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Abstract

This paper describes a neural network implemen-
tation of photometric stereo. Photometric stereo
determines the surface orientation at each visible
point on an object surface using measurements of
image irradiance acquired under different conditions
of illumination. The implementation described here
uses a radial basis function (RBF) neural network
to learn the mapping between three measured in-
put image irradiances and the corresponding sur-
face normal on a calibration sphere. The resulting
neural network then is used to estimate the surface
orientation of other test objects. The approach is
empirical in that no explicit assumptions are made
about light source directions or surface reflectance.
It is sufficient that the calibration sphere and sub-
sequent test objects be viewed under the same con-
ditions of illumination and be made of the same
material (i.e., have the same reflectance properties).
The objective is to exploit the ability of neural net-
works to do non-parametric functional approxima-
tion and thus to avoid modeling errors associated
with assumed parametric representations of surface
reflectance.

Photometric stereo can fail locally in regions of
cast shadow and significant interreflection. Here,
we exploit the redundancy inherent in the three im-
age irradiance values measured at each surface point
to determine a local confidence estimate. This is
achieved by training two distinct neural networks.
The first predicts the intended output (surface nor-
mal) from the given input (three image irradiances).
The second inversely predicts the input (three image
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irradiances) from the estimated output (surface nor-
mal). Comparison between the actual input and the
inversely predicted input is used as the confidence
estimate. Experiments on real data are described.

1 Introduction

Shape-from-shading, the problem of determining
surface shape from the smooth shading present
in a single image, was originally formulated by
Horn [1,2]. Photometric stereo was introduced by
Woodham (3] as a method to determine surface ori-
entation locally using multiple images of an object
surface acquired from a single viewpoint under dif-
ferent conditions of illumination. These approaches,
and others that followed, exploit principles of op-
tics as a source of radiometric constraint. In 1992,
Healey, Shafer and Wolff [4] edited a three volume
collection that includes most of the key papers defin-
ing the approach now referred to as “physics-based
vision.”

A variety of reflectance models have been pro-
posed for both black and white (B&W) and color
imaging. In some cases, the mapping between image
irradiance and surface orientation takes on a sim-
ple functional form. Examples include (ideal) Lam-
bertian reflectance, dielectrics (such as plastic) and
metals. Reflectance modeling typically combines
the optical parameters of the surface material with
a geometric approximation to surface roughness.
In computer vision, implementations commonly as-
sume a particular functional form for reflectance.
Calibration is used to estimate the unknown param-
eters of that functional form. Reflectance models
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typically also are basca on distant point source illu-
mination so that one of the calibration sub-tasks is
to estimate the direction of the light source(s). Con-
ventional approaches to three light source photo-
metric stereo determine surface orientation by solv-
ing a (generally nonlinear) set of three simultane-
ous image irradiance equations based on an assumed
functional form for reflectance [5].

Alternatively, Woodham [6] has developed im-
plementations of photometric stereo in which the
reflectance function is determined empirically us-
ing a calibration object of known shape, typically
a sphere. The mapping between image irradiance
and surface orientation is represented explicitly in a
lookup table (LUT). No explicit assumptions need
to be made either about light source directions or
about the functional form of surface reflectance. It
is sufficient that the calibration sphere and subse-
quent test objects be viewed under the same con-
ditions of illumination and be made of the same
material (i.e., have the same reflectance properties).
Empirical calibration has the added benefit of auto-
matically compensating for the transfer character-
istics of the sensor.

In an early neural network approach to shape-
from-shading, Sejnowski and Lehky [7] proposed a
method to recover surface curvature from an im-
age of a curved object. Their method is applica-
ble to Lambertian (convex or concave) surfaces. It
estimates curvature of a test object after training
with examples from images of objects with different
curvatures and lighting directions. In other previ-
ous work, a neural network based implementation
of photometric stereo was described [8]. In that
work, the Phong model [9] of specular reflectance
was assumed and the neural network was used to
estimate unknown parameters in what overall was
a parametric method.

