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Abstract

Highly accurate 3D volumetric reconstruction is still an
open research topic where the main difficulties are usually
related to merging rough estimations with high frequency
details. One of the most promising methods is the fusion be-
tween multi-view stereo and photometric imaging 3D shape
reconstruction techniques. However, beside the intrinsic
difficulties that multi-view stereo and photometric stereo
have to make them working reliably, supplementary prob-
lems raise when considered together. Most importantly, the
projection of the fine details usually retrievable with photo-
metric stereo onto the rough multi-view stereo reconstruc-
tion is difficult to handle.

In this work, we present a volumetric approach to the
multi-view photometric stereo problem defined by a unified
differential model. The key to our method is the signed dis-
tance field parameterisation which avoids the complex step
of re-projecting high frequency details as the parameterisa-
tion of the whole volume allows a photometric modeling on
the volume itself efficiently dealing with occlusions, discon-
tinuities, etc. The relation between the surface normals and
the gradient of the signed distance field leads to a homo-
geneous linear partial differential equation. A variational
optimisation is adopted in order to combine multiple images
from multiple points of view in a single system avoiding the
need of merging depth maps. Our approach is evaluated on
synthetic and real data-sets and achieves state-of-the-art re-
sults.
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1. Introduction

Recovering the 3D geometry of an object is still a quite
open challenge in computer vision as most of the techniques
provide good results in specific frameworks. In particular,
two well-known approaches namely multi-view and pho-
tometric stereo have been developed to produce great re-
sults considering key complementary assumptions. Indeed,
while multi-view is assumed to provide rough 3D volumet-

ric reconstructions of textured objects, photometric stereo
is supposed to retrieve highly detailed surfaces from a sin-
gle view. High quality volumetric reconstruction of ob-
jects achieved by refining coarse multi-view reconstruction
[10, 32] with shading information [12, 37, 34] is an old open
way [5] of merging complementary information.

Multi-View Photometric Stereo (MVPS) approaches
have been developed so as to overcome constraints com-
ing from both sides, in order to deal with: specular high-
lights [14, 1], dynamic scenes [36],visibility and occlusions
[6] and mapping of the photometric stereo views onto the
coarse volume [31, 29].

Since implicit parameterisation of volumes has been
developed using level-set approaches [22, 28], recent ad-
vances in parametrising volumes with signed distance func-
tions (SDFs) [45, 26] have made the multi-view approach
prone to be merged with differential formulation of irra-
diance equation providing shading information [21]. On
the other hand, recent photometric stereo approaches have
moved towards more realistic assumptions considering
point light sources [24, 30] that make easier the acquisition
process by using LEDs in a calibrated setting.

Contribution In this work we propose a novel method
based on the following three novelties

• A differential parameterisation of the volume based
on the signed distance function that allows irradi-
ance equation ratios to deal with near-field photometric
stereo modeling [24].

• A variational optimisation that fuses information from
multiple viewpoints into a single system.

• An octree implementation capable of retrieving highly
accurate volumetric reconstructions in scenes with
multiple discrete objects.

2. Related Works
Reconstructing accurate 3D geometry of a volume has

been a very challenging area in computer vision. Most of
the research trying to solve this problem has been developed
merging multi-view methods for coarse reconstruction [10],
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with techniques based on shading information for providing
high frequency details of the surface [40, 25, 4] rather than
topological evolution of the surface [14]. However, regard-
ing the refinement, several methods take inspiration from
Shape from Shading [12] to extract 3D geometry from a
single image (MVSfS) and consider shape refinement com-
ing from single shading cues [42, 41, 3]. With the aim to
improve the quality of the details and make the reconstruc-
tion more robust to outliers, multiple shading images from
a single view point are considered. A number of MVPS
approaches have been presented [7, 29, 44].

Merging shading information with multi-view images
becomes a more complicated problem when considering
specular surfaces. Drastic changes in both shading under
different lighting and viewing point modify the appearance
of the 3D geometry so that specific approaches have been
developed to deal with irradiance equations with not negli-
gible specular component. Jin et al. [14] exploit a rank con-
straint on the radiance tensor field of the surface in space
with the aim to fit the Ward reflectance model. Other ap-
proaches instead reconstructed an unknown object by us-
ing a radiance basis inferred from reference objects [35, 1].
Zhou et al. [44] developed a camera and a handheld moving
light system for firstly capturing sparse 3D points and then
refining the depth along iso-depth contours [2]. A similar
handheld system has been developed by Higo et al. [11]
where multi-view images were acquired under varying illu-
mination by a handled camera with a single movable LED
point light source for reconstructing static scene.

In order to make the MVPS solvable, additional assump-
tions have been considered. Particularly, with the aim to
compute the camera positions so as to map accurately the
photometric stereo views, the relative motion of the cam-
era and the object can be constrained. Hernandez et al.
[7] captured multi-view images for a moving object under
varying illuminations by combining shading and silhouettes
assuming circular motion in order to compute the visual
hull. Zhang et al. [43] generalised optical flow, photo-
metric stereo, multiview-stereo and structure from motion
techniques assuming rigid motion of the object under or-
thographic viewing geometry and directional lighting. Fur-
thermore, shadows, occlusions or inter-reflections are not
considered.

When photometric stereo (as well as SfS) has to be in-
tegrated with multi-view techniques, the problem of find-
ing the correspondence of pixels with shading information
onto the 3D surface is crucial. Geometric distortions pro-
duced by changes in pose have to be combined with vary-
ing illumination. One way to do so is by region tracking
considering brightness variations using parametric models
of geometry and illumination [9], or outlier rejection [13].
Okatani and Deguchi [27] proposed a photometric method
for estimating the second derivatives of the surface shape of

an object when only inaccurate knowledge of the surface re-
flectance and illumination is given by assuming represented
in a probabilistic fashion.

Other approaches instead align the shading images with
the coarse 3D in order to map the photometric stereo data
onto the coarse 3D shape [19, 15]. Delaunoy and Prados
[6] use a gradient flow approach whereas Sabzevari et. al
[31] firstly computes a 3D mesh with structure from motion
with a low percentage of missing point and then the mesh
is reprojected onto a plan using a mapping scheme [20].
Recently, Park et al. [29] proposed a refinement method
by computing an optical displacement map in the same 2D
planar domain of the photometric stereo images. To do so,
they transformed the coarse 3D mesh into parametrised 2D
space using a distortion parameterisation technique [33].

In this work, with the aim to avoid the mapping proce-
dure, we present a differential approach for MVPS. Being
inspired by the signed distance function parameterisation
used by Maier et al. [21] for the MVSfS problem, we derive
a volumetric parameterisation handling the differential irra-
diance equation ratio presented in [23] for near-field pho-
tometric stereo. Instead projecting 2D images onto a rough
3D shape estimation as adopted in the state of the art MVPS
method [29], we build an octree implementation which al-
lows a fast ray-tracing. This accelerates the computation of
shadows and occlusions from different views and high level
of refinement starting from rough initial estimate of the 3D
volume.

3. Signed Distance Function Parameterisation

With the aim to provide suitable mathematical char-
acterisation of a collection of solid objects, we consider
the implicit surface parameterisation in terms of the SDF
D(x),x ∈ R3. This parameterisation turns out to be suit-
able for our aim due to its practical way of describing the
outgoing normal vector to a surface. In fact, the SDF allows
to describe the volumetric surface as the zeroth level-set of
D, D(x) = 0 . The essence of our differential approach is
the observation that the surface normalN equals to gradient
of the SDF D as follows

N(x) = ∇D(x). (1)

Similarly to [45] that used the SDF for single image
shading refinement, we consider the SDF for the irradi-
ance equation to derive a differential multi-view photomet-
ric stereo formulation where we assume to haveNps images
(i.e. light sources) for each known camera position Cq (that
is Nps(Cq), q = 1, . . . Nviews).

To exploit the monocular aspect of the photometric
stereo problem, we consider image ratios for the Lamber-
tian shading model [18] assuming calibrated nearby LED



light sources

ik(u) = ik(x) = ρ(x)ak(x)N(x) · Lk(x) (2)

where u ∈ R2 is the image-plane projection of the 3D point
x and ρ(x) indicates the albedo. Note that as we are fol-
lowing a volumetric approach, the irradiance equation can
be considered for each 3D point x. The bar over a vector
means that it is normalized (i.e. N = N

|N| ). We model point
light sources by considering the following Lk(x) = x−Pk
from [24], where Pk is the known position of the point light
source with respect to the global coordinate system. We
model the light attenuation considering the following non
linear radial model of dissipation

ak(x) = Φk
(Lk(x) · sk)µk

||Lk(x)||2
(3)

where Φk is the intrinsic brightness of the light source, sk is
the principal direction (i.e. the orientation of the LED point
light source) and µk is an angular dissipation factor.

Modeling with image ratios As in [24], we follow the
ratio method that significantly simplifies the PS problem
by eliminating the dependence on the albedo as well as the
non-linear normalisation of the normal.

Indeed, dividing equations for images ih and ik (from
the same point of view Cq) as in (2), we have

ih(x)

ik(x)
=
ah(x)N(x) · Lh(x)

ak(x)N(x) · Lk(x)
(4)

which leads to

N(x) · (ih(x)ak(x)Lk(x)− ik(x)ah(x)Lh(x)) = 0. (5)

By substituting the parametrisation of the normal from
(1), we get the following albedo independent, homogeneous
linear PDE

bhk(x) · ∇D(x) = 0 (6)

where

bhk(x) = ih(x)ak(x)Lk(x)− ik(x)ah(x)Lh(x). (7)

The geometrical meaning of (6) is the extension to the
3D volumetric reconstruction of the PDE approach pre-
sented in [24]. In fact, the photometric stereo model still
consists of a homogeneous linear PDE where the tangen-
tiality of bhk on the surface is by definition the zeroth level
set of the SDF. However, an important difference with [24]
is that bhk(x) does not depend on D (i.e. 6 is linear and
not quasi-linear as proposed in [24]) in due to the fact that
the relevant quantities are expressed on a global coordinate
system independent of the existence of a surface. An inter-
esting observation is that Equation 6 is conceptually similar

with the iso-depth curves in the work of [44]. Nonethe-
less, the SDF formulation is a more natural ’object cen-
tered’ depth and this allows for a unified optimisation as
we describe in the next section.

In order to simplify the notation, we will rename the pair
hk as p and we will call the set of all the combination of
pairs of images (with no repetition).

MVPS as a weighted least squares problem With the
aim to consider into a single mathematical framework pho-
tometric stereo images coming from different views, we
stack in a single system the following weighted version of
(6)

wp(Cq,x)bp(x) · ∇D(x) = 0 (8)

where wp(Cq,x) = max(N(x) ·Vq(x), 0) and Vq(x) de-
notes the viewing vector on the volume for the camera posi-
tionCq . This weight termwp is essentially a measure of vis-
ibility. The resulting system then counts

∑Nviews

q=1

(
Nps(Cq)

2

)
equations as shown in (9) :[w1(C1,x)b1(x)]t

[w2(C2,x)b2(x)]t

...

∇D(x) = 0 (9)

With the aim to solve it as a least square problem, we
consider the normal equations:

B(x)∇D(x) = 0 with: (10)

B(x) = [w1(C1,x)b1(x), w2(C2,x)b2(x), . . .]·[w1(C1,x)b1(x)]t

[w2(C2,x)b2(x)]t

...


B(x) is now a positive, semi-definite, 3x3 matrix.

Rank correction The geometrical constraint coming
from (6) ensures that all the vector fields bp(x) ∈ R3 span
the same bi-dimensional space ∀x of the volume as they de-
fine the level-set of the SDF. This means that under ideal
circumstances, the rank of B in (10) should be exactly 2.
However, due to numerical approximations this is never ex-
actly true; we enforce this constraint by using eigenvalue
decomposition of B hence:

B = QΛQt = Q

Λ1 0 0
0 Λ2 0
0 0 Λ3

Qt (11)

with Λ1 ≥ Λ2 ≥ Λ3 and setting Λ3 = 0.
We note that this rank correction is a sanity check step.

Indeed if B∇D = 0 with B full rank, then ∇D = 0 which
can never be true as |∇D| = 1 (Eikonal equation) and so D
cannot be the SDF of any real surface.



