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Abstract

This paper presents an algorithm for a cooperative and si-
multaneous estimation of depth cues: defocus blur and spa-
tial shifts (stereo disparities, 2D motion, and/or zooming
disparities). These cues are estimated from two images of
the same scene acquired by a camera evolving in time and/or
space and for which the intrinsic parameters are known.
This algorithm is based on generalized moment expansion.
We show that the more blurred image may be expressed as
a function of the partial derivatives of the two images, the
blur difference and the horizontal and vertical shifts. Hence,
these depth cues can be computed by resolving a system of
equations. The proposed algorithm is tested using synthetic
and real images. The results are dense and accurate. They
confirm that defocus blur and spatial shifts can be simulta-
neously computed at a single scale.

1 Introduction

In computer vision, the three-dimensional perception of a
real scene allows us to understand the 3D relationship of
objects in world space. 3D perception is generally related
to the computation of depth information which involves the
extraction of relevant image features (depth cues) such as
shadows, motion, blur, disparity, etc. Most existing tech-
niques compute depth cues independently and usually rely
on simplistic assumptions. For example, one of the most
common hypothesis for spatial shift estimation is the bright-
ness constancy assumption [1, 2, 3]. Conceming defocus
blur estimation, most existing approaches assume that spa-
tial shifts between a pair of images of the same scene are
negligible [4, 5, 6]. However, all of these implicit assump-
tions imply a perfect control of both the environment and
the acquisition system, which is usually difficult and even
insufficient in many practical cases [7, 8, 9].

Inspired by the 3D perception system of human being,
many searchers suggest that the use of only one depth cue
is insufficient and that it is essential to consider complemen-
tary sources of information [10, 11, 12]. They affirm that the
limitations associated to the use of a single depth cue can be
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overcome by taking into account complementary informi
tion obtained from additional cues. In this line of thoughts
we are interested in simultaneous and cooperative estimatiol
of blur differences (depth from defocus) and spatial shifi
(stereo disparities, 2D motion, and/or zooming disparities)
Let us consider I(z(t;, p;), y(ti, pi),ti, P, Vi), § = LAl
pair of images of a real scene obtained by a camera evolving
in time (t) and space and for which the values of the ef
trinsic (p: position and orientation) and intrinsic parametes
(7y: aperture, focal length, lens radius, etc.) are known. In
order to simplify notation let us replace z(¢;, p;) Withz; i
y(t;, p;) with y; in what follows. We propose to use genciil
and flexible constraint given by:

I(z,y2,t2,p2,72) = I(z1, 41,1, P1,71) * 95(2,Y); ﬂ

where x is the convolution operator, gg the PSF and f he
blur parameter. Based on this relation, we derive an unis
fied approach for the estimation of spatial shifts (stereo dis-
parities, 2D motion, and/or zooming disparities) and defos
cus blur which considers their mutual interdependence. Uss
ing generalized moment expansion and assuming perspet:
tive projection, passive image formation system, PSF Gz
sian and blur locally constant, we will show that the mor:
blurred image may be expressed as a function of its pa ial
derivatives, the partial derivatives of the other image, the
blur difference (3) and the horizontal and vertical shifts ;
and d,. Hence, 3, 85, and §, can be computed by resolving
a system of equations. All computations required by oural
gorithm are local and are carried out in the spatial do nain,
Our algorithm yields a dense estimation of the previously
mentioned depth cues. A major interest of such a mo del
is thus to simultaneously take different depth cues into e
count in order to potentially reduce estimation errors related

to simplistic models.

In the next section, we will first summarize related work:
In section 3, we will derive a system of equations fors
multaneous estimation of defocus blur and spatial shifts
The resulting algorithm is described in section 4. Section 3
presents the experimental results.
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2 Related Work

