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Abstract—Visual context between objects is an important cue
for object position perception. How to effectively represent the
visual context is a key issue to study. Some past work introduced
task-driven methods for object perception, which led a large
coding quantity. This paper proposes an approach that
incorporates feature-driven mechanism into object-driven
context representation for object locating. As an example, the
paper discusses how a neuronal network encodes the visual
context between feature salient regions and human eye centers
with as little coding quantity as possible. A group of experiments
on efficiency of visual context coding and object searching are
analyzed and discussed, which show that the proposed method
decreases the coding quantity and improve the object searching
accuracy effectively.

1. INTRODUCTION

lot of psychological experiments[1-5] support the

hypothesis that using context is the way that humans

cognize the world. Visual context is generally
considered as two composed parts: the features of two objects
and the spatial relationship between two objects, where
objects include simple objects and complex objects. Simple
objects could be basic components, such as points, edges and
corners. Complex objects are composed of simple objects,
such as contours, regions and their compositions, e.g. eyes,
mouths, faces and human bodies. Except for specific cases,
the spatial relationship between two objects is indicated by
the directed distance of two object centers, where the distance
could be divided into horizontal and vertical distances
respectively. According to such context information, from
any starting position, a specific object could be searched and
located. In order to store such context information, how to
code the spatial relationship effectively becomes an important
issue to study.
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Some research work has utilized the visual context for
object detection or recognition. Kruppa et al.[6] made use of
local context between shoulders and faces to find faces.
Torralba et al.[7-9] introduced probability and statistical
framework to detect humans and cars with the context among
buildings, roads and objects. Paletta and Greindl[10]
designed a method to detect texts with the context of color
information in video. Strat and Fischler implemented a
context-based vision system[11] which recognizes objects
using information from both 2D and 3D imagery. We also
presented a task-driven spatial relationship coding approach
for object position perception[12]. Rybak et al.[13-15]
simulated the eye movement and use the context between
gaze points for object perception or recognition.

In the above studies, two types of visual context coding
were presented. One is feature-driven or data-driven methods
[13-15], and another is object-driven or task-driven methods
[6-12]. The first method encodes visual context between gaze
points that is obtained from a selective attention system which
simulate human eyes’ movement according to regions of
interests or feature salience. It is an autonomous method that
doesn’t need external supervision or data labels. It can be
used to encode the features of an object and recognize the
object, but it fails to produce cues for searching and locating
the object from the starting positions outside the object region.
The second method encodes visual context from labeled data
that represent the spatial relationship between objects. It is an
object-driven method that depends on the knowledge or
experience learned from supervisors or labeled data. It can
produce cues to search and locate the object from unlimited
starting positions.

In our past study[12], we used task-driven mechanism to
encode the context information between random starting
positions and object centers. We found that it produced a
large coding quantity for the application of object position
perception. The reason is that too much context between the
object centers and the random starting positions is coded, in
which not all the starting positions are the key positions. For
example, some staring positions are seated in plan or smooth
regions that lack features or information. Coding context
from such starting points is less meaningful. This
phenomenon brings the difficulty to the coding system to
encode as little context as possible. As a result, when the
coding system is applied to search and locate objects, the
system’s performance is restrained to be improved. How to
effectively encode the significant visual context becomes an
important research topic.

We notice that human eyes have an excellent property: the
feature-driven attention mechanism, with which humans can
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move their gaze points from a random initial point to the
regions that has salient features automatically without
external instruction. And these salient regions are usually
natural reference positions from which the spatial
relationship to objects is the key context information valuable
to be coded.

In order to solve the coding problem led by the
object-driven mechanism, in this paper, a context coding
mechanism integrating the object-driven method with the
feature-driven method is proposed. As an application
example of object searching, the coding system encodes the
context between the salient regions and the human eye object
centers.

This paper is arranged as follows: salient regions and their
spatial relationship to objects are introduced in Section II.
Section III describes the entire structure of the context coding
network. In section IV, the coding experiments on a practical
image database are analyzed. The global discussion is given
in the last section.

II. SALIENT REGIONS AND THEIR SPATIAL RELATIONSHIP TO
OBIJECTS

Feature-driven attention is the basic mechanism of human
vision system. Without the task or intention to find a specific
object, human eyes usually move its gaze points to the
regions that have salient features. Many psychological
experiments and artificial models[16-23] have studied this
phenomenon. In our implementation, a simple salience
detector ¥ is designed as shown in Fig.1, which simulates the
feature extraction of the On-Off receptive fields of ganglion
cells in human vision system.

