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Abstract

This paper presents a mew method for integrating
different low level vision modules, stereo and shape
from shading, in order to improve the 3D reconstruc-
tion of visible surfaces of objects from intensity im-
ages. The integration process is based on correcting the
3D wisible surface obtained from shape from shading
using the sparse depth measurements from the stereo
module by fitting a surface into the difference between
the two data sets. A feedforward neural network is
used to fit a surface to the error difference. An ez-
tended Kalman filter algorithm is used for the network
learning. It is found that the integration of sparse
depth measurements has greatly enhanced the 3D wvisi-
ble surface obtained from shape from shading in terms
of metric measurements.

1 Introduction

The problem of three-dimensional (3D) object re-
construction from two-dimensional (2D) images has
attracted much attention due to its theoretical chal-
lenge and its many practical applications. The 3D
reconstruction of a sensed scene is crucial for ma-
chine vision and robotics systems in order for these
systems to autonomously interact with their environ-
ment. Individual vision modules (stereo, shading, tex-
ture, etc.) cannot accurately reconstruct the 3D struc-
ture of the imaged scene due to the insufficient data
constraints and the presence of sensor noise. In gen-
eral, the performance of 3D vision systems is greatly
enhanced when various sources of information about
the 3D scene (e.g., stereo, range, shading, etc.) are
incorporated|[1, 2].

This paper presents a framework for integrating
sparse depth data from stereo and dense depth maps
from shape from shading in order to improve the 3D
reconstruction of visible surfaces of 3D objects. The
integration process is based on propagating the er-
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ror difference between the two data sets by fitting a
surface to that difference and using it to correct the
visible surface obtained from shape from shading. A
feedforward neural network is used to fit a surface to
the sparse data. We also show a new technique for
calculating shape from shading using perspective pro-
jection. It is found that the integration of stereo mea-
surements has greatly enhanced the 3D visible surface
obtained from shape from shading in terms of metric
measurements.

This article is organized as follows. First, stereo
reconstruction is described in Section 2, and the per-
spective shape from shading is given in Section 3. Our
integration approach and its analysis are presented in
Section 4. Section 5 presents our results and discus-
sions. Finally, the paper is summarized and concluded
in Section 6.

2 Stereo Reconstruction

Stereo reconstruction is a robust technique that in-
fer the 3D structure and depth of a scene from two or
more images taken from different viewpoints by cam-
eras of known relative positions and orientations[3].
Because of the correspondence problem, i.e. finding the
point matches in the images, stereo techniques known
to produce an erroneous depth map in regions of the
image with no or little texture.

Given a pair of stereo images, the relation between
the 3-D coordinates of a point M = [X,Y, Z]T in the
scene and its image coordinates m = [z,y]” can be
obtained from the the pinhole camera model by

s = PM (1)

where s is an arbitrary scale, P is a 3 x4 matrix, called
the perspective projection matrix, and m and M are
the homogeneous coordinates of the vectors m and
M, respectively. In general, P = A[R,t] where A isa
matrix containing all the camera intrinsic parameters,
and R and t are the rotation matrix and translation
vector, respectively. The two perspective images of a
scene are related by the epipolar geometry, which can
be described by a 3 x 3 singular matrix. It contains



all the information that is necessary to establishing
correspondences between two images, from which the
3D structure of the sensed scene can be inferred[4].

3 Shape from shading using perspec-
tive projection and camera calibra-
tion

Shape From Shading (SFS) is a low-level vision
module that produces a dense depth map, and it is
defined as the process of recovering the 3D visible sur-
face of a 3D object from the shading in its intensity
image by using information about the reflectance and
illumination properties of the scene[5].

The surface orientation at a point M on a surface S
is determined by the unit vector perpendicular to the
plane tangent to S at M. Most of the research done
in SFS suppose that orthographic projection is used
to map a point M onto the image plane which is not
not adequate if the camera is very close to the object.
We propose to use the perspective projection matrix
to enhance the SFS algorithm.

Using perspective projection, a function s(z,y),
corresponding to the scalar s, maps a point M in
the space to a point m in the image. The normal
to the surface at M is defined to be the cross product
of the two gradient vectors p = dsgﬁ’y),q = dsg;’y).
Thus p and q are vectors and not scalars as in the
case of the orthographic projections. They surface re-
flectance R(.) becomes function of the scalar s defined
in equation[1] as follows

_(pxq-L
B = ol (2)

where L is the illumination direction. The new formu-
lation of the SFS problem becomes finding the scalar
s that solves the new brightness equation; g(s) =
E(z,y) — R(s) = 0. This can be solved using Tay-
lors series expansion and applying the Jacoby itera-
tive method where at the nt” iteration, for each point
(z,y) in the image, s} , is as follows:
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Finding 7-4—g(s77") involves many steps using linear
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algebra and partial differentiation and the close form

equation can be obtained as follows:
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Figure 1: Functional block diagram for the integration
process of shape from shading and stereo data.
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where v = p X q. This representation will be accurate
up to a scale factor.

