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(54) VISUAL ATTENTION DETECTOR AND VISUAL ATTENTION DETECTION METHOD

(57) To provide a novel algorithm for visual attention
detection in videos that can be easily implemented and
is of superior reliability, a visual attention detector in-
cludes a feature extraction unit configured to extract a
spatiotemporal feature from a local region in a video; a
hashing unit configured to convert a spatiotemporal fea-
ture value for the local region into a hash value, and to

select a training value mapped to the hash using a hash
table; and an attention measure determining unit for de-
termining an attention measure on the basis of the dis-
tance between a spatiotemporal feature value for the lo-
cal region and the selected training value such that the
larger the distance the larger the attention measure.
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Description

FIELD

[0001] The present invention relates to techniques for
predicting a region within a video likely to attract visual
attention.

BACKGROUND

[0002] There are techniques known, for instance from
Japanese Unexamined Patent Application Publication
No. 2010-258914, which use image analytics to automat-
ically detect regions in an image likely to visually attract
a person’s attention, or that are abnormal (hereafter,
these kinds of regions are referred to as "visual attention
regions"). These kinds of techniques are referred to as
visual attention detection, or saliency detection, or the
like, and have been gaining lots of attention as important
key features in the field of computer vision. Visual atten-
tion detection for video in particular, is expected to have
application in various fields; for instance, using surveil-
lance cameras to detect unusual or abnormal circum-
stances, or in the automatic operation of vehicles or ro-
bots.
[0003] Algorithms for visual attention detection can be
largely divided into model-based techniques or learning-
based techniques. In a model-based technique, image
features that should be determined as abnormal are pre-
sented as the model, and the regions having these kinds
of image features are extracted from an image. However,
positing unknown abnormal states is non-trivial, and it
tends to be extremely difficult to implement a model ca-
pable of supporting a variety of real world events. In con-
trast, a learning-based technique uses a large quantity
of training data to learn the image features that should
be determined as normal or abnormal. The advantage is
that the learning-based method can provide a simpler
way of building a highly accurate detector without requir-
ing models or hypotheses. Unfortunately, this method is
highly dependent on the training data; thus, the detection
accuracy deteriorates when the training data is unsuita-
ble. There are also cases where over time the subject
being monitored, the situation, and the environment
changes, and the knowledge gained through training be-
comes unsuitable even when the detector is trained in
advance with suitable training data. In such a cases, new
training data corresponding to the current situation must
be prepared and used to retrain the detector, and main-
tenance of the detector is a hassle.

Technical Problem

[0004] Given the foregoing issues the present inven-
tion provides a novel algorithm for visual attention detec-
tion in videos that can be easily implemented and is of
superior reliability.
[0005] The proposed algorithm for visual attention de-

tection in videos is also capable of flexibly adapting to
changes in the detection target or environment, or the
like.

