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Abstract

A methodology for 3D surface modeling from a single
image is proposed. The principal novelty is concave and
specular surface modeling without any externally imposed
prior. The main idea of the method is to use BRDFs and
generated rendered surfaces, to transfer the normal field,
computed for the generated samples, to the unknown sur-
face. The transferred information is adequate to blow and
sculpt the segmented image mask in to a bas-relief of the
object. The object surface is further refined basing on a
photo-consistency formulation that relates for error mini-
mization the original image and the modeled object.

1. Introduction

There is an increasing need for 3D models of objects,
from single images, for several applications such as digi-
tal archives of heritage and monuments, anatomy models
for pathology detection, small artifacts models for populat-
ing rendered 3D scenes with objects or augmenting a MO-
CAP sequence with tools for manipulation and, finally, for
robotics. Likewise, there is a growing awareness that 3D
modeling, from a single image, helps to navigate the sea of
terabytes of images, for the object recognition challenge.

That surface modeling from a single view has to deal
with shading and the way materials shine and reflect the
light has become clear since the works of [31] and [20].
Though only recently a great deal of work has been done to
merge the rich information that light conveys about an ob-
ject with its shape. Relevant examples are studies on specu-
lar reflection of materials and light incidence [23, 24], so as
to dismiss the Lambertian hypothesis, and on how illumi-
nation and reflectance combine to influence an object shape
perception [4] and its geometry [34].

Here, we address these problems introducing a novel
method, which is unbiased to the changes of the ambient
light, taking care of both concavities and sharp parts of an
object, this is the main contribution of this paper. Our ap-
proach is related to SIRFS [4], who introduced priors for
shape, albedo and illumination, respectively, so as to learn

Figure 1. An example of 3D surface of an object from ImageNet

the most likely shape. Though here we do not introduce any
prior, instead we formulate an hypothesis.

Our hypothesis is that a sufficiently large number of
patches, with varying surface curvature, rendered with dif-
ferent materials, with known reflectance properties, and
varying incidence and reflection angles, can be used to es-
timate these properties in unknown objects. Through this
generalization, the reflected, specular and diffuse light of a
new object, seen in a single image, can be recovered. We
show that this hypothesis is plausible and proves to give in-
teresting results. Indeed, the normal field of the rendered
surfaces, applied as an external deformation force, basing
on finite element method [43], is used to sculpt the unknown
object surface. This gives very beautiful results, that are fur-
ther refined to meet photo-consistency requirements.

The paper is organized as follows. In the next section
we give some pointers to related works, despite we are not
able to cover the whole extraordinary literature on the topic.
In Section 3 we introduce the basic concepts supporting the
paper, namely the BRDF [31], the MERL database [25],
how rendered surfaces (r-surfaces) are generated, and few
hints for the reference database ImageNet [15] and for re-
covering the object contour [47]. In Section 4 we introduce
the unsupervised learning method to validate the hypothe-
sis that the r-surfaces convey sufficient information about
unseen objects. The distribution of the data is inferred via
a nested Dirichlet process mixture model [16, 7]. Features
of the highest level in the hierarchy are obtained by sparse
stacked autoencoders [26, 33]. The outcome is a selection
of a BRDF and of the most plausible normals on each patch
covering the object image. These data, as described in Sec-
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tion 5, form the external forces of the energy, which deforms
the planar patches, covering the object mask, into the object
surface. This extends the deformation method [45] to con-
cavities and sharp object parts. Finally, the resulting surface
model is made consistent with the object appearance in the
image, by revising the light effects, as described in Section
6. This is obtained with a rich energy term taking care of
both photo-consistency and surface depth, optimized via to-
tal variation minimization. The high level ideas of the ap-
proach are visualized in Figure 2. Results, shown in Section
7 are very promising and new, with respect to the state of the
art.