Approaches that compute depth from several cues can be
dassified in two distinct categories: 1) Independent estima-
tion of depth cues followed by a merging process; 2) Simul-
tneous and cooperative estimation of depth cues. The first
dass includes approaches that merge information retrieved
independently from stereopsis and apparent motion [13] or
defocus blur and binocular disparity in active vision sys-
lems [10, 11]. The second category, which is quite recent,
includes algorithms that consider the interactions between
depth cues during the extraction process, as the one we are
proposing. In this line of thoughts, Myles and Lobo [12]
popose an iterative process for a simultaneous computa-
tion of defocus blur and affine motion parameters. From
drelation similar to (1), they derived a system of equations
based on first order Taylor’s series expansions. They how-
‘ever mention that the resulting relation might however not
be stable if solved at a single scale. They thus form a system
of equations using several scales. According to the authors,
the main disadvantage of this method is the need of rela-
lively large planar patches within the images (usually more
than 20 x 20 pixels). Moreover they assume that a rough
‘stimate of the image translation is known and that both the
aling and the rotation are global. That is they depend on
dcenter point which is known and unique for both images.
Zhang et al. [14] suggest to first normalize the images us-
‘g blur invariant moments. Normalized images are used to
tompute motion parameters. The blur differences are then
fecovered using both the original images and the estimated
iffine motion parameters.

Based on this overview, our work thus addresses a prob-
lem similar to the one addressed by Myles and Lobo. How-
ever, there are four major differences. First, we consider
higher-order polynomial expansion. Second, the proposed
scheme allows simultaneous computation of depth cues
drom the images themselves but also from the image deriva-
fives. This leads to denser and more accurate estimates.
 Third, a complete system of equations is directly derived
it a single scale. Finally, we do not consider the entire
difine transforms. More especially, we focus on simultane-
0Us computation of spatial shifts (stereo disparities, 2D mo-
lion, and/or zooming disparities) and defocus blur. This
ieans that scaling and rotation between two images are es-
imated as apparent local shifts and thus the transformation
enters do not have to be known a priori.

Proposed Framework

ithis section we present the mathematical development be-
indthe proposed approach for a simultaneous estimation of
ocus blur and spatial shifts (stereo disparities, 2D motion
id/or zooming disparities). This development corresponds
Jan application of the generalized moment expansion, that
4 generic convolution formula for the images and their
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derivatives for the case of arbitrary order polynomials which
takes spatial shifts into account [9]. In order to simplify
notation we will replace I(z;,y;,t;, pi, Vi) by I;(z;,y;) in
what follows. I5(z2,y>) and I; (z1,y;) can thus be consid-
ered as a pair of images of the same scene obtained from
a passive image formation system by varying one or more
intrinsic and/or extrinsic camera parameters. Let us as-
sume that I5(22,y2) is more blurred than I; (z1,y;). This
assumption has no consequence for this work, since it is
possible to determine which image is more blurred, Obvi-
ously, the image which has the smaller grey-level variance
is the more blurred one. Under a perspective projection,
when the PSF is Gaussian, I5(z2,y2) = (I * gy, )(72,92)
and 11 (1,y1) = (I * go,)(21,41), where I(z,y) is the
focused image, * the convolution operator, and o5 > o;.
The relation between I$™™ (x5, y,) and 1™ g ),

that is between the original images or their partial deriva-
"t Ii(x,y)

tives (Ii(n)(m) (z,y) = szmoym > M.m=0,1,2,.--), can
thus be expressed by:
L (@2, 50) = I x gg)mm), @

where 1 = 23 + 0, and y; = yo + 0y are the relations
between both coordinate systems and 3 = /03 — o2 is the
blur difference between the two images. It must be men-
tioned here that considering the derivatives of the images for
depth cue estimation may lead to a denser and more accurate
solution, as shown in [6] and [9].

Estimating defocus blur and spatial shifts consists in
computing f3, 6, and §,. To this end, eq. (2) can be rewritten
as:

I(n) (m) (2 — %, yp —

2 fawl(n)(m)( TE__,L.’ y2+§1 v)9s(z,y)dzdy.
3

Let us consider the Taylor expansions of both images at
(22, 92):

Il($2+%’”*37,y2+67y—y)=

be 3y (®)(2) “4)
(5 —2)? (5 -9 """ (22,y2)
S :
and
Lz — %,y - %) = B
[ ()(q)
——)”(——)” (z2, yz)
2
2k el i

Substituting (4) and (5) in (3), the relation between the two
images can be expressed as:

I(")(m)( y2) = I(")(m)(xg,yz)-f-

21’:0 Zq:ﬂ P>l (Sp7‘1(52 e ’ﬂ)I(n+p)(m+Q)( 2,Y2)
_Sp,q(_%v "%70)12(n+p)(m+‘n (2, y2)) )

()



where

m@@ﬁl//

9a(z, y) is separable (i.e., gg(z,y)

x)p y y)
plq!

