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DEVICE AND METHOD FOR DETECTING
OBJECT AND DEVICE AND METHOD FOR
GROUP LEARNING

Matter enclosed in heavy brackets | ] appears in the
original patent but forms no part of this reissue specifica-
tion; matter printed in italics indicates the additions
made by reissue; a claim printed with strikethrough
indicates that the claim was canceled, disclaimed, or held 10
invalid by a prior post-patent action or proceeding.

This is a continuation reissue of application Ser. No.
14/091,410, filed Nov. 27, 2013, now U.S. Pat. RE45595, 15
issued Jun. 30, 2015, which is a continuation reissue of
reissue application Ser. No. 13/669,820, filed Nov. 6, 2012,
now US. Pat. RE44703, issued Jan. 14, 2014, which is a

continuation rveissue of reissue application Ser. No. 13/208,

123, filed Aug. 11, 2011, now U.S. Pat. RE43873, issued 20
Dec. 25, 2012, which is a reissue of application Ser. No.
107994, 942, filed Nov. 22, 2004, now U.S. Pat. No. 7,574,
037, issued Aug. 11, 2009, the entivety of which is incorpo-
rated herein by reference. NOTICE: Move than one reissue
application has been filed for the reissue of U.S. Pat. No. 25
7,574,037. The reissue applications are application Ser. No.
14/743,538 (the present application), Ser. Nos. 14/091,410,
13/669,820 and 13/208,123.

BACKGROUND OF THE INVENTION 30

1. Field of the Invention

This mmvention relates to a device and a method for
detecting an object such as an 1mage of a face on a real time
basis and also to a device and a method for group learming 35
that are adapted to practice a device and a method for
detecting an object according to the invention 1 a group.

This application claims priority of Japanese Patent Appli-
cation No. 2003-394556, filed on Nov. 25, 2003, the entirety
of which 1s icorporated by reference herein. 40

2. Related Background Art

Many techniques have been proposed to date to detect a
face out of a complex visual scene, using only a gradation
pattern of the 1mage signal of the scene without relying on
any motion. For example, a face detector described 1n Patent 45
Document 1 (Specification of Published U.S. Patent Appli-
cation No. 2002/0102024) listed below employs an Ada-
Boost that utilizes a filter like a Haar’s base for a weak
discriminator (weak learner). It can compute a weak hypoth-
es1s at high speed by using an 1image referred to as itegral 50
image and a rectangle feature as will be described in greater
detail hereimaftter.

FIG. 1 of the accompanying drawings schematically
illustrates a rectangle feature described in Patent Document
1. Referring to FIG. 1 that shows input images 142A through 55
142D, with the technique described in Patent Document 1,
there are prepared a plurality of filters (weak hypotheses)
that are adapted to determine the total sum of the luminance
values of adjacently located rectangular areas of a same size
and output the difference between the total sum of the 60
luminance values of one of the rectangular areas and the
total sum of the luminance values of the other rectangular
area. For example, input image 142 A 1n FI1G. 1 shows a filter
154 A that subtracts the total sum of the luminance values of
shaded rectangular box 154A-2 from the total sum of the 65
luminance values of rectangular box 134 A-1. Such a filter
comprising two rectangular boxes 1s referred to as 2 rect-

2

angle feature. On the other hand, input 1mage 142C 1n FIG.
1 has three rectangular boxes 154C-1 through 154C-3

formed by dividing a single rectangular box and shows a
filter 154C that subtracts the total sum of the luminance
values of the shaded rectangular box 154C-2 from the total
sum of the luminance values of the rectangular boxes

154C-1 and 154C-3. Such a filter comprising three rectan-
gular boxes 1s referred to as 3 rectangle feature. Further-
more, put image 142D 1n FIG. 1 has four rectangular boxes

154D-1 through 154D-4 formed by vertically and horizon-

tally dividing a single rectangular box and shows a filter
154D that subtracts the total sum of the luminance values of
the shaded rectangular boxes 154D-2 and 154D-4 from the
total sum of the luminance values of the rectangular boxes
154D-1 and 154D-3. Such a filter comprising four rectan-
gular boxes 1s referred to as 4 rectangle feature.

Now, an occasion where an 1mage of a face as shown 1n
FIG. 2 1s judged to be a face by means of a rectangle feature
1548 as shown in FIG. 1 will be described below. The 2
rectangle feature 154B comprises two rectangular boxes
154B-1 and 154B-2 produced by vertically dividing a single
rectangular box and 1s adapted to subtract the total sum of
the luminance values of the shaded rectangular box 154B-1
from the total sum of the luminance values of the rectangular
box 154B-2. It 1s possible to estimate the input 1mage to be
a face or not a face (correct interpretation or incorrect
interpretation) by a certain probability by utilizing the fact
that the luminance value of an eye area 1s lower than that of
a cheek area 1n a human face (object) 138. This arrangement
1s utilized as one of the weak discriminator of an AdaBoost.

For detecting a face, it 1s necessary to cut out areas of
various sizes (to be referred to as search windows) 1n order
to detect areas ol a face having various diflerent sizes
contained 1n an 1nput image for the purpose of judging if the
input 1mage 1s a face or not. However, an mput 1mage of a
face that 1s formed by 320x240 pixels, for instance, includes
face areas (search windows) of about 50,000 different sizes
and 1t 1s an extremely time consuming to carry out compu-
tational operations for all the windows. Thus, the technique
of Patent Document 1 utilizes an 1image that 1s referred to as
integral 1mage. Referring to FIG. 3, an integral image 1s an
image in which the (x, y)-th pixel 162 of the input image 144
represents a value that 1s equal to the total sum of the
luminance values of the upper left pixels relative to the pixel
162 as expressed by formula (1) below. In other words, the
value of the pixel 162 1s equal to the total sum of the
luminance values of the pixels contained 1n rectangular box
160 that 1s located upper left relative to the pixel 162. In the
following description, an 1mage in which each pixel has a
value expressed by formula (1) below 1s referred to as
integral 1mage.

[formula 1]

[(x, y) = Z S, ) (1)

It 1s possible to carry out computational operations at high
speed for a rectangular box of any size by using such an
integral image. FIG. 4 shows four rectangular boxes includ-
ing an upper left rectangular box 170, a rectangular box 172
located to the right of the rectangular box 170, a rectangular
box 174 located under the rectangular box 170 and a
rectangular box 176 located lower right relative to the
rectangular box 170. The four comers of the rectangular box
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176 are denoted by P1, P2, P3 and P4 that are arranged
clockwise. Then, P1 has a value that 1s equal to the total sum

A of the luminance values of the rectangular box 170 (P1=A)
and P2 has a value that 1s equal to A+the total sum B of the
luminance values of the rectangular box 172 (P2=A+B),
whereas P3 has a value that 1s equal to A+the total sum C of
the luminance values of the rectangular box 174 (P3=A+C)
and P4 has a value that 1s equal to A+B+C+the total sum D
of the luminance values of the rectangular box 176 (P4=A+
B+C+D). The total sum D of the luminance values of the
rectangular box D can be determined by using formula of
P4-(P2+P3)-P1. Thus, the total sum of the luminance
values of any of the rectangular boxes can be determined at
high speed by arithmetic operations using the pixel values of
the four comers of the rectangular box D. Normally, the
input 1mage 1s subjected to scale conversions and a window
(search window) having a size same as the size of the
learning samples to be used for learning 1s cut out from each
image obtained as a result of scale conversions so as to make
it possible to search for search windows with different sizes.
However, a vast amount of computational operations has to
be carried out for scale conversions of an input 1image for the
purpose of cutting out search windows of all different sizes
as described above. Thus, with the technique described 1n
Patent Document 1, integral images that allow to determine
the total sum of the luminance values of rectangular boxes
at high speed 1s used so as to employ rectangle features 1n
order to reduce the amount of computations operations.

However, a face detector described 1n above cited Patent
Document 1 can detect only an object whose size 1s integer
times as large as the size of the learning samples used for
learning. This 1s because above cited Patent Document 1
proposes not to change the sizes of search windows by scale
conversions of an input image but to transform an 1nput
image 1nto integral images and detect face areas of different
search windows by utilizing the integral images. More
specifically, integral images are made discrete by a unit of
pixel so that, when a window size of 20x20 1s used, 1t 1s not
possible to define a window size of 30x30 and hence 1t 1s not
possible to detect a face of this window size.

Additionally, only the difference of the luminance values
of adjacently located rectangular boxes are used for the
above rectangle feature for the purpose of raising the speed
of computational operations. In other words, 1t 1s not pos-
sible to detect the difference of luminance values of rectan-
gular boxes that are separated from each other to conse-
quently limit the capability of detecting an object.

While 1t 1s possible to search for windows of any sizes by
scale conversions of the integral images and hence it 1s
possible to utilize the difl

erence of the luminance values of
rectangular boxes that are separated from each other, a vast
amount of computational operations will be required for
scale conversions of integral images so that the advantage of
the high speed processing operation using integral 1mages
will be oflset. Additionally, the number of different types of
filters will be enormous to accommodate the differences of
the luminance values of rectangular boxes that are separated
from each other and consequently a vast amount of compu-
tational operations will be required.

SUMMARY OF THE

INVENTION

In view of the above 1dentified circumstances, 1t 1s there-
fore the object of the present invention to provide a device
and a method for detecting an object in a group learning that
can speed up the computational processing operations at the
time of learning and detecting an object of any size and show
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a high degree of discrimination capabilities as well as a
device and a method for group learming that are adapted to
practice a device and a method for detecting an object
according to the imvention 1 a group.

In an aspect of the present invention, the above first object
1s achieved by providing an object detecting device for
detecting 11 a given gradation image 1s an object or not, the
device comprising: a plurality of weak discriminating means
for computing an estimate indicating that the gradation
image 1S an object or not according to a characteristic
quantity that 1s equal to the diflerence of the luminance
values of two pixels at two diflerent positions that 1s learnt
in advance; and a discriminating means for judging if the
gradation 1mage 1s an object or not according to the estimate
computed by one of or the estimates computed by more than
one of the plurality of weak discriminating means.

Thus, according to the mvention, a plurality of weak
discriminating means use a very simple characteristic quan-
tity that 1s equal to the diflerence of the luminance values of
two pixels at two different positions to weakly judge 1t a
given gradation image 1s an object or not so that the
detecting operation can be carried out at high speed.

Preferably, the discriminating means computes the value
of the weighted majority decision by multiplying each of the
estimates by the reliability of the corresponding weak dis-
criminating means obtained as a result of the learming and
adding the products of the multiplications and judges 1f the
gradation 1mage 1s an object or not according to the majority
decision value. In short, an object detecting device accord-
ing to the mvention can judge 1f a gradation 1mage 1s an
object or not by using the result of a majority decision that
1s made by combining the estimates of a plurality of weak
discriminating means.

Preferably, the plurality of weak discriminating means
compute estimates sequentially and the discriminating
means sequentially updates the value of weighted majority
decision each time when an estimate 1s computed and
controls the object detecting operation of the device so as to
judge 1f the computation of estimates 1s suspended or not
according to the updated value of weighted majority deci-
sion. In short, an object detecting device according to the
invention can suspend 1ts operation without waiting until all
the weak discriminating means compute estimates by having
the weak discriminators compute estimates sequentially and
cvaluating the value of weighted majority decision so as to
further speed up the object detecting operation.

