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GROWING NUMBER OF COM-
puter-vision systems have emerged for traf-
fic analysis and control. Increased traffic,
along with steady efforts to improve driver
security, have encouraged the development
of sophisticated video-based systems, pro-
viding statistical measures of traffic flow for
actual traffic information on variable mes-
sage signs. Investigations show that VMS
reduce traffic jams, thus minimizing the bur-
den placed on financial and environmental
resources. Moreover, traffic control systems few kilometers before the foggy area. A
reduce the number of accidents to 45%. | lyzing the entire traffic scene globally, oy

Of particular interest to drivers is infor- method provides more precise input to f
mation on low visibility in fog—a dangerous information systems than the traditional tra
driving condition that causes many accidentsnissiometers that analyze fog density loca
Because places where fog frequently rolls ibeside the roadway.
are often well known, message signs inform
motorists of visibility distance. Traditionally,
the visibility distance is estimated with trans\Vavelet-based contrast
missiometers, but we suggest replacing corastimation
ventional fog-detection sensors with the inte-
grated functionality that a computer-visioan Because our approach is based on p
system can provide. chovisual perception, we briefly introdug

Our method, based on a B-spline wavelahe basic notion of psychovisual percepti
transform, analyzes video frames used in trafn fog and explain the relation between cg
fic-control systems and derives a visibility-trast, gradient, and wavelets.
distance measure with extended signal-analy-
sis techniques. With our wavelet-basedPsychovisual perception in fogVisual per-
approach, we can inform drivers in real timeception is a rather complex mechanis
of the presence of fog through VMS locatedecause it is based on space, time, and
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ESTIMATION WITH WAVELET T

ESTIMATING THE DISTANCE OF VISIBILITY IN FOG CONDITIONS.
BASED ON A PSYCHOVISUAL MODEL AND ON CONTRAST

FARED WELL WHEN COMPARED TO A DIRECT APPROACH BASED
ON LOCAL CONTRAST CALCULATION.

ESENT A NEW TECHNIQUE FOR

RANSFORM, THEIR TECHNIQUE

aguency analysis. The visual system receive

oglifferent characteristics: intensity, color,
nsshape (contrast and direction), and move
llynent (direction and speed). To see an obje

ground, which is why shape perception
depends on the contrast between the obje
and its background. The contrast is usuall
defined as

~ ol
e Tty (1)
onvherel, is the object’s intensity arlgis the
nbackground’s intensity.

In 1948, S. Duntley formulated a law indi-
cating that in fog conditions, contrast de
creases exponentially with distance:

m,
fre-C = C,ekd,

)

ura signal, and the brain then codes the signal’

the object must stand out from its back
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where C is the contrast the visual syste
recaves C, is the real contrastl is the dis-
tanceard K is an attenuation céfecient that
characteries the fog conditions.

As the origin of all psyabvisual dfects,
contrast also plays an important role in tl
percetion of mowement speedand direc-
tion. The visual system cannotreectly esti-
mae an objecs speed with alv contrasg
and fog causes @ms in the estimation of a
objects shapedistance and speed.Fur-
thermore the measure of contrast is ind
pendent of daylight illuminatiof.

Contrast, gradient, edges and wavelets.
To determine visibility ifog, we must quan-
tify the contrast and compare thislue to a
referencevalue operating as aréshold.
Ther is a high correlation between the ¢
trast of diferent gray-4vel aras and the gr:
dientsvalue in the egion whee we measur:
the contrastA low contrast corresponds tc

low gradient and vice verdaecause contra :

and gradient both characterize lovatia-
tions in gry levels.

In fact wha we see in fog is only high gr -

dients in the dferent grayévels When dri-
ving in fog the visual system dw utilizes
the parts of the image characterized by t
contrast (or high gradient)'hus to deter-
mine if a pkel is visible we just calculate th
gradient. If the gradient in this)@l is higher
than a threshold corresponding to a 5% ¢
trast it indicates that the drer can see thé
pixel. The CIE (Intenaional Commission
on Lighting) déined the 5% contrast thres
old as the dfficient contast for a humaaye
to see the flierence betweemb gray kvels.

Ther is a close correlation between gral
ent-measwg and edge-detection technique
In particula, we can use multiscale edge d
tection to calculate the gradientin 2D signa
For a complete description of the edge-det
tion techniquesee Stephane Mallatéwen
Lian Hwangs “Singularity Detection and Prq
cessing wih Wavelets’® Mallat and Hvang
explain how thewavelet transbrm carexpress
the gradient anddw modulusM of the gra-
dient is proportional to

Mf(x,y) =

ercs ot

In Mallat's edg-detection thagy, anglea
of the gradient is alsokean into accounso
tha the edge points are located in poi
where modulugM has a local maximum i
direction a. However, our aim is to calcate

©)

mthe gradientot to detect edgeso we doit

hepixel is visible egardless of the correspon

1 B-splines-based contrast

e_

> The Gaussiarkernel and B-splines.The

n-smoothing functioré(x, y). For edge detecr
xdThe wavelet-based method
-vs. direct calculation

diticular, thevarianceAx of thefilter, as well as
ogthe varianceAw of the filter's spectrum,

Igwo localization requirements conflictaldd
edviarr and Ellen Hildeth have used the

need to calculate the angWe simply cal-
culate the gradient for each point of o
image and if this gradient is higher than
value corresponding to a 5% coadt the

1]

ing edgés orientation.

estimation

Here weexplain why the properties of B
Spline wavelets are interesting for edge
detection purposeand we present B-spline
with specfic small support—especially we
suited for visibility analysis.

Y

N#

a THE GOAL IS TO DETERMINE
THE DISTANCE OF VISIBILITY IN
FOG CONDITIONS FROM IMAGES
TAKEN BY A VIDEO CAMERA

A INSTALLED OVERHEAD IN A

) TRAFFIC-LANE MOTORWAY.

n-

cental problemivolves choosing the prope

tion, we need a function that is well localize
in the frequeny and spatial domain; in pa

eshould be small. It is well kmvn that these

Gaussian kernel for edge detectfdgcause
- this function optimizes the Heisembeincer-
tainty principle which states that

1
AxAw = Zn . 4)
Another reason why the Gaussiamiel is
often used in edge detection is that the hun
retinds response resembles a Gaussian fu
tion. Thee are receptefield profiles in the
mammalian retina and visualrtex, and supe

position of Gaussian deatives dfectively

tsnodels the measured-responsefifes.’

In practice because the compmtional

load becomesxtremely high with the Gaus

a computer visionToma® Poggio and his col-

-

S

r

nélb was t&en in fog conditions with a visibil-

r-Direct contrast calculation Thefirst method

sian kernel when the scalesgrmany tech-
niques lave been proposed forffecient
rimplementdéion of scale-space filtering in

leaguesfor example used B-splines to ap-
proximée the Gaussian kernel witffieient
implementatior?.

The adantages of B-splineén compari-
son with the Gaussidternel are that these
functions lead téast implementations and are
still a close appndamation to the Gaussian
kemel. Both the B-splines and thé&ourier
transbrms cawerge to the Gaussian function
-as the order of the spline tends tiriity:°

6 0 6x20
mn+1) eXpH_n_ﬂB (5)

Expeiments sbw that the cubic B-spline is
alread/ nearly optimal in terms of time and
frequerty localization in the sensedhits
variance is within 2% of the limit gt the
uncetainty principle spefies.

Both physiologcal and biologcal exper-
iments fave slown that a Gaussian kernel
can model the human visual systérhere-
fore the B-spline is also suitable for model-
ing biological vision due to its similarity to
Gaussian functions. ddvever, because we
canexpect a fast implementation using the
B-splines approaglit is preferable to select
the B-spline rather than the Gaussiancfun
tion to calculate the contrastin an image wit
a good model (see the “B-splines for edg
detectiori sidebar).

B =

D o

Our goal is to determine the distance of vis
ibility in fog conditions from images kan
by a video camera installeslerhead in a traf-
fic-lane motoway. To determine the contrast,
we usedwo methods—one based omedit
contrast calculation and the other based o
the edge-detection thgoFigure 1 sbws two
images t&en with a video canma, which we
use to present the results for tve methods.
The imag in Figure lavas t&en in a clear
atmosphex with good visibiliy, and Figure

nity distance of bout 100 m.

aims to determine the distance of visibility
directly, on the aw data povided by the video
senso. The contrast quarication is calcu-
lated directly on a mask of e/ pixels.
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We can easjl extend the esults ér the 1D case to 2Dn this case
the smoothing function is datd as

B"(xy) = B"(x)B"(y)

and the 2D \avelet tansbrm is gven by:

Wy fOen)d B wp

(13)

W f YY) = =
pll (X Y) %,\/221 f(X,y)H H Ew;Z(X‘y)E (14)
where
$Mxy) = "B MW Y) =" ()B () (15)

andyn(x) is the same wvelet as in the 1D case defd in Equéon 1.
With Equdion 14,

0o C
. o=(f0 21)(X,Y)[
W,; f(xy) =2/ 0( OB )(x.y) = 2! %} C
B (f 08D (% Y)E
oy =
we et the paial deiivation and thus thergdients accating to the
main axes.We can g&tend Equéon 8 in the‘T heor of B-Splines”
sideébar and Equ#on 6 to the 2D case:

(16)

so tha the fst ecussive algrithm can be epressed as

0S,f =S4 f Ohd) i+
%/\/211 f=§,4f0d.g), 4
2 ¢ _

V2 £ =5, f @), 5
wherel * (h, g),,i-1is the comolution of the lines and columns of the
image signal with the 1Dilfer [h], -1 and [, j-1 respectiely. Signd
stands ér the Dilac flter, whose impulse is equal to drin=0 and 0
otherwise

With this methogdthe two wavelet-tansbrm components ar
propottional to the tve components of thergdient

O(f 085

For eat scale 2 the modulus of thergdient \ector is popottional to

(21)

Tl (22)

57

2
M, f(e,y) =7,

Ead pixel for which the gadient is higher than a #shold alue is vis
ible through bg. To detemine the theshold walue coresponding to a
contrast of 5%we calculge the vavelet tansbrm on a test imge with

B"(203, 203,) = H(@y) H(e,)B" (@, )
™20, 20,) = G(wy) B (W W)

22wy, 200y) = Gley) By, )

Extending Equion 12 we formulate the smoothing opator:

S f(x3) = £ 08,1 (x3). B (x) = - BEEr

1. M. UnserA. Aldroubi,and M. Eden’B-Spline Signal
ProcessingPart | and Il IEEE Trans. Signal RycessingVol.

a7

(18) the two different gay-level areas.
(19) Reference

(20) 41,No. 2,Feb. 1993.

a contast of 5%We tale as the thashold the highestalue of the
resulting tansbrm, which we find & the position of the edgbetveen

for three types of avelets with diferent sup
pott lengths:

» the splines om Michael Unserwith an
FIR filter with 27 coeficients,

» the splines iyen by Mallat in his work on
multiscale edgs!®and

» the splines w calculéed in the“B-
splines br edg detection’sidebar.

Figure 3 shas the vavelet tansbrm in the
firstitertion. It's olvious thathese vavelets
are too lage for our gplicaion. This comes
from the &ct tha B-spline wavelet functions
are cowoluted with the imge; they take into
account theariations locaed in neighbang
pixels in their contist measwment. Br our
application, we need \avelet functions with
a smaller supptyras in the casef Mallat's
wavelet function (seeigure 4).

The wavelets thawe calculéed (in theé'B-
splines br edg detection’sidebar) hae the
advantage of intoducing almost nolbrring
in the esulting imges,because oglthe pix
els where the \ariation occur ae talen into
account ven calculing the contast.These
wavelets ft very well with our gplication,
because w only want to detect ariations
between tw or thee neighbang pixels.We

show the esulting imaes r this type of
wavelet in Fgure 5.

The visibility distance is calcuiad with a
transbrmation from image-to-world coordi-
naes. If this distance is higher than 1,000
(sud as in kgure 5a),accoding to the def
nition of fog gven ty the Geman £deal traf-
fic dgpatment,there is no bg. We round vis
ibility between 1,000 m and 300 m to t
neaest nultiple of 50 mand a visibility dis
tance smaller than 300 m to the resnul-
tiple of 10 m. Br example the distance of
visibility is 120 m br Fgure 5b Our systens
accungy is much better than Wet we need to
give sut results,because the pcision de
pends on the distance in theal world
between tw image pixels. For a distance
between 1,000 m and 300 thjs distance is
much smaller than 50 nand br a distance
between 300 m and 50 ritis much smaller
than 10 mAccording to theseaquilements
and specitations, our system iyes stong
results ér this gplicaion.

UETO ITS PSYCHOPHYSIOLOG
ical founddion, Mallat’s edg-detection the
ory is well suited to estimta gadients in an

image andhenceto descibe visibility in fog
situgions.To overcome the dawbads tha
arise with limited video-fame esolutionwe
present B-splines with speidfsmall suppadr
ncgpable of fog detection. Egn though the
accurngy of the two compaed methods dif
fers onl slightly, the wavelet-based @
proach has a major aéntaye in its dose
esimilarity to the diver's peceptual system,
because it is based on Mdl&avision model.
This theoy is much doser to the human
visual system than the coast theoy.
Indeed it takes into account not oylthe
direct diference of intensities bewen
objectshut also the intensityrgdient in the

Figure 2. The region of interest, where we must calculate
the contrast.
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Figure 3. Results with B-spline wavelets proposed by Unser for (a) the image with a clear atmosphere and (b) the

image in fog conditions.