Table 1. Quantitative evaluation based on the initial estimate qual-
ity. Errors are in mm. Noise added to vertex positions and the
magnitude is relative to the average triangle size.

Experiment Triangle Number Visual Hull
Method Noise 250 500 1500 10K 30K 69K

[29]
0% 0.245 0.141 0.105 0.029 0.025 0.445
5% 0.290 0.172 0.119 0.036 0.029 -

10% 0.393 0.250 0.153 0.046 0.031 -

Proposed
0% 0.203 0.114 0.090 0.026 0.023 0.386
5% 0.234 0.137 0.104 0.033 0.024 -

10% 0.321 0.193 0.131 0.043 0.028 -

4. Variational resolution
In this section, we describe how we build the variational

solver to compute the signed distance field based parame-
terisation introduced in the previous section.

First of all, we note that as (10) is rank deficient, a closed
form computation of the volume is not possible. We follow
the standard of most modern variational approaches (e.g.
[23]) and adopt a Tikhonov regulariser of the form D = D0

where D0 is some initial estimate of the SDF obtained from
the distance transform of the an initial surface estimate.
Thus the regularised problem becomes (using λ = 0.05):

min
D

(||B · ∇D||+ λ||D −D0||) (12)

Discretisation To avoid excessive computation, we note
that the photometric stereo equations do not need to be com-
puted in the whole volume but rather only to a subset of
voxels Ω ⊂ R3, which are close to the surface. In fact, (1)
is only true in the vicinity the surface. We discretise the
variational problem (12) by using first order forward finite
differences ∇D = G · D, with G being the sparse kernel
matrix describing the connectivity in Ω. The resulting linear
system is solved with the conjugate gradients method.

Figure 1. Synthetic data samples where we show per pairs dif-
ferences in near lighting, perspective deformation and self occlu-
sions.

(a) [29]-RMS Err 0.105mm (b) Ours-RMS Err 0.090mm

(c) [29]-RMS Err 0.445mm (d) Ours-RMS Err 0.386mm

Figure 2. Evaluation using the 1500 triangles mesh initial esti-
mate (top row) and the visual hull initial estimate (bottom row).
The colour coding shows error (Hausdorff distance computed with
Meshlab) with respect to the ground truth in mm; 0.5mm is yellow,
>1mm is red.

4.1. Octree Implementation

To manage the required set of voxels ∈ Ω described
above we use an octree structure. Ω is defined at the leafs
of the tree and Voxel neighbors for computing finite differ-
ences are found by bottom up up traversal of the tree.

We perform an iterative procedure of solving (12) on the
leafs on the tree and then subsequently subdividing those
leafs where the absolute value of SDF is smaller than 2
voxel sizes. At each iteration stage, the weights in (9) de-
pend on the current surface normal which is approximated
with the previous estimate of the geometry. During the it-
erations the octree evolves allowing bigger chances for the
volume at the beginning that decrease in size as soon as
the voxel are subdivided. The procedure repeats until the
voxels are small enough so as their projection on the image
planes is smaller than the pixel size and thus the maximum
obtainable resolution has been reached. As a result, only a
small fraction of the volume is considered for calculations
and the hierarchy of voxels is densely packed around the
surface. Finally, the reconstructed surface is computed with
the Marching cubes variant of [17].

Visibility Estimation In order to deal with scenes with
a complex geometry and potentially multiple objects, oc-
clusions need to addressed. This is performed by ray-



(a) Ground truth (b) Visual Hull

(c) Initial estimates: 500,1500,10K triangles

Figure 3. Synthetic data experiment - initial estimates used for ini-
tialising the MVPS optimisation. The variable quality initial esti-
mates of the bottom row are generated by subsampling the ground
truth (3(a)) using the edge collapse decimation function of Mesh-
lab.

tracing lines from each voxel to each light source and cam-
era and using the current estimate of geometry to check
for cast shadows and occlusions. The octree structure al-
lows for very quick visibility checks and whenever an oc-
clusion/shadow is detected, the relevant weight in (9) is set
to 0.

