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Abstract

In this thesis, we describe the outdoor image retrieval method using automatically
generated index.

At present, the ability of computers to recognize objects is not as good as
that of human beings. But some applications do exist, which can make use of
the current object recognition results. One of such applications is to use them as
the index of images. In traditional image database, someone must set the keys to
the images. It is boring routine work and takes a lot of time, particularly when
there are many images in the database. Object recognition techniques will help
to solve this problem.

We have conducted research on object recognition of outdoor scenes, and
we introduce our object recognition method to image retrieval. The recognition
rate of the pixel-based method is higher than that of region-based methods. In
addition to that, we need not use signal-level segmentation in our method. As
a consequence, we can assign object labels automatically. We applied our pixel-
based method to generate the index images for image retrieval. The retrieval ratio
of top 5 candidates was 87.9% when the goal image was referred. This result tells
that we can use our pixel-based method for indexing images.

Then, we proposed a method to extract training data from images containing
same kind of object. In our pixel-based object labeling method, we need a large
number of training data which had to be given by hand. The setup of using
“a large number of the images containing the same kind of object” is easily
realizable by using image libraries each image of which has been indexed with

the kind of object within the image as a key word. With our training-data auto-
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extraction method, we can save the cost to give such data. We use the constraint
that “all images contain same kind of object,” into the processing in automatic
extraction of training data and outline the procedure to extract the training data
automatically. In our experiments, the correctness of the generated training data
was 64.9% which was better than the expected result.

When using the automatically extracted training data in the pixel-based ob-
ject labeling method, the error of training data leads to the errors in the recogni-
tion results. We stood the model of the recognition error and examined the char-
acteristic which the recognition result should require for image retrieval. The
analysis revealed that the randomness in the recognition error was preferable
while the uniformity in the index images was not preferable. According to the
analysis, we proposed two methods to cope with the errors in the index images,
both of which increased the randomness and decreased the uniformity in the in-
dex images. Using our methods, even if some errors exist in the training data,
the recognition result can still be used as the index of image in the image library.

At last, we show the method to improve the retrieval ratio using the retrieval
examples. The object recognition is not unique method to generate the index of
image. When a retrieval user draws an object sketch and gets the goal image,
the pair of the object sketch and the goal image is given to the retrieval system.
The pair is called the retrieval example. The retrieval example contains the
information that “when the object sketch is given, the goal image should be

” This information is also useful for retrieval. We proposed two method

shown.
to use the retrieval examples. One was a method to add the obtained retrieval
examples into the index image. The other was a method to perform re-training
using the training data extracted from the retrieval examples. Our experimental

results told that both method contributed to improve the retrieval results.
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Chapter 1

Introduction

1.1 Background

In recent years, the capacity of computers are dramatically improved and we can
treat a large number of digital images on the computers. Once the images are
stored on computers, a method to access these images is required. In one case,
the access method is the filename of the image file and in another case it is the

image retrieval method.

In image retrieval, a retrieval user expresses his demands as a key and gives
it to the retrieval system. The retrieval system searches the images which match
the key and shows them to the user. When the key is the keyword and the
keywords are given to each of the images beforehand, the same technology as
document retrieval can be used here. But for image retrieval, the contents of the
images may be more important in retrieving. Thus, the technology of “Query
by image contents” has been developed [1, 2, 3, 4, 5, 6, 7, 8, 9, 10]. In these
method, the feature values are used for the keys but in some cases, a user wants
to retrieve an image with object names in the image. For example, a user may
want to retrieval an image which contains a mountain and a lake. To enable such
retrieval, the information whether the image contains a mountain and a lake is

given as the index beforehand. To generate the index automatically, we use the
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12 Chapter 1. Introduction

image understanding by the computer.

There have been some research on object labeling of outdoor scenes[11, 12,
13, 14, 15, 16, 17]. They basically employ the following strategies: Generating
initial regions with signal-level segmentation and assigning the object labels to the
regions. There are many researches on segmentation of images [18, 19, 20, 21].
But it is difficult to generate the regions corresponding to objects for outdoor
scenes because there are various objects in them and the conditions in which the
image was taken cannot be controlled. It prevents the automatic object labeling.

This is a problem.

Another problem to use the image understanding by the computer to generate
the index is that the ability of computers to recognize objects is not as good as
that of human beings at present. But the recognition result has no measure
to evaluate the efficiency in itself. In most object recognition researches, the
recognition result is evaluated only by the recognition rate, which indicates how
much correctly the method can answer the object name in the images. It is sure
that higher recognition rate is more preferable than lower recognition rate, but
it is not clear that “80% of recognition rate is sufficient” or “99% of recognition
rate is much better than 95% of that.” It is because they do not assume any
application. We use the object recognition result in image retrieval and evaluate
our method. Furthermore, we improve our recognition method to fit the image

retrieval application.

When we build an object recognition system, we must give some knowledge
about the object. In traditional image understanding system, complicated rule
base is used to object recognition. In such cases, it is difficult to give the knowl-
edge about the object. The correctness of recognition result is mostly determined
by the given knowledge, i.e. the man’s skill to give and express the knowledge
about the object. We usually do not realize “why this region is SKY,” and it is
a very hard task to give good knowledge, especially in the case that we use the

knowledge implicitly.

Another method to give the knowledge about the object is to give some sample
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data to the recognition system and the system learn the knowledge about the
object from the sample data (training data). In this case, we can easily give the
sample data comparing with the rule-base method because we can indicate “this
point is included by SKY region” even if we cannot tell why the point is SKY. But
in general, we must give a large number of training data to the system to enhance
the recognition rate. It takes much cost and a method automatically extracting
training data is necessary. We propose such method. The automatically extracted
data contains some error. We must cope with such error as well.

The object recognition is not unique method to generate the index of image.
When a retrieval user draws an object sketch and gets the goal image, the set of
the object sketch and the goal image is given to the retrieval system. The set
is called the retrieval example. The retrieval example contains the information
that “when the object sketch is given, the goal image should be shown.” The
retrieval examples can be regarded as the “case” in the case-based reasoning[37].

This information is also useful for retrieval.

1.2 Outline of the Thesis

In Chapter 2, we show our pixel-based object labeling method. This method
need not generate signal-level segmentation and is easy to automate the object
recognition. Then we apply the results of our labeling method as the index of
images and use it in image retrieval system to show the efficiency of our method.

In Chapter 3, we show a method to extract training data automatically. We
prepare images which contain same kind of object and extract a characteristic
common to all images as the information of the object. We use the information as
the training data of object recognition system and show the experimental results.

In Chapter 4, we analyze the characteristic of our object recognition method
and our image retrieval method. Then we show the method to cope with the
error in the automatically generated index images.

In Chapter 5, we show two methods to use the retrieval examples to improve
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the retrieval results. One is a method to add the obtained retrieval examples into
the index image. The other is a method to perform re-training using the training
data extracted from the retrieval examples. We implement these two methods
and show the experimental results.

In Chapter 6, we conclude this thesis and describe some open problems and

future works.



Chapter 2

Retrieval of Outdoor Scenes
Using Pixel-based Object
Models

2.1 Introduction

At present, the ability of computers to recognize objects is not as good as that of
human beings. But some applications do exist, which can make use of the current
object recognition results. One of such applications is to use them as the index of
images for image retrieval. We have conducted research on object recognition of
outdoor scenes, and in this chapter, we introduce our object recognition method
to image retrieval.

In traditional image databases, someone must set the keys to the images. It
is boring routine work and takes a lot of time, particularly when there are many
images in the database. Object recognition techniques will help to solve this
problem. The ultimate goal of object recognition in this case is to describe the
objects in images automatically. Our “pixel-based object labeling method” for

object recognition is suitable for this purpose.

There have been some research on object labeling of outdoor scenes[11, 12,

15



16 Chapter 2. Retrieval of Outdoor Scenes

13, 14, 15]. They basically employ the strategies as follows: Generating initial
regions with signal-level segmentation and then assigning the object labels to
the regions. But it is difficult to generate the initial regions for outdoor scenes
because there are various objects in them and the conditions for the camera and
the light source cannot be fixed. It prevents the automatic object labeling. In our
“pixel-based object labeling method,” we do not generate initial regions, hence
we can avoid this problem.

Next, we use the result of object labeling of outdoor scenes as the index of the
images for image retrieval. We employ a pictorial query method for retrieval[22,
23, 24]. A users draws an object sketch as the condition for the retrieval. The
retrieval system compares this object sketch with the index, and then presents
images in the order of similarity. The indexes generated by object recognition
do contain errors, but we can realize a fault tolerant retrieval system with the
pictorial query method.

In the following sections, we explain our “pixel-based object labeling method”

and its application to image retrieval.

2.2 Pixel-based Approach for Object Labeling

The goal of object labeling of an image is to segment it into regions each of which
corresponds to one object and has a unique object label. Most of the studies so
far adopted the “region-based” approach. They initially segment an image into
regions and label them with object models. The object models are mappings
between the features derived from the image and the object labels. However, in
this strategy, there is a problem in generating the initial regions.

The initial regions are generated based on signal-level similarity of pixels:
They are generated only from the statistical similarity or the spatial closeness
of the pixels in an image. The knowledge about the objects is difficult to be
introduced. Because of the variety of objects, generating the initial regions based

on the signal-level similarity does not guarantee that the generated region actually
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(a) image 1 (b) image 2

Figure 2.1: Examples of the outdoor scenes

Figure 2.2: Examples of signal-level segmentation

17



18 Chapter 2. Retrieval of Outdoor Scenes

corresponds to an object.

The results of the initial segmentation have a great impact on the object
labeling. But the results are largely affected by the parameters chosen for the
signal-level processing. For example, when the outdoor scenes in Figure 2.1(a)(b)
are processed with the same processing parameters, the results becomes Figure
2.2(a)(b). In Figure 2.2(a), a region almost corresponds to an object, while in
Figure 2.2(b), regions are over-segmented and there are too many small regions
each of which do not correspond to one object. It is difficult to select adequate
processing parameters, particularly for outdoor scenes. In most studies, these
parameters are heuristically determined for each image. Consequently, it prevents
automatic labeling.

On the other hand, since objects in outdoor scenes are natural objects, they
do not have any definite shape. The features of shape and size are not essential
for the object labeling, even if we could get a region that corresponds to a whole
object. Therefore, it is pointless to make the initial regions for object labeling.

Considering the discussion above, we have proposed a new approach to the
problem of object labeling of outdoor scenes. It is called the “pixel-based object
labeling method.” It proceeds as follows (Figure 2.3):

1. Calculating feature values of every pixel.

2. Evaluating the object label of each pixel using the pixel-based object mod-
els, which are mappings between the features, derived from a pixel, and the

object labels. The result is the evaluation value for each object label.

