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Abstract— A biologically inspired foveated attention system
in an object detection scenario is proposed. Thereby, a high-
performance active multi-focal camera system imitates visual
behaviors such as scan, saccade and fixation. Bottom-up atten-
tion uses wide-angle stereo data to select a sequence of fixation
points in the peripheral field of view. Successive saccade and fix-
ation of high foveal resolution using a telephoto camera enables
high accurate object recognition. Once an object is recognized
as target object, the bottom-up attention model is adapted to the
current environment, using the top-down information extracted
from this target object. The bottom-up attention model and the
object recognition algorithm based on SIFT are implemented
using CUDA technology on Graphics Processing Units (GPUs),
which highly accelerates image processing. In the experimental
evaluation, all the target objects were detected in different
backgrounds. Evident improvements in accuracy, flexibility and
efficiency are achieved.

I. INTRODUCTION

Since visual signals contain a large amount of information
about the environment, gaze control becomes an intensively
studied research field in robotics domain. To deal with
limited processing capability and real-time requirement of
most technical systems, the key problem is how the visual in-
formation is selected and processed, so that the task relevant
parts of environment are enhanced and further processed,
while the others are inhibited. To resemble visual information
processing in humans, our ACE robot (see Fig. 1) is equipped
with a high-performance active multi-focal camera system.

Fig. 1. The ACE robot (left) [1] and the multi-focal vision system (right).

In this paper, a biologically inspired foveated attention
system in an object detection scenario is proposed. Thereby,
the vision system imitates visual behaviors such as scan,
saccade and fixation. Bottom-up attention is applied on a
wide-angle stereo camera to select a sequence of fixation
points. Successive snapshots of high foveal resolution using
a telephoto camera enables high accurate object recognition.
Once an object is recognized as target object, the bottom-up
attention model is adapted to the current environment, using
the top-down information extracted from this target object.
Kalman filter is used here to estimate the model parameters
and reduce noises.

The main contributions of this paper are as follows:

o This is a general concept which can be applied for vari-
ous objects and scenarios. The top-down information is
extracted from the detected target objects in the current
scenario. Therefore, no previous training is necessary.

o The Kalman filter aided model parameter tuning enables
an autonomous adaptation to environments.

o The proposed adaptation strategy, the utilization of
GPUs and the multi-focal camera system facilitate an
efficient and high-speed object detection.

The paper is organized as follows: In Section II, some
typical biologically inspired visual attention selection models
and their applications for object detection are introduced.
After a brief description of the general strategy in Section
III, the multi-focal camera system is introduced in Section
IV. Our concept is described in Section V in detail. The
experimental performance evaluation is presented in Section
VI. Conclusions and future work are given in Section VII.

II. RELATED WORK

In the last two decades selective attention has been pro-
posed for vision systems in the robotics domain to make
information selection and processing more efficient. Some
vision systems are biologically inspired to achieve a human-
like perception behavior. In many of those systems, a map
called saliency map is constructed to select the uniqueness
in the input images and predict human-like attentional allo-
cation. The salient positions in a static image are selected
by low-level features such as color, intensity, orientation,
motion and so on. Most of them are applied to facilitate
object detection. Some typical models are introduced here.



In [2] a biologically plausible model of forming and
attending to proto-objects in natural scenes is proposed. The
system is based on the saliency map model of bottom-
up attention proposed by [3]. This model is extended by
a process of inferring the extent of a proto-object at the
attended location from the maps that are used to compute
the saliency map. They use a neural network of linear
threshold units (LTUs) for this process, namely feedback
connections in the saliency computation. Nevertheless, there
is no guarantee that the region selection algorithm will find
objects. It is purely bottom-up, stimulus driven and has no
prior notion of what constitutes an object.

A standard bottom-up architecture extended by a top-
down component is employed in [4], enabling the weighting
of features depending on previously learned weights. The
bottom-up part computes saliencies for the features intensity,
orientation, and color independently, and finally fuses the
saliencies into a single map. The top-down part uses previ-
ously learned weights to enable the search for targets. Cues
from both maps are combined into a global saliency map and
the focus of attention is directed to its most salient region. In
their examples, the target usually was among the first three
selected regions. Unfortunately, its real-time performance is
not satisfied.

