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Executive Summary

In this work, a brief review about visual and tactile object exploration and recognition is presented.

Until now, object recognition has been performed only through computer vision techniques. This is

mainly due to technological problems related to the development of tactile sensors:

• tactile sensors are difficult to integrate beneath a compliant artificial skin

• a high integration level is needed

• wiring is a big problem not yet finally solved

The performance of artificial arrays of tactile sensors are absolutely far from that of the most

simple animal. Even if most of works about this topic have been written in the 80’s, in the last

years the haptic exploration is slowly returning topical because new fabrication techniques have been

developed, which allow to increase the integration level and the performance of the sensors. In

almost all methods, haptic exploration is performed by a robotic hand equipped with tactile sensors

that manipulates the object and measures a set of object features. A number of features have been

proposed for tactile exploration based on geometrical properties, thermal properties, compliance,

texture. A lot of methods used for robotics exploration can be applied also to human operator wearing

a sensorized glove. As no system with satisfactory performance has been developed until now, the

big challenge is to integrate tactile data with direct joint angular and vision data. Therefore, this

document contains a review of existing methodologies for both tactile and visual object exploration.
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1 Introduction

In nature, the sense of touch assumes a fundamental importance: both the most simple and the

most complex creatures are provided with a large number of mechanoreceptors which furnish tactile

information. The humans use touch for manipulation, exploration and response [61]. Even fine ma-

nipulation tasks like buttoning a shirt would became very difficult without the use of touch. From object

tactile exploration we can elicit a great number of material and surface characteristics, e.g. hardness,

thermal conductivity, friction, roughness, that allow to recognize and classify the objects. In some

cases, like distinguishing a real from a synthetic leather, the touch is much more effective than the

vision. The patients with peripheral neuropathy, that reduces the response capability, accidentally do

damage to themselves, because they do not distinguish a gentle touch from an impact. Even the sim-

plest animals have thousands of mechanoreceptors per square centimeter of skin, but at the state of

the art no artificial tactile sensor exist which can reach this integration level. Because of the absence

of high integrated CCD and CMOS array of tactile sensors, in the last years the researchers were be-

ing more interested in computer vision techniques for performing object exploration and recognition

owing to the wide range of available cameras. The tactile sensors work through physical interaction

with the object to explore and have to be incorporated into skin surfaces with compliance, to conform

locally to surfaces, and with adequate friction to handle objects securely. The sensors and skin must

also be robust enough to survive to repeated impacts and abrasions. Nevertheless, in the last 20

years, advanced methods of fabrication have been developed, which allow to increase the integra-

tion, to decrease the number of wires, and to introduce local processing of tactile information (for

more details see [35] and [34]).

One of the classical problems in computer vision is that of determining whether or not the image

data contain some specific object, feature, or activity. This task can be solved robustly and without

effort by a human, but it is still not solved in computer vision for the general case in which there

is an arbitrary object in an arbitrary situation. The existing methods for dealing with this problem

can at best solve it only for specific objects, such as simple geometric objects, human faces, printed

or hand-written characters, vehicles, and in specific situations, typically described in terms of well-

defined illumination, background, and pose of the object relative to the camera. When speaking

about 3D object recognition one may refer to a recognition process based on 3D geometric model of

the object or consider an appearance-based approach. In the remainder of this dissertation we will

consider only those methods based on the visual appearance of the object. It is worth to notice that

there is a difference with those view-based recognition methods that represent objects only from one

particular point of view [58, 38]. Indeed, an effective 3D object recognition is based on the use of

many views of the object to obtain a model which is capable to describe it from different viewpoints

[38, 12, 21, 18].

The document is organised as follows. In the next Section the state of the art for object recognition

by tactile information is reviewed; object recognition by computer vision techniques is reviewed is

Section 3; Section 4 is left to final remarks.

2 Object Recognition by Tactile Information

In object recognition the goal is to identify one object out of a set of known objects using information

derived from touch [61].