The novel idea in this paper is to exploit the
ability of a neural network to do non-parametric
functional approximation in order to “learn” the re-
quired mapping between image irradiance and sur-
face orientation. Data obtained from a calibration
sphere are used to train the network. As with the
previous non-parametric implementation [6], no ex-
plicit assumptions need to be made either about
light source directions or about the functional form
of surface reflectance. Here, however, the explicit
lookup tables are replaced by the learning operation
in a neural network. The two methods are directly
comparable. At the same time, the expectation is
that the neural network approach will generalize to
higher dimensional problems where the space re-
quired to explicitly represent lookup tables would
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become prohibitive.

The particular approach described uses a radial
basis function (RBF) neural network and the or-
thogonal least squares (OLS) learning method de-
scribed in [10]. Further, we exploit the redundancy
inherent in the three image irradiance values mea-
sured at each surface point to determine a local con-
fidence estimate. This is achieved by training a two
distinct neural networks. The first predicts the in-
tended output (surface normal) from the given in-
put (three image irradiances). The second inversely
predicts the input (three image irradiances) from
the estimated output (surface normal). The dif-
ference between the actual input and the inversely
predicted input is used as the confidence estimate.
This helps to detect local regions where photometric
stereo fails due to cast shadow or significant inter-
reflection. Experiments on real data are described.

2 Problem Formulation

A standard geometry of shape from shading is as-
sumed. That is, let the object surface be given ex-
plicitly by z = f(z,y) in a right-handed Euclidean
world coordinate system, with the positive Z direc-
tion pointing to the viewer. Image projection is as-
sumed orthographic with the image XY axes coin-
cident with the world XY axes. Let a (unit) surface
normal vector at any surface point be (nj,nz,n3).
Then an image irradiance equation is

E(z,y) = R(n1,n3,n3) (1)
where E(z,y) is the image irradiance and
R(ny,n3,n3) is the reflectance map, here using the
surface normal, (n1,n2,n3), to represent surface ori-
entation. A reflectance map combines information
about surface material, scene illumination and view-
ing geometry into a single representation that de-
termines image brightness as a function of surface
orientation.

Photometric stereo uses multiple images obtained
under the identical geometry but under different
conditions of illumination. In three light source
photometric stereo, three image irradiance equa-
tions,

E]_(I, y) = Rl(nl y N2, n3)
Es(z,y) = Ra(n1,na,n3)
Es(z,y) = R3(n1,n2,n3)

()

generally overdetermine the local surface orienta-
tion at each point, (z, y), since three intensity mea-
surements, £, Fy, E3, are available to estimate the
two unknowns of surface orientation. When using
the surface normal to represent surface orientation,
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it may appear that there are three unknowns, n,
ny, n3, to determine. There are only two since we
also have the a priori constraint that the length of
the normal vector is one.

Some formulations of photometric stereo, includ-
ing Woodham'’s original paper [3], allow the mate-
rial’s bidirectional reflectance factor (i.e., albedo)
also to vary spatially. With varying albedo, there
would indeed be three unknowns, two for surface
orientation and one for albedo. Here, constant
albedo is assumed so that the problem, as described,
is overdetermined locally. We can then exploit the
redundancy inherent in the three image irradiance
values measured at each surface point to determine
a local confidence estimate.

3 Neural Network Learning

3.1 RBF Networks and OLS

It is argued that RBF neural networks often can be
designed in a fraction of the time it takes to train
standard feed-forward networks. They are claimed
to work well when many training vectors are avail-
able. An RBF network is an attractive choice in
many applications. In particular, they have been
widely used for strict interpolation in multidimen-
sional spaces [11,12].

RBF networks represent nonlinearity via the
choice of basis functions. A Gaussian isn’t the only
choice of basis function but it is the choice widely
used and the one used here. One common learning
algorithm for RBF networks first randomly chooses
data points as RBF centers and then solves for the
optimal weights of the network. Performance criti-
cally depends on the chosen centers. Centers often
are chosen as an arbitrary selected subset of the
data points. Typically, this is unsatisfactory. The
resulting network may perform poorly, because the
centers do not suitably sample the input data, or it
may be very large, because a large number of cen-
ters is used.

An alternative learning procedure is based on an
orthogonal least squares method [10,12]. The per-
formance of the network still depends critically on
the chosen centers. Because a fixed center corre-
sponds to a given regressor in a given regression
model, the selection of RBF centers can be regarded
as a problem of subset model selection. The OLS
method can be employed as a forward regression
procedure to select a suitable set of centers (regres-
sors) from a large set of candidates. At each step of
the regression, the increment to the explained vari-
ance of the desired output is maximized.
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The learning procedure adopted in this paper
is based on the above OLS learning method. It
chooses RBF centers one by one, in a system-
atic way, until an adequate network has been con-
structed. The algorithm has the property that each
selected center maximizes the increment to the ex-
plained variance of the desired output while remain-
ing numerically well-conditioned.

With this learning procedure, two RBF networks
are trained using input/output data from a cali-
bration sphere. Many training vectors are avail-
able since a data from the calibration sphere are
dense and include all possible visible surface nor-
mals, (n1,n2,n3). Each RBF network used consists
of two layers, (i.e., a hidden layer of P neurons and
an output layer of 3 neurons), as shown in Figure 1.
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Figure 1: The RBF Neural Network

The learning procedure builds an RBF neural net-
work one neuron at a time. Neurons are added to
the network until the sum-squared error falls be-
neath an error goal (or a maximum number of neu-
rons have been used). In learning, it is important
that the so-called spread constant of the radial ba-
sis function be large enough that the neurons re-
spond to overlapping regions of the input space, but
not so large that all the neurons respond in essen-
tially the same manner. Once learning is complete,
that which has been learned is represented by the
weights connecting each RBF neural network unit.
The resulting network generalizes in that it predicts
a surface normal, (n;,n2,n3), given any triple of irra-
diances values, (E},E2,E3). The resulting network
thus can be used to estimate the surface orientation
of other test objects.

3.2 A Confidence Estimate

The RBF network trained as described in section 3.1
necessarily predicts a surface normal, (n1,n2,n3), for
any input triple, (E1,E,,E3), whether or not that
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triple comes from a point on the calibration sphere
(or other test object with similar reflectance proper-
ties). Thus, it is valuable to have some measure to
help segment input values for which the estimated
surface normal can be believed from input values
for which the estimated surface normal is suspect.
Nothing in the training of the network in section 3.1
enforces the constraint that the surface normal is a
unit surface normal. One idea is to use the length
of the surface normal, (n1,n2,n3), to define a confi-
dence measure. We have found a better idea to be
the simultaneous training of a second network, dur-
ing calibration, to inversely predict the input (three
image irradiances) from the estimated output (sur-
face normal). Comparison between the actual input
and the inversely predicted input then serves as a
suitable confidence estimate.

Confidence estimation is required to separate ob-
ject from background. It also is required to detect
regions of cast shadow and significant interreflec-
tion. Cast shadows and interreflection do not arise
with a calibration sphere or with any other single
convex object. But, they do arise with multiple ob-
jects and with objects that are not convex.

The architecture for the two step RBF network
is shown in Figure 2. As mentioned, both compo-
nent networks are trained during calibration. Dur-
ing training, each normal vector input to the in-
verse network necessarily is a unit normal. If im-
age irradiances from the calibration sphere are input
to this two step network, the output of the second
step, which we call the resynthesized image irradi-
ance, should be very similar to the original input.
However, if an impossible triple (i.e., one that could
not have arisen from the calibration sphere) is in-
put, we expect the resynthesised image irradiances
to be quite different since the resynthesized values
necessarily correspond to points on the calibration
sphere.

E s n 2 0

1 1 1
RBF RBF

B n LE’

2 NN 1 2 NN 2 2

E3__, n3 el ol

Figure 2: Two-Step RBF Neural Network

When applied to any point on a test object, the
three image irradiances, (E1, E3, E3), are input to
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the first network. The length of the estimated out-
put, (n1,n2,n3), is normalized to one prior to using
it as input to the second network. Let (EY, EY, E%)
be the resynthesized image irradiances estimated by
the second network. Let

d= /(B - E})? + (B2~ E3)? + (Bs — E)? (3)

Clearly, the larger the value of d, the larger is the
deviation of our test point from a point that could
have arisen on the calibration sphere.

