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Abstract

This paper investigates the use of shape-from-shading for coarse view synthesis. The aim of our study is to determine
whether needle-maps delivered by a new shape-from-shading (SFS) algorithm can be used as a compact object-representation
for the purposes of e3ciently generating appearance manifolds. Speci4cally, we aim to show that the needle-maps can be
used to generate novel object views under changing light source and viewer directions. To this end we conduct two sets of
experiments. Firstly, we use the recovered needle-maps to re-illuminate objects under varying lighting directions. Here we
show that a single input image can be used to construct relatively faithful re-illuminations under radical illumination changes.
Secondly, we investigate how the needle-map can be used to generate new object poses. Here we show that needle-maps
can be used for both view interpolation and view extrapolation. ? 2002 Pattern Recognition Society. Published by Elsevier
Science Ltd. All rights reserved.
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1. Introduction

Appearance-based object recognition has recently at-
tracted considerable interest in the computer vision literature
[1,2]. Although there are various realisations of the idea, the
unifying principle is to compute a compact representation
of the 2D appearance of 3D objects under multiple viewing
and illumination conditions. This means that for each ob-
ject a relatively large number of images must be collected
of di:erent object poses or viewing directions and di:erent
illumination conditions. For instance, Ullman has shown
how di:erent views may be combined for the purposes of
recognising intermediate object poses [2]. The parametric
eigenspace of Nayar and Murase [1] achieves a degree of
data compression by storing the model views implicitly
as a manifold in eigenspace. Here the idea is to represent
the variability of object appearance under di:erent viewing
and lighting directions using the manifold to interpolate the
leading components of eigenvectors extracted from the raw
images.
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One of the criticisms of appearance-based object recog-
nition is the demands it places on data collection. Su3cient
image data must be accumulated so that accurate object rep-
resentations can be constructed. Images must be collected
and stored so as to span a su3cient number and range of
viewpoints so as to allow recognition from any novel view-
point that is likely to be encountered. Here, the concepts of
characteristic views [3–5] or aspect graphs [6] may prove
useful for organising or condensing the amount of informa-
tion required. In particular, if we treat the idea of a char-
acteristic view (CV) as a natural grouping or clustering of
similar views, then it should be possible to represent an
object by storing a single representative from within each
CV.

In any event, for each viewpoint we must also store, or
4nd some way to model, all appearance changes due to
light source variations which are likely to be encountered.
It is easy to see that the storage and matching requirements
for such a recognition scheme have the potential to grow
rapidly beyond the bounds of practicality. Moreover, the
view-collection process itself may also prove expensive, and
requires that the lighting conditions be carefully controlled.
This means that object appearance may only be learned un-
der highly controlled conditions. As a result, autonomously
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learning object appearance in an uncontrolled environment
is di3cult.

The observation underpinning this paper is that a more
e3cient strategy is to collect a small sample of object im-
ages. From this sample a set of images is generated so as to
span the appearance space for a particular object. In other
words, we replace data collection under controlled lighting
conditions with view synthesis from a set of representative
images. Since they are to be used for the purposes of con-
structing an appearance-based representation, the synthetic
views need only be fairly coarse.

View synthesis has recently attracted considerable inter-
ests in the computer vision literature [7,8]. The topic has
been the subject of intense activity in the graphics com-
munity for some time [9] and has lead to the development
of a variety of techniques for photo-realistic object render-
ing. However, the computer vision approach to the prob-
lem is somewhat di:erent and revolves around automatically
acquiring information concerning object geometry and ap-
pearance [9]. For instance, Poggio and Vetter, together with
their co-workers have shown how to learn the appearance of
faces for the purposes of synthesis [10,11]. This approach
uses a linear model. There has recently been interest in the
use of least-squares estimation techniques to improve the
statistical robustness of the method [12]. Several authors in-
cluding Sengupta and Ohya [13], and Avidan and Shashua
[14] have used a3ne structure for the purposes of 3D object
synthesis from 2D views. There has also been considerable
e:ort aimed at showing how the geometry of di:erent im-
age tokens such as lines [9,15,16] and regions [17] can be
exploited for view synthesis. Finally, several authors have
used view synthesis as a means of object morphing [18,19].

However, here we require only relatively coarse synthetic
views. We take a photometric approach to the problem using
the output of shape-from-shading as the starting point. Some
steps in this direction have recently been taken by Nayar and
Murase [20], and by Georghiades and Kriegman [22] who
show how an illumination cone can be used for view syn-
thesis after object reconstruction has been performed. The
reconstruction process is based on photometric stereo and
requires a minimum of three views with known lighting.
The second capability is the synthesis of new or intermedi-
ate object poses from a representative set of model views.
This second point is to some extent addressed by Ullman’s
view interpolation work [23]. However, this method oper-
ates primarily with pictorial descriptions of objects rather
than intensity images.

1.1. Motivation

The observation underpinning this paper is that
shape-from-shading, and by extension other shape-from-X
modules such as shape-from-texture, provides an obvious
yet hitherto unexplored route to coarse view synthesis.
Shape-from-shading has long been a subject of active re-
search within the vision community [24]. Its role has been to

deliver a dense map of local surface orientation information
from shading patterns. Shape-from-shading aims to recover
the required orientation information by solving the image ir-
radiance equation. However, there are few reported attempts
to use shape-from-shading for any practical object recog-
nition or shape analysis tasks [25]. Whilst it appears clear
that one of the motivations of early shape-from-shading
research was to enable a 3D representation to be derived
from a single image, the di3culties encountered in achiev-
ing accurate and robust needle-map recovery have proved
a serious obstacle to progress in this direction.

Many of the di3culties encountered by existing
shape-from-shading schemes can be attributed to the fact
that they over-smooth the recovered needle-map. We have
recently developed a new framework for shape from shading
[26] which addresses this problem. It o:ers two advantages
over existing schemes. Firstly, we can impose compliance
with the image irradiance equation as a hard constraint.
Secondly, we impose more sophisticated constraints on
the local consistency of the recovered needle-map. The
needle-maps delivered by the new shape-from-shading
framework contain 4ne surface detail and can be used to
identify topographic structure not recoverable with alterna-
tive algorithms [27,28]. Moreover, we have recently shown
how surface topography information extracted from the
needle-maps can be used for the purposes of 3D object
recognition from 2D views [29].

Once a needle-map has been obtained, object re-illumin-
ation is a straightforward task. All that needs to be done is
to modify the light source direction in the image irradiance
equation and to compute the resulting image brightness us-
ing Lambert’s law for matte surface reLectance. It is impor-
tant to stress that Ullman [2,30] and others have proposed the
use of view-interpolation or view-combination techniques
for appearance-based object recognition. However, much of
the work in this area has focused upon interpolating picto-
rial descriptions of objects. As Ullman notes [23], interpo-
lation between smooth objects presents greater di3culties,
and shape-from-shading represents one possible method of
addressing them. However, this has remained only a sugges-
tion with no concrete substantiation in the literature. Here
we present concrete experimental results which point to the
practical feasibility of this approach. Speci4cally, we in-
vestigate both extrapolation using the needle-map obtained
from a single image, and interpolation between two or more
views with di:erent object poses. The novel contribution
in the current paper is therefore to investigate how our im-
proved needle-maps can be used for object re-illumination
and view synthesis.

The outline of the remainder of this paper is as follows. In
Section 2 we review the new shape-from-shading algorithm.
Section 3 we describe the re-illumination process, and in
Section 4 our approach to novel view synthesis. Section 5
shows the experimental results of these approaches, and in
Section 6 we draw conclusions and consider the outlook for
developing these ideas.
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2. Data-driven shape-from-shading

Our new shape-from-shading algorithm has been demon-
strated to deliver needle-maps which preserve 4ne surface
detail [26,31]. The observation underpinning the method is
that for Lambertian reLectance from a matte surface, the
image irradiance equation de4nes a cone of possible sur-
face normal directions. The axis of this cone points in the
light-source direction and the opening angle is determine by
the measured brightness. If the recovered needle-map is to
satisfy the image irradiance equation as a hard constraint,
then the surface normals must each fall on their respective
reLectance cones. Initially, the surface normals are posi-
tioned so that their projections onto the image plane point
in the direction of the image gradient. Subsequently there is
iterative adjustment of the surface normal directions so as to
improve the consistency of the needle-map. In other words,
each surface normal is free to rotate about its reLectance
cone in such a way as to improve its consistency with its
neighbours. This rotation is a two-step process. First, we
apply a smoothing process to the current surface normal
estimates. This may be done in a number of ways. The sim-
plest is local averaging. More sophisticated alternatives in-
clude robust smoothing with outlier reject and, smoothing
with curvature or image gradient consistency constraints.
This results in an o:-cone direction for the surface normal.
The hard data-closeness constraint of the image irradiance
equation is restored by projecting the smoothed o:-cone sur-
face normal back onto the nearest position on the reLectance
cone.

To be more formal let s be a unit vector in the light source
direction and let Ei; j be the brightness at the image location
(i; j). Further, suppose that nki; j is the corresponding estimate
of the surface normal at iteration k of the algorithm. The
image irradiance equation is

Ei; j = nki; j :s: (1)

As a result, the reLectance cone has opening angle cos−1 Ei; j .
After local smoothing, the o:-cone surface normal is Nnki; j .
The updated on-cone surface normal which satis4es the im-
age irradiance equation as a hard constraint is obtained via
the rotation

nk+1
i; j =� Nnki; j : (2)

The matrix � rotates the smoothed o:-cone surface normal
estimate by the angle di:erence between the apex angle
of the cone, and the angle subtended between the o:-cone
normal and the light source direction. This angle is equal to

� = cos−1 E − cos−1 Nnki; j · s
‖ Nnki; j‖ · ‖s‖

: (3)

This rotation takes place about the axis whose direction is
given by the vector

(u; v; w)T = Nnki; j × s: (4)

This rotation axis is perpendicular to both the light source
direction and the o:-cone normal. Hence, the rotation matrix
is

� =


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where c = cos(�); c′ = 1− c, and s = sin(�).
The o:-cone surface normal is recovered through a

process of robust-smoothing. The smoothness error or con-
sistency of the 4eld of surface normals is measured using
the derivatives of the needle-map in the x and y directions
by the penalty function
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In the above measure, ��(�) is the robust error kernel used
to gauge the local consistency of the needle-map or 4eld
of surface normals. The argument of the kernel � is the
measured error and the parameter � controls the width of
the kernel. It is important to note the robust-error kernels
are applied separately to the magnitudes of the derivatives
of the needle-map in the x and y directions. Applying
variational calculus, the penalty function is minimized by
updating the surface normals using the following 4xed-point
iteration equation
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Stated in this way the smoothing process is entirely general.
However, in our previous work we found that the most ef-
fective error kernel was the log-cosh sigmoidal-derivative
M-estimator

��(�) =
�
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(��
�

)
: (7)
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3. Object re-illumination using shape-from-shading

The needle map returned by shape-form-shading may
be re-illuminated by a new light source from any chosen
direction. This provides an estimate of the appearance of the
object under the new lighting conditions. The input infor-
mation required is a single image and a single application
of the shape-from-shading algorithm. Suppose that n(final)i; j

is the recovered surface normal at the pixel indexed (i; j)
when the shape-from-shading scheme has reached conver-
gence. Further suppose that the new light source direction
used for re-illumination points from the direction speci4ed
by the unit vector ssynth. With these ingredients the synthe-
sised image intensity is given by

Esynth(i; j) = n
(final)
i; j · ssynth

Of course, re-illuminating in this fashion ignores the possi-
bility of self-occlusion. However, occlusion e:ects may be
taken into account by integrating the needle-map and per-
forming hidden-surface calculations. This adds considerable
computational expense, and takes the scheme into the realm
of model-based recognition. Here, we consider the simple
case only, and assume that self-occlusion e:ects are rela-
tively small. This is the case for objects that are predomi-
nantly convex.

A sequence of imagesmay be generated by re-illumination
using di:erent light sources. The idea underpinning this
paper is that the set of images generated in this way can
be used in an appearance-based object recognition scheme.
This process of view synthesis replaces that of gathering
many images under varying and controlled lighting condi-
tions. Indeed, it may be possible to calculate su3ciently
good estimates of the appearance under all illuminations
from a single image. This should be contrasted with the
need for three or more images to calculate the illumination
cone [22].