The key factor for haptic object recognition applications is the definition and detection of surface

features; the surface features are important because allow to elicit and synthesize the information

obtained exploring an object through tactile sensors.
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The largest part of feature definition has been made by the computer vision research community,

but the feature definition which are good for the visual exploration, are often not appropriate for

haptic exploration. Recognition is usually carried out through geometrical features elicited through

force or tactile array sensors; in [1], [64], [31] also the use of other type of information is proposed,

e.g. compliance, texture, thermal properties. Many different features derived from tactile array data

have been used for model-based recognition and classification. The most used geometric feature

for model-based recognition are holes, edges [44], and corners [25] and object surfaces [51]. Other

feature sets include geometric moments [40], [39], linear transforms [29], and sequences of surface

tangents [52]. Gaston and Lozano-Perez [19] use local surface normals and contact locations as

features, which could be derived from array, force, or joint sensor information.

A number of systems use statistical pattern recognition, which can improve noise immunity since only

statistics derived from the sensed data are used. In the statistical approach, each pattern (object to

recognize) is represented in terms of d features or measurements and is viewed as a point in a

d-dimensional space. The goal is to choose those features that allow pattern vectors belonging

to different categories to occupy compact and disjoint regions in a d-dimensional feature space.

The effectiveness of the representation space (feature set) is determined by how well patterns from

different classes can be separated. Given a set of training patterns from each class, the objective is

to establish decision boundaries in the feature space which separate patterns belonging to different

classes. In the statistical decision theoretic approach, the decision boundaries are determined by the

probability distributions of the patterns belonging to each class, which must either be specified, see

[27]. Unfortunately, this also means that only a few object types can be discriminated.

Kinoshita [30] and Briot [7] have proposed methods based on the statistics of tactile array sensor

data, while Okada, Briot and Marik [47], [8], [41] proposed methods based on the statistics of finger

joint angles while grasping the object.

A great problem in haptic exploration is that some features cannot be identified through static touch,

but motion and object manipulation is needed [49]. Okamura and Cutkosky, in [48], present definition

of the features based on local surface curvature; the definitions depend on both the geometry of the

“viewer” (the device used for the exploration) and the object.

Several developed strategies for scheduling sensor movements are so that each additional ob-

servation decreases the number of objects which are consistent with prior observations. This is

sometimes described as a hypothesize and test approach [24].

In the 80’s, many algorithms have been developed to schedule the sensor movements for polygo-

nal object recognition by contact location and surface normal measurement, for more details see the

works of Schneiter [60], Grimson and Lozano-Perez [23], and Ellis [15]. Schneiter suggests that each

sensing move should cross the boundary of the intersection of all objects consistent with previous

sensor observations. Cole [10] shows that to determine effectively the shape of a convex planar poly-

gon with V vertices, at least 3V −1 measurements are needed. Roberts [56] proposes a movement

strategy for recognition that includes tracing the finger along object surfaces and edges, rather than

moving the finger through free space between readings. In non-model-based approaches, Klatzky

et al. [31],[32] have suggested that the same exploratory procedures used by humans in haptic

exploration can be performed by robotics systems. These procedures prescribe the finger motions

needed for tasks such as tracing object contours, measuring compliance, and determining the lateral

extent of object surfaces. Recently, in [45] a method for shape classification in rotation manipulation

has been proposed; the viewer is a universal multi-fingered robotic hand equipped with tip pressure

tactile sensors, which measure the tip pressure distributions. After the rotation manipulation a de-

gree of similarity is calculated between a kurtosis pattern calculated from the pressure distribution

and a reference pattern; the experiment shows that this approach can classify three simple objects

(hexagon, octagon, and circle) with a high degree of accuracy. In [66], an anthropomorphic skin
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developed by Takamaru and his group has been presented. It is composed of multiple layers with

sensing devices detecting strain and its velocity and methods based on Self-Organizing Maps (SOM)

have been proposed to perform the object recognition from a set of repetitive grasps.

3 Object Recognition by Vision

The first approaches to 3D object recognition have been tackled from the geometric point of view:

the information used to characterise an object is organised in the form of a 3D model focused on

geometric measurements. This approach is usually called model-based recognition. Several model-

based approaches to recognition have been studied and details on possible classifications can be

found in [5, 26, 22] in which the authors presented their taxonomy for model-based object recognition.