3. Assigning an object label to every pixel based on the evaluation values

obtained in step 2.

Regions are generated by assembling the pixels that have the same object
labels. Though pixels do not have the features of shape and size, they are not
essential for the labeling of natural objects. Other features, such as color, texture

and location, can be obtained from the pixels.
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There are no heuristic thresholding parameters in the processing. The pro-
cessing does not be interfered by such parameters and, as a consequent, automatic

object labeling can be realized.

2.3 Construction of Pixel-based Object Mod-

els

2.3.1 Object Models with Neural-Network

We construct the object models with neural network. We use a 3-layered per-
ceptron. There is one input node for each feature and one output node for each
object label. Each feature value is normalized into [0.0,1.0] and used as input to
the corresponding node in the input layer.

We use the back propagation algorithm for training, which minimizes the mean
square error between the outputs of neural network and the teaching signals. The
teaching signal is 1 for the correct output node, and 0 for the other output nodes.
As the result of this training process, the network learns the mapping between
the local features of a pixel and its object label.

In our approach, it is essential to construct object models by training. Al-
though we cannot describe the object models clearly in the pixel-based approach,
we can give samples of the correspondence between a pixel and its object label,
and we can calculate the local features of the pixel. In this way, we can easily
construct the object models. And there are other benefits of constructing the
object models with neural network: We can get the result of the evaluation nu-
merically; neural network can simulate any mapping between the features and

the object labels and can show high performance after the training.

2.3.2 Objects

Table 2.1 shows the object labels we use. These objects frequently appear in

outdoor scenes. Most of them are natural objects and they have neither definite
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Original Labeled
Image Image

* = ;,P LEAVES II
\ Extract Ass lg n labels CONCRETE
features and

Generate regions

For each pixel:

COLOR

LOCATION label evaluation
CLOUD 0.6

TEXTURE LEAVES 0.1
CONCRETE 0.2

Feature Evaluate labels Evaluation
values using object models values

Figure 2.3: Pixel-based object labeling method
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shape, size nor structure, but show notable features of color and texture in images.
Therefore, these objects are suitable for labeling by our method. Note that other
objects, such as cars, ships, buildings, trains etc., appear in outdoor scenes as
well. We do not deal with these artificial objects, because the features of color
or texture are not the key for the object labeling in this case. We should employ

other method to the recognition of these artificial objects.

2.3.3 Features

Table 2.2 shows the features used for labeling the objects. Only COLOR, LO-
CATION and TEXTURE features are used in the “pixel-based method.” SIZE
and SHAPE features are used in comparative experiments in Section 2.3.4.

In the “pixel-based method,” the COLOR and TEXTURE features are com-
puted within 15x15 neighboring pixels of each pixel. This suppresses noise in the
image and enables us to calculate TEXTURE features for each pixel.

R, G and B indicate means of pixel values of red, green and blue values in the
neighboring pixels, respectively. Original images are color images and each pixel
has red, green and blue values.

Upper-R, Upper-G, Upper-B, Lower-R, Lower-G and Lower-B are R, G and
B features at the position of 128 pixels above and below the pixel, respectively. If
the position is beyond the size of the image, the features of the pixels at the upper-
most or lower-most is used. We use these features because the color features are
not stable, that is, easily affected by the camera condition or the light condition.
For example, if we take pictures of a same place both in a fine day and a cloudy
day, the colors of objects in them are different. The color features of other pixel
may supplement this information. The positions (128 pixel above or below) of
the pixels are decided experimentally.

X and Y indicate the location of the pixel in the image. The objects near the
top of the image are likely SKY, CLOUD, MOUNTAIN etc.. The objects near
the bottom of the image are likely CONCRETE, WATER, LEAVES etc.. The

features of X and Y can contribute to the categorization of these objects.
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Table 2.1: Object labels

label object

SKY blue sky

CLOUD cloudy sky and cloud
CONCRETE paved road surface
LEAVES green leaves, grasses
SOIL soil

SHADOW dark shadow
MOUNTAIN blue far mountains
WATER water surface
DEAD-LEAVES | dead leaves

ROCK rock

Table 2.2: Features used for labeling objects

features
COLOR R, G, B
(3 points) Upper-R, Upper-G, Upper-B
Lower-R, Lower-G, Lower-B
LOCATION X, Y
TEXTURE Energy, Entropy,
(2-directions Contrast, Correlation
for each feature)
SIZE (region only) Size, Width, Height
SHAPE (region only) | Ith, Iratio, ISratio
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TEXTURE features are calculated from a co-occurrence matrix [25]. The
co-occurrence matrix P(i,j|d, ) is a set of probabilities that two pixels, each of
which has pixel-value ¢ and j respectively, appear at distance d in direction 6
within the neighborhood of the pixel. Energy, Entropy, Contrast and Correlation

are calculated as follows:

Energy(d,0) = Y P(i,jld,0)".

i7j
1
n rop}’( > ) ZXJ: (1,]| ) ) og P(i,j|d,9)
Contrast(d, ) = Z(Z —j)2P(i,j|d, ).
i’j
Correlation(d, ) = 2 i 1 (¢,7]d, 0) — p ,uy-
0.0y
where
e =Y iP(i,j|d, 0),
i7j
fy = ij(i,ﬂd, 9),
i7j
02 = 3(i — 11)?P(i, §|d, 6) and,
’i7j
02 =3"(j — 1,)*P(i, jld,0).
i7j

Energy, Entropy, Contrast and Correlation stand for the uniformity of the texture,
the complexity of the texture, the contrast of the texture, and the slope of the
texture, respectively. These features are frequently used to distinguish textures.
We calculate these features with a distance d = 1 and with two directions 6 =
0, 90°. As a result, we get 8 feature values for TEXTURE.

SIZE and SHAPE features are used in the experiments in Section 2.3.4. They
are the features for regions. SIZE is the number of pixels in a region. Width and
Height are the horizontal and vertical length of a region, respectively. SHAPE
features are calculated from the moments. Ith, Iratio and ISratio stand for the
direction of a region, the slenderness of a region and the roundness of a region,

respectively.
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2.3.4 Index Generation Experiments

Comparison between pixel-based and Region-based method For exper-
iments, we used 66 outdoor scenes. An example of the outdoor scenes is shown
in Figure 2.1. We selected 975 sample points from 33 scenes for training and
970 sample points from the remaining 33 scenes for testing. The training was
finished when the mean square error was less than 0.05. The number of nodes in
the intermediate layer affects the results[26, 29]. We used 11 nodes, which was
determined empirically. The recognition rate of trained neural network is shown
in Table 2.3.

For comparison, we constructed two region-based object models. One of them
uses COLOR, LOCATION and TEXTURE features, just like the pixel-based
object models. The other uses SHAPE and SIZE features, in addition to the
COLOR, LOCATION and TEXTURE features. In these cases, the feature values
are calculated within the region in which the sample point is included. Regions
of the images are generated by signal-level segmentation. Parameters of the
segmentation are determined by hand to gain the most suitable segmentation
result for each image. The recognition rates of the region-based object models
are also shown in Table 2.3.

In Table 2.3, the two region-based object models show almost equal recog-
nition rate. This result shows that the features of SHAPE and SIZE are not
essential for object labeling. Pixels do not have these features but we can see
that this is not a problem.

The recognition rate of the pixel-based object models is higher than those of
the region-based ones, even when the SHAPE and SIZE features are added. This
shows that the features derived from a pixel have as much information as features

derived from a whole region for object labeling.

Sensitivity analysis To investigate the fact that the SHAPE and SIZE fea-

tures are less important than other features, we conducted a sensitivity analysis
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Sensitivity
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Figure 2.4: Sensitivity of neural network
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of neural network. Sensitivity of neural network is defined as follows [27]:

Sik = %C;Zk
= Ou(1=0x) > M;(1 = My)Wi Wy
j
where
I; :output value of input layer node
M; :output value of intermediate layer node
Oy, :output value of output layer node
Wik :weight between intermediate and output layer
Wi; :weight between input and intermediate layer

Sir. denotes the change ratio of k-th output value Oy to the change of i-th input
value I;. If S is small for any input value I;, then the input node does not
contribute to the object recognition. In order to ascertain it, we need to give
all pattern of input values to the neural network, but the combination of such
input patterns is enormous. To its approximation, we give the training data to
the neural network and analyze the results.

Figure 2.4 shows the result of sensitivity analysis for the neural network which
has trained with the training data after 6000 loops of back propagation algorithm.
The horizontal axis denotes each feature and the vertical axis denotes the max-
imum value of sensitivity S;; for the training data. Note that even if the mean
value of sensitivity is used in stead of the maximum value, the tendency is almost
similar.

Figure 2.4 shows that the sensitivity of the colors (R, G, B), the vertical
position feature (Y) and the vertical size feature (Height) is high. To the contrast,
the sensitivity of horizontal size feature (Width), the incline of moment feature
(Ith) and the texture energy and contrast features (Energy, Contrast) is low. Since
the lower side of the image contains ground and higher side of the image contains

sky in the objective images, the vertical feature is useful but the horizontal feature
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is not useful for object recognition. The reason why the sensitivity of the incline of
moment feature is low is that the objects contained in the images have no definite

shape and these objects appears in various size and direction in the images.

Feature elimination experiment Next, we conducted a feature elimination
experiment. In this experiment, input values of some features in Table 2.2 are
fixed to 0.0 and given to the neural network in training and evaluating stage. In
the training stage, the back propagation loop was iterated until the mean square
error between output of neural network and the training data became less than
0.05 or the loop count became 6000. With changing the initial weight of neural
network, the training was conducted to 10 networks. Table 2.4 shows the number
of converged (the mean square error became less than 0.05) network and the
iteration count when the training was converged. Figure 2.5 and Table 2.5 shows
that the best recognition rate within the recognition rates of the 10 trained neural
networks. NON denotes the case that the all features in Table 2.2 are used. CL
denotes the case that only COLOR and LOCATION features are used. In the
COLOR and LOCATION cases, no network in the 10 trained neural networks
was converged.

Figure 2.5 shows that even when SHAPE or TEXTURE features are elimi-
nated, the recognition rate does not decline. This result reinforces the previous
result(Figure 2.4). On the other hand, although Figure 2.4 suggests that the
recognition rate would decline when SIZE features are eliminated, Figure 2.5
shows no remarkable difference. The following fact shows that the effective fea-

tures for object recognition is COLOR and LOCATION.

e When COLOR and LOCATION features are eliminated, the training of

neural network does not converge.
e In CL case, the recognition result is almost same as the NON case.

