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Abstract
Scene understanding is one of the most challenging and popular problems in
the field of robotics and computer vision and the estimation of 3D information
is at the core of most of these applications. In order to retrieve the 3D
structure of a test surface we propose a single shot approach that combines
dense gradient information with sparse absolute measurements. To that end,
we designed a colored pattern that codes fine horizontal and vertical fringes,
with sparse corners landmarks. By measuring the deformation (bending) of
horizontal and vertical fringes, we are able to estimate surface local variations
(i.e. its gradient field). Then corner sparse landmarks are detected and
matched to infer spare absolute information about the test surface height.
Local gradient information is combined with the sparse absolute values which
work as anchors to guide the integration process. We show that this can
be mathematically done in a very compact and intuitive way by properly
defining a Poisson-like partial differential equation. Then we address in detail
how the problem can be formulated in a discrete domain and how it can
be practically solved by straight forward linear numerical solvers. Finally,
validation experiment are presented.
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1. Introduction
Scene understanding is one of the most challenging and popular problems
in the field of computer vision. To make this possible a wide variety of
methods for 3D scene reconstruction have been proposed. In a first rough
classification 3D scanning techniques can be divided into Contact and Noncontact methods. The last ones have become popular in the last decades
and they are currently used for 3D shape reconstruction. Many commercial
devices are being used [1, 2] for example, in automobile industry the ATOS
scanner of Gesellschaft fur Optische Messtechnik [3].
There are different kinds of non-contact methods, we will particularly
focus on optical ones. They can be divided into three categories: Time delay
based (e.g. [4]), Image cue based (e.g. [5, 6]) and Triangulation based (e.g.
[2, 3, 7, 8]). The third class of methods uses -at least- two elements in order
to obtain geometrical information of the scene by means of triangulation.
Some methods use two or more cameras (multi-view stereo [9]), while other
ones use a camera and control illumination sources e.g. Structured light
[10, 11, 12, 13], Photometric stereo [14], Phase Shifting [15, 16, 7, 17, 18]
and Lasers Scans [2]. Methods that control or set illumination conditions
are called active in contrast with passive methods in which just the relative
position between the camera(s) and the objects are considered. Despite the
differences that exist between Active and Passive approaches, they are based
on the same geometrical principles [19, 20].
We can classify existing methods into two categories: Single-Shot and
Multi-Shot (see for example [21, 22] and references therein). When the target
object is static and the applications do not impose restriction over the acquisition time, multiple-shot approaches may be used. However, if the target is
a moving scene, single shot methods must be applied. These methods have
two important advantages. Firstly, they do not require any synchronization
between the projector and the camera/s which leads to simpler and cheaper
implementations. Secondly they can be used to scan three-dimensional dynamic scenes.
1.1. Related Work
The present work presents a single-shot approach that combines dense
gradient information [13] with sparse absolute measurements. To that end,
we designed a colored pattern that codes fine horizontal and vertical fringes,
and sparse corner landmarks. By measuring the deformation (bending) of
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horizontal and vertical fringes, we are able to estimate surface local variations
(i.e. its gradient field). This allows us to have dense information about the
local shape of the test surface, however, this kind of data lacks from absolute
information about surface’s height. By adding sparse corner landmarks which can be easily detected e.g. using Harris corner detector-, we can obtain
sparse absolute information of the surface depth map. We proved that a
simple mathematical formulation can combine the dense gradient information
with the sparse absolute measurements. In addition, we proved that an
optimal solution (in the sense of the L2-norm) can be obtained by solving a
Poisson-like partial differential equation.
This work is based on the published method “One-shot 3D gradient field
scanning” [13], and substantially improves its robustness when the test surface presents large discontinuities or isolated regions as we will show in Section 3. The closest methods in the literature to the one here presented, are
the methods based on Takeda’s work [19], which are commonly referred as
Fourier profilometry single-shot methods. These methods consist in projecting one or more fine sinusoidal patterns, which are used to infer the 3D shape
of the scene by measuring the variation of the phase of these patterns. To
that end, Fourier Transform properties are exploited as explained in reference
[19]. Many methods based on the Fourier Transform has been published in
the past decade, a review of these methods can be found in the work of Zappa
et al. [23], the work of Su et al. [24] or the work of Gorthi and Rastogi [25].
For example, Tavares and Vaz [26] proposed to use orthogonal fringe patterns
for the enhancement of the Fourier transform method. Other approaches improve Takeda’s original method by using the Windowed Fourier transform
[27], or the Wavelet Transform for extraction of the phase information (see
e.g. [28]).
Important differences exist between Differential 3D (D3D) and Fourier
based methods. Firstly, while Fourier methods uses Fourier transform properties to extract the surface’s depth, D3D approach measures local image
gradients to estimate fringes local bending which provide depth gradient
information. Secondly, Fourier based methods require a final unwrapping
step, while D3D method requires the numerical integration of the retrieved
gradient field. Thirdly, D3D approach measures the local properties of the
projected pattern, and the information extracted in a certain region is independent from the rest of the domain; in contrast, the Fourier transform is
inherently a non-local operation.
The present work, takes a step forward on D3D and proposes the use
3
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of sparse absolute information to improve its robustness, specifically, when
the test surface presents discontinuities or isolated regions. Similar intents
were investigated to make Fourier-based approaches robust to surface discontinuities. For example, Takeda et al. [29] proposed a Fourier-based method
based on spatial frequency multiplexing combined with the GushovSolodkin
phase unwrapping algorithm. Although this work introduce a very interesting theory and inspiring new ideas, the proposed approach was susceptible
to significant measurement errors. To correct them, the authors proposed a
number of post-processing steps that improved the method robustness at the
cost of making it more complex and difficult to implement. Another example
is the work of Wei-Hung Su [30] who proposed an area-encoded fringe pattern to retrieve objects that have spatially isolated surfaces. As the previous
method, a single-shot pattern is required, which combines sinusoidal fringes
with fine colored stripes. Fringes are matched without ambiguity using the
pattern of colored stripes.
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2. Proposed method
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Let us consider a two dimensional domain Ω ⊂ R2 and a function z : Ω →
R. In the context of the present work Ω represents a two dimensional subset
of a plane in the 3D space, and z(x, y) will be associated to the height map of
an arbitrary test surface (as it is illustrated in Fig. 1). Despite the previous,
most of the ideas presented in this section can be extended to other physical
quantities and applied in many other contexts. Let us assume that by means
of some technique [13, 14, 31, 12, 32, 33, 34] we are able to retrieve empirical
estimations u and v of zx and zy partial derivatives1 , respectively. Ideally
u(x, y) = zx (x, y) and v(x, y) = zy (x, y) for all (x, y) ∈ Ω, nevertheless, these
equalities do not hold in practice due to: (a) empirical errors inherent to the
method used, (b) surface discontinuities.
The estimation z̃ of z from the empirical data (u, v) can be formulated
as the minimization problem,
Z

