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ABSTRACT

We propose to use integral images to reconstruct and recognize three-dimensional (3D) scenes in a computer. A stereomatching algorithm is applied to integral images in order to extract the depth information. This information is used to
digitally reconstruct the 3D scenes. A numerical 3D correlation is then computed between various reconstructed scenes.
We demonstrate the reconstruction and correlation results from experimental integral images. We propose to use a
nonlinear correlation for better discrimination and we present the successful recognition and 3D localization of an
object in a 3D scene. We finally compare the discrimination of two- and three-dimensional correlations.
Keywords: Integral imaging, depth estimation, three-dimensional object recognition, three-dimensional correlation,
nonlinear correlation.

1. INTRODUCTION
The bases of integral imaging were proposed as soon as 1908 by G. Lippmann to capture and render three-dimensional
(3D) images1. This technique has recently regained popularity because of its potential capability to provide 3D autostereoscopic displays2-13. The original and most common integral imaging scheme uses optical capture and rendering. In
this paper we discuss a technique where the 3D input scene is digitally reconstructed in a computer using the
information provided by integral images. The multiple perspectives of the scene contained in an integral image are
processed using a matching algorithm to retrieve the depth information. Once the digital reconstruction is done, the 3D
scenes can easily be visualized and processed as digital objects. We describe here how to use these digital reconstructed
scenes for the 3D object recognition problem. We compute the 3D correlation between a reference scene and an
unknown scene, which allows us to recognize and locate an object in a 3D scene. We demonstrate that a nonlinear
correlation is required to obtain a good discrimination. In section 2, we will describe briefly the principle of integral
imaging. In section 3, we will explain how we digitally reconstruct the 3D scene from integral images. In section 4 we
will describe the implementation of the nonlinear digital 3D correlation. Finally, in section 5 we will provide
experimental results of reconstruction, recognition and localization of a 3D object. We will also experimentally
investigate the effect of the nonlinearity strength.

2. DESCRIPTION OF AN INTEGRAL IMAGE
Fig. 1 describes our experimental setup. A hexagonal array of microlenses is placed in front of the 3D scene to be
analyzed. The microlenses have a diameter ϕ = 200 µm and a focal length f about 2.3 mm. Each microlens generates an
elementary image of the scene. All these elementary images are obtained from a slightly different point of view. We
assume that the depth of focus of the microlenses is sufficient to consider that the images of all the objects are obtained
in the same plane P, independently of their longitudinal position in the 3D scene. We also assume that the elementary
images generated by neighbour microlenses do not overlap each other. These conditions can be obtained by placing the
objects sufficiently far from the microlenses.
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Fig. 1: Experimental setup.

Fig. 2 illustrates the formation of the elementary images by every microlens. The distance between two projections of
the same object point depends on the distance of the object point. The depth of a given object point can thus be
recovered by comparing the projections through different microlenses. This is a triangulation technique.
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Fig. 2: Image formation through the microlens array.

3. DIGITAL RECONSTRUCTION OF THE THREE-DIMENSIONAL SCENE
Fig. 3 shows an example of our integral images. A heuristic study showed that using only 7 × 7 of the elementary
images (marked in Fig. 3) was a good trade-off between computation time and accuracy of the depth estimation. The
depth information of every object point of the scene is found thanks to a stereo-matching algorithm.7,11 We first
consider a particular point of the central elementary image – the one corresponding to microlens (0,0). We choose an
arbitrary depth z for this point and we consequently determine the corresponding points in the other elementary images.
In order to check whether our guess about the depth was correct, we have to check whether all these projected points

are actual projections of the same object point. This is done by computing 2D correlations between pairs of 9 × 9 pixel
windows surrounding these points. We compare each window with all of its immediate neighbours (horizontally and
vertically) and we add together all the correlation values. This gives us a matching criterion M(z) which value is
maximum if all the considered projected points correspond to the same object point. The depth which yields the highest
value for M(z) is the actual depth of the point under consideration. This procedure is repeated for every point of the
central elementary image in order to obtain the depth of every point in the 3D scene. We can therefore reconstruct a
model of the 3D scene in the computer. This reconstructed 3D scene can be used to perform 3D image processing. In
particular, we can reconstruct a reference scene and an unknown scene and perform a digital 3D correlation between
them.

Fig. 3: Example of integral image of a 3D scene.
The marked elementary images are the ones used to determine the depth information.

4. THREE-DIMENSIONAL CORRELATION
Let A(x,y,z) and B(x,y,z) be two 3D scenes. We define their similarity as the square modulus of their mathematical 3D
correlation. This similarity can easily be computed in the Fourier domain:
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where the symbol ⊗ stands for the 3D correlation, A and B are the Fourier transforms of A and B respectively and
-1
FT is the inverse Fourier transform operation. However, the usual correlation used in Eq. (1) is known to be poorly
discriminant. In order to improve the recognition performance, we can use the kth-law nonlinear correlation14 which
provides us with the following similarity criterion:
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where A and B are the magnitudes of A and B respectively and ϕ A~ and ϕ B~ are their phases. The value of the
nonlinear factor k is chosen between 0 and 1. The linear similarity described in Eq. (1) is obtained for k = 1. Using a
strong nonlinearity – which means k close to 0 – improves the discrimination between similar objects. In the following,
we will use the term “correlation” to designate the similarity criteria defined in Eqs. (1) and (2).

