [4]. thisdimension is a measure 
of the size of the set The more neariya fradal object fills a Euclidean space of Integral dimension n, the doser its 
dimension approaches n. The hactal dimension provides an estimate of the spread of a fractal set. The fractal 
representation of a belief function Is based on the specification of its fractal dImensIon. The dimension conveys 
information about the distribution of uncertainty within the focal elements as well jilS between them. Vacuum in a 
physical system loosens its structure, thus Increasing entropy. SlmDariy, gaps between the focal elements of a belief 
function cause the loosening of the Information structure due to uncertainty, and are measured by the value of 
entropy. 

2.5 Conductivity of a belief function 
The evidential dasslfler relies on a knowledge base that Includes a set of prototypical rules. The antecedent of each 
nieconsists of observable features (modeled as belief functions), while the consequent Isone of the decision classes, 
or hypotheses [8]. The design of the evidential classifier requires the analysis of the Interaction between a belief 
function representing some observed sensory evidence, and the aggregate of prototypical belief functions repre­

, senting the rule antecedents. The strength of the Interaction provides a measure of the conductivity, or relevance of 
the knowledge aggregate to the evidence Input Conductivity Is caused by the' one-to-one Interaction between the 
input and each belief function In the aggregate. 

3. LOGICAL SHAPE SENSING 
In this section we develop a logical shape sensing algorithm that uses an evidential classifier [31 to (i) extract high 
level shape features from segmented Images. and Qi) assign belief values to those features. This Is done through a 
three-level process as shown In fig. 1. 

3.1 Edge fitting 
The first level of the logical sensor deals with edge fitting. The Input Is a set of disjoint edge segments obtained from 
an edge detector. We assume that edge linking has been applied to clusters of edge segments. Unk-lists are used. 
so these edges are ordered. The set of all edge segments and IInk-edges (fig. 2) Is approximated by a fitted edge 
with end points x and y. 
The belief assigned to fltted edges depends on several sources oferror due to ocduslon. noise. Insufficient resolution. 
and inaccuracies In edge detection algorithms. The belief assigned to the fitted edge Is: 



Ix-YI .. n' 
b xy - L(r) (l-slO4»)n T 

where L(r) Is the sum of the lengths of the edge segments and link·edges, n °is the number of edge segments with 

this angle. and n r is the total number of edge segments and link-edges. ';('r~i is the approximation error of the length 

measure. 4> is the smallest acute angle between the detected edge segments and the fitted line. Its contribution to 
the belief assignment Is 1 - sin 4». 

A belief of ( 1 - b MY) is assigned to the frame of discernment, and reflects the uncertainty about the edge fitting 

process: 

3.2 Primitive formation 
The second level maps the geometric evidence extracted by the edge-fitting level Into Incomplete topological shape 
primitives such as rectangle. square, triangle. Shape primitives express geometric constraints between two or more 
edges. The output of this level Is a belief function with singleton focaJ elements that correspond to each shape 
primitive. The belief assigned to a shape primitive Is heuristically determined by the closeness of Its match to pro­
totypical shape primitives. 

3.2.1 The rectangle primitive. 

We consider five sources of error for matching a set of geometrical fmed edge attributes to the rectangle primitive: 

(i)opposite sides of the hypothesized rectangle do not have exactly the same length; ~Qopposite sides are not 

exactly parallel; OiQadJacent skies are not exactly perpendicular; (iv)some sides are missing; and (v)some sides 

are not connected. The belief assigned to the rectangle from Its topological attributes Is: 


b rtcl...ole - 41 
(b A. + b .c + b CI) + b DA) • 

min(IABI.ICDI) • min(lBCI.IADI) 
max(lABI.ICDI) max(lBCI.IADI) 

I sin lABC I - I sin lBCD I . I sin lCDA I - I sin ,DAB I 

The first term attenuates the belief for a rectangular pattem when sides in the pattem are miSSing. The second term 
attenuates the belief when opposite sides are not equal. The third term attenuates the belief when opposite sides 
are not parallel. The first two terms also attenuate belief when adjacent sides are not connected. 