95(z,y)dzdy.

@)
= gp()gs(y)), thus

Sp,q(amvdy:ﬂ) = Sp(6$7,3)sq(6y>/3)7 (8)

where

(z)dz.

3P(5$7,3) = / Mgﬂ )

e D

In this relation, a coefficient sp,(d;, ) is proportional to the
p'" moments of gg(x) centered on §,, and is a function of
the blur 5 and the spatial shifts d,. In other words, given
I (), ™ (3 4) and 8,8z, B) we are able to es-
timate 3 , §; and J,. In order to reduce computation cost
of moments, we propose an efficient computation procedure

for sl’(aza /B) [9]
;,17 Y ico C3i02 par_2i(B)

pr = 2r,
i 02 par_2i(B)
) = pl Zz 2z+1 r—2 10
SP( 1:7/8) pr—2’l‘+1 ( )
1 Ifp=0,
0 Otherwise.
where
(p—1)(p—3)---38° If p>0and pis even,
ﬂp(IB) = 1Ifp=0,
0 Otherwise.
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For example, when p < 0, the value of s,(d5, 3) is directly
given and thus integration over the entire domain can be
avoided. For the sake of clarity, let us examine eq. (6). In
practice, it has been shown that the series on the right-hand
side of this equation converges rapidly if the two images are
first smoothed and if the size s of the smoothing filter is
properly selected [9]. The result of the convolution opera-
tion can thus be accurately approximated using the first few
terms of the series. Based on this assumption, let us consider
a finite summation (i.e., high-order terms are neglected):

I(n)(m) (T2,2) = I(n)(m) (T2, 92)+
§;£Z@mm((%6ﬁﬂ MM (g, 1)

—ap(=%,0)84(~ %owyﬂwwﬂ@%mn
12)
In other words, let us fit a multi-variate polynomial of de-
gree P and () to image brightness within small neigh-
borhoods. According to eq. (10), s0,0(0z,6y,8) = 1,
31,0(540751176) = dg, 30,1(6w:5y7ﬂ) =2 (Sy’ 31,1(6w:6ya,3) =

(5:!:63/7 82,0(623763/7/3) o (ﬁ +?z)’ 80,2(6:0763/75) =

(52_2 %) 82,1(05,0y,8) = (%2'*‘622) 51,2(0; 0y, )%

('67 ) 52,2 6z76y7ﬂ) + ) ) (i'*'i 4
e first few terms (P = Q = 2) of eq. (12) thus become:"

I (25 o) = K™ (35 41)
+ % (Il(n+1)(m)($2,y2) + Lt mie
ey T2,Y2)
I§n+1)(m+1) (

za,ya) + I

& éiéi I(n+1)(m+1)($ ’y2) =

¢+)W”W(m%6 (
% (Q_ J _y_)I(n)(m+2) (1,‘ Yo ) éy_I(n)(m+2)(x2’y2J

k

e
3
<
B
B

i __1 I(n+1)(m+2) ot o _% I§n+2)(m+1)(£2,
(@"i‘ )I(n+1)(m+2)(
% (ﬂ__'_ )I(n+2)(m+1)(

2

+ (f : )& +
6 yI(n+2)(m+2)(

$21y2)

-7;2ay2)

b ) [(PHmAD () )

27y2)'

The equation in (13) explicitly shows the relationship be
tween Il(”)(m), Iz(")(m), B, &, and &,. Hence, it is clear i
eq. (12) may provide a set of equations with three unknown
(B, 6, and d,) that can be used to simultaneously compute
the blur difference and the spatial shifts between two images
at a single scale. )

Recall that the equation implemented by Myles and
Lobo is based on first-order Taylor’s expansion (i.e. 10':
order polynomial fitting) and it implicitly assumes thatn =
m = 0. Moreover since their relation might not be stableat
a single scale, they form a system of equations using severil
scales. Our estimation model thus suggests the explicit 5
of higher-order polynomial fitting and the computation of
depth cues from the images and their derivatives at a singl
scale.

4 Summary of the Algorithm

The resulting algorithm for a simultaneous computation of
defocus blur and spatial shifts (stereo disparities, 2D motion
and/or zooming disparities) can be derived directly from
mathematical developments presented in the previous st
tion. Assuming the convergence of the series in (12), thatis
applying a smoothing filter of size s to the two images, i
defocus blur 3 and the spatial shifts d, and J, can be est:
mated by resolving a system of equations obtained from
least three values (n, m). However, in practice the imprec
sion of the numerical differentiation could make it difficu
to fulfill equation (12). In order to circumvent this problem
we propose to estimate the blur differences and the spat
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shifts by minimizing:

En,m(m% y2) = Zg:—U ZX:—V

P [
Zp:O ZqQ:O (Sp,q(%m7 _Ql7 ﬂ)I§n+p)(m+q) ($2 +u7 Y2 —|—’U)
2

d

—Sp,q(-Tz, _%7 O)I§n+p)(m+q> (332-—{-71,, Y2 +U))

14
for different values of n and m, where U and V' determine
the size of a local neighborhood of (z2,y2). Minimizing
£y m implies the computation of roots of polynomials of
(egrees greater than 4. Since there is no direct computa-
tion rule for such cases, it is necessary to use a numeri-
'l scheme. To this end, many algorithms have been pro-
‘posed for the minimization of nonlinear equation of the form
Viy(zi;a) — b;)2, where a € R” is the vector of pa-
mmeters. Among those, we suggest to use the Levenberg-
Marquardt algorithm. This method has become a stan-
dard of nonlinear least-squares routines. For a given point
#2,92), the inputs of this algorithm are the default param-

tler values, which are arbitrary selected in this case (e.g.,
(n)(m)
§=0,d, = 0,0, = 0), and the partial derivatives 8123 T

, which are computed using the right

I
o e
hand-side of equation (12). For every couples (n,m), we
thus obtain for each pixel (z,y) zero, one or more triplets
10,0;,0, ) that correspond to the local minima of E,, ,,, and

and the horizontal and vertical shifts. From all those
ossible solutions we choose the one which minimizes the
lollowing quadratic error:

N M U v
t Ef(w27y2) = Hn:O Hm:D Zu:—U ZU:—V

(R A S

2
- Ié")(m) (T2 +u,ys + v)) :

Other definitions of quadratic error can also be used.

To summarize, given the two images I)(z,y) and
biz,y) and the parameter values s, N, M, P, Q, U and
{, the algorithm is formed by three steps: 1) Smoothing
fthe images and computation of their partial derivatives.
) The estimation of (3, d;, d,) by minimizing the quadratic
ifierence in (14) for different values of n and m. This
il be done by using the Levenberg-Marquardt algorithm.
IThe selection of the best solution (83, 85, dy) according to
i quadratic error in (15).

It must be mentioned here that the resulting estimates,
‘which it has experimentally been shown that they are
0se to the desired solution (ground truth), may neverthe-
§ contain aberrant values. Adding a regularization term
equation (14) could fix the problem but in practice it does
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not increase global accuracy and it tends to slow down the
minimization process. For computer vision applications that
need a higher level of accuracy, median filtering could be
applied to the resulting estimates.

Finally, notice that the proposed algorithm is indepen-
dent of the geometry of the acquisition system. It is thus
not subject to the drawbacks originating from the use of the
epipolar constraint [15].

5 Performance Evaluation
5.1 Experimental Results

We have tested our algorithm using synthetic and real grey-
level images. For all of those experiments, the smoothing
filter is Gaussian and its scale o, is set to 2 (i.e., the size of
the filter is s = ko, where k € [3v/2,5+/2]). Notice that
the choice of this parameter is a compromise among several
factors. Large values cause image details to be flattened out
while small ones preserve sharp discontinuities that are not
well approximated by relatively low-order polynomial fit-
ting. The image derivatives are computed by convolving the
images with the appropriate partial derivatives of the Gaus-
sian function. The parameter values for equation (14) are
N=1,M=1,P=2,Q=2U =5,V = 5and the
maximum number of iterations for the minimization process
is set to 10. Aberrant values are removed by using median
filtering (mask 5 x 5). In order to validate our algorithm,
we generated three kinds of results from image pairs that
are supposed to contain: 1) Defocus blur only; 2) Spatial
shifts only (stereo disparities, 2D motion, and zooming dis-
parities); and 3) Defocus blur and spatial shifts.

