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Abstract—Measuring the 3D shape of semi-transparent sur-1

faces with projector-camera 3D scanners is a difficult task2

because these surfaces weakly reflect light in a diffuse manner,3

and transmit a large part of the incident light. The task is even4

harder in the presence of participating background surfaces. The5

two methods proposed in this paper use sinusoidal patterns, each6

with a frequency chosen in the frequency range allowed by the7

projection optics of the projector-camera system. They differ8

in the way in which the camera-projector correspondence map9

is established, as well as in the number of patterns and the10

processing time required. The first method utilizes the discrete11

Fourier transform, performed on the intensity signal measured12

at a camera pixel, to inventory projector columns illuminating13

directly and indirectly the scene point imaged by that pixel.14

The second method goes beyond discrete Fourier transform and15

achieves the same goal by fitting a proposed analytical model16

to the measured intensity signal. Once the one (camera pixel)17

to many (projector columns) correspondence is established, a18

surface continuity constraint is applied to extract the one to one19

correspondence map linked to the semi-transparent surface. This20

map is used to determine the 3D point cloud of the surface by21

triangulation. Experimental results demonstrate the performance22

(accuracy, reliability) achieved by the proposed methods.23

Index Terms—3D shape, semi-transparent surfaces, structured24

light, fringe projection, curve fitting, parameter estimation,25

Discrete Fourier Transform.26

I. INTRODUCTION27

The appealing characteristics (micrometric accuracy, dense28

reconstruction, portability, operation speed, reliability and low29

cost) of structured-light 3D scanners, make them very popular30

for digitizing opaque surfaces in industrial and metrological31

applications [1], [2]. They are particularly suited to applica-32

tions where safety is a concern since they operate with light33

in the visible spectrum, typically provided by consumer-grade34

projectors [3], [4]. They operate in three main steps. First,35

light patterns are generated using a specific coding strategy and36

sequentially projected on the scene by the projector. Second,37

the camera, having a different viewpoint than the projector,38

sequentially captures the appearance of the illuminated scene.39

Images recorded by the camera are decoded (processed) to40

establish the camera-projector correspondence map which41

serves to triangulate the surface points and calculate their 3D42

coordinates by making use of a prior geometrical calibration of43

the projector-camera pair [5]. Although projector-camera 3D44

scanners have been used successfully to measure the 3D shape45

of opaque surfaces ( [3], [4], [6]), measuring the 3D shape46

Semi-transparent State-of-the-art Our methods
surfaces (Phase shift-based methods) (DFT, curve fitting)

Fig. 1. Overview of results obtained with the proposed methods.