-1 -1 -1
W=|-1 +8 -1
-1 -1 -1

Fig.1. The weights w(i, j) (i, j € [0, 2]) of the salience detector W

The response of the salience detector to a local image
centered at the pixel x(i, j) is represented in the following
function:

11
S0, ) =~ Zzw(k LIk, + 1)
8 k=—1i=-1

Fig.2(a)~(c) show some examples of salient regions
extracted with some thresholds from 5 visual field images that
are sub-sampled from the regions around the eye object
center in an image. Fig.2 (d) shows the spatial relationship
between object centers and surrounding salient regions on
two visual field images on scales=5 and 1 respectively.

(a) Five visual fields centered at the object center (the eye center)
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(b) Five visual field images(16 X 16 pixels, scales=5, 4, 3, 2 and 1)
sub-sampled from the original image(320 X 214 pixels)

(c) Object centers and surrounded salient regions extracted from five visual
field images on scales=5, 4, 3, 2 and 1

(d) The spatial relationship between object centers and surrounding salient
regions on two visual field images (16X 16 pixels, scales=5 and 1)

Fig.2. Salient regions and the spatial relationship between them and the
object centers on visual field images

III. A COMBINATION OF FEATURE-DRIVEN AND
OBJECT-DRIVEN MECHANISMS FOR VISUAL CONTEXT
CODING

In our previous study[12], an object-driven or task-driven
mechanism is used to encode the context between arbitrary
initial positions and the objects to be searched (see Fig.3).

(a) The spatial relationship between the object center and arbitrary initial
gaze points

(b) Encoding the current visual field images (16 X 16 pixels, scales=5 and 4)
and the spatial relationship between object centers and gaze points

Fig.3. Illustration of the visual context coding on two visual field images
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Thus given any one starting position, the simulated gaze
point would move to the position of the object automatically
according to the visual context knowledge coded in the neural
network illustrated in Fig.4(a). It consists of two coding parts.
One is an object coding structure, which inputs a local image
that includes the objects to be searched from a group of visual
fields at different resolutions, and represents the current local
image by the weights of the connections between the coding
neurons and the feature neurons. The second part is a visual
spatial relationship coding structure, which memorize the

horizontal and vertical shift distances (A x, A y) from the

center (x, y) of the current visual field to the object centers by
connecting the coding neurons to the position neurons that

represent the shift distances (A x, A y). The two coding parts

naturally incorporate into one entire structure and cooperate
to code objects and their spatial relationship in a repeated
mode from a large visual field at low resolution to a small
visual field at high resolution. Fig.4(b) describes the
object-driven attention or object searching procedure using
the coded visual context. The system perceive the image and
move the gaze point in a repeated mode until the system
acquires the full perception of the objects with 0 shift
distances ( A x=0, Ay=0).

Layer 4: postion neurons

Part 2: coding of
spatial relation

Layer 3: coding neurons

Layer 2: feature neurons Part 1: coding of
image content

Layer L' iuput neurons

lacal image with a center position (x.y)

(a) Visual context coding structure

Local image I
centerd with i Spraersseof:;;ues
position (x, y) P 9

T T T

Perception of

image —» .
9 image content

Move local image
center to new
position by
(delta x, delta y)

Perception of
spatial relation
(delta x, delta y)

(b) Object position perception according to the coded context
Fig.4. Visual context representation and its application to object searching

In this paper, we presented a combination of feature-driven
and object-driven mechanisms for visual context coding.
Different from the object-driven method that encodes the
spatial relationship between arbitrary positions and object
centers, the new method encodes the context between salient
regions and object centers which is illustrated in Fig.2 (d).
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The following paragraphs describe the coding features, the
coding structure and the coding algorithm using the
combination of feature-driven and  object-driven
Mechanisms.

A. Extend LBP Features

Fig.5 shows a set of extended LBP features used in the
coding system. Basic LBP(local binary patterns)[24] is a
kind of binary code for representing one of 256 patterns
for image blocks of 33 pixels. Original LBP only output a
discrete number from 0~255 to encode an image block
pattern instead of producing a continuous comparable
value for local image pattern. We extend LBP features by
assigning them continuous output with the following
function:

:
=10 = DD (g =0
k=0

where vector Xi=(xjy Xj; ... X;g) represent the i-th image block

or receptive field input of 33 pixels, r; represent the j-th

feature extracted from the i-th image block, and j is a
discrete number among 0~255, which corresponds to a
8-bit binary code: (bjobj;...bjx...bj7)>, where

{ 0 if (xs

b = =% >0 20-255, k=0~7)
Jk

1 otherwise
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Fig.5. 256 extend LBP features (receptive field=3<3 pixels), each of which
is computed by a sum of 8 weighted differences between surrounding pixels
(labels=0~7) and the central pixel (label=8)

In our coding system, for each one receptive field input

Xi, there are 256 feature neurons that extract the above
extended LBP features and only the first m neurons that
have the largest responses win through the competition

and produce outputs with their responses ;= /"; ),
where j=1~m.

