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Abstract This paper introduces an uncertain rea-

soning approach for adaptive object recognition un-

der changing perceptual conditions. The uncertain

reasoning is carried out for the fusion of model-

based segmentation and data-driven segmentation

of an image obtained under a new condition. The

model-based segmentation is achieved by the RBF-

based classi�er and the data-driven segmentation is

based on a boundary melting algorithm. The pa-

per presents examples of segmentation results of two

segmentations (i.e. model-based and data-driven),

and an uncertain reasoning approach applied to the

fusion of the results.
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1 Introduction

We focus on a speci�c problem, which the res-

olutions of object surfaces change when an ob-

server approaches object scenes gradually. We

limit the experimental work to the texture

recognition problem where the texture char-

acteristics change signi�cantly, but smoothly,

with the change in perceptual conditions. It

means that some detailed and visible informa-

tion is brought over the increasing resolution.

There are uniformed textures under low reso-

lution whereas detailed and visible textures are

coming up under high resolution.

Object models learn from the �rst image in a

supervised way. In the typical research, the ob-

ject models are applied to recognize the same

image under the given condition. However, a
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Figure 1: Problem De�nition.

challenging problem is how to recognize objects

on forthcoming images of sequence through

gradual model adaptation (model modi�ca-

tion) to these new images under changing per-

ceptual conditions. Figure 1 illustrates the se-

quence of texture images with di�erent reso-

lutions under changing perceptual conditions.

When these models are applied to recognize

the next image, it is not expected that they

be well matched with the next image. It is so

because direct matching results are just feed-

back obtained from the recognition of next im-

age. The feedback is very useful to update the

model, only if it is analyzed appropriately in an

unsupervised way (without any human help).

This paper presents an approach for analysis

of the feedback information by using a fusion

technique to integrate data-driven and model-

based segmentation paradigms.
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Figure 2: Overlapping problem and rejection

concept.

2 Problems in Model Based

Segmentation

This section presents a model-based segmenta-

tion. It also supports the necessity of fusion

technique to integrate data-driven and model-

based segmentation paradigms by presenting

some problems happening when only a model-

based segmentation is applied to analyze feed-

back information for e�cient model modi�ca-

tion.

Object models are applied to a new incom-

ing image using an RBF based classi�er [1].

Recognition and segmentation processes are

applied to separate the image into homoge-

neous areas. An image is segmented by classi-

fying and grouping all pixels within the image

to one of several classes according to the cur-

rent model. The result is an annotated image

with con�dences supporting these annotations.

The image contains class labels. Associated

con�dences are measurements reecting clas-

si�cation strength. When classi�cation con�-

dences of a group of pixels are low, these do

not pertain to any real pattern class. Instead,

they are in an imaginary (background) class

that indicates a rejection.

The results of image recognition and seg-
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Figure 3: Six selected images from a sequence

of 22 images.

mentation may be confused when an image is

recognized by models associated with the pre-

vious one due to overlapping problem of object

models for two or more classes. The results of

image recognition and segmentation may not

be satisfactorily good when an image is rec-

ognized by models associated with the previ-

ous one. It is so because these two consecutive

images are always slightly di�erent or objects

change their appearance. Therefore, if only a

model based segmentation technique is applied

to feedback analysis, model modi�cation may

be performed incorrectly.

To resolve the di�culty, the basic and essen-

tial approach [2] is to use the rejection concept

of object classi�cation. The usage of the rejec-

tion concept can reduce the risk of using incor-

rect feedback information by avoiding the anal-

ysis of image areas of uncertain situation. Fig-

ure 2 presents an overlapping problem (uncer-

tain situation) and a rejection concept for the

overlapping problem. However, when the over-

lapping problem is more serious, model mod-

i�cation is impossible since most of classi�ca-

tion results are rejected. Therefore, this pa-

per presents an application of hybrid methods

for image segmentation, which integrate super-

vised and unsupervised paradigms.



Figure 3 illustrates 6 selected images from

a sequence of 22 images acquired by a digital

b&w camera. Images were registered with the

change in distance between the camera and the

scene. The distance was gradually decreased.

The next image was registered under the dis-

tance reduced by 4%. Total of 22 b&w images

were obtained from the same scene. The size of

each image is 240�320 pixels with a single pixel

coded on 256 gray levels. Each image contains

four classes of texture areas corresponding to

di�erent fabrics. Figure 4 shows an example of

image segmentation results when these models

are applied to the next image. It is seen that

applying models from previous images to the

next images, without modifying them to reect

the changes, causes signi�cant quality degra-

dation of image segmentation. Figure 4(a)

shows class annotations and Figure 4(b) shows

con�dence values. In Figure 4(a), dark gray,

medium gray, light gray, and white colors rep-

resent class A, class B, class C and class D,

respectively. Black color represents a rejection

class. In Figure 4(b), white areas represent

high con�dence whereas dark areas represent

low con�dence. In particular, pixels belonging

to the rejection class have very low con�dences.

