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Abstract

In this paper we present a method of combining
stereo and shape-from-shading information, taking ac-
count of the local reliability of each shape estimate. Lo-
cal estimates of disparity and orientation are modelled
using Gaussian distributions. A Gaussian-Markov ran-
dom field is used to represent the disparity-map, taking
into account interactions between disparity measure-
ments and surface orientation, and the MAP estimate
found using belief propagation. Local estimates of the
precision of disparities and surface normals are found
and used to control the process so that the most accu-
rate data source is used in each region. We assess the
performance of our approach using both synthetic and
real stereo pairs, and compare against ground truth.

1 Introduction and previous work

Dense stereo algorithms may be divided into two
steps. First is the calculation of a matching cost for each
disparity at each location, represented by the Dispar-
ity Space Image (DSI). In areas with strong cues a DSI
gives a clear indication of actual disparity, but in rela-
tively uniform areas it will not distinguish the correct
disparity from incorrect disparities. The second step
is the selection of disparities to find a consistent solu-
tion. Advanced approaches to this problem use tech-
niques such as dynamic programming[1], graph cuts[2]
and belief propagation[14]. Shape from Shading (SfS)
relies on the shading information available from a sin-
gle image. It is premised on the intensity of light re-
flected by a surface being related to the angle between
the surface and light source(s)[13]. It therefore provides
information about the orientation of the surface. Stereo
algorithms do not perform effectively in areas of uni-
form texture. Such regions will generally either be in-
terpolated or plane fitted, which is not necessarily a true
reflection of the surface shape. In contrast SfS can oper-
ate only in areas where albedo can be inferred, so a uni-
form albedo assumption needs to be used. This makes
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SfS ideal for filling in areas where stereo has insuffi-
cient information[8]. In combining these ideas we have
an improved set of modelling assumptions resulting in
a surface estimate with greater detail.

The literature on both stereo and SfS is compre-
hensive and we do not intend to review it in detail
here. Here we will focus particularly on methods which
combine SfS with stereo. For example, Leclerc and
Bobick[8] have used stereo to provide initialisation and
boundary constraints for SfS. Cryer, Tsai and Shah[4]
combine SfS and stereo in the frequency domain, us-
ing a high pass filter for the SfS and a low pass filter
for the stereo. Jin, Yezzi and Soatto[7] assume the im-
age is divided into areas of texture and constant albedo
and apply separate cost functions to each area and solve
with level sets. Shao et al[10] use an additional cost
for the difference between SfS irradiance in the left im-
age and image irradiance at the corresponding point in
the right image. Motion, stereo and photometric stereo
have been integrated into a single framework by Zhang
et al[15] and this method can provide accurate object
models from a sequence of frames. This can be con-
trasted with our work where we are interested in recov-
ering shape from two frames only. Also of interest here
is the work of Potetz[9] who uses a belief propagation
framework to incorporate integrability constraints in the
process of surface integration from normals.

2 Problem Formulation

Given a rectified colour image pair, left (I (x,y))
and right (Iz(x, y)), we can compute a a disparity map,
D(z,y), representing the correspondences between im-
ages. The process may be divided into two steps, first a
DSI(x,y,d) is defined expressing the cost of matching
I (x,y) and Ig(x + d,y). Modelling assumptions are
then used to select an optimal set of matches. Given
a camera calibration, D(z,y) may be converted into
world coordinates, (X,Y, 7).

SfS uses the (calibrated) greyscale image intensity
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Figure 2. The SfS-BP process for the head

by our stereo camera, one of which is shown in Figure
2. This image shows a large improvement in the fine
surface detail of the models.

Table 1 shows the mean square error between the re-
covered disparity and ground truth disparity for a num-
ber of datasets and different stereo methods. The meth-
ods used are hierarchical belief propagation(HBP)[5],
Dynamic programming(DP)[1], and our method (SfS-
BP). In all cases there is an improvement in the re-
constructed disparity map from using the shading in-
formation through our belief propagation. The picture
frame and plant pot both show large improvements The
picture frame has raised relief which is not accurately
picked up by the stereo algorithms but is modelled via
the shading. In table 2 we analyse the error in the
surface normals computed from the disparity map (not
from SfS). The error in the surface normals is measured
by 1 — n - n; where n is the measured surface normal
and ny is the ground truth surface normal, so we obtain
0 if the normals are identical, and 1 if they are randomly
distributed. The big advantage of incorporating shading
information is in the accuracy of the surface normals,
as shown in Table 2 where there is a large improvement
for all but the plane model. This leads to much more
realistic-looking models.

7 Conclusions

We have presented a method of integrating shape
from shading information with stereo information using
Gaussian belief propagation. This method efficiently
delivers a continuous estimate of disparity and allows
separate control of the local confidence in the dispar-
ity and normal information, via appropriately defined
Gaussian distributions. We can therefore use stereo in-

c) HBP stereo

formation where it is reliable, and shading information
in other areas. We have presented a number of experi-
ments with our method, both on synthetic and real im-
age pairs. Comparison with ground truth shows that this
method is effective in improving disparities and pro-
duces large improvements in surface normal informa-
tion and therefore model realism.
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