3.2.2 The square primitive 
The errors in matching a pattern of fitted edges geometry to the square primitive Include those described above 
for the rectangfe. in addition to the constraint that aI sides must have equal length. The belief associated with the 
construction of a square Is: 

1 
b ,,,...,. - 16(b A.+ b.c + bCI) + b DA ) 

minCl AB 1.1 BC I) min (I BC I. ICD I)( ---~.....;......;.---;.;;.. + + 

max(1 AS I. IBC I) max(1 BC 1.1 CD I) 


min" CD I. IDA I) + min(l DA 1.1 AB I» 

max(1 CD 1.1 DA I) max(l DA 1.1 AB I) 


IsinLABCI-lsinlBCDI- IsinlCDA 1·lsinLDABI 

The addition (rather than multiplication as in the case of the rectangle) of min-max terms increases the sensitivity 
of the belief value to missing edges. 



3.2.3 The triangle primitive 

The topological constraints imposed on a triangle are more relaxed than those imposed on a rectangle or square, 

since: (i) fewer sides are required for its construction, Oil there are no length or parallelism constraints on the sides. 

and (iii) the only angle constraints is summation to 2 n . The belief assigned to the construction of a triangle is: 


1 
btrtOll91. '" 3(b A, ... b,,'" b'A){ 1-1 san(LABC ... LBCA'" LC;tB) I} 

3.3 Feature extraction 
In the previous section. Incomplete panems of fined edge data were classified into primitive shapes such as rectangle 
(R), square (5). triangle (1'). circle (C), and bracket (8). The construction of the last two primitives was omitted for 
the sake of brevity. This classifICation Is primarily based on geometric attnbutes, and may result in substantial 
ambiguitywhen the data are sparse. In thethird and final level of the logical sensor, we define a broader set of classes, 
called shape features. that rely on the more robust topological annbutes of the fined edge panerns. Each class of 
shape features Is characterized by a non-exhaustJve set of prototypical shape features. The Input belIef function from 
the second level Is classified (using the evidential classifier) Into one of the following features: Rectangular. Trian­
gular. Elliptical. 

The three classes used for the above example are listed In table 1. Each feature class Is represented by an aggregate 
of prototypes. The class of rectangular features has a single prototype. r: - {R I }. The classes of triangUlar and 

elliptical features have two prototypes each: r ~ - {T I • T 2} and r: - {E I • E 2} • 

Oass 1 abstracts lower level classes of rectangle and square primitives Into a hIgher level class labeled Rectangular 
features. In this class. the topological relationship between a rectangle and a square ( a special type 01 rectangle) Is 
recognized. Oass 2 abstracts triangular and elliptical primitives into a higher level class of Triangular features. Finally. 
dass 3 recognizes that circles and c-shaped brackets are special cases of ellipses, and are therefore abstracted into 
an Elliptical features class. Focal elements In the prototypes reftect topological confusion between the constituent 
singletons. The beliefs assigned to each focal element are determined during a training period. and depend on the 
frequency of occurrence of the focal elements. f ~ - u (R •S •T. E •C. B) denotes the shape primitive frame of 

discernment 

Table 1 - Shape features 

Class Label Prototypes 

r~ Rectangular R1- [{R. S .(R. S)}: (0.2. 0.2. 0.6}) 

r~ Triangular T I. [{T. E •(T. E). F~}; {0.4. 0.1. 0.3. 0.2}] 
Tz. [{T. (T. S). F~}; {0.S.0.4.0.1}] 

r~ Elliptical E I· [{E. B.(E.C. B)}:{0.2.0.1.0.7}] 
Ez - [{E. B. F~};{0.5.0.4.0.1}] 

3.4 Example 
Fig. 3 Ilustrates an example of the edge-fitting and belief assignment procedure. Three clusters of edge segments 
are approximated by three fitted lines: AB, BC. and CO. 