SUMMARY

Solution to Problem

[0006] With the above in mind, the present invention
adopts the following configurations.
[0007] Specifically, a visual attention detector accord-
ing to embodiments of the invention detects regions in a
video likely to attract visual attention, and includes: a fea-
ture extraction unit configured to extract a spatiotemporal
feature from a local region in a video, a spatiotemporal
feature representing a spatial and a temporal change in
an image in the local region; a hashing unit configured
to convert a spatiotemporal feature value for the local
region into a hash value using a hash function, and to
select a training value mapped to the hash value for the
local region using a hash table wherein a training value
learned in advance for a spatiotemporal feature is regis-
tered in a bucket mapped to a hash value; and an atten-
tion measure determining unit for determining an atten-
tion measure on the basis of the distance between a spa-
tiotemporal feature value for the local region and the se-
lected training value such that the larger the distance the
larger the attention measure.
[0008] Note that a "spatiotemporal feature" can be con-
sidered an index that quantifies the movement or chang-
es in the subject within the video. Consequently, a "train-
ing value for a spatiotemporal feature" represents a nor-
mal state of change or movement in the subject (a normal
value), whereas, a "spatiotemporal feature value in a lo-
cal region" represents the movement of or changes in
the subject detected from the video being analyzed, in
other words a spatiotemporal feature value represents
the current state. Accordingly, evaluating the size of the
distance between a "spatiotemporal feature value in a
local region" and the "selected training value" is equiva-
lent to evaluating how much the current movement of or
changes in the subject differs from its normal state. A
subject’s movement or change that differs from a normal
state usually tends to attract a person’s visual attention.
Therefore, determining an attention measure on the
same basis, the size of the distance between a "spatio-
temporal feature value in a local region" and the "selected
training value" as in embodiments of the invention allows
for accurate detection (prediction) of a visual attention
region.
[0009] Embodiments of the invention also select a
training value mapped to the hash value for the local re-
gion using a hash table wherein a training value learned
in advance for a spatiotemporal feature is registered in
a bucket mapped to a hash value. Hereby, the training
value distribution that should be compared to the spati-
otemporal feature value for the local region may be simply
and quickly selected from among all the training values.
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[0010] Moreover embodiments of the present inven-
tion may use training only for registering training values
to the hash table without needing the design of a com-
plicated model as required by conventional model-based
techniques. Consequently, this simplifies implementa-
tion of a visual attention detector. Another advantage is
that the algorithm may be flexibly modified for changes
in the detection target or environment by merely updating
the hash table.
[0011] The training value may be the spatiotemporal
feature value extracted from a video capturing an iden-
tical subject under identical parameters as the video be-
ing processed during a predetermined time period. Thus
the normal states of movement or change in the subject
within a video may be appropriately learned by selecting
this kind of training video.
[0012] The hashing unit includes a plurality of hash ta-
bles; the attention measure determining unit may use
each hash table in the plurality of hash tables to calculate
a plurality of attention measures and may combine the
plurality of attention measures to determine a final atten-
tion measure. The reliability of the attention measure re-
sults calculated may deteriorate due to a bias in a distri-
bution of training values or a bias in the hash function.
At that point, combining a plurality of the calculation re-
sults using the plurality of hash tables as above-men-
tioned improves the reliability of the visual attention de-
tection.
[0013] The visual attention detector may further in-
clude a hash table updating unit configured to register a
spatiotemporal feature value for the local region as a new
training value in the hash table to thereby update the
hash table. Hereby, the hash table may be additionally
trained using the current state (the spatiotemporal fea-
ture value for the local region); therefore, the reliability
of the visual attention detection may be improved.
[0014] The hash table updating unit may update the
hash table by deleting a bucket having less than a thresh-
old number of training values registered therein. Using a
bucket with few training values is likely to increase the
prediction error in the attention measure. Consequently,
deleting a bucket with few training values so that the
bucket is not used when calculating the attention meas-
ure thereby improves the reliability and stability of the
visual attention detection.
[0015] The visual attention detector may further in-
clude a foreground extraction unit for extracting a moving
region within a frame in the video as a foreground region;
and an attention map refining unit for generating a refined
attention map from information on the attention measure
determined by the attention measure determining unit,
and information on the foreground region extracted by
the foreground extraction unit so that the attention meas-
ure within the foreground region is uniform. Outputting
an attention measure for each foreground region (moving
region) thereby improves the reliability of the visual at-
tention detection.
[0016] Note that a visual attention detector having at

least a portion of the above-mentioned features and func-
tions lies within the scope of the invention. Note that a
method for visual attention detection having at least a
portion of the above-mentioned features and functions
lies within the scope of the invention. Moreover, a pro-
gram for executing these methods on a computer, or a
computer readable medium storing such a program are
also within the scope of the invention. The above-men-
tioned processes and features may be freely combined
with each other insofar as is technically possible to con-
figure the invention.

Effects

[0017] The invention provides a novel algorithm for vis-
ual attention detection in videos that can be easily imple-
mented and is of superior reliability. The proposed algo-
rithm for visual attention detection in videos is also ca-
pable of flexibly adapting to changes in the detection tar-
get or environment, or the like.