Preferably, the discriminating means 1s adapted to sus-
pend the operation of computing estimates depending on 11
the value of weighted majority decision 1s smaller than a
suspension threshold value or not and the weak discrimi-
nating means are sequentially generated by group learning,
using a leaning sample of a plurality of gradation 1images
provided with respectlve correct answers telling if each of
the gradation 1mages 1s an object or not, the suspension
threshold value being the minimum value 1n the values of
weighted majornity decision updated by adding the weighted
reliabilities to the respective estimates of the learning
samples of the objects, as computed each time a weak
discriminating means 1s generated in the learning session by
the generated weak discriminating means. Thus, 1t 15 pos-
sible to suspend the processing operation of the weak
discriminating means accurately and ethiciently as a result of
learning the minimum value that the gradation 1mages of the
objects provided with respective correct answers can take as
suspension threshold value.

Preferably, 1if the minimum value 1n the values of the
weilghted majority decision obtained in the learning session
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1s positive, O 1s selected as the suspension threshold value.
Then, a minimum value that 1s not smaller than O can be
selected as suspension threshold value when the learning
session 1s conducted by using a group learning algorithm as
in the case of AdaBoost where suspension of the processing
operation 1s determined depending on positiveness or nega-
tiveness of the output of any of the weak discriminating
means.

Furthermore, preferably, each of the weak discriminating
means decisively outputs 1ts estimate by computing the
estimate as binary value indicating 11 the gradation 1mage 1s
an object or not depending on 1f the characteristic quantity
1s smaller than a predetermined threshold value or not.
Preferably, each of the weak discriminating means outputs
the probability that the gradation image i1s an object as
computed on the basis of the characteristic quantity so as to
probabilistically output 1ts estimate.

In another aspect of the present invention, there i1s pro-
vided an object detecting method for detecting if a given
gradation 1mage 1s an object or not, the method comprising:
a weak discriminating step of computing an estimate indi-
cating that the gradation 1image 1s an object or not according
to a characteristic quantity that 1s equal to the difference of
the luminance values of two pixels at two diflerent positions
that 1s learnt in advance by each of a plurality of weak
discriminating means; and a discriminating step of judging
if the gradation 1mage 1s an object or not according to the
estimate computed by one of or the estimates computed by
more than one of the plurality of weak discriminator.

In still another aspect of the present invention, there 1s
provided a group learning device for group learning using
learning samples of a plurality of gradation images provided
with respective correct answers telling 11 each of the grada-
tion 1mages 1s an object or not, the device comprising: a
learning means for learning a plurality of weak discrimina-
tors for outputting an estimate indicating that the gradation
image 1s an object or not 1 a group, using a characteristic
quantity that 1s equal to the difference of the luminance
values of two pixels at arbitrarily selected two diflerent
positions as input.

Thus, with a group learning device according to the
invention, weak discriminators that use a very simple char-
acteristic quantity of the difference of the luminance values
of two pixels at arbitrarnly selected two different positions 1n
a learning sample are generated by group learning so that 1t
1s possible to carry out an object detecting operation at high
speed when a detecting device 1s formed to detect an object
by using a number of results of discrimination of the
generated weak discriminators.

Preferably, the learming means has: a weak discriminator
generating means for computing the characteristic quantity
of each of the learning samples and generating the weak
discriminators according to the respective characteristic
quantities; an error ratio computing means for computing the
error ratio of judging each of the learning samples according
to the data weight defined for the learning sample for the
weak discriminators generated by the weak discriminator
generating means; a reliability computing means for com-
puting the reliability of the weak discriminators according to
the error ratio; and a data weight computing means for
updating the data weight so as to relatively increase the
weilght of each learning sample that 1s discriminated as error
by the weak discriminators; the weak discriminator gener-
ating means being capable of generating a new weak dis-
criminator when the data weight 1s updated. Thus, a group
learning device according to the invention can go on leamn-
ing as 1t repeats a processing operation of generating a weak
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discriminator, computing the error ratio and the rehability
thereol and updating the data weight so as to generate a
weak discriminator once again.

Preferably, the weak discriminator generating means
computes characteristic quantities of a plurality of different
types by repeating the process ol computing a characteristic
quantity for a plurality of times, generate a weak discrimi-
nator candidate for each characteristic quantity, computes
the error ratio of judging each learning sample according to
the data weight defined for the learning sample and select,
the weak discriminator candidate showing the lowest error
ratio as weak discriminator. With this arrangement, a num-
ber of weak discriminator candidates can be generated each
time the data weight 1s updated so that the weak discrimi-
nator candidates showing the lowest error ratio 1s selected as
weak discriminator to generate (learn) a weak discriminator.

Furthermore, preferably, a group learning device accord-
ing to the invention further comprises a suspension threshold
value storing means for storing the minimum value in the
values of weighted majority decision, each being obtained as
a result of that, each time the weak discriminator generating
means generates a weak discriminator, the weak discrimi-
nator generating means computes an estimate for each
learning sample that 1s an object by means of the weak
discriminator and also computes the value of the weighted
majority decision obtained by weighting the estimate with
the reliability. With this arrangement, the operation of the
detecting device formed by a plurality of generated weak
discriminators can be carried out at high speed as the
minimum value 1s learnt as suspension threshold value.

In still another aspect of the present invention, there 1s
provided a group learning method of using learning samples
of a plurality of gradation images provided with respective
correct answers telling if each of the gradation images 1s an
object or not, the method comprising: a learming step of
learning a plurality of weak discriminators for outputting an
estimate 1ndicating that the gradation 1mage 1s an object or
not 1 a group, using a characteristic quantity that 1s equal to
the difference of the luminance values of two pixels at
arbitrarily selected two different positions as nput.

In still another aspect of the present invention, there 1s
provided an object detecting device for cutting out a window
image of a fixed size from a gradation image and detecting
if the window 1mage 1s an object or not, the device com-
prising: a scale converting means for generating a scaled
image by scaling up or down the size of the mput gradation
image; a window 1mage scanning means for scanning the
window of the fixed size out of the scaled image and cutting
out a window 1mage; and an object detecting means for
detecting if the given window 1mage 1s an object or not;

the object detecting means having:

a plurality of weak discriminating means for computing
an estimate indicating that the window image 1s an
object or not according to a characteristic quantity that
1s equal to the difference of the luminance values of two
pixels at two diflerent positions that 1s learnt 1n
advance; and a discriminating means for judging 11 the
window 1mage 1s an object or not according to the
estimate computed by one of or the estimates computed
by more than one of the plurality of weak discriminat-
Ing means.

Thus, according to the invention, a gradation image 1s
subjected to a scale conversion and a window 1mage 1s cut
out from 1t to make 1t possible to detect an object of any size
while a plurality of weak discriminating means use a very
simple characteristic quantity that 1s equal to the difference
of the luminance values of two pixels at two different
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positions to compute an estimate that indicates if the win-
dow 1mage 1s an object or not so that the detecting operation
can be carried out at high speed.

In a further aspect of the mvention, there 1s provided an
object detecting method for cutting out a window 1mage of
a fixed size from a gradation image and detecting if the
window 1mage 1s an object or not, the method comprising;:
a scale converting step ol generating a scaled image by
scaling up or down the size of the input gradation image; a
window 1mage scanmng step of scanning the window of the
fixed size out of the scaled image and cutting out a window
image; and an object detecting step of for detecting if the
given window 1mage 1s an object or not;

the object detecting step having:

a weak discriminating step of computing an estimate
indicating that the gradation image 1s an object or not
according to a characteristic quantity that 1s equal to the
difference of the luminance values of two pixels at two
different positions that 1s learnt 1n advance by each of
a plurality of weak discriminators; and a discriminating
step of judging if the gradation 1mage 1s an object or not
according to the estimate computed by one of or the
estimates computed by more than one of the plurality of
weak discriminators.

Thus, since an object detecting device for detecting 11 a
given gradation 1image 1s an object or not according to the
invention comprises a plurality of weak discriminating
means for computing an estimate indicating that the grada-
tion 1mage 1s an object or not according to a characteristic
quantity that 1s equal to the diflerence of the luminance
values of two pixels at two different positions that 1s learnt
in advance and a discriminating means for judging 1f the
gradation 1mage 1s an object or not according to the estimate
computed by one of or the estimates computed by more than
one of the plurality of weak discriminating means, 1t 1s very
casy to weakly judge 1f a gradation 1mage 1s an object or not
and the operation of detecting a face can be carried out at
high speed on a real time basis.

Additionally, an object detecting method according to the
invention can detect 1f a given gradation image 1s an object
or not at high speed.

Since a group learning device for group learning using
learning samples of a plurality of gradation images provided
with respective correct answers telling if each of the grada-
tion 1mages 1s an object or not according to the mvention
comprises a learning means for learning a plurality of weak
discriminators for outputting an estimate indicating that the
gradation 1mage 1s an object or not 1 a group, using a
characteristic quantity that 1s equal to the difference of the
luminance values of two pixels at arbitranly selected two
different positions as mput, weak discriminators that use a
very simple characteristic quantity of the difference of the
luminance values of two pixels at arbitrarily selected two
different positions can be generated by group learning so that
it 1s possible to compute the characteristic quantity in the
learning session at high speed carry out an object detecting
operation at high speed when a detecting device 1s formed to
detect an object by using the generated weak discriminators.

Since a group leaning method according to the mvention
uses learning samples of a plurality of gradation images
provided with respective correct answers telling 11 each of
the gradation 1mages 1s an object or not so that it 1s possible
to learn weak discriminators that constitute an object detect-
ing device adapted to detect an object at high speed.

An object detecting device for cutting out a window
image ol a fixed size from a gradation 1mage and detecting
if the window 1mage 1s an object or not comprises a scale
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converting means for generating a scaled image by scaling
up or down the size of the mput gradation 1mage, a window
image scanning means for scanning the window of the fixed
s1ze out of the scaled image and cutting out a window 1mage
and an object detecting means for detecting 1f the given
window 1mage 1s an object or not, the object detecting means
having a plurality of weak discriminating means for com-
puting an estimate indicating that the window image 1s an
object or not according to a characteristic quantity that 1s
equal to the diflerence of the luminance values of two pixels
at two diflerent positions that 1s learnt 1n advance and a
discriminating means for judging if the window 1mage 1s an
object or not according to the estimate computed by one of
or the estimates computed by more than one of the plurality
of weak discriminating means. With this arrangement, 1t 1s
possible to detect an object of any size at very high speed
because the weak discriminating means detect a window
image to be an object or not by using a very simple
characteristic quantity that i1s equal to the difference of
luminance values of two pixels.

An object detecting method according to the mvention
can cut out a window 1mage of a fixed size from a gradation

image and detect 1f the window 1mage 1s an object or not at
high speed.

BRIEF DESCRIPTION OF TH.