4 Experimental Results

4.1 Experimental Setting

A calibrated imaging facility (CIF) has been devel-
oped at the UBC Laboratory for Computational In-
telligence (LCI) to control both scene parameters
and conditions of imaging. It is based on an opti-
cal bench with mounting hardware for controlled
positioning and motion of cameras, light sources
and test objects. Specialized equipment includes
a Sony DXC-755 3 CCD 24-bit RGB camera with
Fujinon 10-120mm (manual) zoom lens and three
Newport MP-1000 Moire (white light) projectors
with associated Nikon lenses. The facility is inte-
grated with other vision and robotics equipment in
the LCI with direct access to specialized image pro-
cessing hardware including DataCube modules and
networks of Texas Instruments C40’s and transput-
ers. Work on photometric stereo requires multiple
images of a scene acquired simultaneously under dif-
ferent conditions of illumination. This is most eas-
ily achieved by multiplexing the spectral dimension.
With appropriate filtration, the three projectors be-
come spectrally distinct lights sources, one red, one
green, and one blue. The three color separation
filters used are the Newport FS-225 set. The pro-
jectors illuminate the work space from different di-
rections. In three light source photometric stereo,
the Sony 3 CCD RGB camera is used to simulta-
neously acquire three separate B&W images, one
corresponding to each condition of illumination.

Two objects are used in the experiments reported.
One is a pottery sphere, used for calibration pur-
poses, and the other is a pottery boy face. In this
case, both objects are made of the same material
with the same reflectance properties. No particu-
lar assumptions for the surface reflectance or light
source directions are used or needed for the exper-
iments. The boy face was mounted on a rotational
motion stage. Different test images were acquired
from the same viewpoint and illumination but with
different rotations.
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4.2 Calibration

Calibration measures reflectance data using an ob-
Ject of known shape. A sphere is a good choice be-
cause it is convex, thus eliminating interreflection,
because it is easy to dead reckon local surface orien-
tation geometrically from the object silhouette and
because it spans all possible visible surface normal
vectors. In what follows, the silhouette of the cali-
bration sphere appears as an ellipse because camera
aspect ratio correction has not been applied. In-
deed, aspect ratio correction can be included in the
calibration. Let A be the scale of y compared to
z. Then, the equation of the sphere centered at the
origin with radius r is

22+ Oy + 2% =12

The outward (unit) surface normal vector at image
point (z,y) is

T Ay z
(n1,n2,n3) = (r’ s
Processing the calibration images involves three
steps. First, the three images are summed. This
is done to make sure that no part of the object’s
boundary is missed because it lies in shadow. Sec-
ond, a threshold is selected to separate object from
background. Simple thresholding is sufficient since,
by design, the object is distinct from the black back-
ground. Third, a simple least squares method is
used to estimate the equation of the ellipse which
best fits the object boundary. The equation of the
ellipse then establishes the relation between (z,y)
and (ni,ng,n3) for all points on the calibration
sphere. The three original images and the fitted
ellipse are shown in Figure 3. A small portion near
the base of the sphere is obscured by the mount used
to hold the sphere in place. Only visible points are
used in network training.

4.3 Learning and Generalization

The two RBF networks are trained using data
from the calibration sphere. The first network is
trained to learn the mapping of image irradiances,
(E1,E2,E3), to surface normals, (nj,na,n3). The
second network is trained to learn the inverse map-
ping of surface normals, (n1,n2,n3), to image irra-
diances, (E1,E3,E3), using the same training data.
In general, both mappings are non-linear.

Thus, the number of input and output units for
each network is three. Three image irradiances,
(E1,Eq,E3), spaced 10 pixels apart on the origi-
nal 512x512 input images, were used as the inputs
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(a) Light source 1 (b) Light source 2

(c) Light source 3 (d) Ellipse Fitting

Figure 3: Calibration images and ellipse fitting

for training and the corresponding surface normals,
(n1,n2,n3), calculated in calibration, were used as
the outputs. Overall, training sets of inputs and
outputs were taken from 600 points on the cali-
bration sphere. The RBF neural network software
used is from Matlab as described in section 6 of the
Matlab neural network toolbox user’s guide [13].
For each network, iterative learning proceeded for
100 epochs (i.e., until the number of hidden units
became 100). With 8-bit-per-pixel input images,
0 < E; £255,7=1,2,3. For visible surface points,
-1<n;<1,i=1,2,and 0 < n3g < 1. In learn-
ing, the spread constant of the radial basis function
should be much larger than the minimum distance
and much smaller than the maximum distance be-
tween input vectors. Given the range of values for
E; and n;, i = 1,2,3, cited above, the spread con-
stant for the first network was set to 200 and the
spread constant for the second network was set to 1.
The learning states for the two networks are shown
in Figures 4 and 5, respectively. Learning was ef-
fectively achieved using the 600 points on the cali-
bration sphere.