BRIEF DESCRIPTION OF THE DRAWINGS

[0018]

FIG. 1 is a block diagram representing the functions
of a visual attention detector according to a first em-
bodiment;
FIG. 2 is a schematic of the relationship between an
input video, a local image, and an image block;
FIG. 3 is a diagram of the HOF concept;
FIG. 4 is a diagram outlining a hash function concept,
specifically of locality-sensitive hashing (LSH);
FIG. 5A outlines a hash table; FIG. 5B is a schematic
representation of the relationship between a hash
table, a hash function, and an entry;
FIG. 6 is a flowchart of the hash table training proc-
ess;
FIG. 7 is a flowchart of a visual attention detection
process;
FIG. 8 is a diagram for explaining the formulas used
to calculate an attention measure;
FIG. 9 diagrams an example of a video and an at-
tention map;
FIG. 10 is a block diagram representing the functions
of a visual attention detector according to a second
embodiment;
FIG. 11 is a diagram for explaining the refinement of
an attention map using foreground region informa-
tion; and
FIG. 12 is a block diagram representing the functions
of a visual attention detector according to a third em-
bodiment.

DETAILED DESCRIPTION

[0019] The invention relates to a visual attention de-
tection algorithm that, using a computer for image anal-
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ysis, automatically predicts regions (i.e., visual attention
regions) within a video likely to attract visual attention.
The results of visual attention detection is visual attention
information; for instance, the visual attention information
may be represented as an attention map depicting a dis-
tribution of an attention measure for each pixel or small
region; or, the visual attention information may be output
in the form of a binary image wherein the attention map
is converted to binary using a predetermined threshold.
This kind of visual attention information is preferably em-
ployed in a variety of ways such as preprocessing in a
computer vision application, e.g., partitioning image re-
gions (segmentation), image classification, scene inter-
pretation, image compression, facial recognition, and ob-
ject recognition.
[0020] One feature of the visual attention detection al-
gorithm according to embodiments of the invention is that
hashing techniques are adopted in evaluating an image
feature and in evaluating an attention measure. Hashing
is a technique used in various fields such as data search-
ing, encryption, and electronic certification; however,
there are no known examples of hashing being adopted
in the visual attention detection.
[0021] Examples of specific embodiments of a visual
attention detection algorithm according to the invention
are described below with reference to the drawings. How-
ever, the embodiments described below are merely ex-
amples of a preferred configuration, and are in no way
meant to limit the scope of the invention.

First Embodiment

Device Configuration

[0022] FIG. 1 is a block diagram representing the func-
tions of a visual attention detector according to a first
embodiment. The visual attention detector 1 in FIG. 1
includes mainly, a video acquisition unit 10, an image
segmentation unit 11, a feature extraction unit 12, a hash-
ing unit 13, an attention measure determining unit 14,
and a storage unit 15.
[0023] The video acquisition unit 10 acquires the video
that will be examined. The video acquisition unit 10 may
acquire video data from an imaging device (e.g. a video
camera), or may read video data from a storage device
or from a server on a network. In this embodiment the
video data is a 30-frame-per-second gray scale video
acquired from a surveillance camera. However, the video
format is not particularly limited, and a color video may
be used. The input video acquired is stored in the storage
unit 15.
[0024] The image segmentation unit 11 divides the in-
put video along a timescale (t), and along spatial coordi-
nates (x, y), to generate a plurality of image blocks. An
image block is a set of images made up of local images
of an identical spatial position from a plurality of frames,
and is referred to as a cuboid or a spatiotemporal image.
An image block may be thought of as a video of a localized