L1l

DRAWINGS

FIG. 1 1s a schematic 1llustration of a rectangle feature as
described 1n Patent Document 1;

FIG. 2 1s a schematic illustration of a method of discrimi-
nating a face image by using a rectangle feature as described
in Patent Document 1;

FIG. 3 1s a schematic illustration of integral images as
described 1n Patent Document 1;

FIG. 4 1s a schematic 1llustration of a method of comput-
ing the total sum of the luminance values of a rectangular
box by using integral images as described 1n Patent Docu-
ment 1;

FIG. 5 1s a functional block diagram of the object detect-
ing device according to the invention, illustrating the pro-
cessing function thereof;

FIG. 6 1s a schematic 1llustration of images subjected to
scale conversions by the scaling section of the object detect-
ing device of FIG. 5;

FIG. 7 1s a schematic illustration of a scanning operation
of the scanning section of the object detecting device of FIG.
5, scanning a search window;

FIG. 8 1s a schematic illustration of the arrangement of
weak discriminators 1n the object detecting device of FIG. 5;

FIG. 9 1s a schematic view of an image for 1llustrating the
inter-pixel diflerence characteristic;

FIGS. 10A through 10C are schematic 1llustrations of the
three discriminating techniques expressed by formulas (3)
through (5) as shown herematter with characteristic
instances of frequency distribution of data illustrated 1n
graphs where the vertical axis represents frequency and the
horizontal axis represents the inter-pixel difference charac-
teristic;

FIG. 11A1s a graph illustrating a characteristic instance of
frequency distribution of data, where the vertical axis rep-
resents the probability density and the horizontal axis rep-
resents the inter-pixel difference characteristic, FIG. 11B 1s
a graph illustrating the function 1{(x) of the frequency dis-
tribution of data of FIG. 11A, where the vertical axis
represents the value of the function 1(x) and the horizontal
axis represents the inter-pixel difference characteristic;
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FIG. 12 1s a graph 1illustrating the change in the value of
weighted majority decision F(x) that accords with it the

input 1mage 1s an object or not, where the horizontal axis
represents the number of weak discriminators and the ver-
tical axis represents the value of weighted majority decision
F(x):

FIG. 13 1s a flow chart illustrating the learning method of
a group learning machine for obtaining weak discriminators
in the object detecting device of FIG. §;

FIG. 14 1s a flow chart illustrating the learning method
(generating method) of a weak discriminator adapted to
produce a binary output at a threshold value Th;

FIG. 15 1s a flow chart illustrating the object detecting
method of the object detecting device of FIG. 5;

FIGS. 16 A and 16B 1llustrate part of the learning samples
used 1 an example of the imvention, FIG. 16A 1s an
illustration of a face 1image group labeled as objects and FIG.
16B 1s an 1llustration of a non-face image groups labeled as
non-objects;

FIGS. 17A through 17F are schematic illustrations of the
first through sixth weak discriminators that are generated
first as a result of learning at the group learning machine of
FI1G. 13; and

FIGS. 18A and 18B are schematic illustrations of the
result of a face detecting operation obtained from a single
mput 1mage, showing respectively before and after the
removal ol an overlapping area.

DETAILED DESCRIPTION OF TH.
PREFERRED EMBODIMENTS

(L]

Now, the present invention will be described in greater
detail by referring to the accompanying drawings that 1llus-
trate a preferred embodiment of the invention, which 1s an
object detecting device for detecting an object from an
image by utilizing ensemble learning (group learning).

A learming machine that is obtained by group learning
comprises a large number of weak hypotheses and a com-
biner for combining them. Boosting may typically be used
as combiner for combining the outputs of weak hypotheses
with a fixed weight without relying on any mput. With
boosting, the distribution that learning samples follow 1s
manipulated so as to increase the weight of a learning
sample (exercise) that often gives rise to errors and 1s hard
to deal with by using the result of learning the weak
hypotheses that are generated so far and a new weak
hypothesis 1s learnt according to the manipulated distribu-
tion. As a result, the weight of a learming sample that often
gives rise to errors and 1s hard to be discriminated as object
1s relatively increased so that consequently weak discrimi-
nators that cause learning samples that are hard to be
discriminated as objects will be sequentially selected. In
other words, weak hypotheses for learning are sequentially
generated and a newly generated weak hypothesis 1s depen-
dent on the weak hypotheses that are generated so 1ar.

A large number of weak hypotheses that are generated
sequentially: by learning as described above are used for
detecting an object. In the case of AdaBoost, for instance, all
the results of discrimination (1 for an object and -1 for a
non-object) ol the weak hypotheses (to be referred to as
weak discriminators hereimnaiter) generated by learning are
supplied to a combiner. Then, the mnput 1image 1s judged to
be an object or not as the combiner adds the reliability as
computed for each corresponding weak discriminator at the
time of learning to all the results of discrimination as weight
and outputs the result of the weighted majority decision so
as to allow the output value of the combiner to be evaluated.
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A weak discriminator judges an input image to be an
object or a non-object by using a characteristic quantity of
some sort or another. As described hereinaftter, the output of
a weak discriminator may be decisive or in the form of
probability of being the object as expressed in terms of
probability density. This embodiment 1s adapted to detect an
object at high speed by utilizing group learning device using
weak discriminators for discriminating an object and a
non-object by means of a very simple characteristic quantity
of the difference of the luminance values of two pixels (to be
referred to as inter-pixel diflerence characteristic hereinat-
ter).

(1) Object Detecting Device

FIG. 5 1s a functional block diagram of the object detect-
ing device of the embodiment, illustrating the processing
function thereotf. Referring to FIG. 5, the object detecting
device 1 comprises an 1mage output section 2 for outputting
a gradation image (luminance i1mage) as input image, a
scaling section 3 for scaling up or down the mput image, a
scanning section 4 for sequentially scanning the window
images ol a predetermined size typically from the upper lett
corner that are obtained from the scaled mput 1image and a
discriminator 5 for judging if each of the window images,
which are sequentially scanned by the scanning section 4, 1s
an object or not and 1s adapted to output the position and the
s1ze of the object, 11 any, that define the area of the object 1n
the given image (1input image). More specifically, the scaling
section 3 scales up or down the mput image, using all the
specified ratios, to output scaled images and the scanning
section 3 cuts out window 1mages by sequentially scanning
windows having the size of an object to be detected from
cach scaled image, while the discriminator 5 judges 11 each
window 1mage shows a face or not.

The discriminator 5 judges if the current window 1mage 1s
an object, e.g., a face 1image, or a non-object by referring to
the result of learnming of a group learning machine 6 for
group learning of a plurality of weak discriminators that
constitute the discriminator 5 by group learning.

If a number of objects are detected from an input 1mage,
the object detecting device 1 outputs a plurality of pieces of
information on areas. Additionally, 11 the plurality of pieces
ol information on areas indicates the existence of overlap-
ping areas, the object detecting device 1 can select an area
that 1s evaluated to be a most likely object by means of a
method as will be described in greater detail hereinatter.

The mmage (gradation i1mage) output from the image
output section 2 is firstly input to the scaling section 3. The
scaling section 3 scales down the image, using bilinear
interpolation. This embodiment 1s adapted not to firstly
generate a plurality of scaled down 1mages but to repeat an
operation of outputting a necessary 1mage to the scanning
section 4 and generating a further scaled down 1mage after
the completion of processing the image.

More specifically, firstly the scaling section 3 outputs
input 1mage 10A to the scanning section 4 without scaling as
shown 1 FIG. 6 and waits for the completion of processing
the mput image 10A by the scanning section 4 and the
discriminator 5. Thereafter, the scaling section 3 generates
another mput image 10B by scaling down the mput image
10A and waits for the completion of processing the input
image 10B by the scanming section 4 and the discriminator
5. Thereatter, the scaling section 3 generates still another
input 1image 10C by scaling down the input 1image 10B and
outputs 1t to the scanning section 4. In this way, the scaling
section 3 sequentially generates scaled down images 10D,
10E, . . . until the si1ze of the last scaled down 1mage becomes
smaller than the size of the window that 1s scanned by the
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scanning section 4, when 1t terminates the scaling down
operation. After the completion of this processing operation,
the 1mage input section 2 outputs the next input image to the
scaling section 3.

As shown 1n FIG. 7, the scanning section 4 sequentially
applies window 11 having a window size S that the down-
stream discriminator 5 accepts to the entire 1image (screen)
10A, that 1s given to it, and outputs the 1mage (cut out image)
obtained at each applied position of the input image 10A to
the discriminator 5. While the window size S 1s fixed, the
mput 1mage 1s sequentially scaled down by the scaling
section 3 as described above and the image size of the input
image 1s changed variously so that it 1s possible to detect an
object of any size.

The discriminator 5 judges if the cut out image given from
the upstream section 1s an object, €.g., a face, or not. As
shown 1n FIG. 8, the discriminator 5 has a plurality of weak
discriminators 21, (21, through 21.,) acquired as a result of
ensemble learning and an adder 22 for multiplying the
outputs of the weak discriminators respectively by weights
W, _ (W, through W,,) and determining a weighted majority
decision. The discriminator 5 sequentially outputs estimates,
cach of which tells 1f the corresponding one of the weak
discriminators 21 (21, through 21,,) 1s an object or not for
the mput window 1mage and the adder 22 computes and
outputs the weighted majority decision. A judging means
(not shown) judges 11 each 1s an object or not according to
the value of weighted majority decision.

The group learning machine 6 1s adapted to learn by group
learning 1n advance the weak discriminators 21, and the
weights by which the respective outputs (estimates) of the
weak discriminators 21, are multiplied by means of a
method, which will be described 1n greater detail hereinatter.
Any group learning technique may be used for the purpose
of the present invention so long as 1t can determine the result
of the plurality of discriminators by majority decision. For
example, a group learning technique using boosting such as
AdaBoost that 1s adapted to weight data and make a
weighted majority decision may be used.

Each of the weak discriminators 21, that constitute the
discriminator 5 uses the diflerence between the luminance
values of two pixels (inter-pixel difference characteristic) as
characteristic quantity for the purpose of discrimination.
When discriminating, 1t compares the characteristic quantity
that 1s learnt 1n advance by means of a learning sample that
1s formed of a plurality of gradation images, each being
labeled as object or non-object, and the characteristic quan-
tity of the window image and outputs an estimate that
indicates 11 the window 1mage 1s an object or not decisively
or as probability.

The adder 22 multiplies the estimates of the weak dis-
criminators 21, by respective weights that show the reli-
abilities of the respective weak discriminations 21, and
outputs the wvalue obtained by adding them (value of
weighted majority decision). In the case of AdaBoost, the
weak discriminators 21, sequentially compute respective
estimates so that the value of weighted majority decision 1s
sequentially updated. The weak discriminators are sequen-
tially generated by group learning by means of the group
learning machine 6, using learning samples as described
above and according to an algorithm, which will be
described hereinatter. For instance, the weak discriminators
generate estimates sequentially 1n the order of their genera-
tions. The weights of the weighted majority decision (reli-
abilities) are learnt in the learming step of generating the
weak discriminators as will be described hereinatter.
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The weak discriminators 21, judge 1f a window 1mage 1s
an object or not by dividing the inter-pixel difference char-
acteristic by a threshold value i1 1t 1s adapted to output a
binary value as in the case of AdaBoost. A plurality of
threshold values may be used for discrimination. Alterna-
tively, the weak discriminators 21, may probabilistically
output a continuous value that indicates the degree of
likelihood of being an object on the basis of inter-pixel
difference characteristics as 1n the case of Real-AdaBoost.
The characteristic quantities (threshold values) that are
necessary for the weak discriminators 21, are also learnt
according to the above described algorithm 1n the learning
SESS101.

Furthermore, the suspension threshold value that 1s used
at the time of weighted majority decision to suspend the
computing operation without waiting until all the weak
discriminators output the respective results ol computations
because the window 1mage 1s judged to be a non-object 1n
the course of the computing operation 1s also learnt 1n the
learning session. As a result of such a suspension, it 1s
possible to remarkably reduce the volume of computations
in the process of detecting an object. Thus, it 1s possible to
proceed to the operation of judging the next window 1mage
without waiting until all the weak discriminators outputs the
respective results of computations.

Thus, the discriminator 5 computes the weighted majority
decision as estimate for judging 1 a window 1mage 1s an
object or not and then operates as ajudging means for
judging 1f the window 1mage 1s an object or not according to
the estimates. Additionally, each time an estimate 1s com-
puted by the plurality of weak discriminators, which are
generated 1n advance by learning and adapted to compute
respective estimates and output them sequentially, the dis-
criminator 5 updates the value of weighted majority decision
obtained by multiplying each of the estimates by the reli-
ability of the corresponding weak discriminator obtained as
a result of the learning and adding the products of the
multiplications. Then, each time the value of weighted
majority decision (estimate) 1s updated, the discriminator 5
decides 11 the operation of computing the estimates 1s to be
suspended or not by using the above described suspension
threshold value.