z̃ = arg min
(wx − u)2 + (wy − v)2 ∂Ω
(1)
w
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Ω

where, of course, as the estimated gradient (u, v) → (zx , zy ), the retrieved
function z̃ → z. Equation (1) can be solved by finding the solution to the
1

def ∂z
∂k .

For the sake of compactness we are adopting the notation zk =

4

Figure 1: Illustration of Ω and z definitions.
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Euler-Lagrange equation,
(
∆z̃ = ux + vy
∇z̃ · ν̂ = 0

(x, y) ∈ Ω
(x, y) ∈ ∂Ω

(2)




 2
∂
∂2
∂
∂
denotes the Laplacian operation, ∇ = ∂x
the
, ∂y
where ∆ = ∂x
2 + ∂y 2
gradient vector, and ν̂ the unitary outward normal vector in the boundary
set ∂Ω. Equation (2) is a well studied partial differential equation commonly
referred as the Poisson Equation. The two canonical formulations of the
Poisson Equation include Dirichlet (z̃ = 0, (x, y) ∈ ∂Ω) or Neumann (∇z̃ ·
ν̂ = 0, (x, y) ∈ ∂Ω) boundary conditions. In the present work Neumman
boundary conditions are imposed as they are flexible enough to represent a
wide range of real and complex surfaces. In order to guarantee the uniqueness
of the solution of (2), one needs to impose at least one value of the solution
on each connected component of the domain Ω. This is very easy to see
by analyzing the minimization problem presented in (1), as only first order
derivatives of the function w are involved, the functional remains invariant if
we add arbitrary constants to w in any connected component of Ω. Taking
into account the previous, we will consider the slightly modified Poisson
Equation,


∆z̃ = ux + vy (x, y) ∈ Ω
(3)
∇z̃ · ν̂ = 0
(x, y) ∈ ∂Ω


z̃ = g
(x, y) ∈ Θ
which imposes values g(x, y) to the solution at a discrete set of points Θ ⊂ Ω.
Equation (3) has a unique solution if Θ 6= { } in each connected component
5
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of the set Ω. Of course now g and the set Θ are part of the input data and
need to be provided in addition to the gradient field (u, v).
2.1. Discrete Model
In the following section we will assume that the domain of interest can
be sampled as a regular rectangular grid:
z(x, y) = zij for x = hj, y = hi
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(4)

where h is the distance between samples (pixels) and the discrete indexes
def
(i, j) ∈ Ω = {1, . . . , H} × {1, . . . , W } ⊂ Z2 .
Discrete Laplacian operator. A discrete approximation for the Laplacian can be obtained through a second order Taylor expansion,
h2
+ O(h3 )
2
h2
+ O(h3 )
z(i±1)j = z(x, y ± h) = z(x, y) ± zy h + zyy
2
h→0 −4zij + z(i+1)j + z(i−1)j + zi(j+1) + zi(j−1)
⇒ ∆z(x, y) ≈
h2
zi(j±1) = z(x ± h, y) = z(x, y) ± zx h + zxx

133

which leads to the standard five-point scheme,
def

∆h z =
134
135
136
137
138
139
140
141
142
143
144
145

(5)

−4zij + z(i+1)j + z(i−1)j + zi(j+1) + zi(j−1)
h2

(6)

Notice that to compute ∆z at the boundaries of Ωh we need to give the
values of z outside Ωh . In the present work this is solved by copying the
values of z from the nearest point inside Ωh , which corresponds to imposing
vanishing Neumann boundary conditions. A vanishing discrete Laplacian has
an intuitive interpretation: if we regard the values of z as measuring some
quantity, the fact that ∆h z(p) = 0 says that the quantity at point p equals the
average quantity on the neighbors of p. If ∆h z(p) = 0 for every p, this means
that the quantity is in equilibrium. Figure 2 illustrates the characteristic
shape of an equilibrium solution of the Poisson Equation when some values
of the solution are imposed in the interior of the domain; knowing the typical
shape of equilibrium solutions will help us to understand some of the results
presented in Sections 3.
6

Figure 2: Example of an equilibrium solution of the (homogeneous) Poisson equation with
H = 256, W = 256, Θ = {x1 , x2 }, g(x1 ) = 128, g(x2 ) = −128
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Discrete Poisson Equation. Given uij , and vij the discrete counterparts
of the continuous gradient field (u, v), the data term f = ux + vy can be
approximated (for example using backward finite differences) as,


fij = uij − ui(j−1) + vij − v(i−1)j .
(7)
Then the Discrete Poisson Equation on the discrete domain Ωh with data f
is
∆h z(i, j) = f (i, j) (i, j) ∈ Ωh
(8)
where Neumann boundary conditions at ∂Ωh are implicitly met due to the
given definition of the discrete Laplacian. Finally the discrete version of (3)
corresponds to,
(
∆h z(i, j) = f (i, j) (i, j) ∈ Ωh
(9)
z(i, j) = g(i, j)
(i, j) ∈ Θh
where let Θh is a subset of Ωh indicating the position of the pixels to be fixed.
Equation (9) is linear in the set of unknowns z(i, j). Therefore, it can be
expressed as,
Aw = b
(10)
where w is a HW × 1 column vector that stacks the unknown values z(i, j)
(concatenating the rows of z(i, j) in lexicographical order), b is a column
vector containing a mixture of f and g data terms, and the matrix A =
−Lh + IΘh combines the Laplacian with identity conditions. We illustrate
7
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the full definition of the previous quantities with a very simple but clarifying
example.
Let us consider an example with 2 × 3 pixels where: (i) the pixel (2, 2)
is left outside the discrete domain Ωh , (ii) pixel (1, 2) is set as the value g12
(i.e. Θh = {(1, 2)}), and (iii) the Laplacian data term fi,j is set on every
(i, j) ∈ Ωh :




f11 f12 f13
0 1 0
h
f =
1Θh =
f21 X f23
0 X 0




− g12 −
w11 w12 w13
h
h
g =
w =
− X −
w21 X w23
(11)
−2 1
1
0
0
 1 −1 0
0
0


h
0 −2 1
0
L =
1

0
0
1 −2 1 
0
0
0
1 −1
Considering the previous inputs and the Discrete Laplacian Matrix Lh (10)
is equivalent to,