4.2. World Scale estimation

Similar to standard near-field calibrated PS methods, the
proposed approach requires an initialisation of the correct
world scale in order to parametrise light propagation and
attenuation (6). For example, [23, 30] initialise the opti-
misation with a flat plane at a rough mean depth obtained
from a ruler measurement. As explained in [30], too small
mean distance flattens the reconstruction; too large makes
it non-linearly stretch. On the other hand, the initial esti-
mate obtained with MVS is consistent, but up to scale, i.e.
x = x0ξ with ξ the unknown scale and x0 the MVS es-
timate. Then, L(x) = xPk = x0ξPk is a function of ξ
and also a using Equation 3. Inspired by [30], we com-
pute ξ by minimising the image re-projection error namely
min
ξ

(
‖i − ρa(ξ)N · L(ξ)‖

)
(by first computing ρ from the

initial geometry estimate) over all pixels. This objective
function is highly non-linear and non-convex (see Equa-

tion 3) but can by minimised using non-linear simplex1 by
starting from a reasonable estimate obtained with a ruler
measurement.

5. Experimental Part
With the aim to prove the capability of our approach

to reconstruct 3D volumetric scene, we consider both syn-
thetic and real data. We compare against [29] using the code
from their website. It is worth to mention that differently
from our method, their state-of-the-art approach for MVPS
is based on a fully un-calibrated PS model.

For the synthetic case we use the Armadillo model from
the Stanford 3D Scanning Repository2. The virtual object
was scaled to have approximate radius 20mm and the virtual
camera of focal length 6mm was placed a several locations
on a sphere of 45mm around the object. We rendered 12
views with 8 images each of resolution 1200x800x24bits
per pixel (see Figure 1).

1We used Matlab’s fminsearch with default parameters.
2http://graphics.stanford.edu/data/3Dscanrep/

(a) Ground truth (b) Initial estimate

(c) [29] (d) Proposed

Figure 4. Close-up rendering for the ground truth (a), the 1500
triangles initial estimate with 0% noise case (b) (column 3 of Ta-
ble 1) as well as the obtained reconstructions with [29] (c) and the
proposed method (d).



Figure 5. Real data: 2/96 photometric stereo images (we used 12
views with 8 lights in each view) and initial geometry estimate
obtained with MVS. This initial estimates are only 8k and 11k
triangles for the Queen and Buddha datasets respectively.

In order to quantitatively describe the dependency of the
accuracy of the volumetric reconstruction to the initial esti-
mate, we subsampled the initial mesh3 to 5 different meshes
with number of triangle ranging from 250 to 30K (the orig-
inal mesh was 150k triangles). For each of these meshes we
added Gaussian noise to the vertex coordinates with std 0,
5, 10% of the average triangle size. Finally, we calculated
the objects ’visual hull with naive voxel carving for a final
experiment.

The evaluation metric is the RMS Hausdorff distance
to the ground truth (computed with Meshlab). Results are
shown in Figures 2 and 4 and Table 1. The proposed ap-
proach outperforms [29] in all experiments.

3For this purpose we used the quadric edge collapse decimation func-
tion of Meshlab.

[2
9]
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Figure 6. Qualitative evaluation on real data set of Figure 5. The
proposed approach outperforms [29] and generates more detailed
reconstructions.



5.1. Real Data

For acquiring real world data we used an active light
system (see Figure 7) consisting of a FLIR camera BFS-
U3-32S4C-C surrounded by OSRAM ultra bright LEDs for
capturing data in the near-field. The images have been ac-
quired while moving the object on a turning table, but with-
out enhance the reconstruction by assuming the rotational
movement of the objects. The multi-view data have been
processed using VisualSFM [38, 39] and PMVS [8] for get-
ting camera rotation and translation between the photomet-
ric stereo views as well as a low quality reconstruction to
use as initial estimate. In addition, a few more images were
captured in between the photometric stereo sequences (with
neutral illumination) in order to make SFM more robust
with respect to a too small overlap between images. To
make the models obtained through MVS have less noise,
we remove some noisy regions and background points far
away from the scenes of interest. Then, we performed Pois-
son reconstruction [16] with a low level setting so as the
initial estimate contains continues surfaces (and not point
clouds). As Table 1 suggests, our method does not need a
very accurate initial estimate. Finally, the initial SFD D0 is
computed as the distance transform of the initial surface.