Since the COLOR and LOCATION features are effective for object recognition

of outdoor scenes and they can be calculated from each pixel, we can conclude
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Table 2.3: Recognition rate

testing | training
set (%) | set (%)
pixel 77.3 94.4
region with
SHAPE and SIZE 69.5 92.1
region without
SHAPE and SIZE 68.2 91.5

Table 2.4: Eliminated feature and convergence of network

Eliminated feature NON | COL | LOC | SIZ | SHP | TXT | CL
Number of converged network 6 0 1 6 5 8 0
[teration 764 | (6000) | 1895 | 1450 | 1055 | 1508 | (6000)
Table 2.5: Eliminated feature and recognition ratio
Eliminated feature | NON | COL | LOC | SIZ | SHP | TXT | CL
Recognition rate 76.4 | 47.0 | 63.7 | 73.5 | 754 | 80.3 | 79.4
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that our pixel-based approach has as good facility as region-based approach in

object recognition of outdoor scenes.

Recognition result of whole image At last, we apply these pixel-based ob-
ject models to whole images. Figure 2.6 shows the result of object labeling of
Figure 2.1(a). The output node which has the highest output value in the output
layer is taken as the object label of the pixel. It is the simplest way to assign the
object label to each pixel. There are some pixels which are labeled incorrectly.
The object models are simple mappings between the feature values and the la-
bels, and they do not consider the labels of other pixels. To improve the result,
other knowledge, for example the spatial relation of objects, could be introduced

to object labeling.

2.4 Retrieval with Object Sketch

2.4.1 Application of Our Method to Image Retrieval

We apply our object labeling method to image retrieval of outdoor scenes. Gen-
eral process of image retrieval is as follows: a user gives some keys; the retrieval
system compare the keys with the indexes of images; and show some candidate
images the indexes of that match the keys.

One useful kind of indexes for image retrieval is the contents of the image, i.e.
the objects within the image. For example, if a user wants to retrieve some images
which contain “mountain,” it is natural to use “the-mountain-is-contained” as the
index.

The result of our object labeling is the image assigned an object label to each
pixel. It includes the information of the contents of the image and it can be used
as the index. But, as shown in the previous section, the recognition rate of our
method is not 100% and there are errors in the result. This means that some
objects which do not exist in the image may appear in the result, and on the other

hand, some objects which exist in the image may not appear in the result. If we
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use the list of object labels appearing in the result as the index of the image, the
image retrieval may fail. In order to cope with such errors, we employ a pictorial

query method for retrieval.

2.4.2 Pictorial Query Method for Retrieval

A pictorial query method is the method which uses an image to express the
condition of retrieval. We use an object sketch of the image for retrieval. The
object sketch is an image where each pixel value represents the object label of
that pixel in the original image.

Our object labeling method assigns labels to all the pixels in the image. We
use the labeled image as the index of the original image and call it “the index
image.” The size of the original images is 256 x 256 pixels. In order to reduce
the size of the index images, we assign an object label to every 4 pixels. The size
of the index images thus becomes 64 x 64. This is sufficient resolution for the
retrieval of outdoor images. The indexing process is automatically performed by
computer.

To retrieve images, a user draws an object sketch of a goal image that he wants
to retrieve. The user does not have to specify all labels of the pixels in the object
sketch. The pixels that users do not specify labels are labeled as UNKNOWN by
the retrieval system. The size of the object sketch is 64 x 64.

To select “candidate images,” the system calculates the degree of similarity
S between the object sketch and the index images. The degree of similarity is
calculated as follows:

S="
N

where

M : number of pixels residing at the same position in the object sketch and

the index image and having the same object label.

N : number of pixels in the object sketch which have labels specified by the

user, i.e.
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64 x 64 - (number of UNKNOWN pixels).

The system then shows the candidate images in the order of similarity.

We use an object sketch. An object sketch is one useful way to express the
goal images. Since images have much information, it is difficult to express the sort
of objects, the positions of them, the spatial relations between them etc. with
linguistic description.The object sketch can express these information simultane-
ously.

Furthermore, the pictorial query method is robust against errors in the index
images. The recognition rate of our object labeling method is about 77%. We
cannot know which pixels are correctly labeled and which pixels are incorrectly
labeled only from the result of object labeling. But, at the retrieval stage, if a
user can give the correct labels, the similarity between the index image of the
goal image and the object sketch will be about 77%), which may higher value than
that of the other images. Consequently, the goal image will be shown as higher

candidate than other images, even if there are errors in the index.

2.4.3 Retrieval Experiments
Retrieval with Referring the Goal Image

We conducted retrieval experiments. The number of the images in the image
library is 461 which include the images used in Section 2.3.4. First, we made
the index images for all the images in the image library using the pixel-based
object models constructed in Section 2.3.4. Second, we selected the 33 images
from them which were not used to construct the object models. And third,
we retrieved these images among the 461 images. We drew the object sketches
referring to the goal images. It takes about 1.7 seconds for a retrieval on our
machine, HP9000/735(124 MIPS).

The retrieval ratio of the retrieval is shown in Table 2.6(a). The retrieval ratio
is the ratio that the goal image is within the top n-candidates. The Table shows
that 60.6% of the images are presented as the first candidate. In this experiment,
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Table 2.6: Retrieval ratio

(a) Referring the goal image
Top 1 | Top 5 | Top 20

60.6% | 87.9% | 93.9%

(b) Without referring the goal image
Top 1 | Top 5 | Top 20

19.0% | 47.6% | 71.4%

the object sketch had almost correct labels because it was drawn referring to the
goal image. The retrieval ratio of the first candidate should be almost 100% in
the ideal situation. But there are several images which are similar each other in
the image library. They get down the retrieval ratio.

There were four images which were not within the top 5 candidates. In the
worst case, the goal image was the 36th candidate. The similarity between the
index image of the goal image and the object sketch was within 0.43 ~ 0.52 for
those four images. They are worse values than those of the other images. This
shows that there are some images which cannot be labeled correctly. One reason
of this problem is the light condition of the images. To improve the retrieval ratio,
we should consider the method to get rid of such affection, as well as improve the

average recognition rate of object labeling.

Retrieval without Referring the Goal Image

In a real situation, a user retrieves an image without referring to the goal image.
We conducted an experiment simulating such a situation.

We showed several images in our image library to a user. The user selected an
image from them as the goal image, and drew the object sketch without referring
it. We tested for 18 user, with a total of 42 retrieval trials. The results of retrievals

are shown in Table 2.6(b). The goal image was retrieved within the top twenty
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candidates for 71.4% of the trials. In the worst case, the goal image was the 184th

candidate.

Examples of the typical cases of retrieval are shown in Figure 2.8-2.11. Figure
2.8 shows the successful case. There are 3 typical cases of retrieval failure. Figure
2.9 shows a case that fails because of a wrong index image. This is the problem

of object labeling described in Section 2.4.3.

Figure 2.10 and 2.11 show failure caused by wrong object sketches. In Figure
2.10, the user draws the sky as a cloudy sky, but it is labeled as a blue sky
in the index image. There were several cases where the users mixed up a blue
sky and a cloudy sky, especially when the sky was not clear blue. People do
not remember whether the sky is clear or cloudy. To cope with this problem, we
should introduce a “sky” category which is compatible to these two categories. In
Figure 2.11, the user draws the objects at wrong positions. The system compares
the label of pixels at the same positions in the index image and the object sketch.
This method is vulnerable to shift of position. We should also consider a solution

to deal with this problem.

2.5 Conclusion

In this chapter, we described the method to generate the index for the image
retrieval automatically. We proposed the pixel-based object labeling method for
outdoor scene recognition. In traditional methods, initial regions each of which
corresponding to an object are generated by the signal-level segmentation and
then the object labels are assigned to the regions. In practice, the generated
region does not have to correspond to an object because the objects show vari-
ous statistical characteristics and the signal-level segmentation does not use the
characteristics. In our method, we do not generate initial regions. Feature values
are calculated from each pixels and the object label of the pixel is assigned using
the object models. The object models are the relation between the feature values

and the object labels. We constructed the object models with neural networks.



2.5. Conclusion 37

Goal image Index image Object sketch

Figure 2.8: Successful case
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Figure 2.9: Unsuccessful case: (1) Failure of indexing
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Figure 2.10: Unsuccessful case: (2) Drawing different object
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Figure 2.11: Unsuccessful case: (3) Drawing objects at different positions
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We conducted the experiments to compare our method with traditional region-
based methods. The features of shape and size are not obtained from each pixel.
But the recognition rate with our method is higher than that of region-based
ones. Moreover, we conducted the sensitivity analysis of the object models. The
results showed that the features of shape and size do not affect the result of
object labeling in our experiments. The recognition rate analysis also suggested
the same conclusion.

Next, we applied the recognition results to use as the index of image retrieval.
We employed a pictorial query method for retrieval. In this method, a user draws
the object sketch of the goal image. Then the retrieval system compares the
object sketch with the index images and shows the candidate images in the order
of similarity between them. Although the recognition results include some errors,
we expected that the pictorial query method is robust against errors in the index
images because it compares a large number of pixels independently and the errors
in some portion do not largely affect the retrieval results.

We conducted the retrieval experiments with the index images generated by
the pixel-based object labeling method. The retrieval ratio of top 5 candidates
was 87.9% when the goal image was referred. This result tells that we can use our
pixel-based method for indexing images. When the goal image was not referred,
the retrieval ratio of top 5 candidates was 47.6% and that of top 20 candidates
was 71.4%. There are 461 images in the image library and there are similar
images among them. The result is not bad under this condition. There are some

problems in our retrieval method:

e We should prepare a large number of training data for the training of the

neural networks.

e There are some images which cannot be labeled correctly and our retrieval

method cannot cope with this.

e People sometimes do not remember the object correctly and sometimes

draw the objects at different position from the goal image.
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Some of them will be discussed in the following chapters.



Chapter 3

Automatic Extraction of
Training Data for Index
Generation from Images

Containing Same Kind of Object

3.1 Introduction

The object recognition in the image by the computer is an important research
subject. The results can be applied to many applications, such as automatic

index generation for image retrieval system.

As the technique of object recognition, the method of discriminating in the
feature space is effective. In this method, a large number of feature values which
reflect the characteristics of “objects” in the image is required as training data.
These training data were conventionally given by hand, but to recognize the
“object” of various kinds, a lot of training data is needed, and there is a problem
that the cost to give training data becomes large. Moreover, the criterion what
data should be given as training data does not exist, although the recognition

results depend on given training data. In order to solve these problems, the

41



42 Chapter 3. Automatic Extraction of Training Data

method of extracting data from images automatically is needed on the basis of
the rough information about the “object,” and the recognition system can use

them as training data.