2. Related Works

The concept of Bidirectional Reflectance Distribution
Function (BRDF) has been largely used in the computer vi-
sion community [40] to infer the material reflectance prop-
erties of a known object. Some approaches model objects
in 3D by imposing an unknown BRDF such as in [23],
where the object shape is recovered with two different meth-
ods requiring, however, multiple images of the same ob-
ject. Retinex theory, [22], has been used for separating the
shading component from the reflectance one, in an image.
A similar distinction is made in [5] for extracting the in-
trinsic characteristics of surface orientation, reflectance and
incident illumination, from a single image. Very recently,
in [27] the authors propose a convolutional neural network
approach to separate the albedo component from the shad-
ing. Shape from Shading (SFS) recovers the shape of an
object from a single image, provided the illumination and
the reflectance are given, see [50] and references therein.
SFS makes strict assumptions, usually a Lambertian mate-
rial with a single light, to find the solution for the otherwise
unconstrained problem. In [34], reflectance and geometry
are jointly recovered by assuming a statistical BRDF model
and known lighting environment. In our work, instead, we
learn a non-parametric model of surface appearance directly
from the measured BRDFs in unknown illumination envi-
ronment. [38] propose a discriminative learning approach
for the SFS problem, considering an uncalibrated illumina-
tion without the assumption of a single point light. [48]
examine the light locally on small patches in a Lamber-
tian setting and for each image patch a set of 3D surface
patches, that may have generated the imaged ones, is sam-
pled. Differently from them, our approach is not based on
Lambertian assumptions. In [41], a 3D model from a single
image is reconstructed basing on super-pixels segmentation
and the Random Markov Field approach. In [12], both inter-
reflections and photometric stereo are combined to resolve
the generalized bas-relief ambiguity, but in a Lambertian
setting. Finally, [46] consider specular objects estimating
the corresponding 3D shapes by means of shape from spec-
ular flow approach with general motion.

3. Reflectance model and r-surfaces

In this section, we introduce some preliminary concepts
concerning the BRDF, the method for rendering object sur-
faces (r-surfaces), and finally the segmentation algorithm
for objects taken from ImageNet.

BRDF. The model considers incident directions (¢;, ), in
spherical coordinates, defined on the local reference frame
of the surface element, within some solid angle dw; and
the direction of reflection (¢,., ¢,) over some solid angle
dw,. We assume that the observer line of sight is orthog-
onal to the image plane and centered on the object center
of mass. We assume also a geometric optics model, that
is, the electromagnetic character of light can be ignored
[29]. Under this hypothesis waves interference and diffrac-
tion can be disregarded. We consider three kinds of reflec-
tions: specular, diffuse, and ambient. Specular reflection,
in its ideal form, is a Dirac delta function, so that ¢, = ¢;
and ¢, = ; + ™. The specular reflection preserves the
solid angle of the incident ray, namely dw; = dw,.. Diffuse
scattering is Lambertian, not depending on the direction of
reflection. Ambient scattering collects all other kinds of re-
flection. In particular, lighting due to environment reflec-
tions on the surfaces is here treated as noise, so that we
actually model arbitrary environment light probes.

Given the incoming light direction dw; and the reflected
light direction dw,., both defined with respect to the normal
of an infinitesimal surface element, the BRDF [31] is the
ratio between the amount of light reflected from the surface
along dw,., namely radiance, L,, and the total amount of
light incoming to the surface element along dw;, namely
irradiance &;.

There are two main databases for the BRDF values
of several materials under different light conditions, the
MERL Database [25], for isotropic materials, and the UTTA
one for the anisotropic materials [17]. We have consid-
ered the isotropic BRDFs (see [17] for a discussion on
isotropic and anisotropic BRDF), where the material re-
flectance properties are invariant under rotation of the sur-
face about its normal. This because the MERL database
is rich of most of the everyday objects materials like alu-
minum, brass, chrome, plastic, and acrylic.

