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ABSTRACT
A new framework is presented for identifying objects
in multi-viewpoint imagery. By applying fractal sam-
pling to scene and satellite imagery, chromatic complex-
ity of random texture is extracted and adapted for multi-
viewpoint association. The feasibility of the framework
is investigated through experimental studies.

1 Introductory Remarks

Since pioneering studies [2] up to today’s statistics con-
cerning traffic accidents, it has been estimated that deci-
sion support ‘one second’ prior to the critical situation is
enough for humans to evade 90% of fatalities. Noticing
this, the scope of intelligent vehicle system has been ex-
panded from autonomous control to interactive support
of human anticipative capabilities [14]. Dynamic anal-
ysis of psycho-physiological reactions implies the final
one second is required for ‘reading’ linguistic message in
imagery [3]. Though universal framework for the under-
standing of seeing-maneuvering scheme has not yet clar-
ified, two decades of investigation in robot vision have
revealed the mental complexity of perception-decision
process in roadway scenes. For instance, ‘common sense’
rules such as ‘decide route’, ‘detect lane’ and ‘recognize
signboard’ are grounded on image feature of object sym-
bols via nondeterministic reasoning process [8].

The existence of subconscious symbols supporting
the linguistic decision process implies the following em-
pirical fact: understanding the complexity of critical sit-
uations is far more difficult than verbally describing the
understanding process. Such understanding of the men-
tal complexity implies both the necessity and possibil-
ity for partial substitution of human decision process by
robot vision [13], [15]. From early investigation [9] to
the latest implementations [10], anticipative indication
of hazardous objects prior to human perception dynam-
ics is expected to reduce the essential part of the mental
load.

In search of information basis of mobile robots, it has
been demonstrated that essential capability for maneu-
vering arises from location specific integration of multi-
viewpoint imagery. On the basis of reconfigurable dig-
ital maps, we can introduce key technologies of robot
vision in interactive decision support systems where vi-
sion systems accept human linguistic decision on scene
imagery to locate associated objects on a well-structured
digital map [4], [12]. Due to essential discrepancy of rep-
resentation levels of well-structured symbol systems and
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Figure 1: Multi Viewpoint Site-Route Map

naturally complex scenes, however, the matching of the
digital map with real scenes is left to high-level under-
standing by human vision.

Recent advances in avionics and space technology
are expanding the scope of robot vision to image based
implementation of real world mapping. In this imple-
mentation, aerial photographs and/or remote sensing
data are introduced as the latest representation of lo-
cal terrain [5], [16]. Current version of the global po-
sitioning system (GPS) makes it possible to associate
broad casted bird’s eye view with individually captured
scene imagery within the uncertainty due to ionosphere
instability [7].

Consider the construction of the multi-viewpoint
site-route map on the satellite-roadway-vehicle network
as shown in Fig. 1 where satellite images and scene im-
ages are directly associated via GPS. The new prob-
lem is to recognize ‘physically sensible roadways’ bearing
complex views in unstructured background. As an as-is
part of real world, natural objects maintains physical
consistency within actually existent ‘background noise’.
Despite intrinsic unpredictability of natural scenes, or-
ganic perception is sufficiently sensitive to the repre-
sentations of natural complexity; the self-similarity of
pattern generators dazzled by visible singularity [11]
and the reflection of ‘white’ daylight under considerable
spectrum shifts [6]. Thus, the expansion of object sur-
faces should be restored through geometric-chromatic
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complexity analysis of randomness imagery.
In this paper, the ‘whiteness’ of ambient daylight and

self-similarity processes is assumed to support the com-
plexity of multi-spectral brightness f on an image plane
Ω. Based on the spectral-computational whiteness,
roadway images are sampled efficiently and matched in
‘noisy’ background. As the result of multi-viewpoint
matching, roadway patterns are extracted in the bird’s
eye imagery.