time period in a local region within the input video. In the
embodiment, image features are extracted and evaluat-
ed on an image block basis to define the spatial and tem-
poral changes in an image. FIG. 2 is a schematic of the
relationship between an input video 20, a local image 21,
and an image block 22. For instance, when the input vid-
eo 20 is a one-minute VGA (640 x 480 pixels) video run-
ning at 30 frames per second, and an image block 20 is
five frames of 5 x 5 pixels, then the input video 20 is
segmented into 73,728 image blocks 22.
[0025] The feature extraction unit 12 extracts spatio-
temporal features from each image block 22. A spatio-
temporal feature is an image feature representing both
the spatial changes and the temporal changes in an im-
age, and is an index quantifying the movement or chang-
es in the subject (a person or an object, or the like) within
a video. While in the embodiments a Histogram of Optical
Flow (HOF) is used to represent the spatiotemporal fea-
tures, other types of spatiotemporal features such as mo-
tion vectors may be used for this algorithm.
[0026] FIG. 3 diagrams the HOF concept. The feature
extraction unit 12 searches each frame in an image block
22 for feature points 30, and searches for movement of
the feature points 30 by mapping the feature points 30
between frames. This movement of the feature points 30
is referred to as an optical flow 31. The feature extraction
unit 12 then obtains the direction (angle) θ, and speed
(intensity) v of the optical flow for each of the feature
points 30, and plots frequency of the direction θ and the
speed v of the optical flow 31 of each of the feature points
30 in a histogram 32 with the direction θ and the speed
v along the horizontal axis. This kind of operation is used
to convert the plurality of optical flows 31 extracted from
the image block 22 into a single histogram 32. This his-
togram 32 is an HOF. For example, when the direction
θ is separated into eight bins, and the speed v is sepa-
rated into 10 bins, the HOF becomes an 18-dimensional
feature vector.
[0027] The hashing unit 13 uses a hash function to
convert the value of the spatiotemporal feature into a
hash value, and references a hash table to obtain the
entry mapped to that hash value.
[0028] The hash function converts the data input there-
in (in this embodiment the HOF), into a hash value that
is made up of a simple bit string. Various kinds of hash
functions have been heretofore proposed, and any kind
of hash function may be used in this algorithm. Below is
an example of using locality-sensitive hashing (LSH).
LSH is advantageous because, for instance, no teaching
signals are required when generating the hash function,
the function is fast, and there is a high probability that
similar data is converted to the same hash value, and
the like; and so LSH is effective for the real time analysis
of the kinds of video signals that would be handled by
this embodiment.
[0029] FIG. 4 is a diagram outlining a hash function
concept, specifically of locality-sensitive hashing (LSH).
An LSH hash function g(x) is composed of k number of
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hyperplanes h(x) - hk(x) randomly distributed over an n-
dimensional feature space. Although FIG. 4 depicts an
example where n = 2 and k = 5 (and in this case, the
hyperplanes are straight lines), for the sake of conven-
ience, when implementing the algorithm the feature
space may have several to several hundred dimensions
n, and there may be several to several hundred hyper-
planes k.
[0030] When a feature value x (where x is an n-dimen-
sional vector) is input into the hashing unit 13, the hashing
unit 13 determines whether the value x is on the positive
or negative side of the hyperplane h1(x), and encodes
the location of the value x as 1 (positive) or 0 (negative)
for the hyperplane h1(x). The hashing unit 13 carries out
identical determinations for the remaining hyperplanes
h2(x) - hk(x), and creates a k-bit hash value by combining
the individually encoded k bits. In the example illustrated
in FIG. 4, the value x1 is negative in h1(x), h3(x), and
h4(x), and positive in h2(x), and h5(x); therefore, the hash
value for the value x1 is "01001". Furthermore, the value
x2 is negative in h2(x) and h3(x), and positive in h1(x),
h4(x), and h5(x); therefore, the hash value for the value
x2 is "10011".
[0031] FIG. 5A outlines a hash table. A hash table is
an array of data made up of a plurality of buckets; each
bucket contains a hash value and an entry mapped to
the hash value, and the hash value serves as an index
to the bucket. In the embodiment, the sample data for a
spatiotemporal feature that generates a given hash value
is registered in a bucket as an entry mapped to that hash
value. Sample data may be the data acquired and accu-
mulated through training using the video.
[0032] FIG. 5B is a schematic representation of the
relationship between a hash table, a hash function, and
an entry. A subspace segmented by the hash function
(into hyperplanes h1(x) - hk(x)) is mapped to buckets in
the hash table, and the sample data plotted in the sub-
space is mapped to an entry registered in a bucket. As
can be understood from FIG. 5B, two or more entries
may be registered to a single bucket; conversely, there
may be buckets that do not include a single entry.
[0033] The attention measure determining unit 14 uses
the hashing results to obtain attention measures for each
of the image blocks 22 and generate an attention map.
The attention measure determining unit 14 is described
later in detail.
[0034] The visual attention detector 1 may be com-
posed of, for instance, a computer equipped with a CPU
(processor), a memory, and auxiliary storage device, an
input device, a display device, and a communication de-
vice. Each function illustrated in the visual attention de-
tector 1 (FIG. 1) may be implemented by loading a pro-
gram stored in the auxiliary storage device into memory,
and running the program on the CPU. However, all or a
portion of the functions of the visual attention detector 1
may be implemented as circuits on an ASIC or an FPGA
or the like. Alternatively, all or a portion of the functions
of the visual attention detector 1 may be implemented

through cloud computing or distributed computing.