5.1.1 Defocus Blur Estimation

The performance of the unified approach has been evalu-
ated on several real images. Those images are generally
used to test existing depth from defocus algorithms under
the assumption that there is no spatial displacements. Fig-
ures l.a and 1.b are blurred images of a scene made of
two planar objects slanted inward to meet at a vertically
oriented straight line. They have 384 x 288 pixels. They
were obtained from an optical camera. The focal length and
the f-number of the camera used to grab those pictures are
F = 2.5 cm and f = 4, respectively. Focusing ranges are
120 cm (Fig. 1.a) and 90 cm (Fig. 1.b). The intersection of
the planar objects is 120 cm away from the camera while
the nearest point is at a distance of 105 cm. The estimates
of defocus blur and spatial shifts for points lying on textured
regions are plotted in Fig. 1.c, 1.e and 1.f. From the plot of
blur estimates, we observe for a given value of y a parabolic
distribution. Such a distribution seems to be accurate since
it fulfills the relation between the depth z and the amount
of blur oy, [6]. Figure 1.d presents the resulting depth esti-
mates computed from blur values. As shown, the distance
of the nearest point is about 105 cm and the planes meet



Figure 1: a) and b) Real images of two planes slanted
inward. Courtesy of S. Chaudhuri of the Department of
Electrical Engineering at Indian Institute of Technology-
Bombay. Estimated depth cues for textured regions: c) De-
focus blur, d) and e) Horizontal (§;) and vertical (6y) shifts.

at about 120 cm, that is the ground truth. It thus confirms
that the estimated blur differences are accurate. Concerning
spatial displacements (J, and d,), their estimates are effec-
tively close to zero. However, they do not equal zero for
every pixels as it is usually assumed by depth from defocus
approaches (cf. Section 1). In fact, d, € [—0.5,1.5] and
dy € [—0.5,0.25] and their variations are linear as a func-
tion of z and y. The extrinsic or intrinsic camera parameters
may thus have been modified during the acquisition process.
For example, the camera might have been slightly moved
or its optical center might have been shifted when modify-
ing focus (cf. [8]). Recall that it is difficult to ensure that
0z = 0y = 0 in practical computer vision. Hence, most
existing depth from defocus techniques, which assume that
spatial shifts between a pair of images of the same static
scene are negligible, may lead to a lack of accuracy. Con-
sequently, an algorithm for depth from defocus estimation
which is tolerant to spatial shifts seems to be essential.

5.1.2 Spatial Shift Estimation
The performance of the proposed approach has also been
evaluated on several pairs of images including spatial shifts
only. In this section we will present specific results about
the estimation of: 1) stereo disparity, 2) relative 2D motion,
and then 3) spatial shifts resulting from zooming.

Figures 2.a and 2.b present a real pair of stereo images of
a car part (256 x 256 pixels). Figure 2.c exhibits the spatial

d

Figure 2: a) and b) Stereo images of a car part. Courtesy(|
G. Medioni of the USC Institute for Robotics and Intellige
Systems at Carnegie Mellon University. c) Estimated dig
parities as a needle diagram. d) Right image reconstrucle

using estimated depth cues.

shifts (d;,dy) evaluated for all points as a field of vectos

belonging to the car part is larger on the right side of the o6
ject, which is correct since it is closer to the camera. Mot
over, the estimated displacements clearly exhibit the tran
lational and rotational components. The accuracy of bol
the orientation and the magnitude of the spatial shifts af
confirmed by Fig. 2.d. This figure corresponds to the 1¢ on
struction of the right image using the left image (Fig. 2
and the spatial shifts. The mean reconstruction error in grey
level is equal to 2.9, that is 1.14%, which is quite satisfying

Figures 3.a to 3.c present a real sequence of imag
(256 x 240 pixels) of a laboratory scene captured by a cait
era that was moving to the right. The estimates of the hot
zontal and vertical shifts between frames ¢ = 91 and ¢ =4
are displayed as a needle diagram in Fig. 3.d. As expected
the vertical shift is approximately equal to zero for most
the pixels. In order to facilitate visualization, the main con
ponent (horizontal shift) is shown as a grey-level imageil
Fig. 3.e. For each pixel, the grey level is proportional to
estimated shift between the two images. It is thus obviol
that the estimated values are quite satisfying since they
proportional to the inverse of the distance between the cant
era and the objects. However, notice that computed shiftsa
less accurate within the neighborhood of occlusions.
type of error was anticipated since some pixels of the fi
image cannot be matched with pixels of the second imag
(occlusion problem). Fig. 3.f exhibits a dense and accur
reconstruction of frame ¢ = 93 using frame ¢ = 91 and th
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figure 3: a), b) and c) Real sequence of images acquired by
moving the camera rightwards (t = 25, 70 and 93, respec-
lively). d) Estimated 2D motion using frames t; = 91 and
1y = 93. e) Horizontal shift as a grey-level image. f) Re-
= 91 and the

tstimated depth cues (J, and d,). The mean reconstruction
aor in grey-level is 4.6 (1.8%), which is once more quite
low.

Figures 4.a and 4.b are two images of a real scene ac-
quired by zooming out. The original images have 576 x 384

d

iguie 4: a) and b) Pair of real images acquired using differ-
it zoom values. Courtesy of the Calibrated Imaging Lab-
tatory at Carnegie Mellon University. c) Spatial shifts re-
dled to zooming effect as a vector field (textured regions).
age in b) reconstructed using retrieved depth cues.

_ed as a vector field in Fig. 4.c (textured regions only).
I§ figure clearly shows an accurate zooming effect. Ev-
y vectors that do not belong to the borders are oriented
Wards an unique central point. Moreover, the vector mag-
ide gradually increases as a function of the distance be-
en the current position and the central point. Figure 4.d
the reconstruction of the image in Fig. 4.b using the
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other image and the computed values J, and J,. The mean
reconstruction error of this image in grey-level is 2.3, that
is 0.92%. It thus confirms that we get dense and accurate
estimates of the spatial shifts introduced by zooming.

All of these results clearly show that the proposed al-
gorithm is an effective and accurate approach for computing
spatial shifts. This approach provides dense and accurate es-
timates of the horizontal and vertical shifts originating from
binocular disparities, 2D motion, and/or zooming effect.

5.1.3 Simultaneous Estimation

The performance of the proposed approach has finally been
evaluated on several grey-level images including both blur
differences and spatial shifts (horizontal and vertical). The
pair of images in Figs. 5.a and 5.b is composed of the orig-
inal pictures in Fig. 1. In this case, we moved the image

Figure 5: a) and b) Two vertical planes slanted inwards
where the more blurred image is spatially moved (6, =
—2,6y = —=2). ¢) and d) Defocus blur and correspond-
ing depth estimates for points lying on the planes (textured
regions). e) and f) Recovered horizontal and vertical dis-
placements.

in Fig. 1.b two pixels rightward and two pixels downward.
The estimated values of the blur differences for pixels lying
on textured regions are shown in Fig. 5.c. By comparing
this plot to the one in Fig. 1.c, we realize that the estimated
values are quite similar, which is totally accurate. Moreover,
by comparing the recovered horizontal and vertical displace-
ments (Figs. 5.d and 5.e) to those in Figs. 1.d and 1.e, it is
clear that both distributions are globally moved down by two
pixels. That is the additional shifts we introduced. More
especially, 0, € [-2.5,—0.5] and 6, € [-2.5,—1.75]. It



thus confirms that the unified approach provides an accurate
estimation of defocus blur even if there are spatial shifts be-
tween both images.

All of these results lead to the conclusion that the pro-
posed approach allows a simultaneous and cooperative es-
timation of the blur differences () and the spatial shifts
(05, 6,) between two images at a single scale.

5.2 Mean Estimation Errors and Densities

Let us now examine the influence of the defocus blur and
the spatial shifts on their respective estimation error. To
this end, these depth cues are estimated using a set of 840
pairs of images that was created from 12 real images that
have been successively blurred (8 = 1,2, - - -, 6) and shifted
(4/62 + 62 = 1,2,---,10). For all of those experiments,
the smoothing filter is Gaussian and its scale o, is set to
6. The image derivatives are computed by convolving the
image with the appropriate partial derivatives of the Gaus-
sian function. The parameter values for equation (14) are
N=M=1,P=Q =2,U =V =5, and the max-
imum number of iterations for the minimization process is
set to 10. Aberrant values are removed by using median fil-
tering (mask 5 X 5).