5$ 



Edge fitting generates three simple support functions: 

E,·[{,"B.f~}:{0.31,0.69}] 

E2 .. [ { BC , f ~} ; {O. 15 , 0.85 } ] 

EJ .. [{CD. f~};{0.15.0.85}] 

Assuming that L ABC - 80 0 and L Be D .. 100°, the belief function assigned to the shape primitives is: 

X~ - [{ rectangle, square. triangle, f~}; {0.19, 0.10.0.20.0.51 }] 

This is the output of the shape primitive formation level. 

Applying the evidential classifier to this belief function yields the conductivities: 


a• ( X ~. r ~ ) • 0.48 for the class of rectangular features. 


a f ( X ~. r ~ ). 1.46 for the class of triangular features, and 


a f ( X ~. r; ) • 0 for the class of elliptical features. 

The conductivity value reflects the Interaction of the Input belief function with each of the prototypes. The Interaction 
of the input with a given aggregate Is large If the aggregate Is well structured. I.e. If It Includes a large number of belief 
functions. In the above example, although the Input evidence was found to have high interaction dimension with r ~ . 
its conductivity in this class Is low. This isdueto the fact that r ~ hasa Singlebeflef function, and is therefore considered 

II-structured. 

Normalizing the values of the conductivities in the shape feature frame of discernment F: yields the shape feature 

belleffunctlon: Xi - { {n, n}; {0.25. 0.75}1 

In summary, the logical shape sensor extracts high level topological shape features by progressively abstracting low 
level geometric. Information about Image edges. It also uses a systematic procedure for the assignment of belief to 
the shape features. 

4. LOGICAL CURVATURE SENSING 
In this section we derive a logical curvature ~nsor aimed at complementing the shape sensor Introduced In the 
previOUS paper. The rolling of a hard curved fingertip on a stationary surface is modeled as a logical touch sensor. 
We first develop an exploratory finger rolling strategy for the extraction of curvature features of 30 surfaces. 

4.1 Local curvature estimation ~Y finger rolling 
We consider a lactRe sensor consisting of an anay of pressure sensitive cells, and attached on a rigid. spherical 
section of the fingertip (fig. 4). The local curvature of some unknown surface is to be estimated by roiling the fingertip 
against It. 
For a finger roiling about a fixed point 0 on a planar surface, the apex C of the conical section sweeps a spherical 
surface ::; (t) centered at 0, and of radius a 

4.1.1 fingertip envelope 
We assume that C is constrained to the surface ::: (t ) . Then,· the rolling fingertip sweeps a famDy of spheres of 
radius a. and centered on::: ( t ). The sensing envelope 'I'(t ) to this famDy of spheres is defined as a surface which 
Is langent at each point to one of the spheres (fig.4). and such that In every neighborhood of the point of contact 
with a surface there are points of contact with other spheres from the famly. During the rolling motion, cells of the 
fingertip array are activated by the pr~ure due to contact with the surface being explored. 

http:0.10.0.20.0.51
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4.1.2 Cone signature 

During a rolling motion of the fingertip, <P is held constant, while e is varied. ::: (t) then becomes a planar curve. 

At every point of the curve, the Frenet frame consists of three unit vectors: (i) the tangent 't, the principal norma! 

n and the binormal vector b • 1: X n. A directional frame is used. such that n' - e: n where € • ~ 1 depending 

on whether ::: ( t) is concave upward or concave downward. 


The curvature of the cone signature In :::(t)when the finger Is rolled on a perfectly planar surface is: 

K __ lfXfl .. _l 
CO". If 13 0 

where r - [x y Z]T. 

Since the fingertip Is assumed to be spherical, its curvature Is: 
1 

Klip - ­o 
The curvatlJre of the flngertlp envelope 'l'( t ) Is: 

1 
K ...... ,o~ - 20 

Let t;, ( t ) be some surface that Is In contact with the finger, and let K t denote the unknown local curvature of that 

surface at the pointofcontact. The three curvatures are related by: Kt - Kco... - Kup where Kem Is the estimated 

curvature of the measured cone signature. 