3D models and surface rendering. We have created a syn-
thetic dataset using 3D models of a number of real objects,
obtained from different databases such as 3D Warehouse
and TurboSquid. To ensure a wide variety of surface cur-
vatures and curvature maps in our dataset, and to guaran-
tee its semi-completeness, we consider a number S of both
smooth objects, such as tubes and rings, and irregular ones
such as gear wheels, see Figure 2, Panel 1, for some ex-
amples. Each object surface is then rendered with Blender.
Each of the obtained r-surfaces, is of dimension m X m
pixels, with m € {256,512} and, such that for each angle
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Figure 2. High level ideas of the work.

of incident and reflected light (¢;, ©;, ¢, ¢, ), and BRDF
material, an r-surface is made available. Note that the light
direction varies according to (¢;, ¢; ), while the view direc-
tion according to (¢, ¢,-). Light is distributed considering
a hemisphere with the surface at the center of it. The an-
gles ¢; and ¢, vary with step size A¢p € (0,7/2), along
the elevation direction. While ¢; and ¢, vary with step
Ap € (0,2m) along the azimuthal direction. All in all,
the total number of rendered objects per BRDF material is
N =2Sa*c witha = [555] + Land ¢ = [{Z]. The set
of rendered objects is B = {Bi, - - , By}, with b the num-
ber of considered BRDF materials, and each B; is made of
N rendered objects. For the ambient light we used 16 dif-
ferent light probes, see [14].

Segmentation. Images sample are taken from the Ima-
geNet database [15]. ImageNet is plenty of objects of sev-
eral categories, many of which challenging for 3D model-
ing in terms of concavity, sharpness and specularity. We
have sampled some of them, provided they are not occluded.
Each testing image is well segmented, choosing manually a
main object of interest. We have implemented the level-set
based method of [47], a generalization of the active contours
approach considering a multi-level set framework.

4. Object properties transfer

In this section we address the following problem. Given
examples Xz € R" ¥ of image patches of shaded sur-
faces with varying illumination and curvature, about which
we know probe, material, normals, and depth, with vV} the
size of the patch, we wish to recover the normals to the sur-
face of a segmented image /g, of an unknown object @),
the material it is made of, and the probe. To this end we
have to establish a correspondence between the patches of
the unknown surface I and the patches of the known r-
surfaces X p, in the synthetic database. We can see the
problem under the following perspective. If we consider
a hierarchy of properties of a patch, such as surface fea-
tures like depth, normals, probe, and image features, we
can see that each group of features is a scattered realization

of a multivariate variable with unknown probability distri-
bution, whose density is an infinite mixture. We thus use
a nested Dirichlet process mixture as introduced in [7], see
also [39, 35], defining prior distributions on recursive data
structures. Assuming that samples of specific patches have
been collected for each of J distributions and are contained
in vectory = (y1,-..,Y.s), here we consider that each one
provides a different distribution modeling mixtures for each
group of features, though we deliberately neglect a sharing
level. We obtain a k-ary tree of infinite mixtures, such that
each level provides classification paths for the specific fea-
ture set, within which the next level of features is nested. At
each level of the hierarchy each mixture component gathers
patches of similar appearance, namely we have Z-patches
for depth, n-patches for normals, p-patches for probes and
F-patches for visual features.

The idea is that a patch of a segmented image /g, show-
ing only image features, is classified according to the high-
est level of the hierarchy. Then, following the path of the
corresponding branch of the tree of infinite mixtures, the
probe, the normals and the depth of the patch can be re-
covered, considering the mean representative of the corre-
sponding component. The advantage of this non-parametric
Bayesian approach is that even with 10, up to 10° patches,
it is possible to obtain good classification results. Note that
at each node of the tree the infinite mixture estimates param-
eters, hence components, according to reallocated indices of
the parents nodes, ensuring interchangeability at each level,
along a path. Note that the number of samples that can be
used along a path j at level £ is about NV (Hfil Ne,;,) ", with
Ne,, the number of components in the branch at level /.