  

2 −1 −1
0
0
w11
−f11
−1 1
  

0
0
0

 w21   −f21 
−1 0 2 + 1 −1 0  w12  = −f12 + g12  .
(12)

  

0





0
−1
2 −1
w13
−f13
0
0
0
−1 1
w23
−f23
The chosen discrete definitions of the problem, ensures that if Θh 6= { }
in each connected component of the set Ωh , the matrix A of the problem will
be a definite-positive self-adjoint matrix. That leads to a well defined and
unique solution of (10). Finally the retrieved surface z̃ can be obtained as
the solution of (10) using any standard numerical solver, for example, it can
be obtained using Matlab backslash operation: z̃ = A\b.
2.2. Proposed 3D scanning technique
The proposed 3D scanning technique has the following primary steps.
1. Detect and match projected sparse landmarks. The shift of these landmarks provide sparse disparity information (di , (xi , yi )).
2. Estimate a dense disparity gradient map (u(x, y), v(x, y))
8
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3. Locate the set of pixels Θ where surface discontinuities occur.
4. Solve the Discrete Poisson Equation defined by the data collected on
steps 1-3.
2.2.1. Projected pattern and acquisition setup
The acquisition setup consists of an arbitrary RGB camera and projector.
For simplicity, we will assume that the camera and projector sensors are
parallel to each other. In addition, θ denotes the angle between the projector
and the camera baseline (with respect to the horizontal axis x), as illustrated
in Fig. 3. In the present work, we propose to project a color pattern like the

Figure 3: Illustration of a typical acquisition setup. Image extracted from [13] with
permission of the authors.
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one illustrated in Fig. 4; sparse landmarks are projected in the green channel
of the image, while horizontal and vertical fringes (used to estimate gradient
information, as we shall see) are projected in the red and blue channels
respectively.
2.2.2. Sparse landmarks detection
In this subsection we will describe how we estimate a set of sparse but
accurate depth measurements. It is however important to highlight, that
9

Figure 4: Top left: color projected pattern, top right/bottom right/bottom left: R/G/B
components of the projected pattern.
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we tried to solve this problem as simple and effectively as possible, even
though many other techniques, patterns and approaches could be followed.
In addition, it is possible to modified how the sparse depth measurements
are achieved, and will not have any impact on the rest steps of the proposed
pipeline.
Figure 5 illustrates the shape of the projected corner patterns over (top
left) a reference plane and (top right) an arbitrary test surface (fig. 1).
In order to detect the center of the projected patterns (both in the reference image and in the pattern projected over the test surface), we use the
well know Harris corner detection method. Then, given the value of the angle
θ we find correspondences by looking at the closest match in the direction of
the baseline.
2.2.3. 3D Gradient information
Once sparse absolute disparity estimations are obtained, the second step
consists of estimating 3D dense gradient information. To that end, we follow
the one-shot Differential 3D method described in [12, 13]. For completeness,
we will briefly describe this method, while a complete description and a
detailed analysis can be found in reference [13].
Figure 6 illustrates how the patterns containing horizontal and vertical
fringes are deformed when they are projected over an arbitrary test surface.
10

Figure 5: Corner pattern projected over a reference plane (top left) and a test surface (top
right). Bottom right image illustrates the height map of the test surface (the brighter the
image the higher the altitude). Bottom left image shows the set of correspondences found
after the matching step (and the disparity associated to each corner detected).
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For instance let us assume that we are analyzing just the deformation of
the horizontal fringes. when fringe patterns are projected over a non-planar
surface, fringes are shifted a quantity proportionally to surface height. Figure
7 illustrates the shift of point (x1 , y1 ) its neighbor (x2 , y2 ), based on this
simple illustration, it is easy to relate image gradients and disparity partial
derivatives by:
(D(x2 , y2 ) − D(x1 , y1 )) sin (θ)
−Ihx
= tan (α) =
.
Ihy
x2 − x1

222
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224
225
226

where, Ih denotes the image with (deformed) horizontal fringes, subscripts
x/y account for x and y partial derivatives respectively, D : Ω → R represents
pattern disparity (i.e. the shift between the pattern projected over a reference
plane, and the pattern projected over a test surface). Operating with the
previous expression (see ref. [13]), it is possible to prove that,
tan (α) =

227

(13)

Ihx
−Dx sin (θ)
=
.
Ihy
1 − Dy sin (θ)

(14)

Analogously, we can relate vertical fringes deformation with D partial
11

Figure 6: Horizontal and vertical fringe patterns projected over a test surface. The height
map of the test surface used in this example is illustrated in Fig. 5 (bottom right image).