B. Local Image Coding Structure

Fig.6 shows the local image coding part in which the .-th
coding neuron receives inputs weighted with wy;; from the
ij-th feature neuron with the j-th feature response r’; for its

i-th receptive field image input ;i. So a coding neuron’s
response R;=F(X), for the visual field image ;=(;1 ;2

X ) Which is composed of the receptive field inputs Xi , is:
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ReF(X)=F((X, X, o %3)

N m N o m
= E E W}gijf'j(xx):ZZW,ﬂﬁr'y

=l j=1 =l j=1
where the weights wy; is obtained at the coding or training
stage according to Hebbian rule[25] wy;~aRr;, in which R,
is set to 1 to represent the response of the £-th coding neuron
generated for representing a new visual field image pattern, o
is set as 1 for simplification and r; is the response of the j-th

feature neuron for receptive field input xi; r’; =f( xi)
belongs to the first m features that have the largest responses
among the total feature responses {r;} (7=0~255) at the testing
stage. All the weights will be normalized to length 1 for
unified similarity computation and comparison.
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feature neurons

I input neurons
T (local image)

Fig.6. Visual field image coding structure

C. Spatial Relationship Coding Structure

OB My—position
" neurons

OB position neurons

fx—position
neurons

coding neurons

Fig.7. Visual spatial relationship coding structure

The spatial relationship coding structure consists of two
layers of neurons: coding neurons and position neurons
(Fig.7). The coding neurons, as discussed in the last section,
represent different local image patterns. The position neurons,
divided into A x-position and A y-position neurons, represent
the object’s position (Ax, Ay) (Ax, Ay € [-7, 8]) from the
current gaze point or the center of the current visual field(16
%16 pixels) with a corresponding resolution.
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For the current local image input, there will be a coding
neuron with a maximum response to the input, which will win
out and represent the current local image pattern through
competition with other coding neurons. In coding stage, the
k-th new coding neuron is generated for the k-th local image
patterns. If the object’s position is (Ax, Ay) pixels in the
current visual field image, two connections will be generated
to link the new coding neuron and the two position neurons
A x-position and A y-position neurons. The weights wy x and
Wy, y on the two connections are learned with the Hebbian
rule:

Wy, X=OCRkRX, Wy, y=O(RkRy

where responses Ry, R,, and R, are all set to 1 to represent the
responses of the k-th coding neuron, A x-position neuron and
A y-position neuron respectively, and a is also set as 1 for
simplification.

D. Algorithm of Visual Context Coding using the
Combination of the Two Mechanisms

The system’s coded visual context is preserved in the
neural networks’ connection weights. Hebbian rule is the
fundamental learning rule, i.e., w;=aR;R; where w; is the
connection weights; a is the learning rate; R;and R; are the
responses of two neurons that are connected mutually.
Coding mechanism is as followed:

1. Input a local image from a visual field centered at the
center of a salient region; from the center position (x, y) of
the input, predict object’s position (x+ A x, y+ Ay);

2. If predicting result is not correct, generate a new coding
neuron (let response R=1); else go to 4;

3. Compute connecting weights between the new coding
neuron and feature neurons and that between the new
coding neuron and A x-, A y-position neurons (let response
R.=R,=1) using Hebbian rule w;=aR;R;;

4. Move current visual field center to the position of the
object and change the visual field to a smaller one;

5. Go to 1, until all scales of visual fields and all salient
regions’ center positions are coded.

The system’s perception of object position includes a
series of current visual field image perception and object
position prediction procedures according to the coded visual
contexts, which begin with an initial position (x, y) and end
with a finally predicted stopping position (0,0). The
procedure for current visual field image perception is
achieved by a coding neuron producing the largest response
among all the coding neurons and becoming a winner through
competitive interaction. The procedure for object position
prediction is achieved by a winner coding neuron which
activates A x- and A y- position neurons according to the
coded contexts or weighted connections. The two procedures
cooperate to perceive and predict in a repeated mode from a
global low resolution visual field to a local high resolution
visual field until the system’s position prediction is not
changed (predicted position x and y are all zeroes).