A hierarchical model is built for each BRDF in the syn-
thetic database (see Section 7 for details). For each model
Mp, B € B, at the base level of the hierarchy the mixture
components are generated from the Z-patches, at the next
level from the n-patches, then the probes p-patches, and
the leaves level is generated from the F'-patches. Here the
F-patches are obtained by mapping the RG B values into
a feature space, so as to extract the features coded in their
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representation, ensuring statistical independence of the data
[33, 19]. Autoencoders are a popular computational archi-
tecture to learn features from data [0, 30], here we intro-
duce a sparse stacked autoencoder, to obtain the F'-patches
for each BRDF B € BB, which determines the features size
from sparsity.
Distribution linking the object image and r-surfaces. Let
Y be a multivariate whose density is an infinite Gaussian
mixture, with unknown parameters. The nested DPM model
we consider is Y|c je, Ok je ~ N (fey 00 Beyj0)» b — 00
and j¢ the level on the path j in the tree. Here Ck,je in-
dicates the mixture component %, at level ¢, on the path j
and the 6}, j, are in turns independently sampled from an
unknown distribution 6y, ;¢|Gj; ~ G, on which is placed
a Dirichlet process Gjo ~ DP(coyGoy). Here ay is the
concentration parameter, affecting the number of compo-
nents that will be generated, and G ¢ is the base distribu-
tion, typically the conjugate prior of the observation distri-
bution (for the DPM at each level in a path, we refer the
reader to the recent [8, 44] though the models go back to
[16, 2]). Assume, now, that the parameters have been com-
puted for each group of features, that a nested DPMs Mg
is obtained for each B € B, actually each with 4 levels.
Each nested DPM has a number of j-paths according to the
recursive structure induced by the groups of features. Given
a nested DPM for each B € B we are concerned with the
computation of the data likelihood for a realization hg ,, of
a patch X, whose BRDF has been identified to be B (see
below). Once P(cjy = kjelhg,, Mp), is established for
the leaf components at level £ = 4, along the path j then,
going back along the path and picking the mean value of the
nodes in the path, we obtain the most plausible features p-
patch and n-patch matching hg ,. Note that when the DPM
is trained, the realizations of Y are the patch features hp
of the X p in the synthetic database. To compute the nested
DPM we have used conjugate priors and an extension of
[21], see also [44, 28].
Stacked sparse autoencoder for each BRDF. Let ) C R"
be the data space, H the feature space, and X € () be a
patch. Autoencoders [26, 30] provide a structured represen-
tation of the sample data, by estimating an encoding map
f:AXxQ+— H,and adecoding map g : H x A — Q.
Features generated by an autoencoder 3(B) take values
h = f(Ag, X) = o(W; X + byy,). Optimization for mini-
mizing the loss function is here obtained by the orthant pro-
jection method [1, 42]. The result of the optimization for
the stacked autoencoder are the parameters Ag) U A(BQ).

The final features for patches Xp, for B € B, is hg =
J(Wi(j)hg) + b§2) ® 11xr), Of size k x M here hg) =
U(Wi(i)X B+ bgl) ® 11 ) are the lighter feature values,
and ® is the Kronecker product.

On the other hand, let X¢ = (Xq,, ..., X, ) € R**E
be the K patches of I (segmented image of (). The fea-

ture set for I is:

Ho/p =
{ho=o (W o (Wi Xo+bi" @110 )+b{7@11x)|
2 1 2 1 1 2
W, Wi b b)) € AVUAR VB € B} N

These features are obtained by evaluating each stacked au-
toencoder 3(B), BeB, at Xg. To choose one, consider
the average features for BEB: s=1/M ),y hp. Let
e(x)=—log(x), be the Burg entropy, then according to [13]
we obtain Bregman divergence to measure similarity be-
tween the object features and s:

X € B*if B* = argming d(Xg, B), with

dXq,B)= Y (e(s)—c(hg))—Ve(hg)(s—hg)
Vho€Hqg /B
2

This results in a full identification of the specific BRDF B
for each X, as the material of the patch. Once the BRDF
B is chosen, the features hg, are the specific realizations of
the multivariate Y. Hence the nested DPM can be applied,
as gathered in the previous paragraph, in order to obtain the
sought for properties to be transferred to X¢,.

5. Bas-relief modeling of objects

In this section we present the method for modeling an
object shape, given the information obtained from the in-
ference, described in Section 4. Accordingly, we are given
a number of patches X covering the segmented image of
object @, the normal field transferred from some X g, and
the position of the top left corner within the domain 2. Note
that the patches are not overlapping.

Object modeling using normals and curvatures Here
we define a binary mask ACR? for image Ig by the
mapping v:Q2—{0,1}. The surface, parametrized by
the function w: A—R3, where w(u,v) is the vector
[z(u,v), y(u,v), z(u,v)] T, is obtained by minimizing an
energy functional G(w). The energy functional G(w) is de-
fined by the first and second fundamental forms [45], and it
embeds surface stretching and bending, plus external forces
F acting on it [32].

To correctly identify the external forces we compute
the mean curvature x(u,v) for each (u,v)€A, given the
normal n(u,v) at each point of the surface, as estimated
by the N-DPM, see Section 4. The external forces are
needed to sculpt the surface inflation and are of the form
F(u,v) = sign(k(u, v))qn(u,v), with gERT. The scheme
for finding the solution w(-) is based on the Finite Element
method, as described in [43], applied to the Euler-Lagrange
equations associated to the functional G(w). Furthermore,
we require that each normal to the surface w(u, v) is a unit
vector along w, Xxw,, with w,,, w,, the partial derivatives
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Figure 3. Modeled surfaces from the segmented images of a key, a
mask and a trumpet.

of w. These conditions are imposed as follows:

) T Wy U, =0
n(u,v) - wy(u,v) 3)

n(u,v) - wy(u,v) = 0.

To linearize the constraints in the model parameters,
we add to w further degrees of freedom including par-
tial derivatives: W(u,v) = [Z,Y, 2, Tus Yu, Zus T, Yo, Zo) |
The constraints for (u,v), (3), can now be formulated as
follows:

0 00n* nv¥ n* 0 0 O0f. 0
000 0 0 0 n® nv nz} Wy, v)= H ’
with n*, n¥ n* the components of n(u, v) in the x, y, z di-
rections. The constraints in linear form can be expressed
as a matrix equation DU=C, with DeR?*¥*!, CcR>*1,
and U = [W(ug,v1)",..., W(uw,ve) ]TERX! the vec-
tor including the total number [ of d.o.f. of the system, and
w being the total number of points inside A. The quadratic
minimization problem becomes:

min {(UTKU-FTU+(DU-C)'T(DU-C)}, @)

with K eR*! the stiffness matrix, [43], FER*! the vec-
tor of the external forces and I'€R?¥*2% a diagonal ma-
trix with elements the weight v, €R of each constraint, for
i=1,...,w, defined as I' = diag(y1,v1, .-, YN,7n). TO
constrain the solution at the boundary JA, homogeneous
Dirichlet conditions are applied to the PDE problem. Once
the solution U is computed, the surface and corresponding
mesh, obtained from the triangulation over A, are recon-
structed. Some modeled surfaces are shown in Figure 3.

6. Photo-consistency and smoothness

To resolve irregularities of the surface due to noise and
outliers we refine the initial surface. Function z(u,v) pro-
vides the height of the initial surface, as discussed in Section
5. We model the image I(z) considering the surface z(u, v)
rendered with the recovered probe and BRDF. The goal of
the surface refinement is to enforce photo-consistency with
the given image while smoothing out the initial surface. The
photo-consistency error between the modeled image I and
the shading of the surface I, in the given image is given by

Ephoto(2) = [1s — f(z)||1 &)

As we consider objects of specular BRDF, intensity values
of the images are strongly affected by the surrounding envi-
ronment. We considered the reflected environment as a tex-
ture modulating the intensities of the imaged object and we
approximate the shading image I by separating the shading
and specularity components of the object via Retinex [22].