4 The Integration Methodology

The main concern of this work is the integration
of the dense depth map obtained from the shape from
shading with a sparse depth data from stereo for the re-
construction of 8D visible surfaces with accurate met-
ric measurements. This integration has two advan-
tages. First, it helps in resolving, to some extent,
the ambiguity of the 3D visible surface discontinuities
produced by shape from shading due to highly tex-
tured regions. Second, it compensates for the miss-
ing metric information in the shape from shading by
employing the data obtained from stereo, which work
better at the highly textured regions. On the other
hand, the sparse depth data from stereo does not con-
tain all the depth information about the surface, so it
cannot be used directly to represent the visible sur-
faces accurately. The integration process is based on
propagating the error differences between the available
depth data from stereo and the shape from shading
throughout the remaining measurements where only
shape from shading data are available. This can be
done in three steps, as depicted in Fig. 1. First, the
error difference in the depth measurements between
the data sets is calculated. Second, we fit a surface
to that error difference. Finally, the resultant surface
is used to correct the shape from shading data. The
surface fitting process, which is cast as a function ap-
proximation, is carried out in this paper using neural
networks.

4.1 Surface Approximation

Surface interpolation, has been one of the most
intensely studied problems in low-level computer
vision[6, 7, 8]. It plays a central role in the con-
struction of a continuous 2%—D sketch from sparse vi-



sual data[3]. The computational theories used in con-
junction with surface interpolation include variational
principles and regularization theory[6]. The common
element of these computational theories is the mini-
mization of a global energy function composed of many
local energy components. This minimization has usu-
ally been implemented using iterative algorithms. A
weak point in these methods is that it has adjustable
parameters and does not perform well in case of sparse
data. Another common problem is that they can find
only locally optimal solutions, instead of finding the
global minimum of the energy function.

Surface interpolation is considered a function ap-
proximation problem. Consider a nonlinear input-
output mapping defined by the functional relationship
Z = f(x), where the vector x is the input and the vec-
tor Z is the output. The mapping valued function
f(.) is assumed to be unknown. Given a limited set
of input-output examples {x;, Z;}; i = 1,---, N, the
requirement is to find the function F(.) that approxi-
mates f(.) over all inputs. That is,

|IF(x) — f(x)|| <e forall x, (5)

where € is a small threshold. This function approx-
imation problem is a perfect candidate to supervise
learning with x; playing the role of input vector and
Z; serving the role of desired response.

In supervised learning of a multilayer neural net-
work, the set of examples {x;, Z;} is used to train the
neural network as a model of the unknown system. If
y; is the output of the network produced in response
to an input vector x;. The difference between the Z;
(associated with x;) and the network output y; pro-
vides the error signal e; = Z; —y;, which is equivalent
to the difference in Eq.5. The total error energy in
the network output is E(n) = 3> __ €3(n), where
C is the set of output neurons, is used to minimize
the squared difference between the outputs of the un-
known system and the neural network in a statistical
sense. For a given training set,
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is the average squared error energy which represents
the cost function as a measure of learning perfor-
mance. The objective of the learning process is
to adjust the network free parameters (the synaptic
weights) to minimize the cost function E,,. This min-
imization can be achieved by considering a training
method in which the weights are updated on a pattern-
by-pattern basis until one epoch, that is, one complete

presentation of the entire training set has been dealt
with. The adjustments to the weights are made in ac-
cordance with the respective errors computed for each
pattern presented to the network.

4.1.1 The extended Kalman filter learning al-
gorithms

Although  the  back-propagation  (BP) learn-
ing algorithm[9, 10] is considered the most popular
algorithm for training multilayer networks, it has two
main problems. First, appropriate learning parame-
ters 1, o, and A (for the activation function) need to
be carefully chosen for each training set. The tuning
of these free parameters is not trivial. Second, the
rate of convergence tends to be relatively slow due to
the stochastic nature of the algorithm, which in turn
makes it computationally extensive.