Training with the Hash Table

[0035] Details of the visual attention detector 1 training
with a hash table are described with reference to FIG. 6.
FIG. 6 is a flowchart of the hash table training process.
The hash table training process generates a new hash
function or a new hash table, and may be executed when
the visual attention detector 1 is installed or begins op-
eration.
[0036] The video acquisition unit 10 obtains the video
used for training in step S600. The training video may be
a video captured for a predetermined period for an object
captured such as a place, or a subject, and imaging con-
ditions such as the angle, magnification, exposure, frame
rate, and the like, that are identical to the types of videos
that will be processed for visual attention detection (later
described). Selecting a training video in this manner, al-
lows the algorithm to learn the normal state of movement
or change in the subject within a video. For instance, if
the visual attention detector 1 is adopted in a surveillance
camera for detecting abnormalities, a video captured by
the surveillance camera over a few minutes or a few
hours may be used for training.
[0037] In step S601 the image segmentation unit 11
divides the training video into image blocks (FIG. 2). In
step S602 the feature extraction unit 12 calculates the
features in each image block. The feature data calculated
at this point are stored in the storage unit 15. Note that
the processing in steps S601 and S602 may be executed
consecutively each time the required number of frames
of the video data is read (i.e., five frames in the example
in FIG. 2).
[0038] After acquiring the training feature data as
above described, control transitions to generating a hash
function and a hash table. In the embodiment, a plurality
of sets of hash functions and hash tables are created
from the same training feature data to improve the relia-
bility of the hashing process.
[0039] First, the hashing unit 13 randomly generates
hash functions (i.e., k hyperplanes; step S603), gener-
ates an array of 2k new buckets for use in the hash table,
and initializes each bucket (Step S604). Next, the hash-
ing unit 13 takes out a single value from the training fea-
ture data (hereinafter, training value) and converts the
training value to a hash value using the hash function
generated in step S603 (Step S605). The hashing unit
13 registers the training value in the bucket mapped to
the hash value obtained in step S605 (step S606). After
executing the steps S605 and S606 for all the training
values contained in the training feature data (step S607),
the hash table is complete.
[0040] Further, repeating the steps S603 to S607 L
times creates L sets of hash functions and hash tables.
The value of L may be selected as desired through ex-
perimentation or experience (in the embodiment, as-
sume L = 10). The hash table training process is hereby
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complete.

The Visual Attention Detector

[0041] Details of the visual attention detection process
in the visual attention detector 1 are described with ref-
erence to FIG. 7. FIG. 7 is a flowchart of a visual attention
detection process. The visual attention detection process
is executed continually or periodically while the visual
attention detector 1 is running.
[0042] The video acquisition unit 10 obtains the video
to be analyzed in step S700. For instance, the video ac-
quisition unit 10 may acquire five frames of video data
from a surveillance camera. In step S701 the image seg-
mentation unit 11 divides the training video into image
blocks (FIG. 2). In step S702 the feature extraction unit
12 calculates the features in each image block. The fea-
ture data calculated at this point are stored in the storage
unit 15.
[0043] Subsequently, the processes in steps S703 to
S708 are run in order on each of the image blocks within
the video. Hereafter, the "current block" refers to an im-
age block being processed.
[0044] First, the hashing unit 13 converts the values of
the features in the current block into a hash value using
the i-th hash function, where i = 1 to L (steps S703, S704).
The hashing unit 13 acquires an entry (training value) in
the bucket mapped to the hash value for the current block
from the i-th hash table (step S705). If there is not at least
one training value contained in the bucket mapped to the
hash value (hereafter, empty bucket), instead of process-
ing the empty bucket, an entry may be acquired from a
bucket containing the closest training value to the value
of the feature in the current block (referred to as a neigh-
boring bucket). The training value obtained in step S705
is referred to hereafter as a "mapped training value". A
mapped training value may often include a plurality of
training values, however there are cases where the
mapped training value contains only a single training val-
ue.
[0045] The attention measure determining unit 14 then
computes an attention measure for the current block on
the basis of the distance between the value of the feature
in the current block and the mapped training value in a
feature space (step S706). In the embodiment an atten-
tion measure Ai(z) is computed for the current block using
the following formula. 