of semi-transparent surfaces with this type of 3D scanners 47

remains a big challenge as shown in Figure 1. 48

Semi-transparent surfaces weakly reflect the incident light 49

in a diffuse manner, and transmit a great amount of it. Unlike 50

opaque surfaces, the transmittance of semi-transparent surfaces 51

is very high. Unlike transparent surfaces, their reflectance, 52

although very small, is not negligible. The ideal scenario for 53

a projector-camera system involves a semi-transparent surface 54

with no background surface or with background surfaces at 55

infinity as schematized in Figure 2a. The light arrives at the 56

camera after a single bounce off the semi-transparent surface. 57

State-of-the-art methods ( [3], [4], [6]) are expected to yield 58

satisfactory results in such an ideal scenario. The reality is 59

that most common scenarios involve participating background 60

surfaces (Figure 2b), subsurface scatterings/reflections (Fig- 61

ure 2c), or both (Figure 2d). In these scenarios, the appearance 62

of the semi-transparent surface is influenced by its shape 63

and surrounding surfaces. The light beam from the projector 64

reaches the camera after more than one bounce in the scene, 65

or with a significant level of perturbing illumination. State-of- 66

the-art methods fail in these cases where the light transport 67

model between the projector, the scene and the camera is 68

complex. Therefore, new methods need to be developed to 69

reliably measure the 3D shape of semi-transparent surfaces. 70
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Fig. 2. 3D shape measurement of semi-transparent surfaces using a projector-camera system. Left: projector-camera setup. Right: geometric equivalent. We
use sinusoidal patterns to establish the correspondence between projector columns c∗ responsible for the direct illumination of point Q, and camera pixel
v(x, y) receiving light from point Q. This correspondence is utilized to determine the 3D coordinates of Q by triangulation. (a) The ideal scenario involves a
semi-transparent surface with no background surface or background surfaces at infinity. In this case, state-of-the-art methods should provide accurate results
as long as the surface reflects enough light. Point Q is illuminated only by the direct illumination L∗ coming from projector column c∗. (b) In the presence of
participating background surfaces, point Q is also illuminated by the perturbing light Lb originating from projector column cb and reflected by a background
surface. (c) Illumination Ls originating from projector column cs reaches point Q after subsurface scatterings within the semi-transparent object. (d) Scenarios
involving participating background surfaces, subsurface scatterings and interreflections (Lr not shown) is very challenging. The illumination L arriving at
camera pixel v is a combination of the direct illumination L∗, and indirect illuminations Ls, Lb and Lr . We must extract L∗ from L to connect v to c∗.

In this paper, we propose two methods for the 3D shape71

measurement of semi-transparent surfaces using a projector-72

camera system. Both methods use sinusoidal patterns whose73

frequencies are selected in the frequency range allowed by74

the projection optics of the system. They differ in the way75

in which the camera-projector correspondence map is estab-76

lished, as well as in the number of patterns and the processing77

time required. The first method exploits the discrete Fourier78

transform (DFT) performed on the intensity signal measured at79

a camera pixel to inventory the projector columns illuminating80

directly and indirectly the scene point imaged at that pixel. The81

curve fitting-based method goes beyond DFT and achieves82

the same goal by fitting a proposed analytical model to83

the measured intensity signal. Both methods produce a one84

(camera pixel) to many (projector columns) correspondence85

between a camera pixel and projectors columns illuminating,86

directly or indirectly, the scene point imaged at that pixel.87

This results in several camera-projector correspondence maps,88

each of them yielding a 3D point cloud. A surface continuity89

constraint is applied to extract the 3D point cloud of the target90

semi-transparent surface. Our methods work much better than91

state-of-the-art methods as summarized in Figure 1.92

This paper offers the following contributions:93

• We develop (theory and practical implementation) a94

DFT-based method for 3D shape measurement of semi-95

transparent surfaces.96

• We develop (theory and practical implementation) a curve97

fitting-based method for 3D shape measurement of semi-98

transparent surfaces.99

• We propose the component subtraction procedure to ex-100

plicitly inventory projector columns illuminating a given101

scene point.102

• We propose a method to estimate the direct and indirect103

illuminations received by a semi-transparent surface.104

• We propose a surface continuity constraint to extract105

the 3D point cloud of a semi-transparent surface from106

a mixture of real and fictitious 3D points.107

In Section II, we position the proposed methods in the state108

of the art. In Section III, we model intensity signal measured109

in projector-camera systems. We elaborate on the proposed110

DFT-based and curve fitting-based methods in Section IV111

and Section V respectively. The surface continuity constraint 112

is discussed in Section VI. We illustrate our methods in 113

Section VII. Experimental results are discussed in Section VIII 114

and the paper ends by a conclusion in Section IX. 115

II. RELATED WORKS 116

State-of-the-art works related to 3D shape measurement 117

of semi-transparent surfaces using a projector-camera system 118

include methods addressing multipath light propagation, and 119

methods for reconstructing transparent objects. We give an 120

overview of related works and adopt a taxonomy in six classes 121

(intrusive, phase measurement, multipath correction, multi- 122

frequency, shape from distortion and learning-based methods). 123

For an in-depth review, readers should refer to [4], [7]–[9]. 124

1) Intrusive methods: Before measuring transparent sur- 125

faces, one can cover them with a thin layer of diffuse material 126

(e.g. powder or paint). However this surface treatment is not 127

viable in industrial environment because it is time consuming, 128

and can lead to an overestimation of the size of the surface 129

[10]. Scanning from heating is another intrusive method. A 130

high-power laser is utilized to locally heat up the surface while 131

it is captured by an infrared camera [11]. However, the high 132

power laser can pose security issues, and the heating process 133

can be long and destructive. 134

2) Phase measurement profilometry methods: Phase mea- 135

surement profilometry methods recover the 3D shape through 136

the per pixel phase computed using fringe patterns. They 137

demonstrated micrometric accuracy in measuring the 3D shape 138

of diffuse opaque surfaces [3], [4], [6] after robust phase 139

unwrapping [12]. These methods assume that the projector 140

light reaches the camera after a single bounce on the scene 141

(single path light propagation). They generally fail to measure 142

surfaces in the presence of multipath light propagation, unless 143

additional assumptions are made [13]–[15]. 144

3) Multipath correction methods: Multipath light propaga- 145

tion refers to scenarios where a camera pixel receives light 146

originating from two or more projector pixels/columns. It 147

is the case in the presence of interreflections or subsurface 148

scatterings/reflections. It is also the case when the camera 149

observes a stepped geometry (discontinuity), or when a semi- 150

transparent surface has a participating background. One must 151
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extract the contribution of the target surface from intensity sig-152

nal measured by each camera pixel. This was achieved using153

discrete Fourier transform to acquire transparent surfaces [16]154

and opaque surfaces in the presence of interreflections [17].155

High frequency patterns were used for scenes under global156

illumination [13]–[15], [18]. Multipath correction was also157

achieved by using unstructured light [19], or by combining158

a sparse Bayesian learning framework with novel application-159

specific constraints [20]. Others authors designed patterns that160

are resilient to indirect light paths [13], [15], [18], [19], or161

proposed iterative projection approaches [21], [22]. Methods162

relying on special hardware, e.g. polarizer [14] or a custom163

modification of the optics [23], were also proposed.164

4) Multi-frequency methods: Multi-frequency illumination165

methods have been proposed for phase unwrapping in phase166

measurement profilometry [13]–[15], [24], to acquire surfaces167

after multipath correction [13]–[17], [24], to obtain the ap-168

pearance of inner slices of translucent objects [25], and in169

deflectometry techniques [26], [27].170

5) Methods for measuring 3D shape from distortion:171

Methods relying on distortion to measure the 3D shape of172

transparent objects operate by scrutinizing, either from a single173

camera viewpoint ( [16], [28], [29]) or from several camera174

viewpoints ( [30]–[32]), the distortion of known patterns dis-175

played/projected behind or near the target transparent object.176

These distortions are due to the refraction [29], [30], [33],177

or reflection of light [16]. Shape from refraction methods178

include model-based reconstruction methods which require179

a parametrization of the measured surface [29], direct ray180

measurement methods where it is assumed that no more than181

two refractions occur [33], and intrusive methods where the182

objects is immersed in a liquid to simplify the light transport183

model [34]. A position normal consistency constraint is used184

in [35], while [31] and [32] use surface and refraction normal185

consistency, surface projection and silhouette consistency, and186

surface smoothness to refine a coarse 3D model through an187

optimization process. In the reflection-based method proposed188

in [16], patterns of different frequencies are projected on189

the transparent surface. The surface points are determined190

by exploiting the discrete Fourier transform. In deflectometry191

techniques, the specular reflection of fringe patterns on the192

target surface are captured by the camera. The computed phase193

is used to recover the surface 3D shape [26], [27]. Some194

authors proposed to use the polarization state of the reflected195

light to acquire (semi-) transparent surfaces [14], [36].196

6) Learning-based methods: Learning-based methods uti-197

lize neural networks to reconstruct transparent objects [9].198

Existing training datasets are constituted in a large proportion199

by synthetic data capturing different (shape, texture, material)200

transparent objects under various environments [37], [38].201

In [39], a convolutional neural network uses a single input202

image to estimate the 3D shape and normals of a transparent203

surface. Depth completion is performed by exploiting a local204

implicit neural representation built on ray-voxel pairs [38],205

by using deep convolutional network [37], or by using a206

generative adversial network [40]. Multi-view methods operate207

with several images and are less efficient (computational cost)208

but more robust (poor lighting, cluttered objects) than single209

view approaches. The methods proposed in [41] refines the 210

visual hull of the object based on the predictions of normals. 211

By representing a 3D scene as a continuous function, neural 212

radiance field can be exploited to reconstruct transparent 213

objects [42]. The drawbacks of learning-based methods is 214

that they need large annotated datasets for training, and can 215

not yet achieve the accuracy required in industrial metrology 216

applications where the reliability and consistency of 3D mea- 217

surements are of great importance [8]. 218

7) Positioning the proposed methods in the state of the 219

art: The proposed DFT-based and curve fitting-based meth- 220

ods are not intrusive and rely on the reflection of light to 221

operate. They are fundamentally different from laser scanning 222

approaches [43], and from single pixel imaging methods [44]. 223

They utilize multi-frequency sinusoidal patterns to explicitly 224

address multipath light propagation. The proposed methods do 225

not rely on phase measurement; rather, they use a nonlinear 226

formulation (DFT, curve fitting). