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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
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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. Introduction1

Scene understanding is one of the most challenging and popular problems2

in the field of computer vision. To make this possible a wide variety of3

methods for 3D scene reconstruction have been proposed. In a first rough4

classification 3D scanning techniques can be divided into Contact and Non-5

contact methods. The last ones have become popular in the last decades6

and they are currently used for 3D shape reconstruction. Many commercial7

devices are being used [1, 2] for example, in automobile industry the ATOS8

scanner of Gesellschaft fur Optische Messtechnik [3].9

There are different kinds of non-contact methods, we will particularly10

focus on optical ones. They can be divided into three categories: Time delay11

based (e.g. [4]), Image cue based (e.g. [5, 6]) and Triangulation based (e.g.12

[2, 3, 7, 8]). The third class of methods uses -at least- two elements in order13

to obtain geometrical information of the scene by means of triangulation.14

Some methods use two or more cameras (multi-view stereo [9]), while other15

ones use a camera and control illumination sources e.g. Structured light16

[10, 11, 12, 13], Photometric stereo [14], Phase Shifting [15, 16, 7, 17, 18]17

and Lasers Scans [2]. Methods that control or set illumination conditions18

are called active in contrast with passive methods in which just the relative19

position between the camera(s) and the objects are considered. Despite the20

differences that exist between Active and Passive approaches, they are based21

on the same geometrical principles [19, 20].22

We can classify existing methods into two categories: Single-Shot and23

Multi-Shot (see for example [21, 22] and references therein). When the target24

object is static and the applications do not impose restriction over the acqui-25

sition time, multiple-shot approaches may be used. However, if the target is26

a moving scene, single shot methods must be applied. These methods have27

two important advantages. Firstly, they do not require any synchronization28

between the projector and the camera/s which leads to simpler and cheaper29

implementations. Secondly they can be used to scan three-dimensional dy-30

namic scenes.31

1.1. Related Work32

The present work presents a single-shot approach that combines dense33

gradient information [13] with sparse absolute measurements. To that end,34

we designed a colored pattern that codes fine horizontal and vertical fringes,35

and sparse corner landmarks. By measuring the deformation (bending) of36
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horizontal and vertical fringes, we are able to estimate surface local variations37

(i.e. its gradient field). This allows us to have dense information about the38

local shape of the test surface, however, this kind of data lacks from absolute39

information about surface’s height. By adding sparse corner landmarks -40

which can be easily detected e.g. using Harris corner detector-, we can obtain41

sparse absolute information of the surface depth map. We proved that a42

simple mathematical formulation can combine the dense gradient information43

with the sparse absolute measurements. In addition, we proved that an44

optimal solution (in the sense of the L2-norm) can be obtained by solving a45

Poisson-like partial differential equation.46

This work is based on the published method “One-shot 3D gradient field47

scanning” [13], and substantially improves its robustness when the test sur-48

face presents large discontinuities or isolated regions as we will show in Sec-49

tion 3. The closest methods in the literature to the one here presented, are50

the methods based on Takeda’s work [19], which are commonly referred as51

Fourier profilometry single-shot methods. These methods consist in project-52

ing one or more fine sinusoidal patterns, which are used to infer the 3D shape53

of the scene by measuring the variation of the phase of these patterns. To54

that end, Fourier Transform properties are exploited as explained in reference55

[19]. Many methods based on the Fourier Transform has been published in56

the past decade, a review of these methods can be found in the work of Zappa57

et al. [23], the work of Su et al. [24] or the work of Gorthi and Rastogi [25].58

For example, Tavares and Vaz [26] proposed to use orthogonal fringe patterns59

for the enhancement of the Fourier transform method. Other approaches im-60

prove Takeda’s original method by using the Windowed Fourier transform61

[27], or the Wavelet Transform for extraction of the phase information (see62

e.g. [28]).63

Important differences exist between Differential 3D (D3D) and Fourier64

based methods. Firstly, while Fourier methods uses Fourier transform prop-65

erties to extract the surface’s depth, D3D approach measures local image66

gradients to estimate fringes local bending which provide depth gradient67

information. Secondly, Fourier based methods require a final unwrapping68

step, while D3D method requires the numerical integration of the retrieved69

gradient field. Thirdly, D3D approach measures the local properties of the70

projected pattern, and the information extracted in a certain region is inde-71

pendent from the rest of the domain; in contrast, the Fourier transform is72

inherently a non-local operation.73

The present work, takes a step forward on D3D and proposes the use74
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of sparse absolute information to improve its robustness, specifically, when75

the test surface presents discontinuities or isolated regions. Similar intents76

were investigated to make Fourier-based approaches robust to surface discon-77

tinuities. For example, Takeda et al. [29] proposed a Fourier-based method78

based on spatial frequency multiplexing combined with the GushovSolodkin79

phase unwrapping algorithm. Although this work introduce a very interest-80

ing theory and inspiring new ideas, the proposed approach was susceptible81

to significant measurement errors. To correct them, the authors proposed a82

number of post-processing steps that improved the method robustness at the83

cost of making it more complex and difficult to implement. Another example84

is the work of Wei-Hung Su [30] who proposed an area-encoded fringe pat-85

tern to retrieve objects that have spatially isolated surfaces. As the previous86

method, a single-shot pattern is required, which combines sinusoidal fringes87

with fine colored stripes. Fringes are matched without ambiguity using the88

pattern of colored stripes.89

2. Proposed method90

Let us consider a two dimensional domain Ω ⊂ R2 and a function z : Ω→91

R. In the context of the present work Ω represents a two dimensional subset92

of a plane in the 3D space, and z(x, y) will be associated to the height map of93

an arbitrary test surface (as it is illustrated in Fig. 1). Despite the previous,94

most of the ideas presented in this section can be extended to other physical95

quantities and applied in many other contexts. Let us assume that by means96

of some technique [13, 14, 31, 12, 32, 33, 34] we are able to retrieve empirical97

estimations u and v of zx and zy partial derivatives1, respectively. Ideally98

u(x, y) = zx(x, y) and v(x, y) = zy(x, y) for all (x, y) ∈ Ω, nevertheless, these99

equalities do not hold in practice due to: (a) empirical errors inherent to the100

method used, (b) surface discontinuities.101

The estimation z̃ of z from the empirical data (u, v) can be formulated102

as the minimization problem,103

z̃ = arg min
w

∫
Ω

(
(wx − u)2 + (wy − v)2

)
∂Ω (1)

where, of course, as the estimated gradient (u, v) → (zx, zy), the retrieved104

function z̃ → z. Equation (1) can be solved by finding the solution to the105

1For the sake of compactness we are adopting the notation zk
def
= ∂z

∂k .
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Figure 1: Illustration of Ω and z definitions.

Euler-Lagrange equation,106 {
∆z̃ = ux + vy (x, y) ∈ Ω

∇z̃ · ν̂ = 0 (x, y) ∈ ∂Ω
(2)

where ∆ =
(

∂2

∂x2 + ∂2

∂y2

)
denotes the Laplacian operation, ∇ =

(
∂
∂x
, ∂
∂y

)
the107

gradient vector, and ν̂ the unitary outward normal vector in the boundary108

set ∂Ω. Equation (2) is a well studied partial differential equation commonly109

referred as the Poisson Equation. The two canonical formulations of the110

Poisson Equation include Dirichlet (z̃ = 0, (x, y) ∈ ∂Ω) or Neumann (∇z̃ ·111

ν̂ = 0, (x, y) ∈ ∂Ω) boundary conditions. In the present work Neumman112

boundary conditions are imposed as they are flexible enough to represent a113

wide range of real and complex surfaces. In order to guarantee the uniqueness114

of the solution of (2), one needs to impose at least one value of the solution115

on each connected component of the domain Ω. This is very easy to see116

by analyzing the minimization problem presented in (1), as only first order117

derivatives of the function w are involved, the functional remains invariant if118

we add arbitrary constants to w in any connected component of Ω. Taking119

into account the previous, we will consider the slightly modified Poisson120

Equation,121 
∆z̃ = ux + vy (x, y) ∈ Ω

∇z̃ · ν̂ = 0 (x, y) ∈ ∂Ω

z̃ = g (x, y) ∈ Θ

(3)

which imposes values g(x, y) to the solution at a discrete set of points Θ ⊂ Ω.122

Equation (3) has a unique solution if Θ 6= { } in each connected component123
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of the set Ω. Of course now g and the set Θ are part of the input data and124

need to be provided in addition to the gradient field (u, v).125

2.1. Discrete Model126

In the following section we will assume that the domain of interest can127

be sampled as a regular rectangular grid:128

z(x, y) = zij for x = hj, y = hi (4)

where h is the distance between samples (pixels) and the discrete indexes129

(i, j) ∈ Ω
def
= {1, . . . , H} × {1, . . . ,W} ⊂ Z2.130

Discrete Laplacian operator. A discrete approximation for the Lapla-131

cian can be obtained through a second order Taylor expansion,132

zi(j±1) = z(x± h, y) = z(x, y)± zx h+ zxx
h2

2
+O(h3)

z(i±1)j = z(x, y ± h) = z(x, y)± zy h+ zyy
h2

2
+O(h3)

⇒ ∆z(x, y)
h→0
≈
−4zij + z(i+1)j + z(i−1)j + zi(j+1) + zi(j−1)

h2

(5)

which leads to the standard five-point scheme,133

∆hz
def
=
−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 the134

values of z outside Ωh. In the present work this is solved by copying the135

values of z from the nearest point inside Ωh, which corresponds to imposing136

vanishing Neumann boundary conditions. A vanishing discrete Laplacian has137

an intuitive interpretation: if we regard the values of z as measuring some138

quantity, the fact that ∆hz(p) = 0 says that the quantity at point p equals the139

average quantity on the neighbors of p. If ∆hz(p) = 0 for every p, this means140

that the quantity is in equilibrium. Figure 2 illustrates the characteristic141

shape of an equilibrium solution of the Poisson Equation when some values142

of the solution are imposed in the interior of the domain; knowing the typical143

shape of equilibrium solutions will help us to understand some of the results144

presented in Sections 3.145
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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

Discrete Poisson Equation. Given uij, and vij the discrete counterparts146

of the continuous gradient field (u, v), the data term f = ux + vy can be147

approximated (for example using backward finite differences) as,148

fij =
(
uij − ui(j−1)

)
+
(
vij − v(i−1)j

)
. (7)

Then the Discrete Poisson Equation on the discrete domain Ωh with data f149

is150

∆hz(i, j) = f(i, j) (i, j) ∈ Ωh (8)

where Neumann boundary conditions at ∂Ωh are implicitly met due to the151

given definition of the discrete Laplacian. Finally the discrete version of (3)152

corresponds to,153 {
∆hz(i, j) = f(i, j) (i, j) ∈ Ωh

z(i, j) = g(i, j) (i, j) ∈ Θh
(9)

where let Θh is a subset of Ωh indicating the position of the pixels to be fixed.154

Equation (9) is linear in the set of unknowns z(i, j). Therefore, it can be155

expressed as,156

Aw = b (10)

where w is a HW × 1 column vector that stacks the unknown values z(i, j)157

(concatenating the rows of z(i, j) in lexicographical order), b is a column158

vector containing a mixture of f and g data terms, and the matrix A =159

−Lh + IΘh combines the Laplacian with identity conditions. We illustrate160
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the full definition of the previous quantities with a very simple but clarifying161

example.162

Let us consider an example with 2 × 3 pixels where: (i) the pixel (2, 2)163

is left outside the discrete domain Ωh, (ii) pixel (1, 2) is set as the value g12164

(i.e. Θh = {(1, 2)}), and (iii) the Laplacian data term fi,j is set on every165

(i, j) ∈ Ωh:166

fh =

(
f11 f12 f13

f21 X f23

)
1Θh =

(
0 1 0
0 X 0

)
gh =

(
− g12 −
− X −

)
wh =

(
w11 w12 w13

w21 X w23

)

Lh =


−2 1 1 0 0
1 −1 0 0 0
1 0 −2 1 0
0 0 1 −2 1
0 0 0 1 −1


(11)

Considering the previous inputs and the Discrete Laplacian Matrix Lh (10)167

is equivalent to,168 
2 −1 −1 0 0
−1 1 0 0 0
−1 0 2 + 1 −1 0
0 0 −1 2 −1
0 0 0 −1 1



w11

w21

w12

w13

w23

 =


−f11

−f21

−f12 + g12

−f13

−f23

 . (12)

The chosen discrete definitions of the problem, ensures that if Θh 6= { }169

in each connected component of the set Ωh, the matrix A of the problem will170

be a definite-positive self-adjoint matrix. That leads to a well defined and171

unique solution of (10). Finally the retrieved surface z̃ can be obtained as172

the solution of (10) using any standard numerical solver, for example, it can173

be obtained using Matlab backslash operation: z̃ = A\b.174

2.2. Proposed 3D scanning technique175

The proposed 3D scanning technique has the following primary steps.176

1. Detect and match projected sparse landmarks. The shift of these land-177

marks provide sparse disparity information (di, (xi, yi)).178

2. Estimate a dense disparity gradient map (u(x, y), v(x, y))179
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3. Locate the set of pixels Θ where surface discontinuities occur.180

4. Solve the Discrete Poisson Equation defined by the data collected on181

steps 1-3.182

2.2.1. Projected pattern and acquisition setup183

The acquisition setup consists of an arbitrary RGB camera and projector.184

For simplicity, we will assume that the camera and projector sensors are185

parallel to each other. In addition, θ denotes the angle between the projector186

and the camera baseline (with respect to the horizontal axis x), as illustrated187

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.