To cope with the problem, we propose the method which will carry out auto-
matic extraction of training data required in order to recognize the objects in the
images. In [28], they use the encyclopedia texts to extract the index of an image.
[t was the method for the retrieval with keywords. We use a large number of
images containing the same kind of object. In this method, since a man should
give only the rough information that an object is contained in the images, man’s
cost to give training data is smaller than the case where the image feature of the
object is given by hand. Moreover, since the selection criterion of training data
is included in processing, man becomes unnecessary to choose training data in

arbitrary.

Although it looks unnatural at a first glance that the setup of using “a large
number of the images containing the same kind of object,” there exist image
libraries each image of which has been indexed with the kind of object within the

image as a key word is marketed, and it is an easily realizable setup.

In this chapter, we show the method to extract training data automatically
from images containing the same kind of object. At first, we show the outline of
the algorithm to extract training data and discuss how to use the constraint that
“all images contain same kind of object.” Our algorithm consists of 4 stages, the
feature extraction stage, the projection to discriminant space stage, the clustering
stage and the cluster selection stage. Then we show the implemented method to
use the constraint in latter 3 stages. Below, the method to use this property and

the experimental result will be shown.
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3.2 Basic Algorithm

3.2.1 Flow of Processing

Figure 3.1 shows the flow of the processing which carries out automatic extraction
of training data. As original images, a large number of the images which contain

the same kind of object is given.

1. Extracting features from the original images (the feature extraction stage)

At a fixed interval, the feature values is calculated for every pixel from the
original images. The feature values to use is 4 elements. They are R, G and
B pixel values and the vertical position of the pixel in the image (Y). These
feature values are effective in object labeling as shown in previous chapter.

Let the obtained feature values be the 4-dimensional feature vector.

2. Projecting the feature vectors to discriminant space (the projection to dis-

criminant space stage)

The each element of the feature vector has different characteristics. The
vertical position Y has different unit from other RGB pixel value elements.
The distributions of these elements in the original feature vector space are
different. We cannot compare these elements in the original feature vector

space.

Furthermore, the original feature space is not the best space to get the
training data. In order to get the training data which correspond to the
object, the feature vectors of the object should be condensed and other

feature vectors should not overlap the feature vectors of the object.

We transform the feature vectors into more preferable vector space. We
call this vector space as discriminant space and the projected feature vector

into the discriminant space as the discriminant vector here.

3. Clustering in the discriminant space (the clustering stage)
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We call the feature vector corresponding to the object as the object feature
vector. The purpose of this algorithm is to get a set of feature vectors which
mainly contains the object feature vectors. We use a clustering method to
get such set, because the object feature vectors has dense distribution in

discriminant space and such vectors can be extracted by the clustering.

4. Selecting the cluster corresponding to the object from the generated clusters

(the cluster selection stage)

Since the object feature vector is not given, it cannot generate only one
cluster that is the object feature vector. By clustering, two or more clusters
are generated. The cluster which mainly contains the object feature vectors
should be chosen from them on a certain criteria. The cluster selected in

this stage is called the training data cluster here.

As the result of this algorithm, we get the cluster which should contain the
object feature vectors mainly. We regard all the feature vectors in the training

data cluster as the training data and construct object models using them.

3.2.2 Use of the Constraint

Since an original image contains an object of the same kind, the total area of the
object occupied in original images becomes large. The rate of the object feature
vectors occupied in the feature vectors also becomes large. Therefore, the rate
of the object feature vectors in the cluster obtained becomes large, and becomes
easy to carry out automatic generation of training data by selection of cluster,
no matter what clustering it may carry out (Figure 3.2). Moreover, since the
distribution of the object feature vectors itself becomes dense, the cluster which
consists of the object feature vectors tends to generate easily.

The conditions “all original images contain an object of the same kind” can
also be used further (Figure 3.3). That is, the cluster corresponding to an ob-

ject should contain the feature vectors obtained from all original images. This
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condition can be used in each stage of processing. The method how to use the

conditions in each stage is considered as follows:

e The feature extraction stage

The feature is extracted by calculating the image feature for every pixel. It
is hard to use the above-mentioned conditions. However, the object of the
same kind may have different features among the images. For example, the
color of the object may be different because of the lighting conditions. Since
all images contain the object of the same kind, and if the corresponding
point in it is known, change of the color between images can be presumed

and rectified.

e The projection to discriminant space stage

We can use the principle component analysis method to get a discriminant
space each axis of which has no correlation. This discriminant space best
represent the distribution of the feature vectors. But in the preferable
discriminant space, the object feature vectors should be condensed and
other feature vectors should not overlap the object feature vectors. In order
to obtain such discriminant space, we generate a vector space in which the
feature vectors are distributed in wide spread. If the object feature vectors
in all images have similar values, the object feature vectors still distribute
dense in the space. Other feature vectors distribute dispersed. As the result,

we can obtain the preferable discriminant space.

e The clustering stage

In the clustering stage, the desirable cluster is a cluster which consists
only of the object feature vectors, or a cluster like it. According to the
above-mentioned conditions, this cluster should include the feature vectors
from all original images. Therefore, if we use the method in generating the
discriminant space that each cluster contains the feature vectors coming
from as much original image as possible, the desirable cluster will tend to

be generated.
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e The cluster selection stage

The training data cluster should contain the object feature vectors mainly.
We prepare negative example images, which do not contain the object.
Here, the condition that “all images do not contain the object” can be used
in the negative example images. It is the reverse condition to the above-
mentioned conditions. We can obtain the training data cluster by selecting
the cluster which contains more feature vectors from the positive example

images and less feature vectors from the negative example images.

At present, we do not use the condition in the feature extraction stage. In the
following, the implementation to use the conditions in the projection to discrim-

inant space stage, the clustering stage and the cluster selection stage is shown.

3.3 Construction of the Discriminant Space

The principal component analysis and the discriminant analysis are usually used
for construction of discriminant space.

The principal component analysis is the technique for expressing the multi-
dimensional vector with a small number of variables (vector of a low dimension).
In this technique, the axis is taken sequentially in the order that the distribution
along the axis is the maximum. In the resulting vector space, each axis has no
correlation and the distribution along the axis is normalized. As the result, we
can measure the distance between feature vectors by the Euclid distance.

The discriminant analysis (or the canonical analysis) is the technique of build-
ing the discriminant space where the distribution within each group becomes
small and the distribution between the groups becomes large when two or more
data groups are given. In this space, since it is gathered within the inside of
each data group and it is scattered between different data groups, the generated
discriminant space becomes effective in discriminating these data groups.

For the discriminant analysis and the principal component analysis, an opti-

mum solution can be analytically found as linear conversion by solving an eigen
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value problem.

If the object category of each feature vector is given, we apply the discriminant
analysis technique over the categories. The result will be the best discriminant
space in the respect that the object feature vectors have dense distribution and
other feature vectors tend not to overlap them. But in our problem, the object
category is not given. In such situation, the principal component analysis is
usually applied.

We propose a method to generate the discriminant space that carry out the
discriminant analysis for every image (Figure 3.4). The object of the same kind
is contained in all images. Supposing that the feature values of the pixel corre-
sponding to the object are similar over the images, no matter what conversion it
may be applied to the feature vectors, the object feature vectors will be having
condensed as it is.

Therefore, if the feature vectors are divided into data groups each of which
contains all the feature vectors from the same image and the discriminant space
is built by the discriminant analysis over these data groups, the object feature
vectors will remain dense and the other feature vectors will be scattered more.
Then in the resulting vector space, the cluster in which the rate of the object

feature vectors is high will be easy to generate in the clustering stage.

3.4 Clustering under the Constraint

The method of Kononen’s Self Organizing feature Map (SOM) is used for clus-
tering. Fundamentally, this method is similar to the K-mean clustering. In this
method, at first, an initial cluster center for each cluster is determined. Then, the
distance between the initial cluster center and the feature vector is calculated.
Thirdly, the feature vector is classified to the cluster to which the distance is
nearest. Fourthly, the new cluster center is re-calculated with the new classifi-
cation results. The processing will be repeated and at last the desirable cluster

is obtained. If the discriminant space is settled, since the distance between the
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feature vectors will also be settled, the clustering result becomes settled uniquely
in most cases.

In order to take into consideration the constraint “containing the object of
the same kind” in a clustering stage, we make a certain change in clustering
processing.

We propose a method to weight by the ratio of feature vectors in the cluster
(Figure 3.5). In order to make clusters contain the feature vectors from as many
original images as possible, a weight is applied in comparing the feature vector
and the cluster center so that if the cluster contains many feature vectors which
comes from the same image as the comparing feature vector, then the distance
between the feature vector and the cluster center becomes far, and if not many,
the distance becomes near.

Here, we consider the distance between the feature vector A and the center
point C of the Clusterl (see Figure 3.5). The feature vector A comes from ImageA
and the Euclid distance between A and C is L. The weighted distance is calculated

as follows:

Dy
Weighted Distance = L x [ 144/ ——2 |
eignte 1stance < Da”—f—]_>

where D, is the number of the feature vectors in Clusterl and D4 is the number

of the feature vectors from ImageA in Clusterl.

3.5 Selection of the Training Data Cluster

Once several clusters are generated, we must select the object cluster. We intro-
duce negative example images. The negative example images are images which
does not contain the object of which we want to extract the training data. We
call the original images which contain the object as positive example images. The

procedure goes as follows(Figure 3.6) :

1. Extracting the feature vectors from the negative example images. The

feature values are calculated pixel-by-pixel manner in similar way to the
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positive example images. Each feature vector is projected to discriminant

space.

2. Classifying feature vectors from negative example images into the clusters

which have been generated from the positive example images.
3. Counting the number of the feature vectors in the clusters.

4. Selecting the clusters which contains more feature vectors from the positive

example images and fewer feature vectors from the negative example images.

If a cluster is the object cluster, the cluster contains more feature vectors
from the original image, but it contains fewer feature vectors from the negative
example images, because the negative example images do not contain the object.
If a cluster is not the cluster corresponding to the object, the cluster contains
almost same number of the feature vectors. Considering that, we can select the
training data cluster by the above criterion.

Formally, we select the clusters which satisfy the following criteria as the
training data cluster.

NC TP

Vel X TN < threshold,

where PC'/NC' is the number of feature vectors from positive/negative example
images in the cluster, and TP/TN is the total number of feature vectors in the
positive/negative example images, respectively. The threshold is set to 0.5 in the

following experiment.