4.1.3 Tactile point spread function 
When the fingertip contacts a rigid surface, an Ideal tactRe array would be activated at the contact point only. We 
assume that the tactle array has finite resolution, leo several cells are activated according to some point spread 
function. Fig. 5 shows a poi1tQ E 'l' (t ) In the neighborhood of the contact point P E 'l' ( t ). We nail examine 
several sources of error Introduced by this effect. 

4.1.4 Local curvature belief as.lgnment 
We consider an explOl8.toryflnger roiling procedure where the flnger Is rolled along several meridian planes defined 
by +1' •.• ' +..,' Let P41 •...• P... , be the contact points during the roiling motion along the ~ ~eridian plane 

(I SiS m.). These points occur for 9 - 9u ..... a,.... We denote the normal pressure at each contact by: 

"t'i I •.•.• T;",.. The point QII t Is located at (+1 + 6 + t • 9 I + 6 at)on the sensing envelope, and wiI be called the 

kth neighbor ( 1 S k S. N )of the contact point PII' V IJt denotes the pressure recorded by a cell located at QlIt· 

d ilt Is the distance between QIJt and the plane tangent to the sensing envelope at p.J • The curvature K ..... , 
of the cone signature In the Ith meridian plane can be computed from the angular position of the distal finger joint 

The belief assigned to Kc_, Is: 

1 1 + oK I -. (TI/-f VlJtdlJt)c.... · t-IL
b - ----- --~---I... N 

" I-I "dL Til Lilt. 
,_I t-I 

I 1 + 0 K CO"., I Is the value of the estimated curvature. When It Is smaU, the belief Is reduced since the accuracy of 

the approximation degrades. The second term discounts the belief assigned to the curvature by an amount pro.. 
portionaJ to the smearing of the tactDe array. No discounting occurs when a single cell comes In contact with the 
sensed surface. The product v ,Jtd IJt discounts the belief when large pressures are measurec;t at cells that are 

distant from the sensing surface. 



4.2 Primitive formation 
We consider the following set of curvature primitives: planar (P). cylindrical down (C-). cylindrical up (C +). hyperbolic 
(H). elliptical down (E·). and elliptical up (E +) (fig. 6). 

The curvature primitives frame of discernment: F~ - { p . C - • C .... H . E - • E ... } is defined in table 3. where y is 

a small pOsitive number corresponding to the minimum curvature threshold. A curvature primitive is defined as planar 
if the estimated curvatures along all rolling directions and at all rolling sites are such that: 0 ~ K t, ~ Y ,V i. Similarly. 

the curvature primitive Is defined as cylindrical up if all the estimated curvatures are positive. and some of them 
exceed the threshold, while others are below it. The belief assigned to each of the curvature primitives is obtained 
by averaging the beliefs assigned to the estimated local curvatures K t, that support that curvature primitive. Averaging 

is performed over all roiling directions and sites. 

Table 3 • Curvature prlmHJve 

Curvature primitive Symbol 3K c• 

Planar P -ySKt,Sy 

Cylindrical up C+ y<Kt• -yS Kc, S y 

Cylindrical down C­ -yS K t , S Y K t, <-y 

Elliptical up E+ y<IC t , y < Kc, 

Elliptical down 
. 

E- Kt , <-y Kc, <-y 

Hyperbolic H y<Kt • -ySK t • S y Kt, <-y 

4.3 Feature extraction 
. The evldentJaj classifier is applied to the curvature primitives into one cI three classes cI curvature features. These 

classes correspond to quaslplanar. curved. and occluded surfaces. respectively, as detennlned from a combination 
of shape and curvature primitives: (l) the set cI shape primitives. namely: rectangle (R). triangle (I). ellipses (E). 
brackets (8) and circles (C). and (II) a disjoint set cI curvature prtmitJves (Iig. 6) that Includes the following elements: 
planar (P). cylindrical dovm (C-). cylindrical up (0+), hyperbolic (H). eliptical down (E-). elliptical up (E+). and no 

contact (N). The curvature primitive frame of discernment Is: 

Fi - (R. T. E. B. C)U{P. C -. C +. H. E -.E +. N) 