Smoothing of the initial surface is achieved by apply-
ing total generalized variation (TGV) regularization of the
height map z(u,v) corresponding to the initial surface.
TGV regularization encourages a piece-wise smooth recon-
struction of the height map with polynomial terms up to or-
der n [9, 10]. This leads to

Edepth(z) = TGVU(Z) (6)

Finally, to avoid excessive distortion of the surface, due to
the presence of outliers in the shading image I,, we require
that the normals of the refined surface are similar to the ones
of the initial surface. Letting n(u, v) be the normal of the
surface at the point (u, v) and ng(u, v) the initial normal at
the same point, we consider the following fidelity term

Enorm(n) = ||n(u, U) - no(u, U)Hl' @)

The final surface is obtained by minimizing the resulting
energy-like functional, for TGV this is:

E(Z):Edepth(z) + lephoto(j(Z)) + wQEnorm(n(Z)gé

with wy, the weights of the fidelity terms, k = 1, 2.

The function (8) is non-convex due to the terms 040
and E,,m,- We relax the problem by considering a local
linear approximation of the S? manifold as described in
[49]. Let n; be the linearization point of the normal field,
and T = null(n;), then n(z) = TVz + n;, up to a nor-
malizing constant. Integrability of the normal field [36, 37]
is automatically satisfied in this case. The functional of the
relaxed problem is:

E(ng)Z/Q|VZ|+w1HTVz+nl—no||

$on(C =2 Funll, — I(Oldudv.  ©)

The auxiliary variable ( is purposefully added in (9) to
separate the photo-consistency from the rest of the terms,
in so separating the problem into two distinct minimization
sub-problems. At each iteration the minimizer of the photo-
consistency term is estimated by point-wise search, while
a minimizer with respect to z is identified by primal-dual
optimization [ 1].

Considering the part of (9) depending only on z, we ob-
tain its primal-dual form by applying the Legendre-Fenchel
transformation. Let P be the convex set obtained from the
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union of L; balls, D the discretized gradient operator, and
z, ¢, nn the vectorized variables corresponding to z, {, n re-
spectively, then the primal-dual form of (9) is:

||C*7Z‘|2+<p> D Z>+’U.)1 <q7 TD z+ﬁl*ﬁ0>'
(10)

1
max —
p,aeP 20

Choosing suitable step sizes o, 7 > 0, a saddle point is
found by the proximal point iterations summarized below:

pk+l) = TIp (p(k)—FTDi(k)) ,
q(k+1) = Ip (q(k)+7w1 (T(k) Di(k)+ﬁl(k)7ﬁo)> )

z(k+1)  — (1+%)71 (Z(k)_’_ﬁc*
_ UDT(p(k+1)+w1T(k)Tq(k+1))) 7

7 (k+1) 27k +1) _ (k)

G Tga(T®) Do) 1 5®)

with T™*) a matrix formed by the the null spaces of the cor-
responding vectors ﬁl(k), IIx the projection on set X, and
wy, as mentioned in (8). 6 decreases at each iteration, en-
forcing the variables ¢ and z to converge, approximating in
this way a solution of the original minimization problem.

The refinement produces smooth surfaces while preserv-
ing sharp discontinuities of the initial surface supported by
the appearance of the object in the image.

7. Experiments and results

Unsupervised learning experiments. We consider the
following BRDFs: aluminum, brass, PVC, steel and plas-
tic. For each material up to N=430 r-surfaces are gener-
ated, and about 23.30x10* patches obtained. Transforma-
tion of patches into feature space lasts 32.12x10 sec., for
each 3(B). DPM training lasts about 60.40x10* sec. for
each B. These on a computer equipped with four Xeon E5-
2643 3.7GHz CPUs and 64GB RAM.

MSE prediction error for autoencoders is shown in Fig-
ure 4. Material choice (eq. 2) is 100% correct. To evaluate
the accuracy of components prediction for the observed ob-
ject with the DPM, we use 3D models with computed nor-
mals and rendered with BRDF (Figure 6). Results are given
in Figure 5, where the size N of the r-surfaces samples,
varies from 48 to 430. Mixtures components range from
a minimum of 18x10 to a maximum of 27x102. Ground
truth (GT) objects are also used to evaluate the NMSE of
mean normals between each X and each representative
X p of the chosen DPM component, Figure 5 right.