Figure 6.a and 6.b present the mean estimation error of
B and the corresponding density as a function of the defocus
blur and the spatial shift magnitude. They were computed
using every points except those within the borders of the
images. From these plots, we may observe that the estima-
tion error of A is less or equal to 8% for more than 67%

of the pixels when # < 3 and /62 + &7 < 5 pixels. Fig-
ures 6.c and 6.d exhibit the mean relative error and density
of the spatial shift estimation as a function of the defocus
blur and the magnitude of the spatial shifts (in pixels). As
can be seen, the estimation error of the spatial shift is less

Moan Reltve Eror(Bur)
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Figure 6: a) to d) Mean estimation errors and densities as a
function of the defocus blur and the spatial shift magnitude.

than 0.5 pixel for more than 69% of the pixels when f <
and /62 4 02 < 5 pixels. Notice that for estimating s
tial shifts greater or equal to 6 pixels many techniques suct
as multi-resolution can be used in conjunction with ourk
gorithm. As an example, we tested our algorithm witha
iterative multi-resolution scheme. The parameter values of
our algorithm are 0, = 2, N = M = 1, P = =l
and U = V = 5. For the first test, we use two differi
resolutions (the entire image and the image reduced by
factor of 2). In this case, spatial shifts up to 12 pixels hai
been estimated with a relative error less or equal to 4% i
an absolute error inferior to 0.5 pixel for at least 92.4%l
the pixels. Similarly, larger spatial shifts (, /02 + d5 =)
were computed using a four stage resolution pyramid. The
resulting relative error and density are equal to 1.1% a
96.1%, respectively. It thus confirms that using our alg
rithm in conjunction with a multi-resolution scheme makes
it possible to estimate large spatial shifts. '

Since we deal with a particular case of the entire affiné
transforms, we also compute the mean estimation errors i
sulting from the use of the equation proposed by Myles i
Lobo [12] for comparison purpose. In this case, as mef
tioned earlier, rotation and scaling are neglected (they at
respectively set to zero and one) and the initial translation
are initialized to zero. As suggested by Myles and Lobo,
use five different scale values: 1.75, 2.5, 3.0, 3.5 and 43
The corresponding errors and densities as a function of e
defocus blur and the spatial shift magnitude are plottedi
Fig. 7. By comparing these plots to those in Fig. 6, itap

Moan Rl Enor (i)

Figure 7: a) to d) Mean estimation errors and densities ast
function of the defocus blur and the spatial shift magnifude
obtained from the equation of Myles and Lobo.
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eor of 3 is less or equal to 10% for 51.6% of the pixels
if using their system of equations, while it is less or equal
05.1% for 92.1% of the pixels with our approach. Un-
der the same conditions, the estimation error of the spatial
shift is less or equal to 0.5 pixel for more than 54% of the
pixels if using the original images (n = m = 0) at several
scales (Myles and Lobo) against more than 99.1% if using
the proposed approach. Moreover notice that when 8 > 2

0y /07 + 02 > 3, the accuracy and the density of the esti-

mates provided by the equation of Myles and Lobo decrease
laster than those originating from our approach.

From all of these results, it is obvious that the proposed
dpproach may provide a dense and accurate estimation of
defocus blur and spatial shifts at a single scale.

Conclusions

We proposed an unified approach for a simultaneous esti-
mation of defocus blur and spatial shifts (stereo disparities,
2D motion, and/or zooming disparities) from a pair of im-
4ges of the same scene. Assuming perspective projection,
passive image formation system, PSF Gaussian, and locally
tonstant blur, we have shown that the more blurred image,
Iespectively its derivatives, can be expressed as a function
its partial derivatives, the partial derivatives of the other
, the blur differences and the horizontal and vertical
ifts. Hence these depth cues can be computed by resolv-
ing a system of equations at a single scale.

The proposed algorithm was tested using several syn-
lietic and real images. The results confirmed that it simul-
laneously provides dense and accurate estimates of defocus
blur and spatial shift at a single scale from the original im-
ges and/or their derivatives. More especially, experimen-
il results have clearly shown that the unified approach al-
“'r § the estimation of defocus blur even if there are a spa-
il shifts between both images (e.g., magnification due to
ocus changes, etc.). The unified approach also allows the
Stimation of stereo disparities, 2D motion, and zooming
isparities when there are illumination changes induced by
lur differences (e.g., variations of the intrinsic parameters
i the acquisition system, motion in the optical axis direc-
on, etc.). It must also be mentioned that all computations
e done without considering the particular geometry of the
quisition system, that is without using the epipolar con-
aint. Consequently, another main advantage of this al-
rith is that it is not subject to the drawbacks originat-
g from the reduction of the 2D matching problem to a
) problem [9].
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