This selection of curvatures features Is useful for the detectlon of holes and cavities corresponding to occluded 
surfaces. I.e. for surfaces over which contact occurs at sites not belonging to surfaces that have undergone shape 
analysis. The curvature feature frame cI discernment Is: Fi - {Q • K. O}. Table 4 lists prototypes for each of the 

feature classes. We represent each feature class by an aggregate cI two prototypes. For example. the class of 
quasiplanar features is represented by: fq - {Q , • Q 2 } 



The feature classes reflect prior knowledge about the association between region shape primitives extracted from 
vision data and curvature shape primitives extracted from touch data. Each prototype contains Information about 
the frequencyof association between agiven shape and curvature. The prototypes in the class of quasiplanar surfaces 
indicate that rectangular shape primitives are frequently associated with planar curvature primitives. 

Prototype K I In the class of curved surfaces indicates that Rectangular and Triangular shape primitives are often 

assOCiated with cyfindrical curvature primitives. SimHar1y. K 2 indicates that Ellipse and Circle shape primitives are 
associated with elliptical up or elliptical down curvature primitives. 

The prototypes In the class of occluded surfaces correspond to situations where vision data are gathered over a 
region around the opening of a hole or cavity whOe finger rolling occurs at over an occtuded surface such as the 
bottom of the cavity or the walls of a hole. Curvature primitives and shape primitives are therefore extracted over 
different surfaces. this Is denoted by the symbol N roo contact1 In table 4. 

Table 4 - Curvature feature. 

Class Label Prototypes 

r c 
q Quasipianar Q,. [{(R. f).(R.(C -.C +».(R .(H.C -.C +». F~}:{O.S.O.3.0.1.0.1}) 

Qz - [H(R. T). Pl. F~}: {O.? 0.3}] 

r~ Curved K 1- [{«(T. R). (C-. C +».(B. E -). F~}: {O.S. 0.4. 0.1}] 

Kz - [{«(E ,C). (E -. E +». F~}: {O.? 0.3}] 

r c 
0 Occluded 0, -( {«R. T .S). (p.e-.e ... ). N).({E. S.C); (P.e-.e·). N). ra;{0.7. 0.2. 0.1) ) 

02 ­ [{((E. B. C).(E -. E +. H). N). Fn: {0.7. 0.3}] 

0:1 ­ [{«(R. T. S). P. N). Fj}: {O.s. 0.2}] 

0. - ({((E .C).(P. E -, E +). N). F~}; {0.9. 0.1}] 

To assign belief to each of the curvature features dasses.. we compute the eonduetlvity of the curvature primitive 
belief function into each one of the ctasses, then normalize the results. 

4.4 Example 
The logical sensing scheme was simutated for a simple example Involving two rolling sites, with four meridian 
directions per site. Table SUsts, for each of the eight eases. the estimated local curvature and the belief assigned to 
it. An -x"ln the column of a primitive curvature Indicates that the estimated curvature supports this curvature primitive. 
The belief b j assigned to the local curvature is used In the computation of the total belief assIgned to the curvature 
primitive. The balance of the belief Is assigned to the curvature frame of discernment. The last row shows the total 
belief assigned to each of the primitive curvatures. 


The output of the curvature primitive formatIon level is the belIef function: 

X~ - [fP. C-, C+, H}; {O.I 0, 0.25. 0.28, 0.37}] 


Applying the evidential classifier to this belief function yields the conductivities: 
CJC(X~, ro) - 1.30, CJC(X~, r~) - 0, CJ~(X~, r~) - 0 
for the classes of planar, curved, and occluded features. respectively. These results indicate that the tactDe evidence 
supports planar surfaces only, since contact has occurred. and the estimated local curvatures are small. 



Table 5· Curvature belief assignments 

4> K~, b, P c· c+ H 

Site 1 o· 0.2 0.1 S x x 

30· 0.1 0.07 ;It ;It 

90· 0.8 0.56 x 

ISO· 0.1 0.08 x x 

Site 2 o· 0.0 0.00 x x x x 

30· 1.0 0.67 x x 

80· 0.2 0.20 x x x 

ISO· ·1.0 0.67 x x 

Belief 0.10 0.25 0.28 0.37 

5. COMBINATION OF SHAPE AND CURVATURE EVIDENCE 
The fusion of shape and curvature data Is accomplished by combining the outputs of the shape and curvature feature 
extraction levels. The procedure Is lIustrated by extending the numerical examples from sections 3.4 and 4.4. 