Synthetic data We examine first the performance of the
framework using synthetic images for which the ground
truth is available. We render various 3D models using the
BRDFs of the materials we consider in this paper, taken
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Figure 4. On the left the deep features predicted by SB(brass),
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from the MERL dataset [25]. Renderings using the mea-
sured BRDFs are obtained by using a data-driven light clo-
sure of the Cycles 3D render engine in Blender. Photorealis-
tic views of the 3D models are composed by using suitable
HDR light probe images for simulating surrounding envi-
ronments. Moreover, we compute the ground truth depth
map and the normal map of the rendered object with respect
to the current view, by using specialized OSL shaders.

We apply our method on these synthetic views and com-
pare the results with the ground truth. For evaluating the
error in the depth field we use the Z-MAE measure [4], nor-
malized with respect to the object bounding box diagonal.
For the error of the normal field we use the median angular
error (N-MAE) [4], and the mean-squared error of the nor-
mal field (N-MSE). The shading error is evaluated using the
L-MSE error introduced in [18], considering a window of
size 20. Finally, the error between the modeled surface and
the GT object is measured using the normalized Hausdorff
distance [3]. The average values are computed by taking
the geometric mean of the values, as in [4]. The results are
shown in Table 1, and images of the rendered 3D objects
and the surfaces obtained from our method are presented in
Figure 6. In the same figure, the absolute shading distance
and the distance between the meshes are also visualized.
The images are best viewed in color and on screen.

The results show that our algorithm produces plausible
surfaces of the imaged object from a single image. The
material was successfully recognized every time, while the
average value of the median angular error is about 22°. We
observe that the shading distance does not always follow the
angular and depth error, justifying the use of different error

4419



Figure 6. Models with ground truth. 1st col. GT 3D model with
BRDF; 2nd col. modeled surface with BRDF; 3rd col. rotated
view; 4th col. shading difference; Sth col. Hausdorff distance.

Object | Z-MAE N-MAE N-MSE L-MSE Hausdorff | Average
boot 0.0749 0.6397 0.4052  0.0012 0.0460 0.1160
moka pot | 0.0632 0.4260  0.2842  0.0808 0.0340 0.0640
dish 0.2434 0.3060  0.2426  0.0009 0.0594 0.0627
teapot 0.1265 0.4325 0.3976  0.0348 0.0713 0.1401
vase 0.0494 0.1737 0.1990  0.0193 0.0721 0.0750
Average | 0.0936 03626  0.2944  0.0090 0.0544 0.0867

Table 1. Synthetic images results.

metrics for assessing the modeled surface quality. Three of
the objects have significant concave parts (boot, plate, vase)
which are evident also in the modeled surfaces. Finally, we
see that the metallic objects although showing an increased
shading error, due to residual reflections of the environment,
are still modeled faithfully, according to the shape metrics.

MIT dataset For an evaluation of our method with re-
spect to publicly available data we use the MIT intrinsic im-
age dataset [ 18], as augmented in [4] to include the shape of
each object. We consider the objects apple, potato, teabagl,
teabag?2, paperl as they exhibit specularity and/or concavi-
ties. The objects of this dataset are made of different mate-
rials with respect to the ones existing in the MERL BRDF
dataset. To overcome this problem we combine the shading
and specularity images of the objects to obtain new com-
posite images without texture. The algorithm recognizes
plastic as the most similar material to the shaded-only ob-
ject. Figure 7 shows the reference images and the modeled
surfaces for each object of the dataset.

Table 2 compares our results with [4]. As the input im-
ages are albedo-less, SIFS [4] was used as a baseline. For
the comparison the Z-MAE metric is reported with no nor-
malization and the S-MSE metric [4] is also considered. On
one hand the results show that SIFS achieves better results
on shading metrics. This is reasonable, since [4] directly
optimizes over the rendering error, while in our approach
photo-consistency is sought after shape has been recovered.