2008 International Joint Conference on Neural Networks (IJCNN 2008)



IV. EXPERIMENTS ON VISUAL CONTEXT CODING

The coding neural network is applied to represent visual
context between salient regions and eye centers and search
eye centers from initial arbitrary positions. It is carried on the
still face image database of the University of Bern, which has
total 300 images(320 X 214 pixels) with 30 people(ten images
each person) in 10 poses. Fig.8 illustrates the first ten 10

24228 2
222932

Fig.8. Face database of the University of Bern (320 X214 pixels)

A. Coding Structure

A group of visual fields on 5 different scales (16x16, 32x
32, 64x64, 128x128 and 256x256 pixels) is used to input
local image from the training and test images (320x214
pixels). For each scale or resolution, with reference to Fig.2 (a)
and (b), there is a corresponding 16x16 input neuron array
with different intervals. So there are totally 5x16x16=1280
sensing input neurons in the first layer.

With reference to Fig.5, the size of the receptive field of the
feature neurons is 3<3 pixels, each of which has 2/3 overlap
with neighboring input neurons’ receptive fields. There are
256 types of such features for each receptive field from visual
fields at 5 resolutions, thus there are totally 5256 %
[(16-(3-1)]*=250880 feature neurons, in which only 250880x
(1/256)=980 neurons (the first m largest responding neurons,
m=1, see section III C and B) win through competition and
contribute to activate the coding neurons in the third layer.

The number of coding neurons in the third layer is
dependent on natural categories of visual field image patterns.
The number of position neurons in the fourth layer is 2x
16=32, which represents 16 shift positions in x and y
directions respectively, and corresponds to 1616 input
neuron array for all the five visual field resolutions in the first
layer.

B. Experiments

Two experiments were done on the face database of the
University of Bern.

Fig.9. Testing for perceiving eye center positions from a group of initial
positions in random distribution
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As illustrated in Fig.2 and 9, visual context coding was
with a group of salient regions while testing was with a group
of initial points in random distribution. Given an initial
position, the system was tested to search and locate the eye
centers.

In the first experiment(#1), the visual context between
salient regions and the eye centers from 30 images of 30
people (one frontal image each person) were coded, and the
rest of 270 images were tested at 48 random initial gaze
positions on each image. In the second experiment(#2), 90
images of 9 people (10 images each one) were coded, and the
rest of 210 images were tested at 48 random initial gaze
positions on each image. To make a comparison between the
method in reference [12] and the method in this paper, their
average locating errors, the numbers of coding neurons, and
the numbers of connections between feature neurons and
coding neurons for the experiment #1 and #2 are listed
respectively in the table below.

TABLEI
PERFORMANCES OF THE TWO CODING SYSTEMS (M: MILLION)
number of
connections average
number | number of k
. between feature locating error
method of coding neurons . .
neurons and coding| (pixel)
feature
neurons (M)
neurons
#1 #2 #1 #2 #1 #2
[12] 980 | 25614 | 77208 5.020 15.132 4.65 4.82
this paper 980 | 25223 | 76613 4.944 15.016 4.07 437

From the above table, it can be learned that the system
using the method in this paper performs better on both coding
quantity and locating accuracy than the method used in [12].
At the same time, we notice that their difference is not quite
distinct. The reason may be that too many salient regions are
extracted and used for visual spatial relationship coding.

V. DISCUSSION

Visual context is relative to the spatial relationship
between two objects in a local image. Coding such visual
context indirectly becomes the representation for categories
of local image patterns. In order to decrease the number of
such categories, the method of selecting key local image
patterns centered at salient regions is proposed in this paper,
which incorporates feature-driven methods into the
object-driven visual context coding mechanism. From the
experiments in Section V, it can be learned that the new
coding system for the experiment #1 and #2 coded about 25.2
and 76.6 thousands categories of local image patterns, which
are 4 hundreds and 8 hundreds less than the method in [12]
and deceased the locating error with 0.58 and 0.45 pixels
respectively. The new mechanism also decreased the coding
quantity of the connections between the feature neurons and
the coding neurons to a large extent. Although the
improvements are limited, it shows the proposed mechanism
is a promising method. In the future study, selective attention
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mechanism will be introduced in the visual context coding  [24] T. Ojala, M. Pietikainen, and D. Harwood. A Comparative Study of

: Texture Measures with Classification based on Featured Distribution.
research to improve the system performance further. .
P Yy p Pattern Recognition 29(1):51~59,1996

[25] D.O. Hebb, The organization of behavior, New York: Wiley, 1949
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