188

one illustrated in Fig. 4; sparse landmarks are projected in the green channel189

of the image, while horizontal and vertical fringes (used to estimate gradient190

information, as we shall see) are projected in the red and blue channels191

respectively.192

2.2.2. Sparse landmarks detection193

In this subsection we will describe how we estimate a set of sparse but194

accurate depth measurements. It is however important to highlight, that195
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Figure 4: Top left: color projected pattern, top right/bottom right/bottom left: R/G/B
components of the projected pattern.

we tried to solve this problem as simple and effectively as possible, even196

though many other techniques, patterns and approaches could be followed.197

In addition, it is possible to modified how the sparse depth measurements198

are achieved, and will not have any impact on the rest steps of the proposed199

pipeline.200

Figure 5 illustrates the shape of the projected corner patterns over (top201

left) a reference plane and (top right) an arbitrary test surface (fig. 1).202

In order to detect the center of the projected patterns (both in the ref-203

erence image and in the pattern projected over the test surface), we use the204

well know Harris corner detection method. Then, given the value of the angle205

θ we find correspondences by looking at the closest match in the direction of206

the baseline.207

2.2.3. 3D Gradient information208

Once sparse absolute disparity estimations are obtained, the second step209

consists of estimating 3D dense gradient information. To that end, we follow210

the one-shot Differential 3D method described in [12, 13]. For completeness,211

we will briefly describe this method, while a complete description and a212

detailed analysis can be found in reference [13].213

Figure 6 illustrates how the patterns containing horizontal and vertical214

fringes are deformed when they are projected over an arbitrary test surface.215
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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).

For instance let us assume that we are analyzing just the deformation of216

the horizontal fringes. when fringe patterns are projected over a non-planar217

surface, fringes are shifted a quantity proportionally to surface height. Figure218

7 illustrates the shift of point (x1, y1) its neighbor (x2, y2), based on this219

simple illustration, it is easy to relate image gradients and disparity partial220

derivatives by:221

−Ihx
Ihy

= tan (α) =
(D(x2, y2)−D(x1, y1)) sin (θ)

x2 − x1

. (13)

where, Ih denotes the image with (deformed) horizontal fringes, subscripts222

x/y account for x and y partial derivatives respectively, D : Ω→ R represents223

pattern disparity (i.e. the shift between the pattern projected over a reference224

plane, and the pattern projected over a test surface). Operating with the225

previous expression (see ref. [13]), it is possible to prove that,226

tan (α) =
Ihx
Ihy

=
−Dx sin (θ)

1−Dy sin (θ)
. (14)

Analogously, we can relate vertical fringes deformation with D partial227
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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,228

Ivy
Ivx

=
−Dy cos (θ)

1−Dx cos (θ)
. (15)

where Iv denotes the pattern of vertical (deformed) fringes.229

Equations (14) and (15) allow us to directly relate the variations of surface230

depth to the local bending of the fringes. Furthermore, local bending of231

fringes can be estimated in a extremely easy way by analyzing the direction232

of the local gradient in the fringe images.233

Of course, all the previous mathematical relations are accurate as long234

as the surface height map varies in a smooth and continuous way. See for235

instance, the example illustrated in Fig. 8, where surface discontinuities oc-236

cur, projected fringes present local discontinuities, and the fringes’ bend no237

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.

238

2.2.4. 3D Discontinuity map239

Depth’s gradient cannot be retrieved along surface discontinuities as we240

showed previously. In order to be able to retrieve surfaces that present dis-241

continuities we need to estimate a proper domain Ω, such that, it excludes242

the positions where discontinuities occur.243

In the present work we combined two different approaches to detect sur-244

face discontinuities. (i) Analyze (dx, dy) patch statistics, and (ii) analyze245

sharp edges on surface texture.246

The first method, consists of comparing the values of the estimated partial247

derivatives (dx, dy) on patches of the image. Close to surface discontinuities,248

fringes are shifted in a discontinuous manner (see for example Fig. 8), which249
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produces non-linear noise on the estimated gradient values. This leads to250

erroneous and inconsistent values (dx, dy). For example, one can compute251

the standard deviation of (dx, dy) on a n×n patch, and use this as a measure252

of the local consistency or inconsistency of the gradients retrieved.253

A second complementary procedure, is to use texture edges as a cue for254

potential depth edges. Even though sharp variations of the color or albedo255

of a surface does not necessarily imply a sharp variation of its height, there256