The discriminator 3 1s generated as the group learning
machine 6 uses learning samples for group learning that 1s
conducted according to a predetermined algorithm. Now, the
group learning method of the group learning machine 6 will
be described first and then the method of discriminating an
object from an input image by using the discriminator 5
obtained as a result of group learning will be discussed.
(2) Group Learning Machine

The group learning machine 6 that uses a boosting algo-
rithm for group learning 1s adapted to combine a plurality of
weak discriminators so as to obtain a strong judgment by
learning. Fach weak discriminator 1s made to show a very
simple configuration and hence has a weak ability for
discriminating a face from a non-face. However, 1t 1s pos-
sible to realize a high discriminating ability by combining
hundreds to thousands of such weak discriminators. The
group learning machine 6 generates weak discriminators by
using thousands of sample i1mages, or learning samples,
prepared from objects and non-objects, e.g., face images and
non-face 1mages, that are provided with respective correct
answers and selecting (learning) a hypothesis out of a large
number of learning models (a combination of hypotheses),
according to a predetermined learning algorithm. Then, 1t
decides the mode of combining weak discriminators. While
cach weak discriminator has a low discriminating ability by
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itself, 1t 1s possible to obtain a discriminator having a high
discriminating ability by appropriately selecting and com-
bining weak discriminators. Therefore, 1t 1s necessary for the
group learming machine 6 to learn the mode of combining
weak discriminators or selecting weak discriminators and
weights to be used for making a weighted majority decision
by weighting the output values of the weak discriminators.

Now, the learning method of the group learning machine
6 for obtaining a discriminator by appropriately combining
a large number of weak discriminators, using a learning
algorithm, will be described below. However, before
describing the learming method of the group learning
machine 6, the learning data that characterizes this embodi-
ment out of the learming data to be used for group learning,
more specifically the inter-pixel difference characteristic to
be used for preparing weak discriminators, and the suspen-
sion threshold value to be used for suspending the object
detecting operation of the discriminating step (detecting
step) will be described.
(3) Configuration of Weak Discriminator

The discriminator 5 of this embodiment can make each of
the weak discriminators 1t has output the result of discrimi-
nation in the discriminating step at high speed when the
weak discriminator 1s made to discriminate a face from a
non-face by means of the difference of the luminance values
of two pixels (inter-pixel diflerence characteristic) selected
from all the pixels contained 1n an 1mage mput to the weak
discriminator. The 1mage input to the weak discriminator 1s
a learning sample 1n the learning step and a window 1mage
cut out from a scaling image 1n the discriminating step.

FIG. 9 15 a schematic view of an image for 1llustrating the
inter-pixel difference characteristic. Referring to FIG. 9
showing an 1image 30, the difference between the luminance
values of two arbitrarily selected pixels, for example the
difference between the luminance value I, of pixel 31 and
the luminance value 1, of pixel 32 as expressed by formula
(2) below 1s defined as inter-pixel diflerence characteristic in
this embodiment.

[Formula 2]

(2)

The ability of a weak discriminator depends on if its
inter-pixel difference characteristic 1s used for detecting a
tace or not. Therefore, 1t 1s necessary to select a combination
of pixel positions (to be also referred to as filter or weak
hypothesis) contained 1n a cut out image so as to be used for
weak discriminators.

For example, AdaBoost requires each weak discriminator
to decisively output +1 (a object) or —1 (a non-object). Thus,
in AdaBoost, a weak discriminator 1s generated by bisecting
the inter-pixel diflerence characteristic at a pixel position,
using one or more than one threshold values (+1 or -1).

In the case of the boosting algorithm of Real-AdaBoost or
Gentle Boost, 1n which not a binary value but a continuous
value (real number) 1s output to indicate the probability
distribution of a learning sample, each weak discriminator
outputs the probability telling 11 the input 1mage 1s an object
or not. Thus, the output of a weak discriminator may be
decisive or in the form of probability. Firstly, weak discrimi-
nators of these two types will be discussed.

(3-1) Weak Discriminator Adapted to Output a Binary Value

A weak discriminator adapted to produce a decisive
output makes a two class judgment on the object according
to the inter-pixel difference characteristic. If the luminance
values of two pixels located 1n the area of an 1image are I, and
I, and the threshold value for judging if the image 1s an

inter-pixel difference characteristic: d=I,-1,
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object or not by means of the inter-pixel difference charac-
teristic 1s Th, it 1s possible to determine the class to which
the 1mage belongs depending on 1f 1t satisfies the require-
ment of formula (3) below or not.

[l

[Formula 3]

I,-L,>Th (3)

While each weak discriminator 1s required to select two
pixel positions and a threshold value for them, the method
for selecting them will be described hereinaiter. The deter-
mination of the threshold value as indicated by the above
formula (3) 1s the most simple case. For determining a
threshold value, two threshold values expressed by formula
(4) or formula (5) below may be used.

[Formula 4]

Th,>1,-L,>Th, (4)

[Formula 5]

I,-1,>Th, and Th>L-L (5)

FIGS. 10A through 10C are schematic 1llustrations of the
three discriminating techniques expressed by the formulas
(3) through (5) above with characteristic instances of ire-
quency distribution of data illustrated 1n graphs where the
vertical axis represents frequency and the horizontal axis
represents the inter-pixel difference characteristic. In the
graphs, the data indicated by broken lines indicate the output
values of all the learning samples that are expressed by
y,=—1 (non-object), whereas the data indicated by solid lines
indicate the output values of all the learning samples that are
expressed by y=1. Histograms as shown in FIGS. 10A
through 10C are obtained by plotting the frequency of a
same 1nter-pixel difference characteristic for learning
samples including many face images and many non-face
1mages.

When the histogram shows a normal distribution curve for
the non-object data as indicated by a broken line and also
another normal distribution curve for the object data as
indicated by a solid line 1n FIG. 10A, the intersection of the
curves 1s selected for the threshold value Th and hence 1t 1s
possible to judge 11 the window 1mage 1s an object or not by
using the formula (3) above. For example, in AdaBoost, i
the output of a weak discriminator 1s 1(x), output 1(x)=1
(object) or —1 (non-object). FIG. 10A shows an instance
where a window 1mage 1s judged to be an object when the
inter-pixel difference characteristic 1s larger than the thresh-
old value Th and hence the weak discriminator outputs
f(x)=1.

When, on the other hand, the peaks of the two curves are
found substantially at a same position but the distribution
curves show diflerent widths, 1t 1s possible to judge a
window 1mage to be an object or not by means of the above
formula (4) or (5), using a value close to the upper limait
value and a value close to the lower limit value of the
inter-pixel difference characteristic of the distribution curve
showing the smaller width. FIG. 10B shows an instance
where the distribution curve with the smaller width 1s used
to define the threshold values to be used for judging a
window 1mage to be an object, whereas FIG. 10C shows an
instance where the distribution curve with the smaller width
1s removed from the distribution curve with the larger width
to define the threshold values to be used for judging a
window 1mage to be an object. In both 1nstances, the weak
discriminator outputs 1{(x)=1.
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While a weak discriminator 1s formed by determining an
inter-pixel difference characteristic and one or two threshold
values for 1t, 1t 1s necessary 1o select an 1nter-pixel difference
characteristic that minimizes the error ratio of the judgment
of the weak discriminator or maximizes the right judgment 5
rat10. For instance, the threshold value(s) may be determined
by selecting two pixel positions, determining a histogram for

learning samples provided with correct answers as shown 1n
FIGS. 10A through 10C, and searching for threshold values

that maximize the correct answer ratio and minimize the
wrong answer ratio (error ratio). Two pixel positions with
the smallest error ratio that are obtained with threshold
values may be selected. However, 1n the case of AdaBoost,
cach learning sample 1s provided with a weight (data weight)
that retlects the degree of difliculty of discrimination so that
an approprlate inter-pixel difference characteristic (showing
the difference of the luminance values of the two plxels of
appropriately selected positions) may minimize the
weighted error ratio, which will be described 1n greater
detail hereinafter.

(3-2) Weak Discriminator for Outputting a Continuous Value

Weak discriminators that produce an output 1n the form of
probability include those used in Real-AdaBoost and Gentle
Boost. Unlike a weak discriminator adapted to solve a
discrimination problem by means of a predetermined con- 25
stant value (threshold value) and output a binary value
(1(x)=1 or -1) as described above, a weak discriminator of
this type outputs the degree of likelihood of an object for the
input 1image typically in the form of a probability density
function.

The probability output indicating the degree of likelihood
(probability) of an object 1s expressed by function 1(x) of
formula (6) below, where P (x) 1s the probability density
function of being an object of the learning sample and P, (x)
1s the probability density function of being a non-object of 35

the learning sample.
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[Formula 6]

probability output of weak discriminator: f(x)=
Pp(x)-P,(x)

40
(6)
FIG. 11 A 1s a graph 1llustrating a characteristic instance of
frequency distribution of data, where the vertical axis rep-
resents the probability densﬂy and the horizontal axis rep-
resents the inter-pixel diflerence characteristic. FIG. 11B 1s
a graph illustrating the function 1{(x) of the frequency dis-
tribution of data of FIG. 11A, where the wvertical axis
represents the value of the function 1(x) and the horizontal
axis represents the inter-pixel difference characteristic. In
FIG. 11A, the broken line indicates the probability function
of being a non-object, whereas the solid line indicates the
probability function of being an object. The graph of FIG.
11B 1s obtained by determining the function 1(x) by means
of the formula (6) above. The weak discriminator outputs the
function 1(x) that corresponds to the inter-pixel difference
characteristic d indicated by the formula (2) above that 1s
obtained from the input window 1image in the discriminating
step. The function 1(x) indicates the degree of likelithood of
being an object. If, for example, an object 1s —1 and an object
1s 1, 1t can take a continuous value between -1 and 1. For
instance, 1t may be so arranged as to store a stable of values
ol 1nter-pixel diflerence characteristic d and corresponding
f(x) and read and output an 1(x) from the table according to
the input. Therefore, while this arrangement may require a
memory capacity greater than the memory capacity for
storing Th or Th, and Th, that are fixed values, 1t shows an
improved discriminating ability.
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The discriminating ability may be further improved by
combining the above described estimation methods (dis-
crimination methods) for use 1n ensemble learning. On the
other hand, the processing speed can be improved by using
only one of the methods.

This embodiment provides an advantage of being able to
discriminate an object from a non-object at very high speed
because 1t employs weak discriminators that use a very
simple characteristic quantity (inter-pixel difference charac-
teristic). When detecting an object that 1s a face, an excellent
result of judgment can be obtamned by using a threshold
value that 1s determined by the method using the simplest
formula (3) out of the above described discriminating meth-
ods for the inter-pixel diflerence characteristic. However, the

selection of a discriminating method for the purpose of
cllectively exploiting weak discriminators may depend on
the problem to be solved and hence an appropriate method
may be used for selecting the threshold value(s). Depending
on the problem, a characteristic quantity may be obtained
not as the diflerence of the luminance values of two pixels
but as the difference of the luminance values of more than
two pixels or a combination of such differences.
(4) Suspension Threshold Value

Now, a suspension threshold value will be discussed. In a
group learning machine using boosting, a window 1mage 1s
judged to be an object or not by way of a weighted majority
decision that 1s the output of all the weak discriminators
constituting the discriminator 5. The weighted majority
decision 1s determined by sequentially adding the results
(estimates) of discrimination of the weak discriminators. For
example, 11 the number of weak discriminators 1s t
(=1, ..., K)and the weight (reliability) of majority decision
that corresponds to each weak discriminator 1s o, while the
output of each weak discriminator 1s 1(x), the value of
weighted majority decision F(x) in AdaBoost can be
obtained by using formula (7) below.