Figure 7: Geometrical interpretation. Image extracted from [13] with permission of the
authors.

.
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derivatives leading to,
−Dy cos (θ)
Ivy
=
.
Ivx
1 − Dx cos (θ)
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(15)

where Iv denotes the pattern of vertical (deformed) fringes.
Equations (14) and (15) allow us to directly relate the variations of surface
depth to the local bending of the fringes. Furthermore, local bending of
fringes can be estimated in a extremely easy way by analyzing the direction
of the local gradient in the fringe images.
Of course, all the previous mathematical relations are accurate as long
as the surface height map varies in a smooth and continuous way. See for
instance, the example illustrated in Fig. 8, where surface discontinuities occur, projected fringes present local discontinuities, and the fringes’ bend no
longer leads to accurate depth gradient information.

Figure 8: Bottom left: vertical fringe pattern projected over a test surface, top left: zoomed
excerpt in a region where the test surface presents a depth discontinuity. Middle: ground
truth zy for the test surface. Right: estimated y partial derivative (v = z̃y )) following
D3D method.
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2.2.4. 3D Discontinuity map
Depth’s gradient cannot be retrieved along surface discontinuities as we
showed previously. In order to be able to retrieve surfaces that present discontinuities we need to estimate a proper domain Ω, such that, it excludes
the positions where discontinuities occur.
In the present work we combined two different approaches to detect surface discontinuities. (i) Analyze (dx , dy ) patch statistics, and (ii) analyze
sharp edges on surface texture.
The first method, consists of comparing the values of the estimated partial
derivatives (dx , dy ) on patches of the image. Close to surface discontinuities,
fringes are shifted in a discontinuous manner (see for example Fig. 8), which
13
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produces non-linear noise on the estimated gradient values. This leads to
erroneous and inconsistent values (dx , dy ). For example, one can compute
the standard deviation of (dx , dy ) on a n × n patch, and use this as a measure
of the local consistency or inconsistency of the gradients retrieved.
A second complementary procedure, is to use texture edges as a cue for
potential depth edges. Even though sharp variations of the color or albedo
of a surface does not necessarily imply a sharp variation of its height, there
is a high correlation between them in many practical scenes.
2.2.5. Solution of the discrete model
Once sparse absolute measurement (di , xi ) ≡ (g, Θ), dense gradient information (dx , dy ) ≡ (u, v), and the integration domain Ω were estimated, the
disparity map can be obtained as the solution of,


∆z̃ = ux + vy (x, y) ∈ Ω
(16)
∇z̃ · ν̂ = 0
(x, y) ∈ ∂Ω


z̃ = g
(x, y) ∈ Θ

266

which in this context, represents the discrete counterpart of Eq. (3). This
discrete problem can be solved in a efficient and direct way, by solving an
equivalent sparse linear system of equations (as explained in Section 2.1). A
analysis about the mathematical properties of this numerical problem can be
found in reference [35].
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3. Experiments

262
263
264
265

268
269
270
271
272
273
274
275
276
277
278
279

For the test surface illustrated in Fig. 1, we simulated the deformation
of the projected pattern (Fig. 4), when it is projected over the test surface
and captured by a camera located at given position (as illustrated in Fig. 3).
Here we assumed that the camera and the projector sensors are parallel with
respect to each other, and that their distance with respect to the reference
plane are equal. Using this input image (illustrated in Fig. 9), the pipeline
explained in the previous section was carried out to estimate a dense gradient
map (u, v) and set of discrete absolute measurements g.
Figure 10 displays the results obtained. The first column compares the
retrieved surface (in green) overlapped with the ground truth test surface
(in red), the second column, corresponds to the error (absolute difference)
between the retrieved and the ground truth surface. The first row shows the
14

Figure 9: Input image obtained by simulating the deformation of the proposed pattern
when it is projected over the test surface of Fig. 1.