Another key factor which has an influence on attention
mechanism — scene context — is also considered. The context
has already been used to facilitate object detection in the
natural scenes by directing attention or eyes to diagnostic
regions [5] [6]. Thereby, scene classification and recognition
is a pre-condition for correct object detection.

Generally, most applications for object detection require
an offline training process to modulate bottom-up atten-
tion model using top-down information and are not real-
time capable. Furthermore, few foveated vision system with
selective attention equipped with active multi-focal camera
system, such as [7], has been applied, yet.

III. GENERAL CONCEPT DESCRIPTION

Humans can adapt their behavior to environment changing
appropriately and efficiently. The problem we solve in this
paper is how to resemble human behavior and apply the
visual attention selection on robots for object detection to
achieve an efficient solution.

Our model is a self-adapting system to detect the po-
tential target objects in various scenes, in accordance with
a previously given sample image of the target object. In
each detecting phase, the system can adjust its own model
parameters as well as the camera behavior, to improve the
performance. This so-called environment adapted attention
can make object detection more efficient.

Fig. 2 illustrates the operating structure of our multi-focal
vision system. Like in humans, before detailed information
processing, the vision system scans the environment firstly.
A wide-angle stereo camera is used due to its wide field of
view. Bottom-up attention selection is computed on the low-
resolution wide-angle image to predict potential interesting
objects, the target object candidates, at the first glance.

Wide-angle camera’s
scanning /

Bottom-up attention model
(Saliency map model) | ———————— I

Conspcuity Map Update model parameters

@ |

I Fil
Saliency Map & Feature Map: (Kalman Filter) noN
Binary Map Yes
[Toniny Tonax |
Object Recognition

(SIFT)

Object Map

No Candidates N>07?) —

n<N

Telephoto camera’s saccade Telephoto camera’s
to object nE {1,2, -, N} fixation on object n
I x L

Fig. 2. General concept diagram.

An object map consisting of target object candidates is
constructed on a binary map, which is achieved by setting
thresholds on the saliency map. In the object map, the
candidates are numbered in the order that the more salient a
candidate in the saliency map is, the earlier is this candidate
processed in detail, to ensure that the most likely object
candidate has the highest priority if time condition is criti-
cal. Since object recognition is highly dependent on image
resolution, object recognition is executed on the telephoto
images. A telephoto camera with high resolution focuses on
and processes the previously selected areas consecutively.
This saccade behavior is facilitated by a pan-tilt platform.
Once a candidate is verified as a target object, the bottom-
up attention selection model parameters are newly estimated
using the top-down information extracted from this object
aided by Kalman filter. The parameter adaptation to environ-
ments is online accomplished. No previous training is needed
and the whole process is more efficient.

For the bottom-up attention selection, a standard compu-
tational model, the saliency map model proposed in [8], is
used. Since object recognition algorithm is not the focus of
this paper, we choose SIFT feature matching to verify if a
preselected attentional allocation contains a target object.

IV. FOVEATED MODEL OF MULTI-FOCAL CAMERAS

Fig. 1 right illustrates the design of the vision system.
To resemble foveated attention a multi-focal camera sys-
tem is developed, including a stereo wide-angle camera
for peripheral vision and a telephoto camera for foveal
vision. The stereo camera is a bumblebee camera from Point
Grey Research Inc. with a focal length of 2 mm each and
aperture angle of approximately 85° for each camera. The
telephoto camera is a dragonfly camera with a focal length of
25 mm and aperture angle of 5° approximately. Both cameras
capture images of 640 x 480 pixels at 30 Hz. The wide-
angle stereo camera with the baseline b is mounted centrally
on the platform. The telephoto camera is placed directly



on the left wide-angle camera. This combination enables
the vision system to monitor and explore its surroundings
in images with wide field of view and sparsely distributed
pixels, and simultaneously makes it possible to extract the
detailed information of the object of interest in images with
denser pixels. The main task of the telephoto camera is to
sequentially focus on the potential target objects selected in
the wide-angle images. Therefore, the pan-tilt platform is
controlled to facilitate this saccade behavior.