Once neural network learning is complete, the re-
sulting networks can be applied to the test object
images. Two examples are shown. Three images,
called boy-1, are shown in Figure 6. For boy-1, the
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3 Training for 99 Epochs

Figure 4: Learning 1: (E;, E3, E3) to (n1, na,n3)

Tralning for 99 Epochs

Figure 5: Learning 2: (n1, ng, n3) to (E1, Eq, E3)

face is oriented directly towards the viewer. Fig-
ures 8-(a) and 8-(b) show the estimated surface ori-
entation encoded as slope and aspect. Figure 8-(a)
linearly encodes the slope angle, e, (i.e., the angle
between the surface normal and the vector pointing
to the viewer) as a gray value in the range black
(e = 0) to white (e = 7/2). Figure 8-(b) plots
the aspect (i.e., the projection of the surface nor-
mal onto the XY plane) as a short line segment.
(To avoid clutter, aspect is plotted for every fourth
point in z and y.) Figure 8-(c) shows the value of
the confidence estimate, d, also encoded as a gray
level. Bright values corresponds to points in the im-
age where confidence in the estimated surface ori-
entation is lowest. As can be seen, they correspond
to areas effected by cast shadow or interreflection.

Another three images, called boy-2, are shown
in Figure 7. For boy-2, the face is rotated to the
right relative to boy-1. Figures 9-(a), 9-(b) and 9-
(c) show the estimated slope, aspect and confidence
estimate, d, encoded as in Figure 8.
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(a) Image 1 (b) Image 2 (c) Image 3

Figure 6: The three boy-1 images

(a) Image 1

(b) Image 2

(c) Image 3
Figure 7: The three boy-2 images

No quantitative analysis of the results has been
performed since the true shape of the boy face is
not known. Both the boy-1 and boy-2 results are
qualitatively correct except in areas where the value
of d is large. Conversely, where d is small, there is
reason to be confident in the estimate of surface ori-
entation. The first neural network cannot possibly
be correct in regions of cast shadow and significant
interreflection because there the input values fall
well outside the space of inputs covered in training.
The second network thus provides an essential check
on the confidence to attach to the estimated surface
normal.

5 Conclusions

A new method for implementing photometric stereo
has been described. It exploits the ability of neural
networks to do non-parametric functional approxi-
mation. The implementation described uses a radial
basis function (RBF) neural network and an orthog-
onal least squares (OLS) learning method. This was
sufficient both to learn and to represent the map-
ping between image irradiances and surface normal
for three light source photometric stereo. The ap-
proach is empirical in that no explicit assumptions
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are made about light source directions or surface re-
flectance. It is sufficient that the calibration sphere
used in training and the subsequent test objects be
viewed under the same conditions of illumination
and have the same reflectance properties.

The implementation exploits the redundancy in-
herent in the three image irradiance values mea-
sured at each surface point. This is achieved by
training a two step neural network. The first step
predicts the intended output (surface normal) from
the given input (three image irradiances). The sec-
ond step inversely predicts the input (three image
irradiances) from the estimated output (surface nor-
mal). Comparison between the real input and the
inversely predicted input is used as the confidence
estimate. The local confidence estimate helps to
detect regions of cast shadow and interreflection.

Overall, the representation in terms of neural net-
works is both compact and efficient. It is hoped
that this will allow extension to higher dimensional
problems involving more than three light sources
and varying reflectance properties (eg., albedo).
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(a) Boy-1 slope (a) Boy-2 slope

(b) Boy-1 aspect (b) Boy-2 aspect

(c) Boy-1 confidence (c) Boy-2 confidence

Figure 8: Boy-1 slope, aspect and confidence Figure 9: Boy-2 slope, aspect and confidence
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