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Abstract. Conventional photometric stereo has a fundamental limita-
tion that the scale of recovered geometry is limited to the resolution
of the input images. However, surfaces that contain sub-pixel geomet-
ric structures are not well modelled by a single normal direction per
pixel. In this work, we propose a technique for resolution-enhanced pho-
tometric stereo, in which surface geometry is computed at a resolution
higher than that of the input images. To achieve this goal, our method
first utilizes a generalized reflectance model to recover the distribution of
surface normals inside each pixel. This normal distribution is then used
to infer sub-pixel structures on a surface of uniform material by spatially
arranging the normals among pixels at a higher resolution according to
a minimum description length criterion on 3D textons over the surface.
With the presented method, high resolution geometry that is lost in con-
ventional photometric stereo can be recovered from low resolution input
images.

1 Introduction

From a given viewing direction, the appearance of surface points vary according
to their orientation, reflectance, and illumination conditions. With an assumed
reflectance, photometric stereo methods utilize this relationship to compute sur-
face normals by examining transformations in image intensities that result from
changes in lighting directions. Traditionally, reflectance is assumed to be Lam-
bertian [1, 2], and with calibrated illumination directions, three images are suf-
ficient to recover surface normals and albedos [3].

The reflectance of a surface, however, often does not adhere to the Lambertian
model, and in such cases, conventional photometric stereo may yield poor results.
To deal with this problem, methods based on non-Lambertian reflectance models
have been proposed. Some techniques utilize a composite reflectance model that
consists of Lambertian diffuse reflection plus specular reflection [4, 5, 6], while
others employ physically-based models that account for the effects of fine-scale
roughness in surface structure [7, 8]. In all of these approaches, reflectance is
assumed to be a function of a single principal normal direction.

In many instances, the surface structure within a pixel exhibits greater com-
plexity, and the resulting reflectance cannot be accurately expressed in terms of
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a single normal. When a surface is imaged at a resolution coarser than its surface
structure, multiple disparate principal normal directions may exist within each
pixel. Since previous photometric stereo methods compute a normal map at the
same resolution as the input images, they are unable to recover this sub-pixel
geometric structure.

In this work, we present a technique for estimating the geometry of a uniform-
material surface at a resolution higher than that of the input images. The pro-
posed method recovers a general distribution of normals per pixel from an ample
number of photometric stereo images, and then estimate a spatial arrangement
of this normal distribution in a higher resolution image. For normal distribution
recovery, we perform photometric stereo with a reflectance model that is based
on a general representation of normal distributions. For robustness in the re-
covery of these complex distributions, we present an Expectation-Maximization
approach to solve for the distribution parameters.

With the recovered normal distributions of each pixel, enhanced resolution
of surface geometry is computed by dividing the distribution according to the
level of enhancement, e.g., four sub-distributions in a 2x2 enhancement of pho-
tometric stereo. After partitioning the distribution, their arrangement in the
higher resolution normal map is formulated from constraints that favor consis-
tency of geometric structure over a surface. Consistency is evaluated in terms
of surface integrability and simplicity of surface description with respect to 3D
textons, which is motivated by the minimum description length principle [9] and
the observation that a surface is generally composed of only a small number
of perceptually distinct local structures [10]. To solve this complicated arrange-
ment problem, we utilize the Belief Propagation algorithm [11, 12] to compute an
initial solution from a graphical model that represents integrability constraints.
Starting from this initial solution, simulated annealing [13] is used to find an
optimal arrangement that accounts for complexity of surface description.

This approach enhances resolution differently from image super-resolution
methods [14, 15] in that sub-pixel viewpoint displacements are not used to obtain
variations in spatial sampling. In photometric stereo, all images are captured at
a fixed viewpoint, and the proposed technique estimates higher spatial resolution
based on super-resolution recovery of surface normals and constraints on surface
structure. The described approach also differs from learning-based hallucination
methods [16, 17] that utilize a training set of high resolution / low resolution
image pairs to infer enhanced resolution. In contrast to image hallucination
methods, our technique is able to recover partial information from the input for
resolution enhancement, in the form of the actual normal distribution within a
low resolution pixel. Therefore, our method need not fully conjecture on the high
resolution data, which is difficult to do by hallucination since reliable training
databases are challenging to construct for general geometric structure. Rather,
it infers only the arrangement of known surface normal information. With this
approach, fine-scale surface detail that is missed in conventional photometric
stereo can be revealed.
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2 Recovery of Normal Distributions