Here, we evaluate the accuracy of the re-illumination
process within the framework provided by the parametric
eigenspace approach of Murase and Nayar [1]. Speci4cally,
we construct an eigenspace using illuminated range images
from the USC database of busts of famous composers.

Given that this set of images is relatively small and homo-
geneous, the resulting eigenspace may be expected to pro-
duce excellent discrimination between appearances. Hence,
comparing the eigenspace projections of the re-illuminated
needle-maps within this eigenspace represents a tough test,
since even small di:erences in appearance may result in
large distances in eigenspace.

4. Novel view generation using shape-from-shading

The generation of novel views using shape-from-shading
information is signi4cantly more complex than re-illumin-
ation, and here involves a hybrid approach between
appearance-based and model-based recognition. We con-

sider both extrapolation from a single view, and interpola-
tion using two views. However, both operate in much the
same manner. To perform these two tasks we require height
data. We extract height data using the method of Wu and
Li [32]. This is a relatively simple method in which the
needle-map is integrated to produce height data by simply
summing the needle-map components in the x and y direc-
tions to generate two surfaces, which are then averaged to
reduce noise artifacts. This rough surface approximation
may then be rotated by the desired angle about an arbi-
trary axis. However, the boundary of the surface, where
regions may appear or disappear from view, requires spe-
cial treatment. In this paper, we simply reLect the surface
across the image plane to produce a closed object prior to
rotation. An alternative approach would be to extrapolate
the surface where it meets the image plane, using either the
tangent to the surface at the boundary points, or a spline
approximation. Such approaches may well yield improved
results. This follows intuitively from the assumption that
most real-world surfaces are piecewise smooth and that
most objects are predominantly convex. Hence, the prob-
ability that the current occluding boundary is coincident
with a surface discontinuity is assumed small relative to
the probability that it continues smoothly, and the surface
extrapolated accordingly.

Irrespective of the way in which the surface bound-
ary is treated, after the rotation we wish to obtain a new
needle-map. One option is to calculate this from the rotated
surface, but this will introduce further numerical errors and
results in an essentially model-based approach.

An alternative is to use an approach similar to the cur-
vature method of Ullman [23]. According to this approach,
several views of an object are used to establish the local
radius of curvature at each point. This information is subse-
quently used to estimate the change in the position of each
point under rotation.

It is certainly possible to estimate local curvature from the
needle-map derived from a single image. However, rather
than explicitly calculate the local curvature vectors, we take
the following computational approach. The rotation of the
object, �, is split into three components: ��1; �′; ��2,
where � = ��1 + �′ + ��2 and {��1; ��2}��′. The
small rotation, ��1, is used to estimate the initial direction
of motion, {v1}, of each initial point, {P1}. Similarly, the
4nal small rotation, ��2, is used to calculate the 4nal tra-
jectories, {v2}, as each point {P1} maps to a new location,
{P2}. The transformation which maps the unit vector v1 to
v2 is then applied to the surface normal at P1 to yield the
estimated surface normal at the corresponding point P2.

Essentially, each initial vector {v1} is taken to be an es-
timate of the tangent to the vector connecting the surface
point {P1} to the centre of rotation of the object, and simi-
larly for {v2} at {P2}. Therefore, we assume that the surface
normals remain rigid with respect to these vectors, and apply
the transformation {v1} → {v2} to obtain a new needle-map
for the rotated object.
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Fig. 1. A subset of the test images used in this paper. Range images of the busts of composers are illuminated using the Lambertian model,
in this case by a light source in the direction s=(0; 0; 1)T. They are subsequently blurred using a 3×3 Gaussian to smooth the surface noise.