is a high correlation between them in many practical scenes.257

2.2.5. Solution of the discrete model258

Once sparse absolute measurement (di, xi) ≡ (g,Θ), dense gradient infor-259

mation (dx, dy) ≡ (u, v), and the integration domain Ω were estimated, the260

disparity map can be obtained as the solution of,261 
∆z̃ = ux + vy (x, y) ∈ Ω

∇z̃ · ν̂ = 0 (x, y) ∈ ∂Ω

z̃ = g (x, y) ∈ Θ

(16)

which in this context, represents the discrete counterpart of Eq. (3). This262

discrete problem can be solved in a efficient and direct way, by solving an263

equivalent sparse linear system of equations (as explained in Section 2.1). A264

analysis about the mathematical properties of this numerical problem can be265

found in reference [35].266

3. Experiments267

For the test surface illustrated in Fig. 1, we simulated the deformation268

of the projected pattern (Fig. 4), when it is projected over the test surface269

and captured by a camera located at given position (as illustrated in Fig. 3).270

Here we assumed that the camera and the projector sensors are parallel with271

respect to each other, and that their distance with respect to the reference272

plane are equal. Using this input image (illustrated in Fig. 9), the pipeline273

explained in the previous section was carried out to estimate a dense gradient274

map (u, v) and set of discrete absolute measurements g.275

Figure 10 displays the results obtained. The first column compares the276

retrieved surface (in green) overlapped with the ground truth test surface277

(in red), the second column, corresponds to the error (absolute difference)278

between the retrieved and the ground truth surface. The first row shows the279
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Figure 9: Input image obtained by simulating the deformation of the proposed pattern
when it is projected over the test surface of Fig. 1.

results obtained when only the dense gradient information is considered, i.e.280

solving (16) assuming that no anchors are available (Θ = { }). As we can see,281

areas where the height map is smooth can be retrieved, although errors are282

propagated during the integration step causing a drift of the absolute depth283

values. In the second experiment (second row) we solved (16) using only the284

sparse absolute depth information estimated, setting the laplacian factor to285

zero (i.e. ux+vy = 0). As we can see, the solution of the homogeneous Poisson286

equation it is also insufficient to accurately recover the shape of the test287

surface. This function presents the typical shape of homogeneous solutions288

with Dirichlet conditions (as illustrated in Fig. 2). In the third case, we use289

both the sparse absolute measurements and the dense gradient information290

and defined the set Ω as the entire rectangular domain. As we can see,291

the combination of these two sources of information substantially improve292

the reconstruction result. However, when empirical gradient information is293

estimated, discontinuities cannot be accurately retrieved and the numerical294

solution tends to connect disconnected surfaces. This produces artifacts near295

edges as can be seen in the error map. The final experiment (last row), shows296

the result obtained for the proposed method.297

To have a quantitative measurement of different results, we computed the298

Normalized Mean Root Square Error (NMRSE) between the ground truth299
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surface and the retrieved one. Given two surfaces a and b, the NMRSE of b300

with respect to a is computed as301

e =

1
N

√∑N
i=1 (a(i)− b(i))2

maxi a(i)
. (17)

For example, a NMRSE of 5% means that if we are working with surfaces in302

the range 0− 10cm we would expect the results to have an average error of303

about 5mm.304

In a second set of experiments, we setup a camera and a projector to305

replicate the geometrical conditions illustrated in Fig. 3. We used a projector306

HITACHI model CP-RX80 with a resolution of 1024 × 768 pixels, and a307

CCD camera THORLABS model DCU224C with 1280 × 1024 resolution.308

The reference plane and the test surfaces were approximately 60cm in front309

of the projector-camera system. Figure 11 shows the acquisition conditions310

and a sample test image acquired by the camera.311

Following the steps described in the previous section we proceeded to:312

(i) find the location of the sparse landmarks projected, (ii) compute the313

disparity of the positions associated to those landmarks (by measuring the314

shift of the landmarks with respect to a reference plane), (iii) estimate the315

depth gradient map (x and y depth partial derivatives). Figure 12 illustrates:316

the center of the landmarks detected by applying a Harris corner detector,317

the shift detected between the test and the reference images, and finally,318

x - and y-partial derivatives of the depth map (obtained by measuring the319

deformation of the fringe patterns).320

As in the previous example, we analyzed three different solutions of the321

Poisson equation: firstly, considering exclusively the absolute sparse anchors322