5.1 Shape and curv,ature classification 
For this example. the conductivities of shape and curvature primitives In their resPective feature classes are sum­

marized below: 

Shape 


aC(X~. r~) - 0.48 a·(X~. n) - 1.46 a·(X~. n) - 0 

for the classes of rectangular. triangular. and elliptical features. respectively. 


Curvature 


. aC(X~. f q). 1.30 aC(X~, rn - 0 aC(X~, ro) - 0 

for the classes of planar. curved, and occluded features. respectively. 

5.2 Curvature from shape 

To combine the tactle and visual sensory evidence. we first compute the conductivity of the shape features X; in 
each of the curvature feature classes. 

Quasiplanar features: conductivity of X i In rq requires that at least one of the prototypes in that class be activated. 
The activation of prototype 01 requires support for R, while the activation of 02 requires support for (R,T). The 
conductivity of the visual evidence In rq Is therefore: 

a'(Xj. ro) - max{a'(X~. r~); a'(X~. r~)· a·(X~. r~)} - 0.48 



Curved features: the activation of prototype Kl requires support for (ToR), while the activation of K2 requires suppc~ 
for (E,C). The conductivity of X j In r~ Is therefore: 

a f (X i.r ~) = max {a f (X ~ 0 r ~) . o" (X ~. r ~); a f (X ~. r;); a f (X ~. r ~) .a I(X ~, r~)} 

.. max{1.46xO.48;0;0} -0.70 

Occluded features: a similar analysis for the class of occluded surfaces yields: 
a'(x~.r~)-O 

5.3 Fusion of shape and curvature patterns 
Since conductivity Is a measure, It Is additive. For the purposes of sensor fusion, we consider the conductivity of 
sensory patterns Into the curvature feature frame as the sum of two conductivities: 

aCA'(r:) - aC(X~, r:)+ a'(Xi, r:) 

a C ( X ~. r ~) and a' ( Xi. r:) respectively denote the conductivity of the curvature primitives (from touch data) 

and shape features (from vision data) In the Ith curvature feature class. 

The total (combined) conductivities are obtained by simple addition: 

aCA'(f Q) - aC(x~. fQ) + a'(xj. rQ)" 1.78 

aCAs(f~) _ aC(X;. f~)+ as(X;, f~)" 0.70 

aCA'(r~) - aC(X~. r~)+ a'(Xi. f~)" 0 

Normalization Is finally performed to yield the combined curvature feature belief function: 
Xi" [{f0 I f IC' f o}: {O.72,O.28.0} ] 

. 6. CONCLUSIONS 
The evidential classification of information patterns from multiple disparate sensors Is considered In this paper. We 
assume that the sensory evidence Is multlresolutlonal, Incomplete. ImprecIse. and possibly Inconsistert. Our focus is 
on two types of sensory information patterns: visual and tactle. A logical sensor was developed by using a model 
based representation of prototypical 3D surfaces. Each surface represents a class of topological patterns described 
by shape and curvature features. Sensory patterns are classified by using aconductivity measure to determine which 
prototypical surface best matches the evidence. 

We are currently extending the techniques described In this paper along three main directions: (l) the recognition of 
30 objects In a robot manipulation environment, and (Ii) the development of active sensing strategies to sequentially 
acquire the most relevant data at the appropriate level of resolution, and ~iI) the Incorporation of the sensor data fusion 
techniques Into algorithrns for sensorimotor control of mtitiflngered robot hands. By using our fractal model of belief 
functions, we derive a measure of interfrarne capacltythat aOows the proJection of uncertain sensory evidence among 
incompatible (and taskdependent) frames ofdiscernment, corresponding todifferentsensor, objectand grasp mcx:Jels. 
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