5. EXPERIMENTAL RESULTS
In this section we present examples of 3D reconstruction and recognition of objects from experimental integral images.
We investigate the effect of the nonlinearity and we recognize and locate a 3D object in the 3D input scene. These
experiments demonstrate the greater recognition and discrimination capability of 3D correlation over 2D correlation.
5.1 Reconstruction of the 3D scenes from integral images
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Fig. 4: Views of the 3D objects used in the experiments – (a), (b) and (c) are planar reference objects – (d) and (e) are composite
3D input scenes with the reference objects at various distances – (f) Map of the estimated depths for the 3D scene shown in (d).

In the experiments, we use three elementary planar objects representing three different geometrical shapes, namely a
square, a circle and a triangle [Fig. 4(a)–(c)]. We create two composite 3D scenes by placing the square and the circle at
various distances from the array [Fig. 4(d)–(e)]. We call Scene 1 the scene in Fig. 4(d) and Scene 2 the scene in Fig.
4(e). Although they look similar, the perspective views in Fig. 5(a)-(b) show the difference of depth Fig. 4(f) provides a
map of the distances found by the matching algorithm for Scene 1. The brighter points represent larger distances of z.
Fig. 6 illustrates the 3D computer reconstructions of Scene 1 and Scene 2.

Fig. 6: Three-dimensional computer reconstructions of the scenes – (a) Scene 1 – (b) Scene 2.
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Fig. 5: Perspective views of the composite 3D scenes used in the experiments – (a) Scene 1 – (b) Scene 2.

5.2 Recognition and localization of a 3D object using nonlinear correlation
We use the three single geometrical objects (square, triangle and circle) as 3D reference objects. We want to be able to
detect them in the two composite scenes (Scene 1 and Scene 2). We compute the 3D correlations between every input
scene and every reference object, which provides 2 × 3 = 6 correlations. In each of these correlations, we obtain two 3D
peaks that correspond to the two objects present in the input scenes. Thus a total of 2 × 6 = 12 peaks are generated
among which only four are considered as desired detection peaks: the ones corresponding to the square in both scenes
when using the square as a reference, and the ones corresponding to the circle in both scenes when using the circle as a
reference. All the other peaks are cross-correlation peaks and are undesirable.
We use a kth-law nonlinear correlation14 and we study the effect of the nonlinearity on the discrimination. We determine
the relative values of the different peaks for each particular value of the nonlinearity k. A different normalization factor
is applied for every k, so that one of the four detection peak is always unity. Fig. 7 illustrates the normalized peak
values versus k. It is evident that it is possible to separate detection peaks from undesirable peaks only if k ≤ 0.5. It can
be seen that the best discrimination is obtained for k = 0.2. For this value of the nonlinear factor, it is easy to find a
threshold (for instance at 0.5) that will allow us to discriminate between detection peaks and undesirable peaks.

2.5

Relative correlation peak values

Undesirable peaks
Detection peaks
2

1.5

1

0.5

0

0

0.2

0.4
0.6
Nonlinear factor k

0.8

1

Fig. 7: Normalized values of the correlation peaks versus the kth-law nonlinearity. The detection peaks are the ones corresponding
to the presented reference object. The other peaks are undesirable (false alarms).

When computing 3D correlations, the recognition peaks are three-dimensional. Namely, they are defined as the points
in the 3D correlation space that present the highest values. These peaks indicate the 3D location of the objects in the
input scene with respect to the original location of the reference object. For instance, computing the 3D correlation
between Scene 1 and the square reference gives us the 3D the location of the square in Scene 1 [Fig. 8(a)]. Similarly,
computing the 3D correlation between Scene 1 and the circle reference provides the location of the circle in Scene 1
[Fig. 8(b)].
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Fig. 8: Three-dimensional localization of the objects – (a) Position of the square in Scene 1 – (b) Position of the circle in Scene 1.

5.3 Comparison between 2D and 3D correlation
In the previous subsections, we detected and localized elementary objects (a square and a circle) in composite 3D
scenes (Scene 1 and Scene 2). Now, we want to compare the two composite scenes one to another. Even if they contain
the same elementary objects, Scene 1 and Scene 2 have different 3D structures. They therefore constitute two different
3D objects. We compare these two objects either by conventional correlation of 2D images or by the proposed 3D
correlation. The 2D correlation is obtained between the images shown in Fig. 4(d) and Fig. 4(e) which are 2D
projections of the two scenes. The 3D correlation is obtained between the digitally reconstructed 3D scenes. In both
cases (2D or 3D), we use a nonlinear correlation with k = 0.2. We define the discrimination ratio as the ratio between
the value of the auto-correlation peak (C1-1 or C2-2) and the value of the cross-correlation peak (C1-2). Table 1 provides
the values of these ratios for both 2D and 3D correlations. It can be seen that the 3D correlation is roughly 3 times more
discriminant than the 2D correlation. This is because it takes into account some additional information concerning the
depth structure of the 3D objects.
Discrimination ratio
2D
3D

C1-1 / C1-2
8.2
21

C2-2 / C1-2
8.5
27

Table 1: Comparison between 2D and 3D correlations for discriminating between two 3D objects.

6. CONCLUSION
In this paper, we used integral images to digitally reconstruct 3D scenes and to perform recognition of 3D objects. A
matching algorithm was applied to the integral images in order reconstruct the 3D scenes in the computer. We then used
the reconstructed 3D scenes to perform numerical 3D correlations. We described the use of a 3D kth-law nonlinear
correlation and we investigated the effect of the nonlinearity strength on the discrimination capability. It was
demonstrated – from experimental integral images – that the proposed technique may be used to recognize and locate
3D objects in a 3D scene. Finally, it was shown that 3D correlation provides a better discrimination than 2D correlation
since it uses the depth information. The proposed 3D recognition technique is shift-invariant.
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