[formula 7]

value of weighted majority decision: F(x) = Z a1 (X) (7)

FIG. 12 1s a graph illustrating the change 1n the value of
weighted majority decision F(x) that accords with if the
input 1mage 1s an object or not, where the vertical axis
represents the number of weak discriminators and the hori-
zontal axis represents the value of weighted majority deci-
sion F(x) as expressed by the formula (7) above. Referring
to FIG. 12, the data indicated by solid lines D1 through D4
show the values of weighted majority decision F(x) that are
sequentially determined by sequentially computing the esti-
mates 1(x) by means of the weak discriminators, using an
image labeled as object as input. As shown by the data D1
through D4, when an object 1s used as input 1mage for a
certamn number of weak discriminators, their weighted
majority decision F(x) shows a positive value.

Here, a technique different from the ordinary boosting
algorithm 1s introduced into this embodiment. With this
technique, the process of sequentially adding the results of
discrimination of weak discriminators 1s suspended for a
window i1mage that can be judged to be obviously a non-
object before the time when all the results of discrimination
are obtained from the weak discriminators. To do this, a
threshold value to be used for determining a suspension of
discrimination or not i1s learnt 1n advance in the learning
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step. The threshold value to be used for determining a
suspension of discrimination or not is referred to as suspen-

sion threshold value herematter.

Due to the use of a suspension threshold value, 1t 1s
possible to suspend the operation of the weak discriminators
for computing their estimates 1(x) for each window 1mage 1f
it can be reliably estimated to be a non-object without using
the outputs of all the weak discriminators. As a result, the
volume of computational operations can be remarkably
reduced 1f compared with an occasion where all the weak
discriminators are used to make a weighted majority deci-
S1011.

The suspension threshold value may be the minimum
value that the weighted majority decision can take for the
learning sample that indicates the object of detection 1n the
labeled learning samples. The results of the discriminating
operations of the weak discriminators for the window 1mage
are sequentially weighted and output in the discriminating
step. In other words, as the value of the weighted majority
decision 1s sequentially updated and each time the suspen-
sion threshold value i1s updated and hence the result of
discriminating operation of a weak discriminator 1s output,
the updated value of the weighted majority decision and the
updated suspension threshold value are compared and the
window 1mage 1s judged to be a non-object when the
updated value of the weighted majority decision undergoes
the suspension threshold value. Then, the computational
process may be suspended to consequently eliminate waste-
tul computations and further raise the speed of the discrimi-
nating process.

More specifically, the minimum value of the weighted
majority decision, that is obtained when the learning sample
X, which 1s an object, 1s used out of the learning samples
X.(=x, through X,,) 1s selected for the suspension threshold

value R ;- for the output 1,(x) of the K-th weak discriminator,
which 1s defined by formula (8) below.

|[formula 8]

(8)

K R
" Z ﬂ'frfr(}{j), 0
=1 /

K K
Rx =m Z a;f; (X1 ), Z a:f; (x2), ...
t=1 =1

As seen from the formula (8), when the minimum value
of the weighted majority decision of the learning samples x,
through X ,, which are objects, exceeds 0, 0 1s selected for
the suspension threshold value R,. The minimum value of
the weighted majority decision 1s made sO as not to exceed
0 1n AdaBoost that selects O as threshold value for discrimi-
nation. Therefore, the process of defining the threshold value
may differ depending on the selected group learning tech-
nique. In the case of AdaBoost, the mimimum value that all
the data D1 through D4 that are obtained when an object 1s
input as mput 1image can take 1s selected for the suspension
threshold as indicated by the thick line 1n FIG. 12 and, when
the mimimum value of all the data D1 through D4 exceeds
0, 0 1s selected for the suspension threshold value.

In this embodiment, with the arrangement of learning the
suspension threshold value R (R, through R.) each time a
weak discriminator 1s generated, the estimates of a plurality
of weak discriminators are sequentially output and the value
of the weighted majority decision 1s sequentially updated.
Then, the discriminating operations of the subsequent weak
discriminators are omitted when the value undergoes the
suspension threshold value as indicated by data D5 in FIG.
12. In other words, as a result of learning the suspension
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threshold value R, it 1s possible to determine 1f the com-
putational operation of the next weak discriminator 1s to be
carried out or not each time the estimate of a weak discrimi-
nator 1s computed so that the input 1image 1s judged to be a
non-object without waiting until all the weak discriminators
output the respective results of computations when it 1s
obviously not an object and the computational process 1s
suspended to raise the speed of the object detecting opera-
tion.

(5) Learning Method

Now, the learning method of the group learning machine
6 will be described. Images (training data) that are used as
labeled learning samples (learning samples provided with
correct answers) are manually prepared in advance as pre-
requisite for a pattern recognition problem of 2-class dis-
crimination such as a problem of discriminating a face from
a non-face in the given data. The learning samples include
a group of images obtained by cutting out areas of an object
to be detected and a group of random i1mages obtained by
cutting out areas of an unrelated object, which may be a
landscape view.

A learning algorithm 1s applied on the basis of the learning
samples to generate learning data that are used at the time of
discriminating process. In this embodiment, the learning
data to be used for the discriminating process include the
following four sets of learning data that include the above
described learning data.

(A) sets of two pixel positions (a total of K)

(B) threshold values of weak discriminators (a total of K)

(C) weights for weighted majority decision (reliabilities of
weak discriminators) (a total of K)

(D) suspension threshold values (a total of K)

(3-1) Generation of Discriminator

Now, the algorithm for learning the four types of learning
data (A) through (D) as listed above from the large number
of learning samples as described above will be described.
FIG. 13 1s a tlow chart i1llustrating the learning method of the
group learning machine 6. While a learning process that uses
a learning algorithm (AdaBoost) employmg a fixed value as
threshold value for weak discrimination 1s described here,
the learning algorithm that can be used for this embodiment
1s not limited to that of AdaBoost and any other appropriate
learning algorithm may alternatively be used so long as such
a learning algorithm employs a continuous value that shows
the probability of a solution as threshold value. For example,
the learming algorithm for group learning of Real-AdaBoost
designed for the purpose of combining a plurality of weak
discriminators may be used.

(Step S0) Labeling of Learning Samples

Learning samples (X, v,) that are labeled so as to show an
object or non-object in advance are prepared 1n a manner as
described above.

In the following description, the following notations are

used.
learning samples (X, y):(X1. ¥1)s - - -5 (Xns Y
xeX, yel-1, 1}

X: data of learning samples
Y: labels (correct answers) of learning samples
N: number of learning samples

In other words, x; denotes a characteristic vector formed
by all the luminance values of the learning sample 1mages
and y,=—1 indicates a case where a learning sample 1is
labeled as non-object, while y,=1 indicates a case where a
learning sample 1s labeled as object.
(Step S1) Inmitialization of Data Weight

For boosting, the weights of learming samples (data
weilghts) are differentiated in such a way that the date weight
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of a learning sample that 1s hard to discriminate 1s made
relatively large. While the result of discrimination of a weak
discriminator 1s used to compute the error ratio for evalu-
ating the weak discriminator, the evaluation of a weak
discriminator that made an error in discriminating a rela-
tively diflicult learning sample will become lower than the
proper evaluation for the achieved discrimination ratio when
the result of discrimination 1s multiplied by a data weight.
While the data weight 1s sequentially updated by the method
as will be described hereinafter, the data weight of the
learning sample 1s firstly mitialized. The data weights of the
learning samples are 1nitialized so as to make the weights of
all the learning samples equal to a predetermined value. The
data weight 1s defined by formula (9) below.

[formula 9]

data weight: D, =1/N (9)

In the above formula, the data weight D, ; indicates that 1t
1s the data weight of learning sample x.(=x,, through X,,) at
the number of times of repetition t=1 and N denotes the
number of learning samples.

(Step S2 through S7) Repetition of Processing Operation

Then, the processing operation of Step S2 through S7 1s
repeated to generate a discriminator 5. The number of times
of repetition of the processing operation t 1s made equal to
t=1, 2, . . ., K. Each time the processing operation 1s
repeated, a weak discriminator 1s generated and hence a pair
of pixels and the inter-pixel diflerence characteristic for the
positions of the pixels are leant. Therefore, as many weak
discriminators as the number of times (K) of repetition of the
processing operation are generated and a discriminator 5 1s
generated from the K weak discriminators. While hundreds
to thousands of weak discriminators are normally generated
as a result of repetition of the processing operation for
hundreds to thousands times, the number of times of the
processing operation (the number of the weak discrimina-
tors) t may be approprately selected depending on the
required level of discriminating ability and the problems
(objects) to be discriminated.

(Step S2) Leaning of Weak Discriminators

Learning (generation) of weak discriminators takes place
in Step S2 but the learning method to be used for it will be
described 1n greater detail hereimnatfter. In this embodiment, a
weak discriminator 1s generated each time the processing
operation 1s repeated by means of the method that will be
described hereinatter.

(Step S3) Computation of Weighted Error Ratio e,

Then, the weighted error ratio of the weak discriminators
generated 1 Step S2 1s computed by using formula (10)
below.

|[formula 10]

weighted error ratio: e; = Z D, ; (10)

i (g )Fy;

As shown 1n the above formula (10), the weighted error
ratio e, 1s obtained by adding the data weights of only the
learning samples of which the results of discrimination of
the weak discriminators are wrong (1 (x,).=y,) out of all the
learning samples. As pointed out above, the weighted error
rat1o e, 1s such that 1t 1s made to show a large value when
weak discriminators make an error in discriminating a
learning sample having a large data weight D . (a learning
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sample diflicult to discriminate). The weighted error ratio e,
1s smaller than 0.5 but the reason for it will be described
hereinafter.

(Step S4) Computation of Weight of Weighted Majority
Decision (reliability of weak discriminator)

Then, the reliability a, of the weight of weighted majority
decision (to be referred to simply as reliability hereinatter)
1s computed by using formula (11) below on the basis of the
weighted error ratio e, as computed by means of the above
formula (10). The weight of weighted majority decision
indicates the reliability o, of the weak discriminator that 1s
generated at the t-th time of repetition.

[formula 11]

e 1 1 —e¢
reliability: a; = Eh{ - ]
!

(11)

As clear from the above formula (11), a weak discrimi-
nator whose weighted error ratio e, 1s small can acquire a
large reliability a...

(Step S5) Updating of Data Weights of Learning Samples

Then, the data weights D, . of the learning samples are
updated by means of formula (12) below, using the reliabili-
ties o, obtained by using the above formula (11). The data
weights D, . are normalized ordinarily 1n such a way that the
sum of adding them all 1s equal to 1. Formula (13) below 1s

used to normalize the data weights D,

I'l-

[formula 12]

date weight: D, =D, jexp(-a,y 1:(x;)) (12)

Dr+1,i
Z Dr+1
i

(13)
Dr+1,i —

(Step S6) Computation of Suspension Threshold Value R,

Then, as described above, the threshold value R, for
suspending the discriminating operation of the discriminat-
ing step 1s computed. The smallest one of the values of the
weilghted majority decision of the learning samples (positive
learning samples) x, through x, and O that are objects 1s
selected for the suspension threshold value R, according to
the above described formula (8). Note that the smallest value
or 0 1s selected for the suspension threshold value 1n the case
of AdaBoost that 1s adapted to discriminating operations
using 0 as threshold value. Anyway, the largest value that
allows at least all the positive learning samples to pass 1s
selected for the suspension threshold value R..

Then, 1n Step S7, 1t 1s determined 11 boosting 1s made to
take place for the predetermined number of times (=K) and,
iI the answer to this question 1s negative, the processing
operation from Step S2 to Step S7 1s repeated. When
boosting 1s made to take place for the predetermined number
of times, the learning session 1s made to end. The process of
repetition 1s terminated when the number of learnt weak
discriminators 1s suflicient for discriminating objects from
the 1mages as objects of detection such as learning samples.
(5-2) Generation of Weak Discriminators

Now, the leaning method (generating method) of weak
discriminators of above described Step S2 will be discussed
below. The method of generating weak discriminators differs
between when the weak discriminators are adapted to output
a binary value and when they are adapted to output a
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continuous value as function 1{(x) expressed by the formula
(6) above. Additionally, when the weak discriminators are
adapted to output a binary value, 1t slightly differs between
when they discriminate an object and a non-object by means
of a single threshold value and when they discriminate an
object and a non-object by means of two threshold values as
shown in the formula (2) above. The learning method
(generating method) of weak discriminators adapted to
output a binary value at a single threshold value Th will be
described below. FIG. 14 1s a tflow chart illustrating the
learning method (generating method) of a weak discrimina-
tor adapted to produce a binary output at a threshold value
Th.

(Step S11) Selection of Pixels

In this step, two pixels are arbitrarily selected from all the
pixels of a learming sample. When, for example, a learning,
sample with 20x20 pixels 1s used, there are 400399 dii-
ferent ways of selecting two pixels from that number of
pixels and one of such ways will be selected. Assume here
that the positions of the two pixels are S, and S, and the
luminance values of the two pixels are I, and I,.

(Step S12) Preparation of Frequency Distribution

Then, the inter-pixel difference characteristic d, which 1s
the difference (I,-I,) of the luminance values of the two
pixels selected i Step S11, 1s determined for all the learming,

samples and a histogram (frequency distribution) as shown
in FIG. 10A 1s prepared.

(Step S13) Computation of Threshold Value Th_ .
Thereafter, the threshold value Th_. that minimizes the
weighted error ratio ¢, (e, . ) as shown in the above formula
(10) 1s determined from the frequency distribution obtained
in Step S12.
(Step S14) Computation of Threshold Value Th_ .
Then, the threshold value Th___ that maximizes the
weighted error ratio e, (e,

_.) as shown 1n the above formula
(10) 1s determined and inverts the threshold value by means
of the method expressed by formula (14) below. In other
words, each weak discriminator 1s adapted to output either
of two values that respectively represent the right answer
and the wrong answer depending on 1f the determined
inter-pixel difference characteristic d 1s greater than the
single threshold value or not. Therefore, when the weighted
error ratio e, 1s smaller than 0.5, 1t can be made not smaller
than 0.5 by the inversion.

|[formula 13]

!
FRGLX

[ =L
L=

Th:’nax =—Th

FROX )

= =1 =€, ) (14)

(Step S15) Determination of Parameters

Finally, the parameters of each weak discriminator includ-
ing the positions S; and S, of the two pixels and the
threshold value Th are determined from the above ¢_ . and
e, . More specifically,

S.,S,, Th = whene . <e '

S '(=S,), S,'(=S,), Th_. whene_ ._>¢ "

Then, 1 Step S16, it 1s determined i1f the processing
operation has been repeated for the predetermined number
of times M or not. If the processing operation has been
repeated for the predetermined number of times, the opera-

tion proceeds to Step S17 and the weak discriminator that

!
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shows the smallest error ratio e, 1s selected out of the weak
discriminators generated by the repetition of M times. Then
the operation proceeds to Step S3 shown 1 FIG. 13. If, on
the other hand, 1t 1s determined in Step S16 that the
processing operation has not been repeated for the prede-
termined number of times, the processing operation of Steps
S11 through S16 1s repeated. In thus way, the processing
operation 1s repeated for m (=1, 2, . . . M) times to generate
a single weak discriminator. While the weighted error ratio
¢, 1s computed 1n Step S3 of FIG. 13 in the above description
for the purpose of simplicity, the error ratio e, of Step S3 1s
automatically obtained when the weak discriminator show-
ing the smallest error ratio e, 1s selected 1n Step S17.

While the data weight D, . determined in Step S5 as a
result of repeating the processing operation 1s used to learn
the characteristic quantities of a plurality of weak discrimi-
nators and the weak discriminator showing the smallest error
ratio as indicated by the above formula (10) 1s selected from
the weak discriminators (weak discriminator candidates) in
this embodiment, the weak discriminator may alternatively
be generated by arbitrarily selecting pixel positions from a
plurality of pixel positions that are prepared or learnt in
advance. Still alternatively, the weak discriminator may be
generated by using learming samples different from the
learning samples employed for the operation of repeating
Steps S2 through S7. The weak discriminators and the
discriminator that are generated may be evaluated by bring-
ing in samples other than the learning samples as 1n the case
of using a cross-validation technique or a jack-knife tech-
nique. A cross-validation techmque 1s a technique by which
a learning sample 1s equally divided into I samples and a
learning session 1s conducted by using them except one and
the result of the learning session 1s evaluated by the remain-
ing one. Then, the above operation 1s repeated for I times to
finalize the evaluation of the result.

When, on the other hand, each weak discriminator uses
two threshold values Th, and Th, as indicated by the above
formula (4) or (5), the processing operation of Steps S13
through 15 shown 1n FIG. 14 1s slightly modified. When only
a single threshold value Th 1s used as indicated by the above
formula (3), the error ratio can be inverted 11 1t 1s greater than
0.5. However, 1n a case where the right answer 1s given for
discrimination when the inter-pixel difference characteristic
1s greater than the threshold value Th, and smaller than the
threshold valueTh, as indicated by the formula (4), the right
answer 1s given for discrimination when the inter-pixel
difference characteristic 1s smaller than the threshold value
Th, or greater than the threshold value Th, as indicated by
the formula (5). In short, the formula (35) 1s the 1inversion of
the formula (4), whereas the formula (4) 1s the mnversion of
the formula (5).

When a weak discriminator outputs the result of discrimi-
nation by using two threshold values Th, and Th,, the
frequency distribution of inter-pixel difference characteris-
tics 1s determined 1n Step S12 shown 1n FIG. 14 and then the
threshold values Th, and Th, that minimize the error ratio e,
are determined. Thereafter, 1t 1s determined 11 the processing
operation 1s repeated for the predetermined number of times
as 1 Step S16. After the repetition of the processing
operation for the predetermined number of times, the weak
discriminator that shows the smallest error ratio 1s adopted
from all the generated weak discriminators.

In the case of weak discriminators adapted to output a
continuous value as indicated by the above formula (6),
firstly two pixels are randomly selected as 1 Step S1 of FIG.
14 and the frequency distribution 1s determined for all the
learning samples. Then, the function 1(x) as shown 1n the
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above formula (6) 1s determined on the basis of the obtained
frequency distribution. Then, a series of operations of com-
puting the error ratio according to a predetermined algo-
rithm, which 1s adapted to output the likelihood of being an
object (and hence the rnight answer) for the output of the
weak discriminator, 1s repeated for a predetermined number
of times and a weak discriminator 1s generated by selecting
the parameter showing the smallest error ratio (the highest
correct answer ratio).

When a learning sample of 20x20 pixels 1s used to
generate a weak discriminator, there are a total of 159,000
ways ol selecting two pixels from that number of pixels.
Theretore, the one that shows the smallest error ratio may be
adopted for the weak discriminator after repeating the select-
ing process for M=159,000 times at most. While a highly
performable weak discriminator can be generated when the
selecting process 1s repeated for the largest possible number
of times and a weak discriminator that shows the smallest
error ratio 1s adopted as described above, a weak discrimi-
nator that shows the smallest error ratio may be adopted after
repeating the selecting process for a number of times less
than the largest possible number of times, e.g., hundreds
times.

(6) Object Detecting Method

Now, the object detecting method of the object detecting
device 1llustrated 1n FIG. 5 will be described below. FI1G. 15
1s a flow chart illustrating the object detecting method of the
object detecting device of FIG. 5. For detecting on object
(discriminating step), the discriminator 3 that 1s formed by
utilizing the weak discriminators generated 1n a manner as
described above 1s used so as to detect an object out of an
input 1mmage according to a predetermined algorithm.

(Step S21) Generation of Scaled Image

The scaling section 3 as shown 1n FIG. 5 scales down the
gradation 1mage given from the image output section 2 to a
predetermined ratio. It may be so arranged that a gradation
image 1s mput to the 1image output section 2 as mnput image
and the 1image output section 2 converts the input 1mage into
a gradation 1mage. The image given to the scaling section 3
from the image output section 2 1s output without scale
conversion and a scaled image that 1s downscaled 1s output
at the next or subsequent timing. The 1images output from the
scaling section 3 are collectively referred to as scaled image.
A scaling image 1s generated when the operation of detecting
a Tace from all the area of the scaled 1image that 1s output last
time 1s completed and the operation of processing the input
image ol the next frame starts when the scaled image
becomes smaller than the window 1mage.

The scanning section 4 shown 1n FIG. 5 scans the image
that 1s subjected to scale conversion at the search window
and then outputs a window 1mage.

(Steps S23, S24) Computation of Evaluation Value s

Then, 1t 1s judged i1f the window 1mage output from the
scanning section 4 1s an object or not. The discriminator 5
sequentially adds weights to the respective estimates 1(x) of
the above described plurality of weak discriminators to
obtain the updated value of the weighted majority decision
as evaluation value s. Then, it 1s judged 11 the window 1mage
1s an object or not according to the evaluation value s and
also 11 the discriminating operation 1s to be suspended or not.

Firstly, as a window 1mage 1s mput, its evaluation value s
1s 1nitialized to s=0. The first stage weak discriminator 21,
of the discriminator 5 computes the inter-pixel diflerence
characteristic d, (Step S23). Then, the estimate value output
from the weak discriminator 21, 1s reflected to the above
evaluation value s (Step S24).
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As described above by referring to the formulas (3)
through (5), a weak discriminator that outputs a binary value
as estimate value and a weak discriminator that outputs a
function 1(x) as estimate value differs from each other 1n
terms ol the way of reflecting the estimate to the evaluation
value s.

Firstly, when the above formula (2) i1s used to a weak
discriminator that outputs a binary value as evaluation value,
the evaluation value s 1s expressed by formula (15) below.

[formula 14]

o, ... Th; <d,

otherwise

(15)
evaluation value:s « s +
—Q ...

When the above formula (3) 1s used to a weak discrimi-
nator that outputs a binary value as evaluation value, the
evaluation value s 1s expressed by formula (16) below.

[formula 15]

&y ... Thf}l < dr, Thr}Z

otherwise

(16)
evaluation value:s « s +
— ...

When the above formula (4) 1s used to a weak discrimi-
nator that outputs a binary value as evaluation value, the
evaluation value s 1s expressed by formula (17) below.

[formula 16]

@, ... d, <Th,; and Th,, < d,

otherwise

(17)
evaluation value:s « s +
—111’1« -

Finally, when the above formula (35) 1s used to a weak
discriminator that outputs a function 1 as evaluation value,

the evaluation value s 1s expressed by formula (18) below.
[Formula 17]

evaluation value: s<—s+1(d)

(Steps S25, S26) Judgment of Suspension

Then, the discriminator 5 determines 1f the evaluation
value s obtained (updated) by any of the above described
four techniques 1s greater than the suspension threshold
value R, or not. If it 1s determined that the evaluation value
s 15 the threshold value R, 1t 1s then determined if the
processing operation has been repeated to the predetermined
number of times (=K times) or not (Step S26). I 1t 1s
determined that the processing operation has not been
repeated for the predetermined number of times, the pro-
cessing from Step S23 1s repeated.