@)

(b)

Figure 4. Results with Mallet spline for (a) the image with a clear atmosphere and (b) the image in fog conditions.

(b)

Figure 5. Results with the splines we calculated for (a) the image with a clear atmosphere and (b) the image in fog
conditions.

scenewhich isexactly what happens in thed driving support system that ingues the dri-

human visual system.
Thanks to impoved information throug

Another possible application is an imdlual

ver's view of the trdfic scene. In this casee

could display an image ewing a much| 11
VMS, we can reduce the number of accidentdrighter and sharperew of the road directly,
on the cds windshield or on a separate man-

itor integraed in the dashbod We can
achkeve this by combiningvavelet-based edge
detection—whib elaborates the sidigant
edges of an image influenceg bbg—and an
additional contrast enhancement based on Jial
Lu’s methodlincluding antverse transfrm
of the modiied codficients.™
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Theory of B-splines

The central continuous B-spline of oraes denoted"(x) and can
be generated by repeatedonvolutions of a B-spline of order 0:

br(x) = P+ bt 1)

g maeagil- e
HE=5 ol B

The FIRfilter codficients are the cdficients ofH(€%) in the base
(€k9), so that if Equation 10 is projected éf, we directly get the FIR
codficientshy for n odd:

(10)

whete the Oth order B-spling?(x) is the winaw function with support
[-1/2, 1/2]. The spectrum of this function isvgn by

+1 O n + 10
0. ool o1 ]
Bn(w) [BO(w)l EﬁnDZ DD = s-ncn+lm_|:| (2) h( D2n+l v kD Iflkl sn+ 1 (11)
D w 0 020 oo otherWIse .
D 2 0 . For n even if the central B-splind@"(x) is shifted by half a sampling
For an inegerm= 1, b"(x) is thenth-order B-spline dilated by scale  step with respect to the origin; it is then called a causal B-spiime.
factorm: simplicity, we still denote this function By(x) with the duse of nota-
noo 1 a0xO 3) tion. In this casewe rave:
Bn(X¥) =—B" 5~
m" OmO 0 _ed™
Consider nw a sequence of embedded polynomial spline function K d‘ﬂ 'gDe 2 4 e_'f O
S i OZ(n, an odd inéger, is the agree of the polynomialf-or every i HE®) = Z he* =e 2 %05 =e? o> O (12)
0Z, Sy, is a subspace & and belongs to cla€™. On each intefl H H
[k2, (k+1)2Z] (kO 2), Sy are eqivalent to a polynomial of order
— H n — = n i H
=) =Y GBS (x~2'k),(x 00,6 OL)0 4)
= = B n+1 5=
HE9)= S = A" 2 (13)
S}, i 0 Z constitutes a multiscale or multiresolution approximation of - Z 2n+1 j

L2, for example:

S 0 )i 02

and

lim g = L

j—o0

Any signalf [ L2 can be represented as a weighted sum of translated h, = %ZWD_ + kD if-— < k< — +1
and dilated B-splines and are completely determined Hyicieats L2 2 2

c(K).

The nesting relation (Equation 5) for 1 can be writter8Y [ S,
Becausg3'(x/2) O S, we have the folbwing two-scale relation:

1 n X +00 n
=B(2)= x-k
25 (2) _th(B( )
or its equvalent in theFourier domain :

B"(2w) = H(E®)B"()

where

HE9) = 3 hdke =
% i B"(w)

Do -2 o
® =gt

o 2 O

H H

sinc

Josl™ -

B"(2w) _ sinc™w
n+l W

©) At :
projection of Equation
even the correspondin

(6) 0, On+10

DO otherwnse

for wavelet theory and

extended to the discrete space so that the discrete sampled B-spline
define afamily of multiresolution approximation spaces &f 1

whereb'(j) = 37(j/2") represents the discrete sampled spline mitd
andj 0 Z. 12 consists of all summable discrete sequencesfinitie

The embedding oefinement relations between the discrete spaceg

(7)
§'= Vo) = 3 6B -2k, oef
(8) = Kz B
enagy.
Sl still holds the same
of ordern:
(C))

limg"=12,d%, 0",

In this casewe can also obtain the the HiRer codficients through

The two-scale relation (Equation 7) kes B-splinevery attracive

13 on tivectors of the bas@!®), so that fom,
g Fliter codficients are

(14)

multiscale analysifiese properties can be
can

(15)

properties for the continuous polynomial spline

@inz) (16)
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