(interpolated assuming a null Laplacian). Secondly, we solved the Poisson323

equation using the retrieved gradient information (with no additional Dirich-324

let conditions). Thirdly, we combined the dense gradient and sparse absolute325

information. Finally, as a baseline reference we evaluated Fourier profilome-326

try method [19] over the same test surface. Figure 13 illustrates the retrieved327

surfaces obtained for the procedures described. As we can see, the solution328

of the homogeneous Poisson equation, fits the sparse absolute measures pro-329

viding a smooth approximation of the test surface topography. On the other330

hand dense gradient information (D3D) provide accurate details of the local331

surface shape, but suffers from accumulative error and drift from true ab-332

solute values. The combination of both sources of information (Fig. 13(c)),333
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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 gradi-
ent information is integrated NRMSE = 23, 2%. Second row: solution using absolute
measurements as Dirichlet conditions with null Laplacian NRMSE = 11, 5%. Third row:
absolute measurements and D3D gradients are combined, but Ω include all the set of
pixels (no discontinuity map is included) NRMSE = 9, 3%. Fourth row: the same as
third row but excluding from the domain Ω the set of points where discontinuities occur
NRMSE = 0, 9%.
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Figure 11: Experimental setup and a sample input image.

makes the most of each of them providing a detailed, more accurate and334

stable reconstruction of the test surface.335

The proposed method codes vertical and horizontal fringe patterns plus336

sparse markers in the blue, red and green color components of a colored337

pattern, respectively. The use of colored patterns may lead to some practical338

problems; for example, chromatic aberrations [36] and cross-talk between339

color channels. In addition, the reflectance properties of common surfaces340

modify the color of the projected pattern when it is reflected towards the341

camera. In the following experiments, we will analyze the impact of these342

issues on the proposed technique, and give some insights of how they can be343

minimized.344

In the experiments performed in our laboratory, we did not notice signif-345

icant chromatic aberration with the specific hardware we had available. If346

due to the use of a different hardware this becomes a problem, one can adapt347

calibration techniques (e.g. [36]) to mitigate it. To evaluate how the color348

and the reflectance properties of complex surfaces may affect the proposed349

method, we simulated the projection conditions on real faces from the Texas350

database [37]. Figure 14(a) shows the ground truth height map (obtained351

using a commercial scanner [37]), Fig. 14(b) a picture of the face taken under352

ambient illumination. Finally Fig. 14(c) corresponds to the simulated image353

captured by the camera when the proposed color pattern is projected.354

As can be seen in Fig. 14, fringe patterns and sparse landmarks are dis-355

torted not only by surface’s height, but also for its color properties. Fig-356
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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.

ure 15(a) shows the green component of the acquired image and the position357

of the landmarks detected. We experimentally observed that the corner pat-358

tern can be accurately detected even when the local contrast is significantly359

reduced. We also observed in the experiments presented in Figure 13, that360

corners patterns can be accurately detected even when due to color cross-talk361

the green component of the image is distorted.362

On the other hands, the color distortion on fringe patterns can lead to363

noticeable noise on the computation of the surface height gradient map. To364

overcome this issue, we can filter the red and blue components of the input365

image in the Fourier domain (as explained in reference [13]). This can be366

done in a very easy way as the information coded in the (deformed) fringe367

patterns, is narrowly concentrated in the Fourier domain. By performing this368

filtering pre-processing step, we can recover images like the ones illustrated369

in Figure 15(b-c) in which the distortion due to the reflectance properties of370

the surface were significantly reduced.371
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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.

Using the filtered images to compute the depth gradient field of the test372

surface, and following the procedure described above, we obtained the results373

shown in Figure 16. The ground truth and the retrieved surface are shown374

as read and green surfaces, respectively. The error (absolute difference) is375

also shown on the right of the figure. The NRMSE between the ground truth376

and the retrieved surface was 2, 1%.377

4. Conclusion378

In the present work we presented a single shot approach that combines379

dense gradient information with sparse absolute measurements to provide380

more reliable 3D objects scanning. To that end, we designed a colored pattern381

that codes fine horizontal and vertical fringes, and sparse corners landmarks.382

By measuring the deformation (bending) of horizontal and vertical fringes,383

we were able to retrieve surface local variations (i.e. its gradient field). In384

addition, the projection of sparse corner landmarks provided sparse absolute385

information about the surface height, that was used as anchors to guide and386

constraint the integration of the dense gradient field. We presented a mathe-387

matical formulation for combining dense gradient information with the sparse388

absolute measurements, and we proved that an optimal solution (in the sense389

of the L2-norm) can be obtained by solving a Poisson like partial differential390

equation. We also presented and discussed how to practically implement the391

solution of this equation in a discrete domain. Finally we presented different392
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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,393

sparse absolute measurements, and finally how them can be complemented394

and combined to enhance and improve dense 3D shape reconstruction.395
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[3] M. par méthods optiques, www.gom.com, http://www.gom.com, Ac-
cessed: 2013-09-20.