[0046] Here, "i" is the number of the hash table, where
i = 1 - L; z represents the value of the feature (feature
vector) for the current block; cm is the center (center of

gravity) for the distribution of mapped training values;
and rm is distance between the center (center of gravity)
and an outermost training value in the distribution of
mapped training values (FIG. 8).
[0047] The processes in steps S703 through S706 are
repeated while changing the hash functions and hash
tables selected, to thereby compute L number of attention
measures A1(z) - AL(z). Finally the attention measure
determining unit 14 combines the attention measures
A1(z) - AL(z) obtained with each of the hash tables to
thereby compute a final attention measure A(z). Any de-
sired method may be used to combine the attention
measures; in the embodiment the following kind of
weighted sum formula is used. 

[0048] Here, α1 is a weight that may be established as
appropriate based on experimentation or experience. For
instance, the reliability of the hash table may be evaluated
and a hash table with a low reliability given a smaller
weight, while a hash table with a high reliability is given
a larger weight. The reliability of a hash table may be
evaluated using the distribution of the training values
within each bucket, the degree of separation between
training value distributions between buckets, or the bias
in the number of training values between buckets. Of
course, all the weights may be made equal by, for in-
stance α1,...,αL=1/L, or the like.
[0049] Once an attention measure A(z) is computed
for all the image blocks in a video, the attention measure
determining unit 14 generates an attention map. FIG. 9
diagrams an example of a video 90 and an attention map
91. The attention map 91 represents the attention meas-
ure for each image block in gray scale, where, the brighter
(i.e., the closer to white) the image block, the higher the
attention measure. Although the video 90 represents a
person 92 and an object (a vehicle) 93 as the moving
subjects, only the region including the person 92 has a
larger attention measure in the attention map 91. For
example, images of a traveling vehicle are commonplace
(normal) in a video from a surveillance camera along a
highway; however, an image of a person walking along
the highway would be out of place (abnormal). In such a
situation, the region including the person 92, which is
where there is abnormal movement, is detected as hav-
ing larger attention measure. This kind of attention map
is saved in the storage unit 15 or output to an external
device, for use in various computer vision applications
such as object recognition, image recognition or the like.
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Advantages of the Embodiment

[0050] A training value registered in the hash table for
a spatiotemporal feature represents a normal state of
change or movement in the subject (a normal value),
whereas, the feature value for a current block represents
the movement of or changes in the subject detected from
the video being analyzed, in other words, the feature val-
ue for the current block represents the current state. Ac-
cordingly, evaluating the size of the distance between a
feature value in a current block and the mapped training
value in the feature space is equivalent to evaluating how
much the current movement of or changes in the subject
differs from its normal state. A subject’s movement or
change that differs from a normal state usually tends to
attract a person’s visual attention. Therefore, the visual
attention detection algorithm of the embodiment is capa-
ble of accurately detecting (predicting) a visual attention
region.
[0051] The embodiment also selects a training value
mapped to the hash value for the current block using a
hash table wherein a training value learned in advance
for a spatiotemporal feature is registered in a bucket
mapped to a hash value. Hereby, the training value dis-
tribution that should be compared to the spatiotemporal
feature value for the current block may be simply and
quickly selected from among all the training values.
[0052] Moreover the embodiment may use training on-
ly for registering training values to the hash table without
needing the design of a complicated model as required
by conventional model-based techniques. Consequent-
ly, this simplifies implementation of a visual attention de-
tector. Another advantage is that the algorithm may flex-
ibly modified for changes in the detection target or envi-
ronment by merely updating the hash table. Finally, the
embodiment uses a plurality of hash tables, and com-
bines the plurality of calculation results to obtain a final
attention measure; therefore, with this embodiment it is
possible to suppress degradation of the reliability of the
visual attention detection due to bias in the training value
distribution, or bias in the hash function, or the like to
thereby implement highly reliable visual attention detec-
tion.