@ (t.lﬂ-

Figure 7. MIT dataset. 1st col. reference image; 2nd col. mod-
eled surface with BRDF; 3rd col. rotated view; 4th col. shading
distance (L-MSE); 5th col. Hausdorff distance.

Algorithm Z-MAE N-MAE S-MSE L-MSE | Avg.
Ours 7.0197 0.2692  0.0261  0.0174 | 0.1712
Ours no FC no S 269816  0.5872  0.0394  0.0217 | 0.3412
Ours only contour (SfC) | 37.1768 0.7728 - - -
Retinex+SIFS[4] 17.1914  0.9361 0.0006  0.0019 | 0.0654
SIFS[4] (grey, lab. light) | 20.1445 09772  0.0005  0.0017 | 0.0640

Table 2. Results of full and ablated model on MIT dataset [18].

Still, our method achieves higher accuracy on shape met-
rics, since it primarily recovers the surface normals. On
comparing the shape recovered with the two approaches one
can notice that [4], due to the Lambertian assumption, dis-
torts shape near reflections and specularities, trying to in-
terpret intensity changes as changes in shape. Additionaly,
[4] cannot always capture concavity of the surface (e.g. the
bowl of the spoon in Figure 8). Note that in Table 2 we con-
sidered also a pre-processing with Retinex before applying
SIFS, which helps in reducing specularities, leading to bet-
ter results in terms of shape, slightly penalizing the shad-
ing distance. Table 2 presents also ablated versions of our
method, highlighting the importance of surface refinement.

Modeling of ImageNet objects We have manually se-
lected from the ImageNet dataset [15] images of objects
made from the materials described above. The 3D surfaces
of the visible parts of these objects are computed with the
proposed framework. Figure 8 shows the selected images
together with renderings of the recovered surface as well
as the computed depth and normal maps before and after
refinement. Comparison with the results of [4] is also pro-
vided. We observe that the modeled surfaces closely re-
semble the reference objects, when viewed from the image
vantage point with the recognized probe and BRDF. This is
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Figure 8. Visual comparison between height and normal maps estimated before and after the photo-consistency (PhC) and smoothing (S).

Visual comparison with [4] for the height and normal maps.

also evident by the values of the shading difference and the
L-MSE metric, reported in Table 3.

mask_| Average |
0471 | 00570 |
0.0077 | 0.0169 |

I Algorithm [ Concave spoon __Glove _ Trumpet __Key _ Funncl _Convex spoon
I Ours 00792 00559 00571 0.0271__0.0189 00321

[4] (color, natural ill.) | 0.0669 0.0097  0.1600  0.0204  0.0072 0.0337

Table 3. L-MSE for ImageNet objects.

8. Conclusions

We proposed a novel approach for BRDF aware model-
ing of 3D objects from a single image. The contributions
of the paper are twofold. On the one side, we are able to
fully model non-Lamberitan surfaces with either concave
or sharp parts, with limited error both in shading and shape.
On the other side, we have proved that the normal field of
the surfaces to be modeled can be learned from renderings
of different objects surfaces. The contribution builds on
three main achievements. The first, is that we can repre-
sent the material reflectance and specular properties, basing

on deep features, as a hierarchy of features that can be trans-
ferred via a nested Dirichlet process mixture to an unknown
surface. The second, is that the normal field can be used to
define an external force needed to sculpt a deformed surface
into a refined shape representation of the unknown object.
Finally, we contribute with a new method based on TGV
to enforce photo-consistency between the generated surface
and the appearance of the object in the image. These re-
sults prove to be very promising, despite the whole process
seems to be still complex and time demanding.

In future work we will examine the steps needed to re-
trieve the geometry of the full object, even if a prior is
needed. Moreover, we will extend the categories our model
can afford and simplify the whole framework.
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