2 Chromatic Complexity Index

Let ω be a pixel in an image plane Ω ⊂ R2 with bright-
ness distribution fω, ω ∈ Ω. Suppose that objects are vi-
sualized as subsets of Ω and, without serious loss of gen-
erality, the object image to be detected, Λ, is identified
within the Borel field F generated by the subsets of Ω.
In imaging devices, the brightness is factorized into the
trichromatic components Rω, Gω, Bω. The trichromatic
decomposition is essentially mental process; for most
human observers only three primaries are required to
match a test light. On such cognitive triple (Rω, Gω, Bω),
define

φ(fω) =
fω

|fω| ,

where |fω| =
√
R2

ω + G2
ω + B2

ω. With this nonnegative
index φω = φ(fω), we can introduce a geometrically
exact representation of the chromatic information

f = [ R G B ]T ∈ R3
+,

where R3
+ denotes the totality of 3D vector R3 with

positive components, i.e., R, G, B ≥ 0. Let an image as
cognitive entity be identified with the distribution of
f on Ω. By this ‘positive’ 3D vector valued mapping,
f : Ω 7→ R3

+, chromatic information φω is separated
from the intensity |fω| at each pixel ω ∈ Ω. Consider
the positive unit sphere

Φ =
{

φ(f)∈R3
+

∣∣ |φ(f)| = 1
}

, (1)

called chromatic information space, and define a local
2D space equipped with the distance

φT
i φj ≥ 0, (2)

for any φi, φj ∈ Φ. Define

θij = cos−1(φT
i φj).

Noting that

cos θij ∼
√

1− θ2
ij ∼ e−θ2

ij/2,

for sufficiently small θij , and that

θij ∼ |φi − φj |,

for sufficiently consistent chromatic information, i.e.,
|φi − φj | ¿ 1, we have

φT
i φj

2π
∼ g(φi|φj), (3a)

g(φi|φj) =
1
2π

exp
[
− |φi − φj |2

2

]
. (3b)

Thus, we can extend 2D Gaussian measure as local con-
sistency index on chromatic information space Φ. Con-
sider the following version of Gaussian measure

gα(φi|φj) ∝ exp
[
− |φi − φj |2

2α

]
,

with sensitivity parameter α > 1. By definition, the
evaluation

(
φT

i φj

)1/α with sufficiently small α for φi ∼
φj induces a probability measure (gα/2πα) in Φ. Thus,
we have local probability measure for chromatic infor-
mation distributions on F.

Let the complexity of natural scene arise from ran-
dom selection of chromatic information, on a ‘palette’
s = {φi, i = 1, 2, . . . } with size ‖s‖. By the uniformity
of the randomness, we can extract the palette effectively
through pattern sensitive sampling over the object im-
age:

s =
{

φ(fξ)
∣∣ ξ ∈ Ξ

}
.

where Ξ is the fractal approximation of a specific object
image Λ in Ω [1].

3 Fractal Palette Adaptation

Let Ξ and Ξ̌ be fractal approximations of roadway pat-
terns in scene image and satellite image on which asso-
ciated palette s and š are sampled, respectively. The
palette s is unified via the covering with size g(φi|φj),
φi, φj ∈ s. Define

σ2
φφ = − 2

‖s‖(‖s‖ − 1)

× log




∏

1≤i,j≤‖s‖
i 6=j

gα(φi|φj)


 .

By evaluating the diversity of the palette as follows

Rs = exp

[
− σ2

φφ

2

]
, (4)

we have the the following matching rule:

gα(φ∗|s) > Rs ⇒ φ∗ Rs∼ s. (5)

where

gα(φ∗|s) = max
φj∈s

gα(φ∗|φj).
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The value of sensitivity parameter α was investigated
through experimental studies using various natural ob-
jects including human faces, dirt embankments, paved
road and so on. The results implies that α should be ad-
justed to 1/10 ∼ 1/100. By identifying the parameter α
with the intensity of ‘white noise’ added to ‘true palette’,
in addition, verified range of sensitivity parameter pro-
vides a explanation of the following empirical result in a
stochastic sense: An illuminant may be up to 93% chro-
matic, but provided it it contains at least 7% “daylight”,
surfaces with uniform spectral reflectance – that reflect
equally at all wavelength – will remains achromatic. [6]

By (3), we can introduce a topology in Φ; samples are
linked with the nearest neighbors through gα-measure
in Φ. The matching risk is controlled in terms of the
sensitivity parameter α. The scheme was applied to the
re-extraction of the an object in essentially the same
scene imagery successfully.