Our real datasets include a marble Buddha statue, plas-
ter bust of Queen Elisabeth (see Figure 5) and a combined
scene with a swede next to a porcelain cup containing a
small tree branch (see Figure 8). The reconstruction time
using non-optimised Matlab code was 15-20 minutes on a

Figure 7. The hardware setup used for the acquisition. Despite the
large number of LEDs mounted, we only used 8 for the acquisi-
tions. As the camera is rigidly attached to the LEDs, it only makes
sense to consider a calibrated PS model and perform offline setup
calibration (e.g. using [30]). The out-of-the-box SFM software
[38] provides camera movement and this automatically specifies
the light sources as well. Thus, the only calibration step required
at runtime is that of the absolute world scale (section 4.2).

Figure 8. Three views of a multi-object scene made up of a swede
next to a porcelain cup containing a small tree branch.

modern i7 CPU with a peak memory consumption of 20-
25GB. SDF was computed in around 4-6 M voxels (depend-
ing on dataset) of approximate size of 0.2mm.

The proposed approach outperforms [29] in all three
datasets (Figures 6 and 9) and it is able to recover more
detailed surfaces. One of the main reasons for the inabil-
ity of [29] to recover very detailed reconstructions is be-
cause it is very limited by the very low quality initial esti-
mates: they parametrise the initial surface into a 2D domain
and then perform a single refinement step. In fact, trian-
gulation artifacts can be seen at their reconstruction of the
forehead of the queen (Figure 6 top right). The reason for
performing a single step reconstruction is the fact that their
2D parametrisation and visibility estimation get very com-
putationally expensive as a function of the resolution of the
mesh. In contrast, our volumetric approach naturally han-
dles multiscale estimation though arranging the voxels into
an octree structure and so it is easy to repeatably refine the
volume estimate until the voxels have 1-1 correspondence
with image pixels. Finally, we note that the datasets pre-
sented in [29] have much higher quality initial estimates
(their AccordionMan starts from 140k triangles vs the 8k
triangles initial estimate for our ’Queen’ dataset).

6. Conclusion

We presented the first volumetric parameterisation based
on the signed distance function for the MVPS problem.
Very high accuracy is achieved by using an octree imple-
mentation for processing and ray-tracing the volume on a
tree. While considering photometric stereo images, our
fully differential formulation is albedo independent as it
uses the irradiance equation ratio approach for the near-
field photometric stereo presented in [24]. One limitation
of our approach comes from the irradiance modeling that
takes into account Lambertian reflection only.

The main limitation of the proposed approach is the in-
ability to cope with missing big portions of scene (this also
true for most competing approaches e.g. [29, 44, 42]). For
example, if the initial reconstruction is missing the hands
of the Armadillo, they will not be recovered. This can po-



Figure 9. Qualitative evaluation on the multi-object scene of Figure 8 . Line 1 [29], line 2 proposed. The proposed approach is superior to
[29] in simultaneously recovering the rough surface of the swede as well as the smooth surface of the cup. Note that the reconstruction is
noisy around the eyes of the mouse due to black aldebo.

tentially lead to to degradation of quality for the rest of the
body as well, as the missing parts will lead to sub-optimal
estimates of visibility. The theoretical justification for this
is that our core assumption N(x) = ∇D(x) is only exactly
true for points on the true surface, i.e. D(x) = 0. Assum-
ing continuity, we get N(x) ≈ ∇D(x) if D(x) ≈ 0 so we
can perform our differential approach under the assumption
that the set of voxels is relatively close to the true surface.

The main drawback of our method compared to mesh pa-
rameterisation techniques (e.g. [29]) is the elevated mem-
ory requirements. Even though the octree implementation
minimises the number of voxels required, it is inevitable to
need a few voxels per each potential surface point4 . In addi-
tion, the use of the variational optimisation is also memory
expensive as the matrix enconding the neighbouring infor-
mation about voxels needs to be stored in memory as well.

As future work, the image ratio based modeling can be
extended in order to handle specular highlights using the
model presented in [23]. This requires to enhance the varia-
tional solver with the inclusion of a shininess parameter, as
an additional unknown per voxel.

4 As the surface is the zero crossings of the SDF, at least a pair of
opposite signed values are required per surface point.
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