Using this approach, we can extrapolate novel views from
a single image using shape-from-shading information. How-
ever, this involves making strong assumptions about what
happens to surface points that come into view due to the
rotation of the object. Interpolation between two views re-
duces this problem. However, to achieve proper interpo-
lation, some form of correspondence must be established
between features in the two images. This is di3cult to
achieve reliably and automatically between greyscale im-
ages of smooth objects. In the early experiments reported
here, we have taken a simpler and less accurate approach.
Our crude interpolation is achieved by extrapolating the two
model images towards the mid-view. The two needle-maps
calculated for the interpolated view are then compared on a
needle-by-needle basis, and in each case the surface normal
which subtends the smallest angle to the light source di-
rection is selected. This simple, non-correspondence-based
interpolation method, is implicitly biased towards gener-
ating bright objects. Nonetheless, our goal here is coarse
view synthesis and as we shall demonstrate Section 5.2
the resulting images provide useful appearance manifolds
for the purposes of recognition.

5. Experiments

We have investigated using shape-from-shading infor-
mation for both re-illumination and novel-view generation,
using the USC range image database of busts of famous
composers. Fig. 1 shows some of the images used in this

study. Each bust has several range images which have been
collected in di:erent viewing directions. For each range im-
age we have generated illuminated intensity images using
the Lambertian lighting model outlined in Section 3.

Our experiments have focused upon using the images
generated from shape-from-shading to approximate the
manifolds of objects in the parametric eigenspace [1]. The
eigenspace approach is an elegant and accurate approach
to object recognition, but requires large numbers of model
images to construct a manifold which describes the appear-
ance of an object under a wide range of viewing conditions.
Any reduction in this number which does not adversely
impact upon recognition accuracy is clearly important in
reducing the time and expense of collecting model data.

5.1. Re-illumination

In the 4rst instance, we consider the possibility of using
shape-from-shading information to signi4cantly reduce the
number of model images which must be obtained in order
to capture the appearance of an object under variable light-
ing conditions. The question of modelling illumination vari-
ability is under-represented in the literature, and yet is of
considerable importance. Speci4cally, in the real world it is
usually easier to control viewpoint than illumination, so in
many cases it is not only time-consuming, but impractical
to gather the data needed to represent an object under all
likely illumination conditions.

Fig. 2 shows the results of re-illuminating the needle-map
of two busts obtained by applying the shape-from-shading



444 P.L. Worthington, E.R. Hancock / Pattern Recognition 36 (2003) 439–449

Fig. 2. Re-illumination results. The two sequences of images compare the results of re-illuminating the two busts using the surface normals
extracted directly from the range image and those extracted using shape-from-shading. In each sequence the single leftmost image is the frontal
image of the bust, illuminated by a light source in direction s = (0; 0; 1)T. This image is used as input to our shape-from-shading scheme.
The recovered needle-map is then re-illuminated. In each sequence the top row shows the illumination of the range image for light-source
directions of (left-to-right) 0

◦
; 20

◦
; 40

◦
; 60

◦
; 80

◦
to vertical in the x direction. The lower row shows the corresponding re-illumination results

obtained using shape-from-shading.

scheme of Section 2. In each of the two sequences the images
in the di:erent rows compare the range image illuminations
and re-illuminations obtained using shape-from-shading as
the light source swings from left to right across the bust. In
each case the upper image is the ground-truth illumination
obtained from the range data while the lower image is the
re-illumination generated from the needle-map. For each of
the re-illuminations the needle-map is computed from an
image in which the light-source direction is s = (0; 0; 1)T.
These two images are shown individually to the left of the
4gure. The re-illuminations preserve most of the gross image
structure even when the light source is moved through a
large angle from the image plane normal. The range images
contain a lot of 4ne surface detail. As the re-illumination
angle is increased then this is lost. This is largely attributable
to our relatively crude image reconstruction method, which
does not allow for hidden surface removal when the light
source direction grazes the surface at small angles. However,
the regions of light and shadow roughly agree throughout,
and much of the large-scale image structure is preserved.

In our next set of experiments we study the parametric
eigenspace for the Bach bust under varying illumination

direction [1,20,21]. The data shown here is produced using
the Columbia University SLAM system. For each image the
leading three eigenvalues are computed. The points obtained
under successive illumination conditions are interpolated by
a trajectory. Fig. 3 shows the trajectories for the range-data
illuminations and the shape-from-shading re-illuminations
as the lighting direction is varied. The light source direction
swings from s = (0; 0; 1)T (i.e. the image plane normal to
s= (1; 0; 0)T) as the points move from the bottom left-hand
corner of the eigenspace to the top right-hand corner. The
divergence between the trajectories is not signi4cant until the
light source direction has moved by 60

◦
. This would suggest

that re-illumination can result in a signi4cant reduction in
the amount of training data required.

Fig. 4 o:ers a quantitative analysis of the eigenspace
plots of Fig. 3. The top plot is produced by considering the
4rst 3 eigenspace dimensions only, whilst the bottom plot
uses 20 dimensions. In each case, the two solid lines show
the distances between the true image and the corresponding
re-illuminated image. As can be seen from Fig. 3, this dis-
tance increases as the illumination direction changes from
0
◦
to 90

◦
.
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Fig. 3. The two views of the Beethoven bust are treated as in Fig.
2. The trajectories of the true images and the re-illuminated images
are plotted for light source directions 0–90

◦
to vertical in the x

direction. The smoother curve of each pair corresponds to the true
images, whilst the re-illumination curve diverges from this as the
light source is rotated away from the vertical.

The dot–dashed lines are the distances between succes-
sive images for each of the true illumination trajectories.
Hence, we see in the top plot that the error introduced by the
re-illumination process is less than the distance between two
images with 10

◦
change in illumination for re-illumination

angles upto around 50–60
◦
. For comparison, we also include

the distance between the two viewpoints for ss = (0; 0; 1)T

illumination (the horizontal dashed line). The views are ap-
proximately 20

◦
apart, resulting in a distance greater than

that due to small changes in illumination. In the bottom plot,
using 20 dimensional eigenvectors, the re-illumination er-
ror is greater than the distance between two adjacent illumi-
nation images. This reLects the fact that the re-illuminated
images, whilst retaining the gross detail of the object, dif-
fer considerably in small scale detail due to the smooth-
ing e:ect of the shape-from-shading process. However, the
re-illumination error remains within an order of magnitude
of the di:erence between successive illumination images,
and of a similar value to the distance between the two views.

In Fig. 5 we show the more complex, 3D manifolds
which can be generated when the viewing direction in ad-
ditional to the light source direction. These manifolds are
obtained using three di:erent views of the Bach bust when
the light source direction is varied as described above. The
inner manifold corresponds to the re-illumination of the 3
initial views for the light source incidence angles in the
range 0–90

◦
. For re-illumination angles of around 0–60

◦
,

the correlation between the manifolds is fairly good, al-
though the true manifold has greater extent.

Fig. 4. A simple quantitative analysis of the illumination and
re-illumination trajectories of Fig. 3. The top plot is produced by
considering the 4rst 3 eigenspace dimensions only, whilst the bot-
tom plot uses 20 dimensions. In each case, the two solid lines plot
the distances between the true image and the re-illuminated im-
age in eigenspace for illumination images 1–10 corresponding to
illumination directions of 0–90

◦
. The dot–dashed lines are the dis-

tances between successive images for each of the true illumination
trajectories, whilst the dashed line is the distance between the two
viewpoints for s = (0; 0; 1)T illumination.

5.2. Novel view generation

Generating novel views from shape-from-shading data
may be accomplished either by extrapolating from a single
view or by interpolating between two or more views. In
the 4rst instance, we consider the extrapolation scheme
described in Section 4. The procedure adapted here is
to extract surface normals from a single example image.
The needle-maps are rotated by the desired amount and
re-illuminated to provide a synthetic image of the extrap-
olated pose. Fig. 6 shows illumination trajectories in the
parametric eigenspace. Here we use two di:erent views of
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Fig. 5. There are 3 range images of the Bach bust, allowing the gen-
erating of a 3D manifold in eigenspace. The 3 views are each illu-
minated over the range 0–90

◦
to produce the manifold. The smaller

manifold enclosed by the larger one is the result of re-illumination
from shape-from-shading data.