3.6 Experiments

3.6.1 Experimental Method

We conducted the experiments to extract training data automatically using the
constraint that “containing the object of the same kind.”
We prepared 130 outdoor images. We selected the 10 objects in them which

are same as those in Chapter 2 (Table 2.1). For each object, we selected several
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positive example images each of which contained the object more than 10% of
the area in it and negative example images each of which does not contain the
object in it. The number of the positive and negative example images for each
object is shown in Table 3.1.

In our experiments, the following three methods were used to construct the

discriminant space:

e Method using discriminant analysis with object category information
e Method using discriminant analysis with original image information

e Method using principal component analysis

The clustering was conducted with the following two method:

e Normal SOM method

e SOM with weighting by feature vector ratio method

3.6.2 Experimental Results

Table 3.2 shows the result of the training data extraction. The column of “Normal
SOM?” shows the result using normal SOM clustering method and the column of
“SOM weighting by ratio” shows the result using SOM with weighting by feature
vector ratio method described in Section 3.5. The number of clusters in clustering
affects the result. We show the result when the number of clusters was 17.

The column of “BEST” shows the result of the method using discriminant
analysis with object category information. We can construct the best discrimi-
nant space with this method. When applying our method, the object category
information is not given and cannot employ this method. The result is shown
only for reference how good result can be obtain when the best discriminant
space is given. The column of “DISC” shows the result of the of the method
using discriminant analysis with original image information described in Section
3.3. The column of “PCOMP” shows the result of the method using the principal

component analysis.
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The “correct data” means the simple mean of the ratio of the correct object
feature vectors in the training data for each object. It can be shown that the
“BEST” shows highest discriminant ability. Although the information about the
cluster cannot be known a priori in the real application, the result can be regarded
as the higher limit of our method. We set the threshold to 0.5 in selecting the
training data cluster stage. It is expected that the rate of correct data in the
training data cluster will be 50%. The result shows 67.9% or 69.9% which are
better than the expected rate.

In the rest results, the combination of the “DISC” discriminant space con-
struction method and the “SOM weighting by ratio” clustering method shows
the best result. Table 3.3 shows the distribution of the number of images in each
cluster generated by each clustering method. In all the results, the mean value
of images in each cluster is larger and the variance of that is small with “SOM
weighting by ratio” method. This result shows that the “SOM weighting by ratio”
method has the preferable tendency that every cluster contains as much number
of positive example images as possible. The “SOM weighting by ratio” method
shows better result than “normal SOM” method in the “BEST” and “DISC”
discriminant space construction method. This result shows the effectiveness of
our clustering method. The analysis of the reason why the “PCOMP” method

shows opposite result is left as future works.

3.7 Conclusion

In this chapter, we proposed an algorithm to extract training data from images
which contains same kind of object. In our pixel-based object labeling method, a
large number of training data is necessary for the training of the neural networks.
The “large number of the images containing the same kind of object” can be
easily gotten from image libraries each image of which has been indexed with the
kind of object within the image as a key word. This algorithm decrease the cost

to prepare the training data.
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Table 3.1: Number of example images for each object

Label Positive | Negative
SKY 31 62
CLOUD 32 52
CONCRETE 16 7
LEAVES 44 17
SOIL 3 120
SHADOW 8 101
MOUNTAIN 10 61
WATER 29 70
DEAD-LEAVES 10 102
ROCK 9 110

Table 3.2: Result of training data extraction

Clustering normal SOM SOM weighting by ratio
method BEST | DISC | PCOMP | BEST | DISC | PCOMP

correct data (%) | 67.3 59.8 63.8 69.9 64.9 59.4
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The algorithm consists of 4 stages: the feature extraction stage, the projec-
tion to discriminant space stage, the clustering stage and the cluster selection
stage. We used the constraint that “all images contain same kind of object,” and
proposed a discriminant space construction method and a clustering method.
Furthermore, when selecting the training data cluster, we prepared the negative
example images and use the constraint that “all images do not contain the object
in the negative example images.”

The experimental results show that by combining the proposed methods, bet-
ter training data can be obtained comparing with the normal method. We ex-
pected that about 50% of the data in the training data cluster is correct training
data. In the results, the correct data was 64.9% which is better than the expected
result.

At present, we need the negative example images to select the training data
cluster. Although this method is effective and reasonable, it takes some extra
costs to prepare the negative example images. To investigate the method to
select the training data cluster without the negative example images is left as
future works.

We will use the generated training data for the training of neural network and
generate the index images for image retrieval. The result of the retrieval will be

shown in the following chapter.
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Table 3.3: Distribution of images in each cluster(object=SKY)

Discriminant space || Normal SOM | SOM weighting by ratio
BEST mean 23.1 24.1
variance 34.5 31.6
DISC mean 22.0 25.1
variance 45.6 25.2
PCOMP | mean 22.8 28.9
variance 43.8 25.3




Chapter 4

Index Generation and Retrieval

to Cope with Recognition Errors

4.1 Introduction

The pixel-based object labeling method is the technique of having taken the
pattern-recognition-technique to recognition of outdoor scenes. The knowledge
about an object is acquired by learning. Thereby, it becomes unnecessary that
man analyzes the character of the object in detail and gives a computer the
characteristics. As the result, anyone can construct recognition processing easily
and the recognition method is enabled to be used as a tool.

However, in the method of gaining an object model by learning, training data
for learning needs to be given by hand.

In the pixel-based object labeling method, the information that each pixel
is contained in what object needs to be given, and it takes too much cost to
preparing many training data. Moreover, since the built object model greatly
depends on the character of training data, the skill of the man who gives training
data will influence.

On the other hand, there are electronic image libraries which include a large

number of images. In some image libraries, the kind of object contained in the
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image is given as index keyword. In the previous chapter, we used such image
library to automatic extraction of the training data for learning. It can be con-
sidered that the auto-generated training data should be used in the pixel-based
object labeling method.

However, it contains not only the information derived from the desirable object
but also the information derived from other objects. This may lead the learning
process to undesirable direction. If we use the automatic extracted training data,
there may be many errors in the recognition results as well. We should cope with
such errors to avoid the undesirable situation.

In this chapter, we develop a method to use the result of auto-generated
training data in the pixel-based object labeling method. Especially, we concern
the method to cope with the error in the recognition results. There are several
researches to cope with the error or noise in the training data or recognition
results[30, 31, 32, 33]. We assume that the result is used in image retrieval
application and analyze the characteristics that our retrieval method has. Then
we develop a new technique to use the erroneous recognition results as the index

of images and show the experimental results.

4.2 Extraction of Training Data

The outline of the method to extract the training data is as follows:

1. Preparing images which contains the same kind of object and has different

backgrounds. The images is called positive example images.

2. Calculating feature values for each pixel of positive example images. As the

feature values, RGB colors and vertical position Y in the image is used.

3. Mapping the feature values to the feature space. FEach feature value is
considered as a multi-dimensional vector in the feature space. We call it as

a feature vector.
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Transforming the feature space into discriminant space using the discrimi-

nant analysis.

. Generating clusters in discriminant space to gather the similar feature vec-

tors in the same cluster.

For clustering, improved Kohonen’s Self Organizing feature Map (SOM)

clustering method is used.

. Selecting the cluster corresponding to the object and using it as the training

data.

To select the cluster, at first, a large number of images which does not
contain the object is given as the negative example images. Then, feature
vectors from the negative example images are mapped to the generated
clusters in the same way as those from the positive example images. The
clusters which contain many feature vectors from the positive example im-
ages and contains few feature vectors from the negative example images are

selected as the object cluster.

Here, assumption “several clusters will correspond to the object if clustering

is performed for a large number of positive example images” is placed.

4.3 Using the Automatic Extracted Training

Data in Recognition

4.3.1 Method

We conducted the experiment to generate index images by training data obtained

with previous chapter. Experimental environment is shown in Table 4.1.

We have used 4 kinds of feature values to extract training data, but they

are not sufficient to object recognition. When we obtained training data, we

re-calculated the 19 kinds of feature values from each training data.
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In the pixel-based object labeling method, the feature values are calculated
from the neighboring pixels of the pixel. It is considered that the feature values
obtained from the neighboring pixels are the feature values which the pixel of the
center has. The feature values represent the color, position and texture features.
We used 15x15 neighboring pixels to calculate the features.

The object to be labeled are the same 10 kinds objects as Chapter 2. These
objects consist of natural objects. The category of each object is called as “class.”

The number of training data for every class and the rate of the correct training
data are shown in Table 4.2. Training data contains 2.3% — 76.1% of the error
for every class.

An object model was built using obtained training data. The neural network
of three-layer perceptron was used for constructing object models. The number
of nodes in intermediate layer was 11. The back propagation algorithm is used for
training. The recognition rate for non-training data was 52.5% after the training.

When training data is given by hand, the recognition rate was 70.7%.

4.3.2 Results

In order to evaluate 52.5% of recognition rate, the object models were used and
the index image was generated. The number of original images was 130. For
each image, the index image was generated both by hand and by computer using
the generated object models. The image which added the object label by hand
is called as the “correct label image.”

Next, the correct label image was given as an object sketch, and image retrieval
was performed by comparing with the index images. The degree of similarity
between label images is defined as the rate of the same object labels in the same
position. The candidate images were shown in the order of similarity. We evaluate
the retrieval results with the rank that the original image corresponding to the
correct label image was shown in the candidates.

The retrieval results are shown in Table 4.3. The rate with which the original

image was correctly retrieved as the first candidate was 68.5% when the training
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data was given by hand and 39.2% when the index image was generated by the
above-mentioned method. It turns out that the retrieval result of the above-

mentioned technique is not so good.

4.4 Analysis of Retrieval Processing

According to the result of previous section, when the training data is given by
hand, the recognition ratio is 70.7% and the retrieval rate is 68.5%. On the
other hand, when the training data is generated automatically with our method,
the recognition ratio is 52.5% but the retrieval rate is 39.2%. The difference
between these results should be caused with the error in the training data, but
the relation between the recognition rate and the retrieval ratio is not clear. The
purpose of this chapter is to clarify the relation among them and propose an

improved method for image retrieval which cope with such errors.

4.4.1 Analysis by Random Error Model

We consider the recognition model in which a recognition error occurs at random
independently with the feature values (refer to Figure 4.1).

In Figure 4.1, we suppose that the correct label image of an original imagel
is given as the object sketch. The index imagel is generated by the computer
for the original imagel. The index image2 is also generated by the computer for
other original image2. The area A, B, C and D correspond to same object (the
label of which is L) in the original images. The area A, B and CUE exists at the
same position in the images. All the pixels in the area A have the object label L.
Most of the pixels in the area B, C and D also have the object label L but some of
them have the other object labels because of the errors in the index generation.
Most of the pixels in the area E have other object label than L but some of them
have the object label L because of the errors.