[4] G. F. . Marshall, G. E. . Stutz, Handbook of Optical and Laser Scanning,
Second Edition, CRC Press, 2011.

[5] I. Lertrusdachakul, A novel 3d recovery method by dynamic (de)focused
projection, Ph.D. thesis, Ecole Doctorale Environnement - Sante (2011).

[6] J. Ens, P. Lawrence, An investigation of methods for determining depth
from focus, Pattern Analysis and Machine Intelligence, IEEE Transac-
tions on 15 (2) (1993) 97–108. doi:10.1109/34.192482.

[7] S. Zhang, Recent progresses on real-time 3d shape measurement using
digital fringe projection techniques, Optics and Lasers in Engineering
48 (2) (2010) 149 – 158.

[8] S. Zhang, Handbook of 3D machine vision: optical metrology and imag-
ing, Series in Optics and Optoelectronics, CRC Press, Hoboken, NJ,
2013.

[9] S. Seitz, B. Curless, J. Diebel, D. Scharstein, R. Szeliski, A compari-
son and evaluation of multi-view stereo reconstruction algorithms, Com-
puter Vision and Pattern Recognition (2006) 519 – 528.

[10] K. L. Boyer, A. C. Kak, Color-encoded structured light for rapid active
ranging, Pattern Analysis and Machine Intelligence, IEEE Transactions
on (1) (1987) 14–28.

23



[11] B. Li, Y. Wang, J. Dai, W. Lohry, S. Zhang, Some recent advances
on superfast 3d shape measurement with digital binary defocusing
techniques, Optics and Lasers in Engineering 54 (0) (2014) 236 – 246.
doi:http://dx.doi.org/10.1016/j.optlaseng.2013.07.010.
URL http://www.sciencedirect.com/science/article/pii/

S014381661300225X

[12] J. M. Di Martino, G. Ayubi, A. Fernández, J. A. Ferrari, Differential 3d
shape retrieval, Optics and Laser in Engineering 58C (2014) 114–118.

[13] J. M. Di Martino, A. Fernández, J. A. Ferrari, One-shot 3d gradient
field scanning, Optics and Lasers in Engineering 72 (2015) 26–38.

[14] R. Basri, D. Jacobs, I. Kemelmacher, Photometric stereo with gen-
eral, unknown lighting, International Journal of Computer Vision 72 (3)
(2007) 239–257. doi:10.1007/s11263-006-8815-7.
URL http://dx.doi.org/10.1007/s11263-006-8815-7

[15] G. A. Ayubi, J. A. Ayubi, J. M. Di Martino, J. A. Ferrari, Pulse-width
modulation in defocused three-dimensional fringe projection, Optics let-
ters 35 (21) (2010) 3682–3684.

[16] G. A. Ayubi, J. M. D. Martino, J. R. Alonso, A. Fernández, C. D.
Perciante, J. A. Ferrari, Three-dimensional profiling with binary fringes
using phase-shifting interferometry algorithms, Appl. Opt. 50 (2) (2011)
147–154. doi:10.1364/AO.50.000147.
URL http://ao.osa.org/abstract.cfm?URI=ao-50-2-147

[17] J. Dai, S. Zhang, Phase-optimized dithering technique for high-quality
3d shape measurement, Optics and Lasers in Engineering 51 (6) (2013)
790 – 795. doi:http://dx.doi.org/10.1016/j.optlaseng.2013.02.003.
URL http://www.sciencedirect.com/science/article/pii/

S0143816613000596

[18] J. Dai, B. Li, S. Zhang, High-quality fringe pattern generation
using binary pattern optimization through symmetry and period-
icity, Optics and Lasers in Engineering 52 (0) (2014) 195 – 200.
doi:http://dx.doi.org/10.1016/j.optlaseng.2013.06.010.
URL http://www.sciencedirect.com/science/article/pii/

S0143816613001966

24



[19] M. Takeda, K. Mutoh, Fourier transform profilometry for the automatic
measurement of 3-d object shapes, Appl. Opt. 22 (24) (1983) 3977–3982.
doi:10.1364/AO.22.003977.
URL http://ao.osa.org/abstract.cfm?URI=ao-22-24-3977

[20] R. Hartley, A. Zisserman, Multiple View Geometry in Computer Vision,
2nd Edition, Cambridge University Press, ISBN: 0521540518, 2004.