If, on the other hand, 1t 1s determined that the processing
operation has been repeated for the predetermined number
of times (=K times), the operation proceeds to Step S27
when the evaluation s 1s smaller than the suspension thresh-
old value R, where 1t 1s determined 1f the window 1mage 1s
an object or not according to 1f the obtained evaluation value
s 1s greater than O or not. I1 1t 1s determined that the window
image 1s an object, the current window position 1s stored and
it 1s determined if there 1s the next search window or not
(Step S27). If 1t 1s determined that there 1s the next search
window, the processing operation from Step S22 1s repeated.
If, on the other hand, all the search windows have been
scanned for all the next area, the processing operation

(18)
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proceeds to Step S28, where it 1s determined 1t there 1s the
next scaled 1image or not. It 1t 1s determined that there 1s no
next scaled image, the processing operation proceeds to Step
S29, where the overlapping area 1s removed. 11, on the other
hand, 1t 1s determined that there 1s the next scaled image, the 5
processing operation from Step S21 1s repeated. The scaling
operation of Step S21 1s terminated when the scaled image
becomes smaller than the window 1mage.
(Steps S29 through S31) Removal of Overlapping Area
When all the scaled images are processed for a single 10
input 1mage, the processing operation moves to Step S29. In
the processing operation from Step S29 on, one of the areas
in an input image that are judged to be objects and over-
lapping with each other, if any, 1s removed. Firstly, 1t 1s
determined 11 areas that are overlapping with each other or 15
not and, 11 1t 1s determined that there are a plurality of areas
stored 1n Step S26 and any of them are overlapping, the
processing operation proceeds to Step S30, where the two
overlapping areas are taken out and one of the areas that
shows a smaller evaluation value s 1s removed as 1t 1s 20
regarded to show a low reliability and the area that shows a
greater evaluation value 1s selected for use (Step S29). Then,
the processing operation from Step S29 1s repeated once
again. As a result, of the areas that are extracted for a
plurality of times to overlap with each other, a single area 25
that shows the highest evaluation value 1s selected. When
there are not two or more than two object areas that overlap
with each other and when there 1s no object area, the
processing operation on the mput image 1s terminated and
the processing operation on the next frame starts. 30
As described above in detail, with the object detecting
method of this embodiment, 1t 1s possible to process each
window 1mage to detect a fact from the image at very high
speed on a real time basis because the operation of com-
puting the characteristic quantity of the object 1n the above 35
described Step S23 is termunated simply by reading the
luminance values of two corresponding pixels of the win-
dow 1mage, using a discriminator that has learnt by group
learning the weak discriminators that weakly discriminate an
object and a non- object by way of the inter-pixel diflerence 40
characteristic of the image. Additionally, each time the
evaluation value s 1s updated by multiplying the result of
discrimination (estimate) obtained from the characteristic
quantity by the reliability of the weak discriminator used for
the discrimination and adding the product of multiplication, 45
the updated evaluation value s 1s compared with the sus-
pension threshold value R, to determine 11 the operation of
computing the estimates of the weak discriminators 1s to be
continued or not. When the evaluation value s falls below the
suspension threshold value R, the computing operation of 50
the weak discriminators 1s suspended to proceed to the
operation of processing the next window 1mage so that 1t 1s
possible to dramatically reduce wastetul computing opera-
tions to further improve the speed of detecting a face. When
all the areas of the iput image and the scaled images 55
obtained by scaling down the mnput image are scanned to cut
out window 1mages, the probability of being an object of
cach window 1mage 1s very small and most of the window
images are non-objects. As the operation of discriminating
an object and a non-object 1n the window 1mages, which are 60
mostly non-objects, 1s suspended on the way, 1t 1s possible
to dramatically improve the efliciency of the discriminating,
step. 11, to the contrary, the window 1mages include many
objects to be detected, a threshold value similar to the above
described suspension threshold value may be provided to 65
suspend the computing operation using the window 1mages
that are apparently objects. Furthermore, 1t 1s possible to

26

detect objects of any size by scaling the input image by
means of the scaling section to define a search window of an
arbitrarnily selected size.
(7) Example

Now, the present invention will be described further by
way ol an example where a face was actually detected as
object. However, 1t may be needless to say that the object 1s
not limited to a face and 1t 1s possible to detect any object
other than the face of a man that shows characteristic
features on a two-dimensional plane such as a logotype or a
pattern and can be discriminated to a certain extent by the
inter-pixel difference characteristic thereof as described
above (so that it can constitute a weak discriminator).

FIGS. 16A and 16B illustrate part of the learning samples
used 1n this example. The learning samples include a face
image group labeled as objects as shown 1n FIG. 16 A and a
non-face 1mage groups labeled as non-objects as shown in
FIG. 16B. While FIGS. 16A and 16B show only part of the

images that were used 1n this example, the learning samples
typically includes thousands of face images and tens of
thousands of non-face images. The 1image size may typically
be such that each 1mage contains 20x20 pixels.

In this example, face discrimination problems were learnt
from the learning samples according to the algorithm 1llus-
trated 1n FIGS. 13 and 14 and using only the above described

formula (3). FIGS. 17A through 17F illustrate the first

through sixth weak discriminators that were generated as a
result of the learming session. Obviously, they show features
of a face very well. Qualitatively, the weak discriminator 1
of FIG. 17A shows that the forehead (S,) 1s lighter than the
eyes (S,) (threshold value: 18.5) and the weak discriminator
t, of FIG. 17B shows that the cheeks (S, ) 1s lighter than the
eyes (S,) (threshold value: 17.5), while the weak discrimi-
nator f, of FIG. 17C shows that the forehead (S,) 1s lighter
than the hair (S,) (threshold value: 26.5) and the weak
discriminator 1, of FIG. 17D shows that the area under the
nose (S,) 1s lighter than the nostrils (S,) (threshold value:
5.5. Furthermore, the weak discriminator 1. of FIG. 17E
shows that the cheeks (S,) 1s lighter than the hair (S,)
(threshold value: 22.5) and the weak discriminator f, of FIG.

17F shows that the chin S, 1s lighter than the lips (S,)
(threshold value: 4.5).

In this example, a correct answer ratio of 70% (perior-
mance relative to the learning samples) was achieved by the
first weak discriminator 1,. The correct answer ratio rose to
80% when all the weak discriminators 1, through f, were
used. The correct answer ratio further rose to 90% when 40
weak discriminators were combined and to 99% when 765
weak discriminators were combined.

FIGS. 18A and 18B are schematic illustrations of the
result of a face detecting operation obtained from a single
input 1mage, showing respectively before and after the
removal ol an overlapping area. The plurality of frames
shown 1n FIG. 18A indicate the detected face (object). A
number of faces (areas) are detected from a single 1image by
the processing operation from Step S21 through Step S28. It
1s possible to detect a single face by carrying out the process
of removing unnecessary overlapping areas from Step S29
to Step S31. It will be appreciated that, when two or more
than two faces exist 1n an image, they can be detected
simultaneously. The operation of detecting a face in this
example can be conducted at very high speed so that 1t 1s
possible to detect faces from about thirty input 1mages per
second 1f a PC 1s used. Thus, 1t 1s possible to detect faces
from a moving picture.
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The present invention 1s by no means limited to the above

described embodiment, which may be modified and altered
in various diflerent ways without departing from the scope
of the present invention.

What 1s claimed 1s:
[1. An object detecting device for detecting if a given

grayscale 1image 1s an object, the device comprising:

a plurality of weak discriminating means for computing,
an estimate indicating that the grayscale image 1s an
object or not according to a characteristic quantity that
1s equal to the difference of the luminance values of two
pixels at two different positions; and

a discriminating means for judging 1f the grayscale image
1s an object according to the estimate computed by one
of or the estimates computed by more than one of the
plurality of weak discriminating means.]

[2. The device according to claim 1,

wherein the discriminating means computes the value of
the weighted majority decision by multiplying each of
the estimates by the reliability of the corresponding
weak discriminating means obtained as a result of the
learning and adding the products of the multiplications
and judges 11 the grayscale 1mage 1s an object according
to the majority decision value.]

[3. The device according to claim 2,

wherein the plurality of discriminating means compute
estimates sequentially; and

wherein the discriminating means sequentially updates
the value of weighted majority decision each time when
an estimate 1s computed and controls the object detect-
ing operation ol the device so as to judge 1f the
computation of estimates 1s suspended according to the
updated value of weighted majority decision.]

[4. The device according to claim 3,

wherein the discriminating means 1s configured to sus-
pend the operation of computing estimates depending
on 11 the value of weighted majority decision 1s smaller
than a suspension threshold value; and

wherein the weak discriminating means are sequentially
generated by ensemble learning, using a leaning sample
of a plurality of grayscale images provided with respec-
tive correct answers telling 11 each of the grayscale
images 1s an object;

wherein the suspension threshold value being the mini-
mum value 1n the values of weighted majority decision
updated by adding the weighted reliabilities to the
respective estimates of the learning samples of the
objects, as computed each time a weak discriminating
means 15 generated in the learning session by the
generated weak discriminating means.]

[S. The device according to claim 4,

wherein, 1 the minimum wvalue in the wvalues of the
weighted majority decision obtained in the learning
session 1s positive, 0 1s selected as the suspension
threshold value.]

[6. The device according to claim 1,

wherein each of the weak discriminating means decisively
outputs its estimate by computing the estimate as
binary value indicating if the grayscale image 1s an
object depending on 1f the characteristic quantity 1is
smaller than a predetermined threshold value.}

[7. The device according to claim 1,

wherein each of the weak discriminating means outputs
the probability that the grayscale image 1s an object as
computed on the basis of the characteristic quantity so
as to decisively output its estimate.}
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[8. The object detecting device according to claim 1,

wherein the object is a face.]

[9. The object detecting device according to claim 1,

wherein the object is a characteristic of a face.]

[10. The object detecting device according to claim 1,

wherein the object is a particular gender.]

[11. The object detecting device according to claim 1,

wherein the object is either an adult or a child.]

[12. An object detecting method for detecting if a given

grayscale 1image 1s an object, the method comprising:

a weak discriminating step ol computing an estimate
indicating that the grayscale image 1s an object or not
according to a characteristic quantity that 1s equal to the
difference of the luminance values of two pixels at two
different positions that 1s learned in advance for each of
a plurality of weak discriminators; and

a discriminating step of judging i1f the grayscale image 1s
an object according to the estimate computed by one of
or the estimates computed by more than one of the
plurality of weak discriminators.]

[13. The method according to claim 12,

wherein the value of the weighted majority decision 1s
computed by multiplying each of the estimates by the
reliability of the corresponding weak discriminator
obtained as a result of the learning and adding the
products of the multiplications and 1t 1s judged 11 the
grayscale 1image 1s an object according to the majority
decision value in the discriminating step.]

[14. The method according to claim 13,

wherein estimates are computed sequentially by the plu-
rality of weak discriminators in the weak discriminat-
ing step; and

the value of weighted majority decision 1s updated each
time when an estimate 1s computed 1n the discriminat-
ing step;

the method further comprising:

a control step of judging 11 the computation of estimates
1s suspended according to the value of weighted
majority decision updated 1n the discriminating
step. ]

[15. An ensemble learning device for ensemble learning

using learning samples of a plurality of grayscale images
provided with respective correct answers telling 11 each of
the grayscale 1images 1s an object, the device comprising:

a learning means for learning a plurality of weak dis-
criminators for outputting an estimate indicating that
the grayscale image 1s an object or not 1n a group, using
a characteristic quantity that is equal to the diflerence
of the luminance values of two pixels at arbitrarily
selected two diflerent positions as mput; and

a combining means for selectively combining more than
one weak discrnminator from the plurality of weak
discriminators according to a predetermined learning
algorithm.]