The limitations of the BP algorithm may be over-
come by viewing the supervised training of the net-
work as an optimum filtering problem, the solution of
which recursively utilizes information contained in the
training data traced back to the first iteration of the
learning process, a situation where the Kalman filter
theory can be utilized[10]. Singal et al. suggested the
idea of using the extended Kalman filter to train a
multilayer perceptron[11]. A Kalman filter attempts
to estimate the state of a system that can be mod-
eled as a linear system driven by a white Gaussian
noise and where the measurements available are lin-
ear combinations of the system states corrupted by
additive white Gaussian noise[12]. The weights of the
multilayer perceptron are the states the Kalman filter
attempts to estimate and the output of the network is
the measurement used by the Kalman filter.

Consider a multilayer perceptron with W synaptic
weights and p output nodes. Let the vector w(n) de-
notes the synaptic weights of the entire network at
time n. The state-space equations of the network may
be modeled as follows[11].

w(n+1) = w(n), (7)

y(n) =h(w(n),u(n)) +v(n). (8)

where y(n) is the output of the system at time n,
h is the nonlinear function mapping the states to the
observations, u(n) is the input to the system, and v(n)
is a Gaussian noise. To apply the Kalman filter theory
to the state-space model just described, Eq. 8 must be
linearized in the form

d(n+1) =H((n)w(n) +v(n), (9)



where H(n) is the b-by-W measurement matrix of the
linearized model, which consists of the partial deriva-
tives of the p outputs of the whole network with re-
spect to the W weights of the model. Using the lin-
earized model just described, the Kalman filter equa-
tion (see [13] and [10] ) can be used for updating
the weights. The decoupled nature of the extended
Kalman filter (DEKF) algorithm[10] minimizes the
cost function:

B =53 llei P (10)

where e; is the error vector defined by Eq. 6.

A performance analysis in a previous work[14]
shows that the EKF algorithm outperforms the BP
learning algorithm in terms of fast convergence and
minimum root mean square (RMS) error. The best
network topology is obtained by finding the topol-
ogy that gives the minimum RMS error between the
ground truth data and the results of the integration
process.

5 Results and Discussions

We choose two different objects, a smooth object
(vase) and a free form object (statue), to show the ap-
plicability of our approach. Figure. 2 shows the results
for the statue of the Egyptian writer. It shows that the
integration of few 3D data points, from the stereo re-
construction with the depth variations obtained from
the perspective shading produces an enhanced 3D vis-
ible surface with metric information.

Figure. 3 shows the pair of stereo images of a vase,
the visible surface obtained using shape from shading,
and the visible surface obtained using the integration
process. The figure shows that the integration has
greatly improved the 3D reconstruction of the visible
surface of the vase.

The results shown in the above two figures show
the importance of integrating visual modules. Shape
from shading module exploits the smoothness of a sur-
face if the light source direction is well estimated, but
performs badly when parts of the surface is highly tex-
tured. On the other hand, stereo module performs well
when the camera is accurately calibrated and good
correspondences are established. Correspondences are
well established for textured surfaces. That is, shape
from shading module works well where stereo module
does not, and vise versa. Combining the results of
both modules produces an enhanced 3D visible sur-
face which can not be obtained from any of the two
modules individually.

(d)

Figure 2: Results of the writer statue. (a) Intensity
stereo images, (b)shape from shading, (c) Stereo re-
construction of matching points, and (d) Visible sur-
face after the integration of the SFS and stereo data.

6 Conclusions

We have presented a methodology for integrating
visual modules, shape from shading and stereo. The
integration method is based on fitting a surface to
the difference between the shape from shading and
the stereo data. This approximated surface is used



Figure 3: Results of the vase. (a) Intensity stereo
image pair with match points, (b) shape from shading,
and (c) Visible surface after the integration of the SFS
and stereo data.

to correct the shape from shading result. A feedfor-
ward multilayer neural network is used as a surface ap-
proximator. The network is trained using an extended
Kalman filter algorithm. The surface approximation
using the neural networks is found to work exception-
ally well in learning and retrieving the smoothness of
a surface, however it tends to smooth region of sharp
discontinuities. The integration of a few stereo data
points not only greatly improved the 3D visible surface
reconstruction obtained from shape from shading, but
also produces 3D visible surfaces representation with
nearly accurate metric measurements.

The proposed integration method is found to per-
form exceptionally well for smooth surfaces, but for
free form surfaces it found to have some difficulties
in retrieving the exact surface at sharp discontinu-
ities due to the existence of few stereo data points
and the lack of information available from the shape
from shading. In future work, we plan to improve
the surface fitting technique such that it maintains
the sharp discontinuities found in the few stereo data,
and improve the stereo matching module to include

more matches at boundaries and discontinuities.
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