Here, we suppose that the recognition rate of the image to be used for gen-

erating index images was 7, the similarity between the original imagel and the
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Table 4.1: Experimental environment

Kinds of features:

Clustering method :

Learning of object model:

Image retrieval:

10 (BLUESKY, CLOUDYSKY, ... etc.)

19 (Color, Position, Texture)

Kohonen’s Self Organizing Feature map
3Layer perceptron, 11 intermediate nodes,
Training with back propagation method
Given correct label image as the retrieval key
Similarity is defined as the ratio of

coincidence in object label

Table 4.2: Auto extracted training data
Class Number of data | Correct ratio(%)
BLUESKY 957 97.7
CLOUDYSKY 884 96.9
CONCRETE 450 73.6
LEAVES 3433 68.2
SOIL 84 67.9
SHADOW 660 42.3
MOUNTAIN 989 44.6
WATER 972 81.4
DLEAVES 814 53.4
ROCK 188 23.9
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Table 4.3: Experimental results

Auto extracted | Given by hand
Recognition ratio 52.5% 70.7%
Retrieval rate

Top 1 39.2% 68.5%
Top 5 61.5% 90.0%
Top 10 71.5% 93.1%

Correct label image
(Object sketch) Index Image1 Index Image2

e e
|

A: all pixels have label L

B: rate r of pixels have label L, rest have random label
C,D: rate r of pixels have label L, rest have random label
E: (1-r)/(K-1) of pixels have label L

K: Number of object categories

Figure 4.1: Characteristics of similar image retrieval using object sketch
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original image2 was S and the number of the kind of objects was K.

The simulation of the recognition error is carried out by the random error. In
this case, in the portion of A and B, the similarity becomes r. In the common
portion of A and C, the similarity becomes also about r. In the common potion
of A and E, the similarity becomes

(1—r)

(K —1)
This formula can be applied all the portions which contain the other objects than
the original imagel in the index image2. As the result, the similarity between
the object sketch and the index image2 becomes
1—r
K—1

S-r+(1-25)-

The similarity between the index imagel and the object sketch is r. Therefore,
the necessary and sufficient condition that the original imagel is shown as higher
candidate than the original image2 for the object sketch is

1—r

K—-1

r>S-r+(1-29)-

1.e.

1
—. 4.1
r > K ( )

4.4.2 Analysis by Image Similarity Model

In an actual recognition result, a recognition error does not arise regardless of
the feature values. Since the object model is obtained by learning in the pixel-
based object labeling method, the portion which is common among two or more
images has high possibility that the labeling will be carried out similarly. Then,
we consider the recognition model that the portion which is common between
images is carried out correctly.

Supposing that the recognition rate is r, the kind of object to be labeled is K

and the similarity between original imagel and original image2 is S,
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e Similarity between the object sketch and the index imagel is r.

e Similarity between the object sketch and the index image?2 is

1—r
K-1

S+(1-S5)

It is assumed that the portion of the object which differs between the imagel and
the image2 is mistaken at random.

According to the upper formula, the following partial equation is obtained.
1—r
K—-1

r>S+(1-19)

Moreover, from the upper formula, the following partial equation is the necessary

condition.

r>S9 (4.2)

4.4.3 Analysis of Retrieval Error

We discuss the reason why the retrieval error is occurred based on the result in

the previous sections.

1. There is inclination in the tendency of recognition errors.

If the recognition errors arise at random regardless of the feature values or
the objects, the correct retrieval results are expectable even at the very low
recognition rate according to the Formula (4.1). In our retrieval system,
since the number of object K is 10, the necessary and sufficient condition

to the recognition rate is no more than 10%.

However, there is inclination in the tendency of recognition errors. If the
feature values of two objects are similar, the recognition processing confuses
these two objects. On the other hand, If the feature values of two objects are

not similar, the recognition processing seldom confuses these two objects.
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Number of images
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Figure 4.2: Distribution of similarity between original images
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Table 4.4 shows the inclination of errors in the object labeling. For example,
object SKY tends to mislabeled as CLOUD but does not tends to mislabeled
as SOIL or SHADOW. This is equivalent to the number of object K having
decreased in the Formula (4.1), and in order to obtain the correct retrieval

results in such cases, the higher recognition rate is needed.

2. The similarity between the original images is high.

The images we use are outdoor scenes which mainly contain natural objects.
In the case of such images, the number of kind of object in the image is not
so many and the composition of the image is comparatively alike. Therefore,

the original images are often alike.

Figure 4.2 shows the distribution of the similarity between the correct label
images. Among the 130 images, there are four images which have the
similarity of 90% or more. The average of the similarity among the 130
images is 65.7%. According to the Formula (4.2), 65.7% or more of the

recognition rate is required in this case.

4.4.4 Improved Retrieval Method

According to the discussion in the preceding sections, the preferable nature of

the index images is that:
e The errors in the index images are at random.
e The index images are not similar each other.

Considering this nature, we propose two methods to modify the index images

using the object labeling results.

1. Correcting the labeling results reflecting the tendency of recognition error

As shown in Section 4.4.1, the nature of random error is preferable in our
image retrieval method. But if an object label is simply changed at random

in order to increase the random nature of the recognition error of a labeling
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result, the portion changed at random will only commit as Don’t-Care which

hardly affects the retrieval result.

If the object label is changed in the probability reflecting the tendency of
the recognition errors, a possibility that a required image can be retrieved if
labeling of other portions is carried out correctly, since a part of information

which the pixel-based object labeling method added is saved.

. Using the result obtained from the several neural networks.

In training of a neural network, the result depends on the initial value of the
weight of the network, or the process of training[36]. It is thought that the
neural network which changed initial value and trained shows a different
clustering result. If the result obtained from two or more neural networks
is used and at least the one network attach the correct label, a possibility
that the required image can be retrieved will grow since the information of

the correct label can be reflected in the result.

4.5 Experiments

The method to improve the retrieval results described in the previous section is

applied to actual data. The experiments are conducted in the same environment

as the experiments performed in Section 4.3.

4.5.1 Experimental Method

e Correcting the labeling result reflecting the tendency of recognition errors

The object label is determined probability according to the tendency of the

errors of object labeling.

Let P(jli) be the probability that the labeling result is ¢ when the right
label is 7. A uniform random number is generated, and when a labeling

result is ¢, final label j is applied by probability P(j]7).



4.6. Conclusion 71

e Using the results obtained from several neural networks

Four neural network are trained with different initial values. After the
training, each network bears the label of one pixel within the 2x2 pixels in
an original image. A labeling result is collected and it is used as an index
image. For the four neural networks, each network shows about 60% of the

recognition rate.

4.5.2 Experimental Results

Table 4.5 shows the retrieval results using the index image generated by each
method. The column “By hand” and “Generated” shows the same results as
Table 4.3. The column “RAND” shows the result of “Correcting the labeling
result reflecting the tendency of recognition errors.” The column “MOD4” shows
the result of “Using the results obtained from several neural networks.” The
column “MOD4+4+RAND” shows the result that the “RAND” method is applied
to the result of “MOD4” method. Figure 4.3 shows examples of the index images.

In all method, Top 1 and Top 10 retrieval rate is improved comparing with the
original results. The “RAND” method shows best result. The “MOD4” method
itself shows better result, but the combined method (“MOD4+RAND”) shows
almost same result as the “RAND” method. The result shows that the “RAND”

method is most effective among these methods.

4.6 Conclusion

In this chapter, the problem of the errors in the index images was discussed.
The index images are generated with the pixel-based object labeling method by a
computer. The recognition rate of this method is 50-70 % and the results contain
some errors. The relation between the recognition rate and the retrieval ratio
using the recognition results as the index images is not clear. To analysis the

relation, we introduced two recognition error models.
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Table 4.4: Inclination of errors in object labeling

Correct Result of labeling(%)
label | SKY | CLD | CNC | LVS | SOI | SHD | MNT | WTR | D-LL | RCK

SKY 68.4 | 20.9 03] 58] 0.0 0.0 0.0 3.2 | 1.0 0.4
CLD 29.3 | 58.8 0.0 6.7 0.0 0.0 0.2 4.4 | 0.6 0.0
CNC 0.6 0.2 | 284|241 0.0 0.0 0.0 28.6 | 17.3 0.8
LVS 0.5 0.2 1.0 | 85.0 | 0.1 0.4 2.3 3.3 | 6.4 0.8
SOI 0.0 0.0 3.1 1753 3.1 0.0 0.0 82| 9.3 1.0
SHD 0.0 0.0 0.063.1] 19| 14.6 11.7 8.7 1 0.0 0.0
MNT 11.7 | 16.0 0.2 235 | 0.2 0.0 23.5 24.8 | 0.2 0.0
WTR 1.9 2.7 3.9 382 | 0.2 0.2 0.1 44.8 | 6.3 1.7
D-L 0.8 0.0 0.0 | 57.7 | 0.0 0.2 3.8 0.6 | 35.2 1.8
RCK 0.9 1.2 7.0 | 484 | 0.0 0.3 0.0 8.8 | 15.5 | 17.9

Table 4.5: Retrieval ratio(%)
By hand | Generated || RAND | MOD4 | RAND+MOD4
Top 1 68.5 39.2 42.3 40.5 43.1
Top 5 90.0 61.5 71.5 66.2 71.5
Top 10 93.1 71.5 82.3 79.2 81.5
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) MOD4 ) MOD44+RAND

Figure 4.3: Examples of index images
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At first, we presented the random error model in which the recognition error
occurs at random. According to this model, the necessary and sufficient condition
for the recognition rate r in order to show the goal image at the first candidate
is r > 1/K, where K is the number of the kind of the objects. In our image
retrieval system, the necessary recognition rate is no more than 10% since the
number of the kind of the objects K is 10. The analysis with this model revealed
that the randomness in the recognition error is very preferable nature in our
image retrieval method.

Then we presented the image similarity model. In this model, the common
objects between the original images at the same position are correctly labeled
while the other objects are labeled with some random errors. The necessary
condition for the recognition rate r is > S in this case, where S is the similarity
between the original images. Since the average similarity is 65.7% in our image
library, the necessary recognition rate is also 65.7% in our image retrieval system.
The analysis with this model revealed that if the original images are similar each
other, it is necessary for object labeling results to be high recognition rate. It also
suggests that the uniformity among the index images is not preferable nature in
our image retrieval method.

Considering the results of the analysis, we proposed two methods to cope with
the errors in object labeling. The one is correcting the labeling results reflecting
the tendency of recognition errors. By this method, randomness of the object
label in the index image will increase. The other is using the results obtained
from several neural networks. By this method, the affection of burst error will
decrease.