[16. The device according to claim 15,

wherein the learming means includes:

a weak discriminator generating means for computing
the characteristic quantity of each of the learning
samples and generating the weak discriminators
according to the respective characteristic quantities;

an error ratio computing means for computing the error
rat1o of judging each of the learning samples accord-
ing to the data weight defined for the learning sample
for the weak discriminators generated by the weak
discriminator generating means;
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a reliability computing means for computing the reli-
ability of the weak discriminators according to the
error ratio; and

a data weight computing means for updating the data

30

the data weight defined for the learning sample for the
weak discriminators generated by the weak discrimi-
nator generating means;

a reliability computing step of computing the reliability of

weight relatively increase the weight of each learn- s the weak discriminators according to the error ratio;
ing sample that 1s discriminated as error by the weak and
dlsc.nmmator > _ _ a data weight computing step of updating the data weight
wherein the weak dlSF:I’lIIllIlEl'[OI’ generating means 18 so as to relatively increase the weight of each learning
capable ot generating a new weak discriminator sample that 1s discriminated as error by the weak
when the data weight is updated.} 10 diserim;
. : . iscriminators.
[17. The device according to claim 16, 23 Th thod fine to claim 22
wherein the weak discriminator generating means com- [23. (& HICHIOT Ot 1O S 24,
. . . : . wherein characteristic quantities of a plurality of different
putes characteristic quantities of a plurality of different ,
types by repeating the process ol computing a charac- typ.es are compute:d .by repe{atlng the PTOCESS of O~
teristic quantity for a plurality of times, generate a weak 15 puting a charac?ter %Stl_c quantity fpr . p.lurahty of times
discriminator candidate for each characteristic quantity, and a weak discriminator candidate 1s generated for
computes the error ratio of judging each learning cach characteristic quantity, while the error ratio of
sample according to the data weight defined for the judging each learning sample 1s computed according to
learning sample and select the weak discriminator the data weight defined for the learning sample and the
candidate showing the lowest error ratio as weak dis- 20 weak discriminator candidate showing the lowest error
criminator.J ratio 1s selected as weak discriminator in the weak
[18. The device according to claim 16, discriminator generating step.]
wherein the weak discriminator generating means gener- [24. The method according to claim 22,
ates a weak discriminator candidate configured to judge wherein a weak discriminator candidate configured to
if the grayscale 1mage 1s an object depending on if the 25 judge 11 the grayscale image 1s an object depending on
characteristic quantity of the grayscale image 1s greater if the characteristic quantity of the grayscale image 1s
than a predetermined threshold value.} greater than a predetermined threshold value 1s gener-
[19. The device according to claim 16, ated in the weak discriminating generating step.]
wherein the weak discriminator generating means gener- [25. The method according to claim 22,
ates a weak discriminator candidate configured to out- 30  wherein a weak discriminator candidate configured to

put the probability that the grayscale image 1s an object
according to the characteristic quantity.]

output the probability that the grayscale image 1s an
object according to the characteristic quantity 1s gen-
erated in the weak discriminator generating step.]

[20. The device according to claim 16, further compris-
ng:
a suspension threshold value storing means for storing the 35

[26. The method according to claim 22, further compris-
ng:

minimum value in the values of weighted majority
decision, each being obtained as a result of that, each
time the weak discriminator generating means gener-
ates a weak discriminator, the weak discriminator gen-

a suspension threshold value storing step of storing the
minimum value in the values of weighted majority
decision, each being obtained as a result of that, each
time weak discriminating 1s generated in the weak

erating means computes an estimate for each learning 40 discriminator generating step, an estimate for each

sample that 1s an object by means of the weak discrimi- learning sample that 1s an object 1s computed by means

nator and also computes the value of the weighted of the weak discriminator and the value of the weighted

majority decision obtained by weighting the estimate majority decision obtained by weighting the estimate

with the reliability.] with the reliability 1s also computed in the weak
[21. An ensemble learning method of using learning 45 discriminator generating step.]

[27. An object detecting device for cutting out a window
image of a fixed size from a grayscale image and detecting
if the grayscale image i1s an object, the device comprising:

samples of a plurality of grayscale images provided with
respective correct answers telling 11 each of the grayscale
images 1s an object, the device comprising:

a learning step of learning a plurality of weak discrimi-

a scale converting means for generating a scaled image by

nators for outputting an estimate indicating that the 50 scaling up or down the size of the input grayscale
grayscale 1mage 1s an object or not 1n a group, using a 1mage;
characteristic quantity that 1s equal to the difference of a window 1mage scanning means for scanning the window
the luminance values of two pixels at arbitrarily of the fixed size out of the scaled 1image and cutting out
selected two diflerent positions as mput; and a window 1mage; and
a combining step of selectively combiming more than 55  an object detecting means for detecting 1f the given
one weak discriminator from the plurality of weak window 1mage 1s an object;
discriminators according to a predetermined learning, the object detecting means having;:
algorithm.] a plurality of weak discriminating means for computing,
[22. The method according to claim 21, an estimate indicating that the window i1mage 1s an
wherein the learning step 1s configured to repeat a series 60 object according to a characteristic quantity that is
of steps including: equal to the difference of the luminance values of two
a weak discriminator generating step of for computing the pixels at two different positions that i1s learned in
characteristic quantity of each of the learning samples advance; and
and generating the weak discriminators according to a discriminating means for judging 1f the window 1mage
the respective characteristic quantities; 65 1s an object according to the estimate computed by one

an error ratio computing step of computing the error ratio
of judging each of the learning samples according to

of or the estimates computed by more than one of the
plurality of weak discriminating means.]
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[28. The device according to claim 27,

wherein the discriminating means computes the value of
the weighted majority decision by multiplying the
estimate or each of the estimates by the reliability of
cach of the weak discriminating means obtained as a
result of the learning and adding 1t and judges if the
grayscale image 1s an object according to the value of
the majority decision.}

[29. The device according to claim 28,

wherein the plurality of weak discriminating means
sequentially compute the estimates; and

the discriminating means sequentially updates the value
of the weighted majority decision each time an estimate
1s computed and controls the estimate computing
operation so as to suspend 1t or not according to the
updated value of the weighted majority decision.]

[30. The object detecting device according to claim 27,
wherein the object is a face.]

[31. The object detecting device according to claim 27,
wherein the object is a characteristic of a face.]

[32. The object detecting device according to claim 27,
wherein the object is a particular gender.]

[33. The object detecting device according to claim 27,
wherein the object is either an adult or a child.]

[34. An object detecting method for cutting out a window
image of a fixed size from a grayscale image and detecting
if the grayscale 1image 1s an object, the method comprising:

a scale converting step of generating a scaled image by
scaling up or down the size of the input grayscale
1mage;

a window 1mage scanning step of scanning the window of
the fixed size out of the scaled image and cutting out a
window 1mage; and

an object detecting step of for detecting 1f the given
window 1mage 1s an object;

the object detecting step having:

a weak discriminating step of computing an estimate
indicating that the window i1mage 1s an object or not
according to a characteristic quantity that 1s equal to the
difference of the luminance values of two pixels at two
different positions that 1s learned 1n advance by each of
a plurality of weak discriminators; and

a discriminating step of judging 1f the window 1mage 1s an
object according to the estimate computed by one of or
the estimates computed by more than one of the plu-
rality of weak discriminating means.]

[35. The method according to claim 34,

wherein the value of the weighted majority decision 1s
computed by multiplying the estimate or each of the
estimates by the reliability of each of the weak dis-
criminators obtained as a result of the learning and
adding 1t and 1t 1s judged if the grayscale image 1s an
object according to the value of the majority decision 1in
the discriminating step.]

[36. The method according to claim 35,

wherein the plurality of weak discriminators sequentially
compute the estimates 1n the weak discriminating step;
and

wherein the value of the weighted majority decision 1s
sequentially updated each time an estimate 1s computed
and

wherein the estimate computing operation 1s so controlled
as to suspend 1t or not according to the updated value
of the weighted majority decision in the discriminating
step. ]

[37. An object detecting device for detecting if a given

grayscale 1image 1s an object, the device comprising:
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a plurality of weak discriminating units configured to
compute an estimate indicating that the grayscale
image 1s an object or not according to a characteristic
quantity that 1s equal to the difference of the luminance
values of two pixels at two diflerent positions; and

a discriminating unit configured to judge 1f the grayscale
image 1s an object according to the estimate computed
by one of or the estimates computed by more than one
of the plurality of weak discriminating units.]

38. A detecting device for detecting objects in an image
comprised of pixels comprising:

a discriminating unit configured to determine inter-pixel
differences, each a difference between luminance val-
ues of two arbitrary pixels at two different positions of
the image, including non-adjacent pixels, and sequen-
tially outputting estimates that the image includes an
object, based on said inter-pixel differences;

a group learning machine configured to provide learned
estimates of objects included in plural training images,
learned in advance, by making plural determinations
equal to the difference of the luminance values of two
pixels at arbitrarily selected two different positions in
respective training images; and

a judging unit using estimates of objects learned from
group learning for determining whether the image
includes an object accorvding to a comparison of the
estimate outputted by the discriminating unit to the
learned estimates and for suspending the outputting of
estimates by the discriminating unit depending upon
the value of an outputted estimate compared to a
threshold value learned in advance.

39. The detecting device of claim 38, wherein the dis-
criminating unit outputs an estimate of probability that the
image includes an object.

40. The detecting device of claim 38, whervein the dis-
criminating unit comprises plural discviminators, each
sequentially outputting an estimate of probability that the
image includes an object, and the outputted estimate is made
by combining the estimates of the plural discviminators.

41. A detecting method for detecting objects in an image
comprised of pixels comprising the steps of:

determining inter-pixel differences, each a difference
between luminance values of two arbitrary pixels at
two different positions of the image, including non-
adjacent pixels, and sequentially outputting estimates
that the image includes an object, based on said
inter-pixel differences;

learning in advance estimates of objects included in
plural training images by making plural determina-
tions equal to the difference of the luminance values of
two pixels at arbitrarily selected two differvent positions
in respective training images; and

using estimates of objects learned from group learning for
determining whether the image includes an object
according to a comparison of the outputted estimate to
the learned estimates and suspending the outputting of
estimates depending upon the value of an outputted
estimate compared to a threshold value learned in
advance.

42. The method of claim 41, wherein the outputted esti-
mate is an estimate of probability that the image includes an
object.

43. The method of claim 41, wherein the outputted esti-
mate is a combination of plural determinations of differences
between pixel values of said two arbitrary pixels.

G o e = x



UNITED STATES PATENT AND TRADEMARK OFFICE
CERTIFICATE OF CORRECTION

PATENT NO. : RE47,434 E Page 1 of 1
APPLICATION NO. . 14/743538

DATED :June 11, 2019

INVENTOR(S) : Kenichi Hidai, Kohtaro Sabe and Kenta Kawamoto

It is certified that error appears in the above-identified patent and that said Letters Patent is hereby corrected as shown below:

In the Specification

Column 1 Line 13 delete the paragraph containing the continuity data and replace 1t with the following
data:

--This application 1s a REI of 10/994942 11/22/2004 PAT 7574037
and 1s a CON of 14/091410 11/27/2013 PAT RE45595

which 1s a REI of 10/994942 11/22/2004 PAT 7574037

and 1s a CON of 13/669820 11/06/2012 PA'T RE44703

which 1s a REI of 10/994942 11/22/2004 PAT 7574037

and 1s a CON of 13/208123 08/11/2011 PAT RE43873

which 1s a REI of 10/994942 11/22/2004 PAT 75740377 --.

Signed and Sealed this
Third Day of December, 2019

Andrei lancu
Director of the United States Patent and Trademark Office



	Front Page
	Drawings
	Specification
	Claims
	Corrections/Annotated Pages