[21] J. Geng, Structured-light 3d surface imaging: a tutorial, Adv. Opt.
Photon. 3 (2) (2011) 128–160. doi:10.1364/AOP.3.000128.
URL http://aop.osa.org/abstract.cfm?URI=aop-3-2-128

[22] Z. Zhang, Review of single-shot 3D shape measurement by phase
calculation-based fringe projection techniques, Optics and Lasers in En-
gineering 50 (8) (2012) 1097–1106. doi:10.1016/j.optlaseng.2012.01.007.
URL http://linkinghub.elsevier.com/retrieve/pii/

S0143816612000085

[23] E. Zappa, G. Busca, Static and dynamic features of Fourier transform
profilometry: A review, Optics and Lasers in Engineering 50 (2012)
1140–1151.

[24] X. Su, Q. Zhang, Dynamic 3-D shape measurement method A re-
view, Optics and Lasers in Engineering 48 (2) (2010) 191–204.
doi:10.1016/j.optlaseng.2009.03.012.
URL http://dx.doi.org/10.1016/j.optlaseng.2009.03.012

[25] S. S. Gorthi, P. Rastogi, Fringe Projection Techniques: Whither we are?,
Optics and Lasers in Engineering 48 (2) (2010) 133–140.

[26] P. J. Tavares, M. a. P. Vaz, Single image orthogonal fringe
technique for resolution enhancement of the Fourier transform
fringe analysis method, Optics Communications 290 (2013) 33–36.
doi:10.1016/j.optcom.2012.10.026.

[27] Q. Kemao, Windowed Fourier transform for fringe pattern anal-
ysis: addendum., Applied optics 43 (17) (2004) 3472–3473.
doi:10.1364/AO.43.003472.

25



[28] L. Huang, Q. Kemao, B. Pan, A. K. Asundi, Comparison of Fourier
transform, windowed Fourier transform, and wavelet transform meth-
ods for phase extraction from a single fringe pattern in fringe projec-
tion profilometry., Optics and Lasers in Engineering 48 (2010) 141–148.
doi:10.1016/j.optlaseng.2009.04.003.

[29] M. Takeda, Q. Gu, M. Kinoshita, H. Takai, Y. Takahashi,
Frequency-multiplex Fourier-transform profilometry: a single-shot
three-dimensional shape measurement of objects with large height dis-
continuities and or surface isolations 36 (22) (1997) 5347–5354.

[30] W.-h. Su, Projected fringe profilometry using the area- encoded algo-
rithm for spatially isolated and dynamic objects 16 (4) (2008) 2590–2596.

[31] R. J. Woodham, Photometric method for determining surface orienta-
tion from multiple images, Optical Engineering 19 (1) (1980) 191139–
191139–. doi:10.1117/12.7972479.
URL http://dx.doi.org/10.1117/12.7972479

[32] R. Frankot, R. Chellappa, A method for enforcing integrability in shape
from shading algorithms, Pattern Analysis and Machine Intelligence,
IEEE Transactions on 10 (4) (1988) 439–451.

[33] O. Vogel, A. Bruhn, J. Weickert, S. Didas, Direct shape-from-shading
with adaptive higher order regularisation, in: SSVM, 2007, pp. 871–882.

[34] R. Zhang, P.-S. Tsai, J. Cryer, M. Shah, Shape-from-shading: a survey,
Pattern Analysis and Machine Intelligence, IEEE Transactions on 21 (8)
(1999) 690–706. doi:10.1109/34.784284.

[35] J. M. Di Martino, G. Facciolo, E. Meinhardt-Llopis, Poisson
Image Editing, Image Processing On Line 6 (2016) 300–325.
doi:10.5201/ipol.2016.163.

[36] Z. H. Zhang, C. E. Towers, D. P. Towers, Compensating lateral
chromatic aberration of a colour fringe projection system for shape
metrology, Optics and Lasers in Engineering 48 (2) (2010) 159–165.
doi:10.1016/j.optlaseng.2009.04.010.
URL http://dx.doi.org/10.1016/j.optlaseng.2009.04.010

26



[37] S. Gupta, K. Castleman, M. Markey, A. Bovik, Texas 3D
Face Recognition Database, in: Image Analysis Interpretation
(SSIAI), 2010 IEEE Southwest Symposium on, 2010, pp. 97–100.
doi:10.1109/SSIAI.2010.5483908.

27