In the first stage of our technique, we use photometric stereo to recover a normal
distribution for each pixel of the input images. To determine a distribution of
normals, our method utilizes a generalized reflectance model, where a Gaussian
mixture model (GMM) of normal distributions is used to account for reflectance
effects of sub-pixel geometric structure. We briefly review this reflectance model
and present a method for employing it in photometric stereo to recover a general
normal distribution within each pixel.

2.1 Generalized Reflectance Model

In physically-based reflectance modeling [18, 19, 20], a surface is typically mod-
elled as a collection of tiny flat faces, called microfacets. The overall reflectance of
a surface area imaged within a pixel is therefore an aggregate effect of this micro-
facet collection, which is generally described by the distribution of their normal
directions. For an arbitrary microfacet normal distribution p(n), reflectance may
be physically represented by a model proposed in [20]:

ρ(l,v) =
p(h)F (l · h)

4Ks(l)Km(v)

where l,v are unit lighting and viewing directions, and h is their unit bisector.
F denotes the Fresnel reflectance term, and Ks, Km are factors that account
for shadowing and masking among microfacets. Since microfacet-based models
generally treat microfacets as mirror reflectors, recovery of p(h) gives us p(n).

Generally in reflectance modeling, the normal distribution is considered to
be centered at a principal surface normal direction, around which the collection
of microfacet normals is distributed. When the scale of geometric structure is
smaller than the image resolution, as illustrated in Fig. 1, multiple principal
surface normals may exist within a pixel. To more generally represent normal
distributions, we utilize Gaussian mixture models, which have long been used

N

facet normal distributionpixel area

Fig. 1. At low resolution, sub-pixel geometric structure can lead to a complex distrib-
ution of normals within a pixel
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to represent general distributions. In this work, to facilitate parameter estima-
tion the shadowing and masking terms Ks, Km and the Fresnel term F are all
modelled as constant, as done in numerous reflectance modeling works (e.g.,
[5, 20, 21]). With this simplification and a normal distribution represented by
a Gaussian mixture model G(n) =

∑N
i=1 αig(n; µi, σi), reflectance can be ex-

pressed as

ρ(l,v) =
F

4KsKm

N∑

i=0

αig(h; µi, σi) = A · G(h) (1)

where A is a constant, and µi, σi denote the mean and variance of Gaussian i.
By incorporating this generalized reflectance model into photometric stereo, our
method more comprehensively acquires surface normal information in each pixel.

2.2 Reflectance Estimation

Due to the complexity of this reflectance model, it is non-trivial to determine
from photometric stereo images the parameters of a general normal distribution.
In photometric stereo, a set of K images containing reflectance data {Ok; 1 ≤
k ≤ K} is measured under different lighting conditions {lk; 1 ≤ k ≤ K} and a
fixed viewing direction v. From this data, parameters of the Gaussian mixture
normal distribution could in principle be estimated at each pixel by general
non-linear least squares fitting:

Θ = arg min
K∑

k=1

||ρ(lk,v) − Ok||2 = argmin
K∑

k=1

||A
N∑

i=0

αig(hk; µi, σi) − Ok||2,

where Θ = {A, (αi, µi, σi); 1 ≤ i ≤ N} signifies the reflectance parameters with
an N -Gaussian GMM. However, as described in [21], due to the high nonlinearity
of reflectance functions, fitting a model with more than two lobes by general non-
linear least squares is rather unstable and gives unreliable results.

To deal with this issue, we can regard Eq. (1) as a probability distribution
function (pdf) defined on a hemisphere with respect to bisector direction h and
scaled by a factor A. We can furthermore consider measured intensities in the
photometric stereo images as samples from this distribution. Estimation of a pdf
in terms of a Gaussian mixture model from a set of samples is a well studied
problem and can be robustly computed by the Expectation-Maximization (EM)
algorithm [22, 23]. With a generalized reflectance model that represents normal
distributions with a GMM, we can conveniently utilize this method to recover
this detailed surface information.