We applied these two methods and conducted the retrieval experiments. The
results showed that the both methods improve the retrieval results. Although
these methods improve the results, the results of retrieval are still not as good as

the case when the training data was given by hand. It is left as future works.
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Improving Retrieval Results

Using Retrieval Examples

5.1 Introduction

In recent years, it is enabled to accumulate a lot of images on computers thanks
to improvement of the computer performance and the enlargement of the capac-
ity of storage on computers. Furthermore, the necessity for the image library
is increasing by arrival of the time “multimedia” which utilizes combining the
various media, such as a sound and an image or in the field of the design using

images, such as advertisement or publication industry.

In order to utilize a lot of accumulated images, a required image must be
able to be retrieved from them. In image retrieval, the index of the image is
given when the image is accumulated. When a user want to retrieve an image, he
expresses his demands as a key and the retrieval system shows the image whose
index match the key. For example, when a user want “the image in which the
mountain of a long distance is contained,” it needs to give beforehand whether
“the mountain of a long distance” is contained in the image as an index. Such an
index is usually given by hand. In this case, the cost to give the index becomes

a problem.
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To cope with this problem, there are several researches in which the technique
of the feature extraction from an image is applied to an index generation and
automates the index generation[9][10]. In these researches, the image features
simply obtained from an image, such as pixel values and edges, are used for
retrieval. Since such image features are obtained from any images, flexibility is
high. However, since the gap between the image features and an object is large, a
retrieval user is bothered with expressing his retrieval demands with such image
features. For example, a retrieval user must specify “the mountain of a long

distance” with the value (numerical Value) of the feature values.

We have examined automating the index generation using the image recogni-
tion processing. Since an image recognition result shows what objects exist in an

image, a retrieval user can retrieve images by specifying objects.

One of the problems of using image recognition for the automatic index gen-
eration is that the right result is not necessarily obtained because the image
recognition ability by the present computer is considerably inferior to human be-
ings. In the preceding chapters, we described the method to apply the erroneous
image recognition results to image retrieval with refining the generated index and

the retrieval method but it is not enough to practical use.

In this chapter, we propose a method using retrieval examples to improve
the retrieval results. The retrieval example is the pair of the goal image a user
want to retrieve and the object sketch the user has drawn to retrieve the goal
image. It can be obtained at the situation when the user retrieves an image with
our retrieval system. Using the retrieval examples, we can improve the retrieval
results because they contain the information that the goal image in the retrieval
example should be shown when an object sketch similar to the object sketch in the
retrieval examples is given. We show two methods to use the retrieval examples

and evaluate them through some experiments.
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5.2 Index Generation by Image Recognition

The pixel-based object labeling method is used to generate the index images.
By the pixel-based object labeling method, from the feature values of the color,
the position and the texture obtained from every pixel, it judges in what object
each pixel is contained, and an object label is added for each pixel (Figure 5.1).
The feed-forward type neural network of three layers is used for conversion from
the feature values to an object label. This neural network is trained to learn
the relation of the feature values of a pixel and an object label by the back
propagation algorithm.

10 kinds of followings objects which appears in an outdoor scene are chosen

for labeling.

blue sky cloudy sky and could concrete load
green leaves, grasses soil dark shadow
far mountain water surface dead leaves

rock, rocky mountain

The result of the pixel-based object labeling can be seen as an image each
pixel of which has the object label of the spot. We call this image as a label
image. Since it has the information what object is contained in each portion of
an original image, the label image can be used as an index in image retrieval.

Although the size of an original image is 256x256 pixels, we do not need such
high resolution for the retrieval method used in this thesis. We take sampling
points every 4 pixels for the horizontal and vertical axis in an original image,
and we get a label image with a size of 64x64 pixels. This image which has been

labeled is called the index image.

5.3 Image Retrieval Using Object Sketch

We use the object sketch to specify the key to retrieve an image that a retrieval

user want to get. The procedure of the image retrieval is as follows (Figure 5.2).
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Original Image Index Image
A~ ~
G Pixel CX}/
— 3

"CONCRETE"

Multilayer perceptron

Color BLUESKY
CONCRETE __J
Posmon 3 LEAVES
Texture  ~ Y 0 e

Feature values Object labels

Figure 5.1: Pixel based object labeling method
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1. For an original image, the image recognition processing of the previous

section generates the corresponding index image.

2. A retrieval user visualizes an image (retrieval goal image) to search, and

draws the object sketch of the retrieval goal image.

3. The object sketch is compared with the index image, and the similarity

between them is calculated.

4. The retrieval system shows sequentially the original images corresponding

to the index image in the order of similarity to the user.

An object sketch is the image which specifies the kind and the position of
an object in a retrieval goal image as retrieval conditions. Specification of this
retrieval condition is performed by specifying the object label for every pixel in
the way like drawing an image. A retrieval user does not have to specify an object
label of some pixels. The size of an object sketch is the 64x64 which is same size
as the index images.

The similarity between the object sketch and the index image is the rate of the
same object labels of the pixel between the index image and the object sketch in
the corresponding position. The degree of similarity is calculated by M/S, where
S is the number of the pixels whose object labels are specified in the object sketch
and M is the number of pixels whose object label are equal between the object
sketch and the index image at the same position.

A retrieval result is shown sequentially from the original image in the order
of similarity. With this method, since a large number of pixels is compared and
the similarity is calculated independently, the partial error of labels in the index
image does not significant on the result. Therefore, even if the recognition error
is contained in the index image, the goal image can be shown as a candidate of
higher rank. Moreover, in an object sketch, since the kind and the position of
object within a goal image can be specified simultaneously, a retrieval user also
has the advantage of being easy expressing his retrieval demand when the user’s

demand of “wanting such an image” is clear.
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5.4 Use of Retrieval Example

By this retrieval method, a candidate image is shown according to the similarity
of an object sketch and an index image. Supposing a retrieval user draws an
object sketch with him looking at a retrieval goal image, it can be considered
that the object sketch is “the image by which object labeling was carried out
correctly.”

If both of the object sketch and the index image are labeled correctly, the
retrieval goal image is shown as the first candidate in the retrieval results. But in
some cases, the retrieval goal image does not be shown in the higher candidates

because of the following reasons:

e Error in the user’s subjective or error in the user’s memory. Because a user

draws an object sketch based on his memory.

e FError in the index image. Because the index image was generated by the

object recognition by the computer which includes some errors.

A retrieval example is utilized in order to cope with them.

A retrieval example is the pair of the goal image which a retrieval user want to
retrieve and the object sketch which the retrieval user has drawn to retrieve the
goal image. A retrieval example is obtained whenever a user uses our retrieval
system, if the retrieval system has a means to know that “this image is the
retrieval goal image” from a retrieval user after showing candidate images. Since
it is normal operation that a retrieval user checks the retrieval results at the
time of use the result of image retrieval, a retrieval example is obtained without
bothering the retrieval user so much.

The retrieval example expresses “show this (goal) image when such an object
sketch like the object sketch of the retrieval example is given.” If this information
is utilized for subsequent retrieval, it will be enabled to show a retrieval goal image
as a candidate of higher rank. We will show two methods to use the retrieval

examples.
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5.4.1 Method of Adding Indexes from Retrieval Exam-
ples

In our retrieval system, both of the object sketch drawn by a user and the index
image generated by the computer are the label images each pixel of which has an
object label. Then, a method to add the retrieval example to an index image can
be considered (Figure 5.5).

At first, only one index image is generated for each original image in the
image library by our image recognition method. A retrieval example is obtained
whenever a user retrieves with our retrieval system. The object sketch in a
retrieval example is added as an index image of the goal image. Therefore, one
original image comes to have two or more index images. The similarity of an
original image and an object sketch is defined as the highest similarity between
the object sketch and the index images of the original image, and candidates are
shown to the user in the order of the similarity of original images.

By adding retrieval examples as an index image, the error in the index image
by the recognition error comes to seldom influence the retrieval results. Moreover,
if the same tendency of mis-remembrance in different men is shown among the
retrieval users, the error of the object sketch by mis-remembrance can also be
coped with. Furthermore, original images which are frequently referred will be
apt to be shown within higher candidates since they have many index images
comparing with other images and the similarity is maximum value of the many

index images.

5.4.2 Method of Re-training Using Retrieval Examples

By the method of Section 5.4.1, a possibility of being shown as a candidate of a
higher rank increases by the original image to which the index image was added,
compared with before adding the index image. However, there is no merit to
other images which do not have an additional index image from the retrieval

example. Furthermore, their ranking in the candidates may decrease if the added
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object sketch is accidentally similar to the index image.

In order to cope with this, it is required to the method that makes the in-
formation obtained from the retrieval example reflect to the all index images.
Therefore, we propose another method to use the retrieval examples in which we
perform re-training of the neural network for automatic index generation.

The retrieval example includes the information on the object label and its
corresponding position in the original image. We can calculate the feature values
of the pixel from the original image. Therefore, training data of a neural network
which consists of a set of the feature values of a pixel and its object label can
be generated from the retrieval examples. Since the rate of recognition generally
improves so that many training data is used, if a neural network is re-trained
using this training data, we expect that the recognition rate will be improved.
If an index image is re-generated about all images using the re-trained neural

network, the retrieval result is thought to be improved.

5.5 Experiments

5.5.1 Experimental Method

First, we showed a retrieval user one image in the image library for a while, and
had him memorize it as a retrieval goal image. Next, he drew the object sketch
without seeing the goal image. The retrieval system compares the object sketch
with the index images and shows the candidate images in the order of similarity.
We evaluate our method with the ranking that the goal image is shown in the
candidates.

There are 461 images in the image library. The index image was generated to
each image using the pixel-based object labeling method. The rate of recognition
to non-training data of the neural network was 77.3%.

Retrieval experiments are performed using 2 kinds of data sets, namely set A

and set B.

set A 14 users retrieve same 5 goal images. We obtain 14 object sketches for
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each of the 5 goal images. The retrieval examples total 70. Some samples
of original images, index images and object sketches are shown in Figure
5.6.

set B 40 users retrieve one image at a time. All the goal images are different
from the goal images in set A. We obtain 1 object sketch for each of the

goal image in set B. The retrieval examples total 40.

Below, we evaluate our methods by the retrieval ratio. The retrieval ratio is
the ratio among the retrieval trials that the goal image is shown within the top
1, top 5 or top 10 candidates. We retrieve with a sample data in the set A or set

B while rest of the sample data are used as retrieval examples.