Second Embodiment

[0053] The attention map constructed in the first em-
bodiment uses the attention measures calculated per im-
age block; consequently, there are cases where an at-
tention measure distribution does not coincide with the
regions identified in the video (i.e., the person 92, and
the vehicle 93). However, visual attention is usually
drawn toward a person or an object; therefore it is pref-
erable then that the attention measures are output per
region for a person or an object and not per image block.
Therefore, a second embodiment may be configured to
extract a foreground region in the video, and to refine the
attention map on the basis of that foreground region.

[0054] FIG. 10 is a block diagram representing the
functions of a visual attention detector 1 according to the
second embodiment. The difference with the first embod-
iment (FIG. 1) is the presence of a foreground extraction
unit 16 and an attention map refinement unit 17. All other
components are identical to the configuration in the first
embodiment.
[0055] The foreground extraction unit 16 extracts a
"moving region" within a frame in a video for use as the
foreground region. More specifically, the foreground ex-
traction unit 16 uses the optical flow obtained when the
feature extraction unit 12 calculates the spatiotemporal
features, and determines the foreground region as those
regions where the intensity of the optical flow (speed) is
greater than a threshold. Using this already generated
optical flow minimizes the amount of calculation needed
for foreground extraction, and speeds up processing.
Note that despite the increase in computations that would
be needed compared to the optical flow algorithm used
in this embodiment, other foreground extraction algo-
rithms such as video segmentation, or motion clustering
may be used.
[0056] The attention map refinement unit 17 refines
the attention map on the basis of information on the fore-
ground region obtained from the foreground extraction
unit 16 so that the attention measures within each of the
foreground extraction regions are uniform. More specif-
ically, when a plurality of image blocks overlaps within a
single foreground region, the attention map refinement
unit 17 sets the attention measure for that foreground
region to the maximum attention measure in the overlap-
ping image blocks.
[0057] FIG. 11 depicts examples of the video 90, the
attention map 91, foreground region information 94, and
a refined attention map 95. It can be understood from
FIG. 11 that the refined attention map includes smoother
attention measures, and the attention measures are
more uniform per region. In this manner the embodiment
outputs an attention measure for each foreground region
(moving region) and thereby improves the reliability of
the visual attention detection.

Third Embodiment

[0058] FIG. 12 is a block diagram representing the
functions of a visual attention detector 1 according to a
third embodiment. The difference with the first embodi-
ment (FIG. 1) is the presence of a hash table updating
unit 18. All other components are identical to the config-
uration in the first embodiment.
[0059] The hash table updating unit 18 performs online
updating of the hash tables. Here, "online" means while
the visual attention detector is operating (running). More
specifically, the hash table updating unit 18 periodically
performs the following two kinds of updating: "additions"
or "deletions" (e.g., once every 30 minutes, once per day,
once a week, or the like).
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Additions

[0060] An "addition" is an updating operation where
the spatiotemporal feature value obtained from a video
being process is registered to a hash table as a new
training value. This kind of updating operation addition-
ally trains the hash table on the current state, and there-
fore improves the reliability of the visual attention detec-
tion.
[0061] All the values obtained from the video currently
being processed may be added to the hash table; how-
ever, this may dramatically increase the number of en-
tries registered in the hash table, which raises issues
such as reduced storage capacity, and reduced process-
ing speed. Accordingly, instead of adding all the values,
it is preferable to only add those training values that sat-
isfy a predetermined criterion.
[0062] For instance, in step S705 (FIG. 7), when the
bucket corresponding to the hash value for the current
block is empty, the attention measure determination unit
calculates an attention measure A(z) using a training val-
ue contained in a neighboring bucket instead of the empty
bucket. At this point, if the attention measure A(z) calcu-
lated is smaller than a threshold THa (i.e., if it is deter-
mined that there is normal movement in the current
block), then the storage unit 15 may temporarily store
the feature value of the current block. In this manner, on
collecting a set number of feature values would belong
to an empty bucket but are determined to be normal, the
hash table updating unit 18 may register those feature
values in an empty bucket of the hash table. The number
of buckets used for calculating the attention measure in-
creases, and thereby improves the reliability of hashing
and the reliability of the visual attention detection.