A more specific work that addresses 3D object construction from image sequence, is reported in [54].

A first way to distinguish among the different approaches is dividing the recognition method on the

basis whether the pose is inferred from global properties or from mappings of local model features.

Usually such models are sophisticated, difficult to build, and often hard to use. Aspect graphs [33, 5],

instead, are one of the first attempts to represent the 3D appearance of objects in terms of their 2D

projections. With aspect graphs, though, there is no computational gain relative to computing the

full 3D model of the object. Nevertheless the idea of representing objects using 2D rather than 3D

models has been supported by recent advances in biological vision [9, 62], and has been adopted by

various researchers.

Among view-based techniques, it is worth mentioning 2D morphable models [53, 6, 70, 28] and

view-based active appearance models [14, 11], which use a selection of 2D views for the purpose of

modelling a 3D complex object. The idea behind both methods (which achieve comparable results in

two rather different ways) is that of synthesising a model for each object or class of objects, and then

matching it with a novel image to check for consistency.

It is important to notice that techniques based on the appearance follow a considerable body of

previous research in model-based vision. In fact also appearance-based methods can be divided in

two categories, global or local, in case they are building a representation of the object by integrating

information over the entire image [65, 43, 13, 55] or over a set of local interest points respectively

[38, 42, 57, 69].

Global methods build an object representation by integrating information over the whole image

and therefore they are very sensitive to background clutter and partial occlusions. Hence, global

methods only consider test images without background, or necessitate a prior segmentation, a task

which has proven extremely difficult or else they rely on the fact that context is as important to recog-

nition as the object is [2, 67]. Additionally, robustness to large viewpoint changes is hard to achieve,

because the global object appearance varies in complex and unpredictable ways.

Local methods counter problems due to clutter and occlusions by representing images as a col-

lection of features extracted on local information only, thus now we focus on these approaches.

Schiele and Crowley, in [59], proposed one approach to 3D object recognition based on a frame-

work for the statistical representation of the appearance of arbitrary 3D objects. The method pro-

posed combines global techniques as those used in [65, 3] with object recognition methods based

on local characteristics (similar to point matching tasks) [22]. The set of objects used for testing the

method proposed in [59] is quite large (over 100 objects). The results reported demonstrate that it is

possible to recognise objects in cluttered scenes using local approaches, but it is worth to notice that

most of the objects used in the test have a planar structure, thus they cannot be considered as real

3D objects.

Lowe describes a method for 3D object recognition which is based on the use of SIFT descriptors.
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After the extraction and the description of local features of the image, they perform best-bin-first

search, which is a modification of the k d tree algorithm, to identify the nearest neighbours. In [38] a

clustering step is added and a probability model is used to achieve more robustness also in cases of

little non-rigid deformations. The performances for object recognition are increased since the model

can be generalised across multiple viewpoints by linking features between different views. It is also

possible to combine features obtained under multiple imaging conditions into a single model view.

The object are recognised even when there are few matches between the test image and the model.

In [4], Belongie, Malik and Puzicha introduced a new shape descriptor, the shape context, for

measuring shape similarity and recovering point correspondence with the aim of recognising some

particular categories of objects (silhouette, handwritten digits).

There are techniques, based on the use of models, that look for relationships between the object

and its projection to the image and usually these methods recognise objects by visual similarity

without attempting any high level analysis of the image. For instance, Obdrzalek and Matas [46]

describe an approach which aims at combining good qualities of model-based and view-based object

recognition techniques: their method is based on the extraction of visual local features of the object

and on the construction of a model built upon these features. This approach assumes that the

deformation of the image should be at most affine. The features used in [46] are the MSER (Maximally

Stable Extremal Region). Several affine-invariant construction of local affine frames are used for

determining correspondence among local image patches.

The main problem with local methods is that, while observing minute details, the overall appear-

ance of the object may be lost. Also, small details are more likely to be common to many different

objects (this feature has actually been exploited in [68] to design efficient multi-class systems). For

this reason local information is usually summarised in global descriptions of the object, for instance

in codebooks [12, 37]. Alternatively, closeness constraints can be used to increase the quality of

matches [17].