According to the Law of Large Numbers, the value of a pdf at a given point
is the frequency that the point appears in random sampling. For each bisector
direction hk, the actual pdf function has the value Ok/A, which should lead to
Ok/A samples being observed at position hk. In other words, for each observation
Ok, we put a sample of weight Ok/A at direction hk. To estimate the actual pdf,
GMM parameters can be computed according to these weighted samples using
the EM algorithm, by iteratively computing the E-step:



62 P. Tan, S. Lin, and L. Quan

Ezik = αig(hk; µi, σi)/
N∑

j=1

αjg(hk; µj , σj)

and the M-step:

αi =
∑K

k=1
Ok

A Ezik∑K
k=1

Ok

A

=
∑K

k=1 OkEzik∑K
k=1 Ok

µi =
∑K

k=1
Ok

A Ezikhk∑K
k=1

Ok

A

=
∑K

k=1 OkEzikhk∑K
k=1 Ok

σ2
i =

∑K
k=1

Ok

A Ezik||hk − µi||2
∑K

k=1
Ok

A

=
∑K

k=1 OkEzik||hk − µi||2∑K
k=1 Ok

where zik are hidden variables and Ezik is the probability that the k-th sample
is generated by the i-th component. For purposes of resolution enhancement as
later described in Sec. 3, we utilize GMMs with Gaussians of equal weight, such
that we set αi = 1

N for an N -Gaussian GMM.
The scale factor A is seen to cancel out in the computation of the normal

distribution parameters. Intuitively, these GMM parameters, which describe the
geometric characteristics of a surface, are independent of A, which represent
optical properties, and can be optimized separately. With the computed GMM
parameters, A may be solved by linear least squares

A = argmin
K∑

k−1

||Ok − AG(hk)||,

but need not be estimated in our application because only the normal distribu-
tions are used in surface reconstruction.

(a) (b)

Fig. 2. (a) Visualization of observed data from 65 photometric stereo images. The
radius of each sample point is set to the radiance intensity at the corresponding lighting
direction. (b) Radiance distribution computed according to our fitted parameters.
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The performance of this EM-based parameter estimation is exemplified in
Fig. 2, which compares a radiance distribution computed with our generalized
model and recovery technique to the observed data from photometric images
with 65 sampled illumination directions. The intensity of a single pixel under
different lighting directions is visualized as a function defined on a hemisphere,
whose value is represented by the radius. While some deviation can be observed
at grazing angles, the fitted radiance distribution approximately models the cap-
tured distribution using 4-Gaussian GMMs. With greater numbers of Gaussians,
closer approximations can be obtained.

3 Resolution Enhancement

For resolution enhancement, our method divides the recovered distribution of
normal directions among pixels at a higher resolution. For an R × R enhance-
ment, with M = R2, each higher resolution pixel covers 1/M of a pixel at the
original resolution, such that 1/M of the recovered normal distribution should be
assigned to each of the higher resolution pixels. Using a mixture of M uniform-
weight Gaussians in the reflectance estimation of Sec. 2.2, we employ a simplified
arrangement procedure where each component of the M -Gaussian GMM is as-
signed to one of the M higher resolution pixels. With this, the principal normal
direction of each high resolution pixel is given by the mean vector of the assigned
GMM component.

For determining the spatial organization of these GMM components among
the high resolution pixels, we employ constraints based on geometric consistency.
These constraints lead to a challenging optimization problem, which is solved
using a combination of belief propagation and simulated annealing.

3.1 Constraints on Normal Arrangement

Since no direct information on sub-pixel spatial arrangements of principal normal
directions can be derived from fixed-view photometric stereo images, our method
relies upon common characteristics of surface structure to constrain the solution.
One fundamental constraint in a normal map is that the curl of the normal map
be equal to zero, which is known as the integrability constraint and is widely used
in surface reconstruction (e.g., [24, 25, 26]). This constraint itself does not provide
sufficient information for determining a reliable solution, so we additionally take
advantage of the observation that at a local scale there generally exists only
a small number of perceptually distinct structural features on a surface. This
surface property is the basis for work on 3D textons [10], which represent the
appearance of points on a surface by indexing to a small vocabulary of prototype
surface patches.

In our method, we utilize a constraint on normal arrangements that is moti-
vated by the work on 3D textons and the minimum description length principle
[9]. Specifically, our formulation favors normal arrangements that minimize the
number of local structural features, or 3D textons, needed to describe the imaged
surface at the enhanced resolution. In [10], 3D texton primitives are represented
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Fig. 3. Mapping of possible normal arrangements of all pixels into a high dimen-
sional arrangement space. Each arrangement of a pixel is a point in this space. Similar
arrangements form clusters that represent possible textons of the surface.

in terms of co-occurring responses to a bank of Gaussian derivative filters of
different orientations and spatial frequencies, but for our context of photomet-
ric stereo, we instead describe these structural primitives simply as a concate-
nated vector of principal normal orientations. In our implementation, the size of
the texton area is set to be the that of a pixel at the original, captured image
resolution.

To minimize the number of distinct structural features (textons) in the surface
description, we first cluster similar normal arrangements that may occur on the
surface, and represent each cluster by a single representative arrangement, or tex-
ton. As illustrated in Fig. 3, every possible arrangement of the GMM components
of all low resolution pixels on the surface are plotted as points in an arrangement
space, and these normal arrangements are grouped into texton clusters that are
each represented by its mean vector. Specifically, in clustering, each arrangement
is represented by a concatenated vector of principal normal directions inside each
pixel. For example, in the case of 2 × 2 resolution enhancement, a 12-D space is
formed by concatenating four principal normals expressed as 3D vectors. In our
implementation, the structure of this space is obtained by employing the EM al-
gorithm to cluster arrangements as components of a GMM G, referred to as the
texton GMM. In this process, we fit a GMM with a large number of components
and then eliminate components that have weights below a threshold.

Distinct textons may contain the same set of GMM components of a nor-
mal distribution and differ only in their arrangement, as is the case for multiple
arrangements for a given pixel. To minimize the geometric description, we also
group these textons into equivalence classes as shown in Fig. 4(a), and represent
each class by a single texton. These equivalence classes can be determined by
grouping texton clusters that are associated with the same pixels, since this in-
dicates that the textons are rearrangements of each other. In real applications,
this grouping is computed by a voting scheme in which the affinity of two textons
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Fig. 4. Texton equivalence classes. (a) Textons that differ in high-resolution structure
but have a similar low-resolution distribution of normals are grouped in an equivalence
class. (b) Each pixel belongs to one of the equivalent classes. A single texton is com-
puted for each class, and the pixels of the class are assigned the geometric structure of
this representative texton.

Fig. 5. Closed curves for evaluating integrability. (a) each pixel at the original resolu-
tion; (b) each shifted pixel (shaded area) that overlaps two pixels.

is measured by the number of common pixels among the two sets of clusters.
Thresholding this affinity measure gives a partitioning of textons into equiva-
lence classes. With this partitioning, each pixel is associated with the equivalence
class that contains the largest number of its possible normal arrangements, as
illustrated in Fig. 4(b). When a texton is later assigned to represent an equiva-
lence class, the pixels associated with the class will then be assigned the normal
arrangement of that texton.

To determine the set of textons that are used to represent the set of equiva-
lence classes, which we refer to as solution textons, we solve for the set of textons
that best models the surface. Since any integrable texton from an equivalence
class can accurately represent the pixels associated with the class, we determine
the solution textons that maximize the consistency with the resulting shifted
pixels, where shifted pixels refer to pixel areas that overlap multiple pixels at
low resolution as exemplified in Fig. 5(b). Based on our criterion for surface con-
sistency, shifted pixels should also be represented by the solution textons. In the
following section, we describe how a minimal texton description in conjunction
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with integrability constraints are used to compute the representative texton of
each equivalence class.