Consider chromatic information analysis in multi-
viewpoint imagery: how to identify the image of an ob-
ject in scene and satellite image captured through uncon-
trolled illumination conditions. Suppose that the road-
way is recognized in the scene image, first, to generate a
palette s with sensitivity parameter α. Simultaneously,
let vehicle’s location be estimated on the bird’s eye view
in the satellite image to gather the samples of chromatic
information š =

{
φ̌i

}
around estimated location. The

samples š generally suffered from considerable spectrum
shift due to the discrepancy of the imaging processes for
frontal scene and bird’s eye view. Adding to it, due to
the positioning residual resulted from the ionosphere in-
stability, it is not easy to restrict sampling points within
the roadway area to be detected. To restore the spec-
trum shift, next, define

s̄ =
1
‖s‖

∑

φj∈s

φj ,

and shift the palette s to a possible covering of the chro-
matic diversity s̃ associated with roadway imagery in the
bird’s eye view:

s̃ =
{

φk + δs̄
∣∣ φk ∈ s

}
,

δs̄ = š− s̄, š =
1
‖š‖

∑

φ̌j∈š

φ̌j ,

The final step is the elimination of chromatic consis-
tency information sampled from the exterior of not-
yet-identified target roadway pattern. To this end, the
shifted palette s̃ is refined to the estimate of palette ŝ
as gα-intersection given by

ŝ =
{

φ̌ ∈ š
∣∣ ∃φ̃ ∈ s̃ : gα(φ̌|φ̃) > Rs

}
(6)

The adaptation scheme was verified through exper-
imental studies by using bird’s eye image as shown in
Fig. 2. Experimental results are shown in Figs. 3 and
4 where the results of pixelwise matching are visualized
as the chromatic consistency image γ(ω|š) and γ(ω|ŝ)
given by

γ(ω|š) = gα(φω|š), γ(ω|ŝ) = gα(φω|ŝ). (7)

Figure 2: Bird’s Eye View of the Scene

Figure 3: γ-Image Generated by š

Figure 4: γ-Image Generated by ŝ

The roadway pattern is extracted as a connected path
through the sampling š. However, the contamination of
palette s̃ due to outlying samples yields the ambiguity
of roadway patterns. As the result of refinement process
(6), exterior pixels can be eliminated as shown in Fig.
4.

4 Roadway Pattern Detection

In generating γ-Image, the matching rule (5) is applied
to each pixel individually. To detect the roadway as a
connected pattern, the matched pixels are ‘segmented’
into piecewise rectangle patterns; the ‘sources’ of per-
spective projection for generating a roadway pattern Λ

©2007 EURASIP 112

15th European Signal Processing Conference (EUSIPCO 2007), Poznan, Poland, September 3-7, 2007, copyright by EURASIP



Figure 5: Local Segmentation

Figure 6: Voting Results

in scene image.
Let φ(λ) be chromatic information captured on the

object image Λ and consider the distribution

ΦΛ =
{

φ(λ)
∣∣ λ ∈ Λ

}
.

In what follows, ΦΛ is identified with a 2D generalized
random process taking independent values at each point
λ. Define a digitized vector v(`, θ|ω) with origin ω and
length-direction parameter (`, θ) by the set {ω + vr

θ }
where vr

θ = [ r cos θ r sin θ ]T and 0 < r ≤ `. Noticing
the ‘whiteness’ of the distribution ΦΛ, let the chromatic
consistency of the vector v(`, θ|ω) with a palette s and
direction θ, 0 ≤ θ < 2π be indexed by

Rv =


 ∏

0<r≤`

gα(φr+1|φr)


 gα(φω|s), (8)

where φr = φ(ω + vr
θ). In equation (8), the connect-

edness of sampled chromatic information is evaluated
within the framework of 1D Markov process embedded
in 2D generalized random process ΦΛ.

Figure 5 illustrates a result of pattern detection in
the bird’s eye image. In this case, the lane is modeled
by the Sierpinski’s gasket in the scene image as shown
in Fig. 1; based on the fractal model, 6,400 attractor
points were generated for extracting 217 RGB samples
as s; The viewpoint of the scene image is identified by
GPS and mapping on the bird’s eye view as shown in

Figure 7: Chromatic Extension

Fig. 2. For covering the fluctuation in GPS residual on
the satellite image, a Sierpinski’s carpet is generated in
the (`, θ)-space associated with the GPS point as the
origin via
(

µd(θ)← 1
2

θ + n1
0π, µr(ρ)← 1

2
ρ +

1
2

n1
0`

)
, (9)

where n1
0 denotes binary random number taking 0 and 1

with probability 1/2. In this case, 640 points were sam-
pled on the Sierpinski’s carpet in the satellite image to
select 131 samples of chromatic information š; by com-
puting the gα-intersection (6), the palette is adapted. In
this figure, 217 ground samples were matched with bird’s
eye palette š to yield ŝ. The size of invariant samples
‖ŝ‖ indexes the detectability of the roadway pattern in
the site-specific bird’s eye – scene image association.