280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299

results obtained when only the dense gradient information is considered, i.e.
solving (16) assuming that no anchors are available (Θ = { }). As we can see,
areas where the height map is smooth can be retrieved, although errors are
propagated during the integration step causing a drift of the absolute depth
values. In the second experiment (second row) we solved (16) using only the
sparse absolute depth information estimated, setting the laplacian factor to
zero (i.e. ux +vy = 0). As we can see, the solution of the homogeneous Poisson
equation it is also insufficient to accurately recover the shape of the test
surface. This function presents the typical shape of homogeneous solutions
with Dirichlet conditions (as illustrated in Fig. 2). In the third case, we use
both the sparse absolute measurements and the dense gradient information
and defined the set Ω as the entire rectangular domain. As we can see,
the combination of these two sources of information substantially improve
the reconstruction result. However, when empirical gradient information is
estimated, discontinuities cannot be accurately retrieved and the numerical
solution tends to connect disconnected surfaces. This produces artifacts near
edges as can be seen in the error map. The final experiment (last row), shows
the result obtained for the proposed method.
To have a quantitative measurement of different results, we computed the
Normalized Mean Root Square Error (NMRSE) between the ground truth
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surface and the retrieved one. Given two surfaces a and b, the NMRSE of b
with respect to a is computed as
qP
N
2
1
i=1 (a(i) − b(i))
N
.
(17)
e=
maxi a(i)
For example, a NMRSE of 5% means that if we are working with surfaces in
the range 0 − 10cm we would expect the results to have an average error of
about 5mm.
In a second set of experiments, we setup a camera and a projector to
replicate the geometrical conditions illustrated in Fig. 3. We used a projector
HITACHI model CP-RX80 with a resolution of 1024 × 768 pixels, and a
CCD camera THORLABS model DCU224C with 1280 × 1024 resolution.
The reference plane and the test surfaces were approximately 60cm in front
of the projector-camera system. Figure 11 shows the acquisition conditions
and a sample test image acquired by the camera.
Following the steps described in the previous section we proceeded to:
(i) find the location of the sparse landmarks projected, (ii) compute the
disparity of the positions associated to those landmarks (by measuring the
shift of the landmarks with respect to a reference plane), (iii) estimate the
depth gradient map (x and y depth partial derivatives). Figure 12 illustrates:
the center of the landmarks detected by applying a Harris corner detector,
the shift detected between the test and the reference images, and finally,
x - and y-partial derivatives of the depth map (obtained by measuring the
deformation of the fringe patterns).
As in the previous example, we analyzed three different solutions of the
Poisson equation: firstly, considering exclusively the absolute sparse anchors
(interpolated assuming a null Laplacian). Secondly, we solved the Poisson
equation using the retrieved gradient information (with no additional Dirichlet conditions). Thirdly, we combined the dense gradient and sparse absolute
information. Finally, as a baseline reference we evaluated Fourier profilometry method [19] over the same test surface. Figure 13 illustrates the retrieved
surfaces obtained for the procedures described. As we can see, the solution
of the homogeneous Poisson equation, fits the sparse absolute measures providing a smooth approximation of the test surface topography. On the other
hand dense gradient information (D3D) provide accurate details of the local
surface shape, but suffers from accumulative error and drift from true absolute values. The combination of both sources of information (Fig. 13(c)),
16

Figure 10: First column displays the ground truth test surface (on red) and the retrieved
surface (green), the blue dots show the sparse absolute measurements (anchors) obtained.
Second column shows the error (absolute difference) between the recovered and ground
truth surface. First row: recovered surface when just one point is fixed and D3D gradient information is integrated N RM SE = 23, 2%. Second row: solution using absolute
measurements as Dirichlet conditions with null Laplacian N RM SE = 11, 5%. Third row:
absolute measurements and D3D gradients are combined, but Ω include all the set of
pixels (no discontinuity map is included) N RM SE = 9, 3%. Fourth row: the same as
third row but excluding from the domain Ω the set of points where discontinuities occur
N RM SE = 0, 9%.
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Figure 11: Experimental setup and a sample input image.
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makes the most of each of them providing a detailed, more accurate and
stable reconstruction of the test surface.
The proposed method codes vertical and horizontal fringe patterns plus
sparse markers in the blue, red and green color components of a colored
pattern, respectively. The use of colored patterns may lead to some practical
problems; for example, chromatic aberrations [36] and cross-talk between
color channels. In addition, the reflectance properties of common surfaces
modify the color of the projected pattern when it is reflected towards the
camera. In the following experiments, we will analyze the impact of these
issues on the proposed technique, and give some insights of how they can be
minimized.
In the experiments performed in our laboratory, we did not notice significant chromatic aberration with the specific hardware we had available. If
due to the use of a different hardware this becomes a problem, one can adapt
calibration techniques (e.g. [36]) to mitigate it. To evaluate how the color
and the reflectance properties of complex surfaces may affect the proposed
method, we simulated the projection conditions on real faces from the Texas
database [37]. Figure 14(a) shows the ground truth height map (obtained
using a commercial scanner [37]), Fig. 14(b) a picture of the face taken under
ambient illumination. Finally Fig. 14(c) corresponds to the simulated image
captured by the camera when the proposed color pattern is projected.
As can be seen in Fig. 14, fringe patterns and sparse landmarks are distorted not only by surface’s height, but also for its color properties. Fig18