3.2 Arrangement Optimization

To solve for the solution textons, and hence the arrangement of normals over the
surface, we formulate objective functions that account for texton and integra-
bility constraints. For each pixel s̄ = (x, y) and its texton L(s̄), the integrability
constraint requires the line integration of the arranged principal normals over a
closed curve to equal zero. For a curve that extends over a pixel as illustrated
in Fig. 5(a), this constraint can be expressed as

Intg1(s̄, L(s̄)) = ax + bx − by − dy − dx − cx + cy + ay = 0

where a = (ax, ay, 1),b = (bx, by, 1), c = (cx, cy, 1) and d = (dx, dy, 1) are the
principal normal directions of the pixel. An energy function with respect to
integrability can therefore be defined on each pixel as

E1(s̄, L(s̄)) = exp
(−||Intg1(s̄, L(s̄)) − c1(s̄)||2

)

where c1(s̄) is the minimum line integration value among all the arrangements
of pixel s̄. Maximizing E1 favors normal arrangements with minimal integration
values.

For each pair of neighboring pixels s̄, t̄ and their textons L(s̄), L(t̄), the in-
tegrability constraint also applies to the shifted pixel that overlaps s̄, t̄, shown
as a shaded region in Fig. 5(b). The integrability constraint in this instance can
similarly be expressed as:

Intg2(s̄, t̄, L(s̄), L(t̄)) = ex + fx − fy − hy − hx − gx + gy + ey = 0.

A shifted pixel additionally should be associated to a solution texton. This con-
dition can be quantified as max1≤j≤T Pij (efgh), where efgh is the concatenated
vector of principal normals e, f,g,h, {Li1 , Li2 , . . . LiT } is the set of solution tex-
tons, Pij (·) is the pdf function of the ij-th Gaussian component of the texton
GMM model G. Then an energy function can be defined on each pixel pair as:

E2(s̄, t̄, L(s̄), L(t̄)) = exp
(−||Intg2(s̄, t̄, L(s̄), L(t̄)) − c1(s̄, t̄)||2

)· max
1≤j≤T

Pij (efgh)

Maximizing E2 will favor the selection of textons for s̄ and t̄ for which the
normal arrangement of their shifted pixel is integrable and consistent with the
set of solution textons.

In principle, integrability and an association to solution textons should also
exist for other pixel displacements, e.g., a shifted pixel that overlaps the corners
of four pixels. In our current implementation, these cases are not considered
because the added complexity to the energy formulation makes optimization
quite challenging.
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The solution textons {Li1 , Li2 , . . . LiT } can be computed by maximizing the
product of E1 and E2 over the whole image as

{Li1 , Li2 , . . . LiT } = arg max
∏

s̄

E1(s̄, L(s̄))
∏

Neighbor(s̄,t̄)

E2(s̄, t̄, L(s̄), L(t̄))

where s̄ indexes all the pixels in the image, and Neighbor(s̄, t̄) represent all
pairs of neighboring pixels. Due to the complexity of this optimization problem, a
solution is obtained using a two-step process. In the second step, we use simulated
annealing to compute an arrangement solution that accounts for both texton and
integrability constraints. To aid simulated annealing in reaching a good solution,
the first step formulates the integrability constraints in a graphical network and
employs belief propagation to compute a good initial solution for input into the
annealing process.

In this first step, the problem is formulated as an undirected graph model,
where each node v of the graph represents an equivalence class. Two nodes are
connected if and only if they contain pixels that are 4-neighbors of each other
in the image. Each node has a number of candidate textons that are indexed
by labels. Integrability constraints are applied to the graphical model as energy
functions defined on nodes and edges.

From the above discussion, we can define an energy term for each label L of
a node as

E(L; v) =
∏

s̄∈v

E1(s̄, L(s̄)) =
∏

s̄∈v

E1(s̄, L)

where s̄ ∈ v denotes pixels s̄ in equivalence class v. For each pair of connected
nodes v1, v2 in the graphical model and their labels L1, L2, we define an energy
on the connecting edge as:

E(L1, L2; v1, v2) =
∏

Neighbor(s̄,t̄);s̄∈v1;t̄∈v2

E′
2(s̄, t̄, L(s̄), L(t̄))

=
∏

Neighbor(s̄,t̄);s̄∈v1;t̄∈v2

E′
2(s̄, t̄, L1, L2)

where E′
2 denotes the energy E2 without the texton constraint max1≤j≤T

Pij (efgh). The initial solution is determined by maximizing the energy over
the entire graphical model using the belief propagation algorithm in [12].