Deletion

[0063] A "deletion" is an updating operation whereby
the buckets containing less than a threshold Tb number
of registered training values are deleted. To "delete a
bucket" means to delete all the training values registered
in the bucket (i.e., emptying the bucket). Using a bucket
with few training values is likely to increase the prediction
error in the attention measure. Consequently, deleting a
bucket with few training values so that the bucket is not
used when calculating the attention measure thereby im-
proves the reliability and stability of the visual attention
detection.
[0064] As above described, the embodiment imple-
ments automatic online updating of a hash table, and
therefore allows the algorithm to flexibly adapt to chang-
es, such as in the detection target or the environment.

Additional Considerations

[0065] The above-described embodiment is merely
one specific example of the invention, and in no way is
it meant that the scope of the invention is limited to said

specific example. For example, the online updating func-
tion described for the third embodiment may be built into
the device according to the second embodiment. Addi-
tionally, while the example provided through the third em-
bodiment only adds and deletes training values from an
existing hash table, a device according to the third em-
bodiment can also use the feature values accumulated
in the storage unit 15 to generate a new hash table.

Claims

1. A visual attention detector configured to predict a
region in a video likely to attract visual attention, the
visual attention detector comprising:

a feature extraction unit configured to extract a
spatiotemporal feature from a local region in a
video, a spatiotemporal feature representing a
spatial and a temporal change in an image in
the local region;
a hashing unit configured to convert a spatio-
temporal feature value for the local region into
a hash value using a hash function, and to select
a training value mapped to the hash value for
the local region using a hash table wherein a
training value learned in advance for a spatio-
temporal feature is registered in a bucket
mapped to a hash value; and
an attention measure determining unit for deter-
mining an attention measure for the local region
on the basis of the distance between a spatio-
temporal feature value for the local region and
the selected training value such that the larger
the distance the larger the attention measure.

2. The visual attention detector according to claim 1,
wherein the training value is a spatiotemporal feature
value extracted from a video capturing an identical
subject under identical parameters as the video be-
ing processed during a predetermined time period.

3. The visual attention detector according to claim 1 or
claim 2, wherein: the hashing unit includes a plurality
of hash tables; and
the attention measure determining unit computes a
plurality of attention measures using each hash table
in the plurality of hash tables, and combines the plu-
rality of attention measures to thereby determine a
final attention measure.

4. The visual attention detector according to any one
of claims 1 through 3, further comprising: a hash ta-
ble updating unit configured to register a spatiotem-
poral feature value for the local region as a new train-
ing value in the hash table to thereby update the
hash table.
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5. The visual attention detector according to claim 4,
wherein the hash table updating unit updates the
hash table by deleting a bucket having less than a
threshold number of training values registered there-
in.

6. The visual attention detector according to any one
of claims 1 through 5, further comprising: a fore-
ground extraction unit configured to extract a moving
region within a frame in the video as a foreground
region; and
an attention map refining unit configured to generate
a refined attention map from information related to
the attention measure determined by the attention
measure determining unit, and information on the
foreground region extracted by the foreground ex-
traction unit so that the attention measure within the
foreground region is uniform.

7. A method of visual attention detection for predicting
a region in a video likely to attract visual attention,
the method of visual attention detection having steps
comprising:

extracting a spatiotemporal feature from a local
region in a video, the spatiotemporal feature rep-
resenting a spatial and a temporal change in an
image in the local region;
converting a spatiotemporal feature value of the
local region into a hash value using a hash func-
tion;
selecting a training value mapped to the hash
value for the local region using a hash table
wherein a training value learned in advance for
a spatiotemporal feature is registered in a bucket
mapped to a hash value; and
determining an attention measure for the local
region on the basis of the distance between a
spatiotemporal feature value for the local region
and the selected training value such that the
larger the distance the larger the attention meas-
ure.
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