In the real world, there exists a strong relationship between the environment and the objects that

can be found in it: for instance in a street we are looking for cars and pedestrians while in a room we

look for chairs but not for trees. Human visual system uses these relationships for facilitating object

detection and recognition [50, 67]: thus we can say that adding geometric and global information and

using the context can improve object detection and recognition performances.

In [16] the authors present a parts and structure model for object categorisation. The model

is learnt from example images containing category instances, without requiring segmentation from

background. The model obtained is a sparse representation of the object and consists of a star

topology configuration of parts modelling the output of a variety of feature detectors. This star model

has the good qualities of being translational and scale invariant and it is used both in learning and in

recognition steps.

Another approach to object categorisation based on the use of a model is introduced by [36]. The

authors present a technique based on the use of an Implicit Shape Model, computed for each class

of object, based on a codebook or vocabulary of local appearance that are prototypical for the object

category. The model uses also a spatial distribution which specifies where each codebook entry may

be found on the object. In other words, this approach is reminiscent of the visual vocabulary, but it

has the add that it keep also spatial information.

In [57] the authors associate geometric constraints to different views of the same patches under

affine projection. This lead to a true 3D affine and Euclidean model from multiple unregistered images

without the need of any segmentation. This paper is based on the idea that the surface of a solid

can be represented by a collection of small patches, their geometric and photometric invariants and

a description of their 3D spatial relationships. It is interesting to notice that for the appearance-based

selection of potential matches [57] exploits also the use of colour descriptor in association with SIFT:
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it is shown that when two very similar patches have different colours their SIFT descriptors appear

almost identical.

The method proposed in [18] is based on a matching procedure that no longer relies solely on

local keypoints. The first step is to produce an initial large set of unreliable region correspondences.

The aim, here, is that of maximising the number of correct matches, at the cost of introducing many

mismatches. Then the method explores the surrounding image areas, recursively constructing more

and more matching regions. This method succeeds in covering also image areas which are not

interesting for feature extractor thus deciding the object identity is based on information densely

distributed over the entire portion of the object visible in the test image. To integrate the information

coming from multiple views of the object, the authors introduce the concept of group of aggregated

matches or GAM, the use of which increases the discriminative power of the technique, but, as a

drawback, the method proposed in [18] is computational expensive and the good results obtained for

textured areas are not possible for uniform objects, for which is better to combine the extraction of

region with the detection of edges.

In their work [20, 21], Grabner and Bischof propose an approach for extracting discriminative

descriptions of 3D objects using spatio-temporal information. Similarly to [63] they extract local fea-

tures that are tracked in image sequences leading to local trajectories containing dynamic information

about the evolution of the descriptors. These trajectories are evaluated with respect to their quality

and robustness and finally each of them is assigned a single local descriptor from a key-frame in or-

der to obtain an object description. Their descriptors are based on the assumption that local features

are always distinctive patches of an object and that this object is made of piecewise planar patches.

4 Conclusions

Object recognition by tactile information has not yet reached the diffusion of the recognition tech-

niques exploiting vision, mainly due to the technological problems indicated above (placement and

robustness of sensors, high number of wires, high integration level required for array sensors). Most

of the works in the literature of the last years are about the tactile exploration performed by robotics

hand equipped with tactile sensors or sensorized artificial skin. Nevertheless, these methods and

manipulation strategies can often be applied also to human operators wearing a glove with a set of

tactile sensors. In any case, the object recognition remains a big challenge when fusion of data from

different sources (tactile sensors, joint angular sensors, and visual data) is adopted for obtaining a

reliable recognition of a variety of complex objects.

Object recognition by visual information is a mature field, although the problem is still far from

being solved, in the sense of having a general solution. In fact the approaches proposed so far still

suffer from large changes in imaging conditions, as illumination, scale and pose. However these

limitations can be easily overcame restricting to controlled experimental conditions as, for instance,

an indoor environment, and with a not large number of classes of objects, making the most of the

techniques usable in a number of applications.
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