Figure 12: Top left: center of the landmarks detected. Top right: shift between the test
and the reference image on the landmarks positions. Bottom left/right show the x/y
partial derivative of the test surface depth.
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ure 15(a) shows the green component of the acquired image and the position
of the landmarks detected. We experimentally observed that the corner pattern can be accurately detected even when the local contrast is significantly
reduced. We also observed in the experiments presented in Figure 13, that
corners patterns can be accurately detected even when due to color cross-talk
the green component of the image is distorted.
On the other hands, the color distortion on fringe patterns can lead to
noticeable noise on the computation of the surface height gradient map. To
overcome this issue, we can filter the red and blue components of the input
image in the Fourier domain (as explained in reference [13]). This can be
done in a very easy way as the information coded in the (deformed) fringe
patterns, is narrowly concentrated in the Fourier domain. By performing this
filtering pre-processing step, we can recover images like the ones illustrated
in Figure 15(b-c) in which the distortion due to the reflectance properties of
the surface were significantly reduced.
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Figure 13: (a) Reconstruction of the test surface using only the sparse absolute measures.
(b) Proposed approach (reconstruction using the combination of sparse and dense gradient
information). (c) Absolute difference between (b) and (e). (d) Reconstruction using
exclusively the gradient information (D3D). (e) Fourier transform profilometry.
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Using the filtered images to compute the depth gradient field of the test
surface, and following the procedure described above, we obtained the results
shown in Figure 16. The ground truth and the retrieved surface are shown
as read and green surfaces, respectively. The error (absolute difference) is
also shown on the right of the figure. The NRMSE between the ground truth
and the retrieved surface was 2, 1%.
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4. Conclusion
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In the present work we presented a single shot approach that combines
dense gradient information with sparse absolute measurements to provide
more reliable 3D objects scanning. To that end, we designed a colored pattern
that codes fine horizontal and vertical fringes, and sparse corners landmarks.
By measuring the deformation (bending) of horizontal and vertical fringes,
we were able to retrieve surface local variations (i.e. its gradient field). In
addition, the projection of sparse corner landmarks provided sparse absolute
information about the surface height, that was used as anchors to guide and
constraint the integration of the dense gradient field. We presented a mathematical formulation for combining dense gradient information with the sparse
absolute measurements, and we proved that an optimal solution (in the sense
of the L2-norm) can be obtained by solving a Poisson like partial differential
equation. We also presented and discussed how to practically implement the
solution of this equation in a discrete domain. Finally we presented different
20

Figure 14: (a) Face height map, (b) picture of the face under ambient illumination, and
(c) acquired image when the proposed pattern is projected over the test face. We also
show the RGB color channels of image (c).
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Figure 15: (a) Green component of the input image and the position of the detected
landmarks, (b)/(c) red/blue component of the input image after a filtering step has been
performed in the Fourier domain.

Figure 16: Results obtained for the face test surface. In the left column, the ground truth
and retrieved surface are displayed as red and green semitransparent surfaces, respectively.
The right column, shows the error (absolute difference) between the ground truth and the
retrieved surface. The NRMSE between these surfaces was 2, 1%.
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experiments showing the impact of exploiting dense gradient information,
sparse absolute measurements, and finally how them can be complemented
and combined to enhance and improve dense 3D shape reconstruction.
Funding Information.. This work was partially founded by PEDECIBA and
CSIC.
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