Fig. 6. Taking the 2 views of the Beethoven bust, we apply our
shape-from-shading view-extrapolation scheme to generate two in-
termediate needle-maps, one from each image. Using each of these,
we repeat the re-illumination process over the light source direc-
tion range 0–90

◦
. The two outer curves represent the true illumi-

nation trajectories for the two busts, whilst the middle curves are
the re-illumination trajectories from the extrapolated needle-maps.

the Beethoven bust in which the viewing direction changes
by 30

◦
. The range images of the two views are shown in

the third and fourth panels of Fig. 1. In Fig. 6 the outermost
trajectories are obtained by illuminating the range data for
the two di:erent views. The two intermediate trajectories

are obtained by extrapolating the two range views by rota-
tion of 15

◦
to obtain an intermediate pose. The extrapolated

poses should therefore be co-incident. There are two fea-
tures to note from this data. First, the two extrapolated
illumination trajectories are overlapping. The more erratic
of the two is produced by extrapolating the more rotated
range image shown in the fourth panel of Fig. 1. The second
feature to note is that the extrapolated trajectories appear to
approximately interpolate the outer two trajectories.

Finally, we experiment with the simple view interpola-
tion method described in Section 4. Here, we interpolate
the surface normals extracted from a pair of illuminated
range images in di:erent poses. The interpolated surface
normals are then used to produce a synthetic image of the
intermediate object pose. Fig. 7 shows the re-illuminated
images generated from the interpolated needle-map, and
compares them with the illuminated range images. The
left-most and right-most images in the top row of the 4gure
show the two illuminated range images used as input to the
shape-from-shading algorithm. The centre image is the re-
sult of re-illuminating the interpolated needle-map. In each
of these three images the light source direction is perpen-
dicular to the image plane. In the subsequent rows of the
4gure we investigate the e:ect of varying the light source
direction. In each row the left-most and right-most images
are the result of illuminating the range images with di:erent
light source directions. The centre-image in each row is the
result of re-illuminating the interpolated needle-map ob-
tained using the data shown in the top row. In other words,
the needle-map interpolation process is applied only once.
Given the simplicity of the interpolation scheme employed,
these results appear extremely promising. In Fig. 8 we plot
the re-illumination trajectory of the interpolated needle-map
in comparison to the true illumination trajectories of the two
views. The re-illumination trajectory appears to provide a
plausible interpolation. In other words, although coarse the
synthetics images preserve enough detail to interpolate the
appearance manifold.

6. Conclusions and outlook

Making the most of the available data is an important is-
sue in appearance-based object recognition. It seems sim-
ply impractical to collect and store vast quantities of model
views to represent an object under all possible, or even all
likely, viewing conditions. In this paper we have begun to
demonstrate the potential of shape-from-shading, and by
extension other Shape-from-X modules, to increase of the
utility of a given image for object recognition. In the case of
re-illumination of objects, it seems clear that we can obtain,
quickly and easily, a fairly good approximation of how a
given object will look under radically di:erent illumination
from that under which the original image was obtained.More
experimentation is needed to look at ways of incorporating
self-shadowing e:ects into the re-illumination process.
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Fig. 7. The two views of the Beethoven bust are shown illuminated over the range of light source directions 0–30
◦
(left- and right-hand

columns). The middle column shows the results of view-interpolation using shape-from-shading, followed by re-illumination over the same
range. Although this early attempt at view-interpolation introduces many distorting artifacts, particularly at the boundary of the object,
considerable surface detail is retained towards the centre of the object. This detail is relatively stable and accurate under the re-illumination
process.

The results presented show that view-extrapolation and
view-interpolation can produce coarse synthetic views that
are su3ciently good for constructing appearance-based
object representations for the purposes of recognition.
This is underlined by the well-behaved trajectories obtained
by re-illuminating the interpolated needle-maps.

The view-interpolation results may be signi4cantly im-
proved through establishing correspondence between the
two model views to be interpolated. Moreover, an interesting
prospect is to adapt the linear combination of views method
of Ullman [23] to the combination of needle-maps, thus ob-
viating the need for constructing a 3D model at any point.
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Fig. 8. Taking the 2 views of the Beethoven bust, we apply our
shape-from-shading view-interpolation scheme to generate an in-
termediate needle-map. From this, we repeat the re-illumination
process over the light source direction range 0–90

◦
. The two outer

curves represent the true illumination trajectories for the two busts,
whilst the middle curve is the re-illumination trajectory from the
interpolated needle-map.
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