5.5.2 Evaluation of the Retrieval Method

The retrieval ratio only using the index images which are generated by the pixel-
based object labeling method is shown in Table 5.1. In both cases of sets A
and B, the goal image is shown within top 10 candidates in about 70% of the
retrieval trials. In the trials in which the goal image could not be shown within
top 10 candidates, the user specifies different object labels from those of the index
image, such as “blue sky” to “cloudy sky” or “green leaves” to “dead leaves.” The
distinction criteria of such objects may be different among the users. Moreover,
since some users did not distinguish these objects and memorized only as “sky”
or “leaves.” The difference of distinction criteria and the mis-remembrance in

such objects also need to be coped with.

5.5.3 Effect of Adding Indexes from Retrieval Examples

Next, we conducted the experiment to evaluate the effect of adding the index
images from the retrieval examples. The retrieval ratio is shown in Table 5.2. We
retrieved images with the sample data in set A. The column of “Adding set A”
shows the result when the rest of sample data in set A are added to the index

images. In this case, the sample data used in retrieving is not used as the retrieval
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Table 5.1: Retrieval result 1

Without using retrieval examples

candidates | Retrieval ratio (%)

set A set B
Top 1 34.3 15.0
Top 5 64.3 57.5
Top 10 72.9 72.5

Table 5.2: Retrieval result 2

Adding indexes from retrieval examples(set A)

candidates | Retrieval ratio(%)

Adding | Adding

Set A Set B
Top 1 84.3 4.3
Top 5 100.0 51.4

Top 10 100.0 72.9

Table 5.3: Retrieval result 3
Re-training using retrieval examples (set A)
candidates | Retrieval ratio (%)

set A set B

Top 1 40.0 15.0
Top 5 70.0 47.5
Top 10 74.3 65.0
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example. The column of “Adding set B” shows the result when all the sample
data in set B are added to the index images. Some samples of original images
and added index images in set A is shown in Figure 5.7.

In the case of “Adding set A,” the 5 kinds of original images in set A have the
14 or 15 index images. In this case, all the goal images in set A are shown within
the top 5 candidates. This result shows that this method improves the retrieval
results drastically for the images which have added index images.

In this experiment, a retrieval user memorizes a retrieval goal image while
the goal image is shown for a short time. As the result, the user may have a
vague memory of the goal image and draws an object sketch which contains some
errors in object labels. Nevertheless, the retrieval results are improved greatly.
It is because retrieval users tend to confuse object labels in the same way and
to draw the similar object sketch to the same original image even if it contains
some errors. In order to improve the retrieval results, it is not only necessary
to generate the correct index image by automatic object labeling but also it
is necessary to generate the index image reflecting such users’ tendency. This
method is effective on this point as well.

In the case of “Adding set B,” the retrieval ratio is decreased, especially the
retrieval ratio at the top 1 candidate. However, the retrieval ratio is not decreased
within the top 10 candidates. It is thought that the influence by an index image
being added to other images will not become a problem so much if the candidate
of a certain amount of range (for example, the top 10 candidates) takes into

consideration.

5.5.4 Effect of Re-training Using Retrieval Examples

Next, we conducted the experiment to evaluate the effect of re-training the neural
network with the training data generated from the retrieval examples.

Training data are taken from the object sketches of the set A. We selected the
training data each of which has the same object label through all the 14 object
sketches in set A. As the result, we got new 108 training data from 3 of 5 kinds
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of original images. We merged the new training data to the original 970 training
data and performed the re-training of the neural network using them with the
back propagation algorithm. The recognition rate for non-training data after the

re-training becomes 78.9% (the rate of recognition before re-training is 77.3%).

Using the re-trained neural network, we re-generated the index images to
all the 461 original images in the image library. After that, we conducted the
retrieval experiments using the re-generated index images. The retrieval result is

shown in Table 5.3.

Since training data obtained from set A was added and re-training was per-

formed, the retrieval ratio is improved about set A (refer to the column of “set

A??)‘

It has been expected that the retrieval ratio will improve also to set B since
the recognition rate of the neural network was improved. Indeed, the retrieval
ratio of set B at the top 1 candidate is equal to before the re-training in the
experimental results (refer to the column of “set B”). Furthermore, the retrieval

ratio within the top 5 or 10 candidates is decreased .

Even if the error of the object label in an index image decreases, the retrieval
ratio is not necessarily improved because a retrieval user draws an object sketch
which contains some errors by a mis-remembrance of the object in the goal im-
age. Moreover, the re-training of neural network causes some object labels to be
changed which have correct object labels before the re-training. If those object

labels takes an important role in the retrieval, the retrieval ratio may decrease.

Here, the re-training of a neural network is used in order to cope with the
error in the index image by the recognition error. In order to cope with the
mis-remembrance of the object by the users, we should examine another method
for extracting training data to adapt for the tendency of the mis-remembrance in

retrieval users.
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5.6 Conclusion

In this chapter, we proposed two methods to use the retrieval examples to improve
the retrieval results. The retrieval example is the pair of the goal image and the
object sketch which can easily obtained from the practical retrieval situation. The
retrieval examples include the information that the goal image should be shown
when the object sketch is given.

The one method to use the retrieval examples was the method in which the
object sketches in the retrieval examples are added as the index image of the
original image. After adding the index image, the similarity is calculated as
the maximum similarity among the plural index images. As the result, for the
original images which has been added the index image, the retrieval results would
be improved. The other is the method in which the training data is extracted
from the retrieval examples, the neural network is re-trained using the extracted
training data and the index images are re-generated. We selected the training
data which is very likely correct ones from the retrieval examples. Using the
extracted training data, the recognition rate will be improved and the retrieval
ratio will also be improved.

The experimental results showed that the retrieval ratio can be improved
greatly by the former method. In latter method, the retrieval ratio was also im-
proved for some images but it was not improved in some cases although the recog-
nition rate was improved and we can generate more exact index images. From
these experiments, we showed that the retrieval examples are effective to improve
the retrieval results because it can cope with the tendency of mis-remembrance
of the objects by the user.

There are some problems in both methods. In the former method, the speed
for retrieval will decrease and the necessary storage size will increase as the accu-
mulated retrieval examples be increased. A method to compress the information
in the retrieval examples is necessary. In the latter method, we cannot cope with
the tendency of mis-remembrance of objects by the user because we extract the

very correct training data. These problems are left as future works.



Chapter 6
Conclusion

In this thesis, we described the outdoor image retrieval method using automati-
cally generated index.

In Chapter 2, we described our pixel-based object labeling method. At first,
the feature values of each pixel are calculated. Then the object label is assigned
to each pixel based on the object models which are the mappings between the
feature values and the object labels. The object models are implemented with
the 3-layered neural networks.

In our method, we do not generate initial regions by signal-level segmentation.
Because the signal-level segmentation needs to adjust several parameters to fit the
various original images, it prevents the automatic generation of the index. We can
avoid this problem with our method. Furthermore, the object models are obtained
by training. It becomes unnecessary that man analyzes the characteristics of the
objects in detail and gives them to the computer. As the result, anyone can easily
construct the object models and this recognition method can be used as a basic
tool.

We conducted the experiments to compare our pixel-based method with tradi-
tional region-based methods. As the result, our method shows higher recognition
rate than the region-based methods. The analysis of the relations between the
feature values to be used and the recognition rate also shows that our pixel-based

method is reasonable method for the recognition of the natural objects in outdoor
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scenes.

Next, we applied our pixel-based object labeling method to generate the index
images for image retrieval. We proposed a pictorial query method for retrieval,
in which a user draws the object sketch of the goal image, the retrieval system
compares the object sketch with the index images and shows the candidate images
in the order of similarity. The pictorial query method is robust against errors in

the index images because it compares a large number of pixels independently.

We conducted the retrieval experiments with the index images generated by
the pixel-based object labeling method. The retrieval ratio of top 5 candidates
was 87.9% when the goal image was referred and 47.6% when the the goal image
was not referred. The results shows that the recognition ratio of our pixel-based
method is almost enough but we must cope with the variety of the object sketch

drawn by the users.

In Chapter 3, we proposed a method to extract training data from images
containing same kind of object. In our pixel-based object labeling method, we
need a large number of training data which had to be given by hand. With our
training-data auto-extraction method, we can save the cost to give such data.
The setup of using “a large number of the images containing the same kind of
object” is easily realizable by using image libraries each image of which has been

indexed with the kind of object within the image as a key word.

The algorithm consists of 4 stages: the feature extraction stage, the projec-
tion to discriminant space stage, the clustering stage and the cluster selection
stage. We used the constraint that “all images contain same kind of object,” and

proposed the methods to use the constraints in the processing.

The experimental results showed that, by combining the proposed methods,
better training data could be obtained comparing with the normal method. The
correctness of the generated training data was 64.9% which was better than the

expected result.

In Chapter 4, the problem of the errors in the index images was discussed.

When using the automatically extracted training data for pixel-based object la-
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beling method, the errors in the recognition results become a problem. The
recognition rate was 52.5% and the results contain many errors. To clarify the
relation between the recognition rate and the retrieval ratio, we introduced two
recognition error models. The one was the random error model and the other

was the image similarity model.

According to the random error model, the necessary and sufficient condition
for the recognition rate r was r > 1/K, where K was the number of the kind of
the objects. It suggests that the random errors are very preferable recognition

errors in our image retrieval method.

According to the image similarity model, the necessary condition for the recog-
nition rate r was r > S, where S was the similarity between the original images.
It suggests that the uniformity among the index images is not preferable nature

in our image retrieval method.

Considering the results of the analysis, we proposed two methods to cope
with the errors in the index images. The one was correcting the labeling results
reflecting the tendency of recognition errors. The other was using the results
obtained from several neural networks. Both method increased the randomness

and decreased the uniformity in the index images.

We applied these two methods and conducted the retrieval experiments. The

results showed that the both methods improve the retrieval results.

In Chapter 5, we described the method to improve the retrieval results using
the retrieval examples. The retrieval example is the pair of the goal image and
the object sketch and it can obtained whenever a user retrieves an image with

our retrieval system. We proposed two methods to use the retrieval examples.

One was a method to add the retrieval examples into the index image. The
retrieval examples include the information that the goal image should be shown
when the object sketch is given. As the result, the retrieval ratio would be

improved.

The other was a method to perform re-training using the training data ex-

tracted from the retrieval examples. Using the extracted training data, the recog-
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nition rate would be improved and the retrieval ratio would also be improved.
In the experimental results, the retrieval ratio was greatly improved by the

former method and that the recognition rate was improved by the latter method.

[t means that we can use the retrieval examples to improve the retrieval results.

There are still several open problems in our image retrieval system.
e Improving retrieval results furthermore

e Adapting to the users with retrieval examples

e Applying our system to the practical usage

e Evaluating our system with a large scale image library

These problems are left as future works.
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