3 Unsupervised Segmentation

Texture images are not appropriate for data-

driven segmentation. This is so because pixels

with similar intensity values within a texture

image are scattered in regular patterns rather

than they form homogeneous areas by getting

together within some boundaries. To resolve

this problem, appropriate �lters (eg. Gabor �l-

ter set) are applied to texture images. Such �l-

tering helps to convert similar texture patterns

of an original image to similar feature values of

a feature image, which is obtained through �l-

tering with one of �lters. Pixels with similar

feature values are grouped through data-driven

segmentation.

Gabor �lters [3] are useful to deal with tex-

ture images characterized by local spatial fre-

quency and orientation information present in

(a) Class membership image

(b) Con�dence level image

Figure 4: Image segmentation results when

models learned from previous image are ap-

plied to the next image.

an image. Gabor �lters are obtained through

a systematic mathematical approach. They

are normally used for image decomposition and

are frequency-related. A Gabor function con-

sists of a sinusoidal plane of particular fre-

quency and orientation modulated by a two-

dimensional Gaussian envelope.

Boundary melting algorithm [5] is employed

for data-driven segmentation. It helps to de-

rive accurate separation lines between regions

and to merge less signi�cant regions. Bound-

ary melting is more suitable for our application

because it is using boundary �nding techniques

based on a local gradient operation rather than

region statistics. Gradient operation simply

guarantees that area boundaries are preserved



Figure 5: Feature image of image 8 obtained

by using a Gabor �lter.

Figure 6: The segmentation result of image 8

obtained by using a data-driven segmentation

technique.

rather than smoothed. Figure 5 and 6 presents

a feature image and a result of data-driven seg-

mentation for it.

4 Uncertain Reasoning for Fu-

sion

An uncertain reasoning approach is applied to

the fusion of the results from two segmenta-

tions (i.e. model-based and data-driven). The

architecture of the hybrid approach for the

fusion is presented in Figure 7. The results

from the two segmentations are aligned on top

of each other. The region boundaries of the

"fused" image are the same as the ones in

the data-driven segmentation, since this type

of segmentation preserves precise boundaries.

Within precise boundaries, the region annota-

tions are determined by consideration (uncer-

tain reasoning) of class memberships and clas-

si�cation con�dences, of the pixels in those re-

gions, which are determined from the model-

based segmented image. The region within the

boundary is regarded as a homogeneous region,

which is annotated by a same class. How-

ever, some of such regions may be annotated

by two or more di�erent classes. Therefore,

it is said that the identities of pixels in the

region are still unknown, and class member-

ships and con�dences of pixels in such regions

are called uncertain data. The goal of the fu-

sion is to explore a representative class mem-

bership of a homogeneous region. For class

exploration, it is �rst required that the un-

certain data should be formalized into eviden-

tial forms (evidence measurement). The class

exploration is achieved by an inference of the

results obtained by combining the formalized

evidences (Evidence Combination/Inference).

The two processes are called uncertain reason-

ing.

� Evidence measurement - To formalize a

classi�cation con�dence into a piece of evi-

dence. The evidence is a degree to support

a certain hypothesis that a pixel (or an ex-

ample) within a certain region should be

annotated by a speci�c class. Pascalian

gradation of the force of evidence is em-

ployed to measure the formulized evidence

[4].

� Evidence Combination/Inference - To

combine e�ciently a couple of partial and

auxiliary evidences and to verify the hy-

pothesis according to the results through

evidence combination. Dampster-Shaper

theory is applied for the evidence combi-

nation and inference [4].

5 Conclusions

In this paper, we introduced a fusion approach

by using an uncertain reasoning for adaptive
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Figure 7: The architecture of the hybrid ap-

proach for the fusion.

object recognition. The fusion is hybrid ap-

proach to integrate two segmentation tech-

niques with probability reasoning techniques.

The hybrid approach complements the feed-

back analysis for the model modi�cation by

adding the data-driven segmentation technique

to cover weaknesses of the model-based seg-

mentation technique. It is promised that recog-

nition results of objects under changing per-

ceptual conditions will be better by the object

models modi�ed after feedback analysis with

the cooperation of the hybrid fusion approach.
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