The expansion of the roadway in the scene image
is evaluated via maximizing Rv with respect to (`, θ) in
the bird’s eye view. In Fig. 5, all possible segments with
origins in the small window and direction in [0, 2π) are
matched to select best estimates of the roadway with
respect to Rv-index. The voting results are shown in Fig.
6 where the possible directions are concentrated with
two peaks corresponding to opposite directions. This
implies that the roadway pattern can be described by
a linear segment around the position. The deviation of
the origin of detected segment from the GPS point is
indicated by a sinusoidal curve in the voting space. In
this case, the error of GPS data is confined within the
(`, θ)-carpet.

5 Roadway Pattern Extension

The segmentation results are connected to trace the
roadway pattern in the satellite imagery. Figure 7
demonstrates an example of tracing results by using a
fixed ground palette ŝ. In this case, new vector v(`, θ|ξ)
is sought at the terminal point of the segmentation re-
sults ξ = ω + v`

θ∗ where θ∗ denotes the direction of the
previous segment. For stable extension in noisy γ-image
as observed in Fig. 4, the direction of new vector θ is
scanned in the restricted interval:

|θ − θ∗| ≤ π

6
.
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Through the iteration of the connection process, the ini-
tial segment is extended to follow the roadway in the
satellite image. The extension process halts when one
of the following conditions is satisfied:
(i) the difference of the directions of new vector and

previous one exceeds preassigned level or
(ii) the index Rv is too small to detect reliable segment.
In case (i), the segmentation process is activated to
specify new direction to restart the expansion pro-
cess; whereas in case (ii), the palette of roadway is re-
extracted in the scene to restart from the segmentation.

Despite the discrepancy of sampling points in scene
image and satellite image through extension process,
considerable length of the roadway pattern has been
traced successfully; in the case of Fig. 7 with the palette
s extracted from a scene image indicated in Fig. 1, the
initial segment was expanded about 500m. This robust-
ness arises from the representation of joint geometric-
chromatic complexity and provides considerable adapt-
ability to a satellite image to scene imagery observed in
different imaging conditions.

6 Discussions

Gestalt approach to human visual perception has clar-
ified various kind of ‘mental dynamics’ to organize im-
age features into object image. Supported by empirical
knowledge, the existence of universal mechanism pro-
vides theoretical foundation for machine visions. How-
ever, requirement for a priori segmentation yields self-
referential structure in computational visual perception
model. With this self-referential structure, computer
implementation of vision system for detecting naturally
complex objects still remains open problem.

In this paper, joint scale-chromatic randomness is
introduced as the basis of object description. Compu-
tational whiteness of the IFS mechanism makes it pos-
sible to minimize the Kolmogorov complexity of ran-
dom sampling processes. 2D whiteness induced in the
integration of the palette provides effective criterion for
precise matching of an object in multi-viewpoint images.
In addition, 2D Brownian motion processes induced in
scale-chromatic space jointly play a crucial role in de-
tecting unknown attractor in 3D scene.

Thus, by combining joint stochastic-computational
randomness with fractal modeling, a dynamical system
is induced in scene image for eluding the self-referential
structure in visual perception. Randomness-based im-
age analysis makes it possible to associate natural ob-
jects in multi-viewpoint imagery instead of extracting a
priori object model in the scene. Such ‘weak’ recogni-
tion is preferable in cooperative perception where recog-
nition results by the vision system is required to be in-
dicated as-is in the scene image.

7 Concluding Remarks

Based on the chromatic complexity sampled via frac-
tal roadway modeling, bird’s eye and frontal views are
shown to be integrated around GPS data. This implies
that the onboard vision can extend the scope of recogni-
tion to an informatic vicinity in the bird’s eye imagery.

The design and implementation of decision support sys-
tems in complex roadway scene is the next step.
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