V. ENVIRONMENT ADAPTATION USING KALMAN FILTER

To make the whole system more efficient, the ratio of the
correctly detected target object number to the selected target
object candidate number should be maximized. Aiming at
that, once an object is recognized as target object, the bottom-
up attention model is adapted to the current environment,
using the top-down information extracted from this target
object. To make the integration of top-down information
more flexible, we adapt the model parameters during task
accomplishment and use Kalman filter to estimate the opti-
mal parameters in the current environment.

A. Bottom-up attention: Saliency map model
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Fig. 3. Saliency map model and the feedback connections.

The feed-forward connections in Fig. 3 illustrate a stan-
dard bottom-up attention selection model proposed in [8].
Firstly, an input image is sub-sampled into a dyadic Gaussian
pyramid with 9 scales in three channels (intensity, orienta-
tion for 0°,45°,90°,135°, opponent color in red/green and
blue/yellow). Then, center-surround differences are calcu-
lated for the images in the Gaussian pyramids between

the fine scale {2,3,4} and the coarse scale {5,6,7,8}. In
this phase 42 feature maps (FM) are generated in which
the salient pixels with respect to their neighborhood are
highlighted. Using across-scale combinations the FMs are
combined and normalized into a conspicuity map (CM) in
each channel. The saliency map is a linear combination of the
CMs. The bright pixels are the salient and interesting pixels
with respect to their backgrounds. If no previous knowledge
is available, the saliency map predicts pure bottom-up atten-
tion selection.

B. Bottom-up model parameter: weighting vector

To combine top-down information into the saliency map
model, we define 45 weights in the saliency map model,
which represent the importance of the contributions of 3 CMs
and 42 FMs in building a saliency map. They are divided into
8 groups, namely the CM group containing 3 maps CM-I,
CM-C and CM-O, as well as 7 FM groups: FM-1, FM-RG,
FM—BY, FM—O(), FM—O45, FM—Og() and FM—0135, which
contains 6 center-surround difference maps between different
scales (2-53,2-6,3-6,3-7,4-7,4-8) each. A weighting vector
W, representing the 45 weights for 45 maps in the model,
can be formulated as follows:

Wem-1
Wem-c

Wem-o
Wepi2-5)
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If there is no top-down information available, which means
the model works as bottom-up, W is a vector of ls. If
top-down information should be integrated into the saliency
map, W will be adjusted to a certain value to present the
characteristics of the task-relevant information.

As shown in Fig. 3, once a candidate region n €
{1,2,...,N} in the object map is confirmed as a target object,
this candidate’s coordinate information is fed back to the
45 maps. Then, the corresponding region in these maps can
be ascertained. An average gray value V in those regions
in each map is reckoned, to identify how much each map,
CM or FM, contributes to the saliency of this location. The
contribution (C) of each map can be computed through Eq.
(2) and (3).
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where ¢ € {RG,BY}, o € {00,045,090,0135}, and j €
{2-5,2-6,3-6,3-7,4-7,4-8}.

In the system initialization, to build a saliency map,
three CMs are weighted equally, namely Wep—; = Wey—e =
Wem—o = 1. To build a CMs, the different features are also
weighted equally, respectively. Therefore, the sum of weights
remain constant as follows:

ZWCM-i,k =3
ZWFM—I[j],k =6
ZZWFMC Lk =12 @

ZZWFMO Lk =24

o J

where k is the current time step.

If an interesting area in the current saliency map is selected
as target object candidate and also confirmed to be a target
object, the more a CM or a FM contributes to building
the current saliency map in this area, the more weight this
map should be assigned for the next step, such that the
characteristics of the target object are enhanced in the next
saliency map. The weights of maps for the next saliency map
computation are proportional to the contributions of the maps
in the current step, formulated as follows:

Conspicuity Map:  Weariir1 = 3 X Copik
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C. Parameter adaptation using Kalman filtering

Eq.(5) means that adaptation of the new weights for next
cycle is completely according to the top-down information
in the current cycle. In other words, the system learns only
once from the current result. Skilled in such “once” learning
capability, the system is good at searching some special ob-
ject located in a particular context, but meets much difficulty
in more common situations. If the top-down information
of a target object is very noisy due to lighting conditions
or special background, it is troublesome to detect another
target only based on the saliency map computed using this
information. Therefore, we use Kalman filter to optimize Wy
at time k, which is computed here as a combination of the
previous weight vector Wy_; and the new measurement Cg.

VI. PERFORMANCE EVALUATION
A. Experiment description

To the performance of our strategy, experiments using
ACE robot were conducted. Since object recognition is not
the focus of this paper, for simplicity, we chose posters with
“emergency exit” written on it as target object.

Four posters were hung around the robot initial position.
Because of the low resolution and effective range of the
wide-angle stereo camera, the average distance between the
posters and the robot was 3 m. The robot rotated 90° after
investigating one side of the room. Overall, four rotations
were needed to accomplish the object detection task in a
room about 40 m?.

B. Multi-GPU implementation

To accelerate the attentional preselection, namely the
bottom-up attention, and the object recognition, we imple-
mented the saliency map model and the SIFT algorithm
on multi-GPU, using NVIDIA GeForce 8800 GTX graphics
cards and CUDA technology [14].

Processing images at a resolution of 640 x 480, a frame
rate of 94.2 fps is achieved using 1 GPU, while using 4
GPUs it takes only 3.196 ms to compute a saliency map,
which is approximately 8 times faster than the standard CPU
implementation [12]. For the SIFT algorithm, the average
speed of our GPU implementation is 33 Hz, which is up
to 26 times faster than CPU implementation [13]. Using
cameras at 30 Hz, no time delay caused by saliency map
computation and SIFT feature extraction and matching is
noticed. Since the bottom-up attention selection and SIFT
algorithm are applied on different cameras and therefore not
parallel, no parallelization of GPU utilization for them is
needed.

C. Weighting vector adaptation to environment

Fig. 4 shows the proposed adaptive attentional prepro-
cessing result on wide-angle camera images, while Fig.
5 shows the respective saliency maps. In the first image,
eight target candidates in the image were selected using
the initialized saliency map without top-down information.
After the first candidate was fixated by the telephoto camera
and recognized as a target, the weight vector was adapted.
Only two target candidates remained in the newly computed
saliency map and had been investigated further. For the
following three totally different scenes the target objects
had always been selected for a detailed processing. In each
background the real target objects had been numbered to be
processed at first.

If no adapted model was used, for the first scene, all
the eight candidates had been processed in more detail.
For the following three scenes, the target objects had even
been not selected to pay attention to. Fig. 6 illustrates the
respective object maps. The left image in Fig. 7 shows the
sample image we used for the object recognition. Since the
proposed strategy should be general, we use a gray image
which contains no top-down information such as color. The
high-resolution images captured by the telephoto camera are
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Sample image and targets captured by high-resolution camera.

also shown in Fig. 7. The blue circles are the matched SIFT
features with the sample image. In each object recognition
cycle, once the matched feature number was beyond the
predefined threshold, it meant a target object was detected.
Otherwise, up to 10 SIFT feature extractions and matchings
were computed to reduce the influence of noise.

Fig. 8 shows the changing of the weights for CM-1, CM-C
and CM-0O. The weights were initialized to be 1. After
a target object was recognized, the weights were updated.
Wem-c increased from 1 to 2.980217. Respectively, Wepr.s
and Weyro decreased. At the time step 2, 3, 4 and 7, target
objects were detected. Using Kalman filter, Wy converged
to about 2.99.

D. Investigation of computational cost

Fig. 9 visualizes the average detection rate and the ap-
proximate necessary fixation times for this task without
attentional preselection (a), with bottom-up attentional pre-
selection (b), with top-down biased bottom-up attentional
preselection but without Kalman filter estimation (c) and with
adapted attentional preprocessing (d). The performance was
experimentally evaluated in three different scenarios with
three different target posters. In each scenario three to five
experiments were conducted. The detection rate is defined
as the ratio of the detected and really existing target object
number in the environment.

Image sequence using adaptive attention model
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Fig. 8. Weights changing for CM-I1, CM-C and CM-O.

In (a), the telephoto camera has to scan the whole environ-
ment and process the object recognition for each input image.
Therefore, more than 500 fixations of the telephoto camera
would be needed, which indicates a high computational cost.
If the target objects are not totally captured in a telephoto
image, the recognition could fail, which causes a detection
rate of approximately 80%.

Only with the bottom-up attention model (b), it is difficult
to detect all the target objects. The detection rate is only 50%,
although the computational cost is low. Only the positions
selected by bottom-up model need to be focused on and be
further processed.

In (c) and (d), the detection rate is higher, namely about
65% and 90%. However, without Kalman filter, the weights
vary strongly after each recognition, causing a difficult
selection for next step or that the target object is selected
but not numbered to be firstly processed, if the top-down
information totally depends on the last measurement. Aided
by Kalman filter, the telephoto camera has only fixated nine
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Fig. 9. Comparison of detection rate and necessary fixations.

times in 3D room to detect all the four target objects.

[ Process I Computation time [s] ]

Initialization 6

Saliency map 0.033(N+1)

SIFT 0.033(!’!1 . nz)

Saccade ni

Robot motion 20

Sum (26 +0.033(N +1+n; -np)+ny)

TABLE 1

COMPUTATION TIME FOR OBJECT DETECTION TASK.

Tab. I shows the time cost for one experiment. N indicates
the number of the detected target objects. After a target
object is detected, the saliency map will be computed with
the updated weights. In addition to the first saliency map
with equal weights, there are N saliency maps computed.
As mentioned in Section VI-B, using cameras at 30 Hz,
no time delay is noticed for saliency map computation and
SIFT algorithm, since they are implemented on multi-GPU.
Therefore, 0.033 s is taken for image capturing. n; means
the total number of the candidates predicted in the saliency
maps, while n, means the average times of SIFT computation
and matching for one candidate. ny is inversely proportional
to N/nj. The more target objects under the total target
candidates are, the smaller is the average time for SIFT
computation. For each saccade we added a time delay of
1 s to stabilize the telephoto images. For the robot motion,
4 times rotations of 90° cost 20 s in total.

To sum up, the computation time will decrease, if nj
decreases and N/n; increases for the same number of target
objects N. Together with Fig. 9, this statement also explains
the improvement of our concept in computational cost.

VII. CONCLUSIONS AND FUTURE WORK

In this paper, a biologically inspired foveated attention
system in an object detection scenario is proposed. Thereby, a
high-performance active multi-focal camera system imitates
visual behaviors such as scan, saccade and fixation. Bottom-
up attention is applied on a wide-angle stereo camera to
select a sequence of fixation points. Successive snapshots
of high foveal resolution using a telephoto camera enables a
highly accurate object recognition based on SIFT algorithm.

Once an object is recognized as target object, the bottom-up
attention model is adapted to the current environment, using
the top-down information extracted from this target object.
A Kalman filter is used here to estimate the weighting vector
and reduce noises. The bottom-up attention model and the
SIFT algorithm are implemented using CUDA technology on
multi-GPU, which highly accelerates image processing [14].

The strategy proposed here is a general concept for
object detection, which can be applied for various objects
and scenarios. No previous training of model parameters is
necessary. The adaptation behavior of model parameters to
environments can be adapted and tuned online. The Kalman
filter facilitates the parameter estimation and reduces process
and measurement noises. Evident improvements in accuracy,
flexibility and efficiency are achieved.

To improve the whole process, a better or specific object
recognition could be integrated. Furthermore, context could
be also considered, which can increase the detection rate and
reduce the fixation times.
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