The second step takes the solution of the first step as an initialization to the
simulated annealing process for the energy function

E =
∏

s̄

E1(s̄, L(s̄))
∏

Neighbor(s̄,t̄)

E2(s̄, t̄, L(s̄), L(t̄)).

At each iteration of simulated annealing, an equivalence class is randomly se-
lected and its texton label is randomly exchanged. This randomized modification
is accepted according to its change in energy and a given temperature schedule.

With this approach, various degrees of resolution enhancement can be ob-
tained, but greater amounts of enhancement lead to substantial increases in
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computation, due to the R2! possible normal arrangements for an R × R en-
hancement. To alleviate this problem, an approximation can be employed where
2×2 enhancements are performed iteratively to reach higher levels of resolution.

4 Results

In our experiments, a surface is captured by a fixed camera with evenly sampled
lighting directions given by seven bulbs attached to an arc that rotates around
the surface. The seven bulbs are attached to the arc at equal angular intervals,
and the arc rotates at intervals of 30 degrees. At two of the arc rotation angles,
lighting is occluded by the capture device, and other occlusions of illumination
occasionally occur. Generally, 60 – 70 photometric stereo images are captured
for each surface.

We applied our method to several real surfaces, displayed in Fig. 6, Fig. 7,
and Fig. 8. For each of the figures, an input image at the original, captured
resolution is shown. For visualization purposes, normal maps are integrated into
height fields according to the method in [25]. Height fields computed at the
captured resolution lack the geometric detail. With 2×2 resolution enhancement,
sub-pixel structures lost in conventional photometric stereo are recovered. 4 ×
4 enhancement adds further detail. As greater enhancement is applied, some

Fig. 6. Example of a shiny metal surface. Images are normalized in size for easier
comparison. To view finer detail, please zoom in on the electronic version. (a) One
of the photometric stereo images; (b) Height field recovered at original resolution; (c)
Height field recovered at 2 × 2 enhanced resolution; (d) Height field recovered at 4 × 4
enhanced resolution.

Fig. 7. Example of a stone carving. Images are normalized in size for easier comparison.
To view finer detail, please zoom in on the electronic version. (a) One of the photometric
stereo images; (b) Height field recovered at original resolution; (c) Height field recovered
at 2 × 2 enhanced resolution; (d) Height field recovered at 4 × 4 enhanced resolution.
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Fig. 8. Example of a wood flower frame with shiny paint. Images are normalized in size
for easier comparison. To view finer detail, please zoom in on the electronic version. (a)
One of the photometric stereo images; (b) Height field recovered at original resolution;
(c) Height field recovered at 2 × 2 enhanced resolution; (d) Height field recovered at
4 × 4 enhanced resolution.

Fig. 9. Rendering of the recovered height fields from a novel viewpoint. Left to right:
original resolution, 2×2 enhancement, 4×4 enhancement and ground truth computed
from a close-up image sequence captured at around 3 × 3 enhancement.

increase in noise is evident, partially due to the greater complexity in determining
proper normal arrangements. Noise may also arise from deviations of the actual
reflectance from the mathematical model we used for normal recovery.

In Fig. 9, to provide another form of visualization and comparison to ground
truth height field, we render the recovered height fields from a novel viewpoint
for the original resolution, 2×2 enhancement, 4×4 enhancement and the ground
truth computed from a close-up image sequence captured at around 3 × 3 en-
hancement. Geometric detail that is seen in the ground truth height field become
increasing clearer with greater enhancement.
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5 Conclusion

In this work, we proposed a method to enhance the resolution of photometric
stereo by recovering a general normal distribution per pixel and then arranging
these normals spatially within the pixel by employing consistency and simplicity
constraints on surface structure. With this approach, fine-scale surface structure
that is missing in conventional photometric stereo can be inferred from low
resolution input.

There exist a number of interesting directions for future work. In our current
technique, information from shadows in photometric stereo images is not utilized,
but can provide useful constraints in the enhancement process. Another direction
we plan to investigate is optimization of normal arrangements in a manner that
can incorporate integrability and texton constraints for arbitrary pixel shifts.
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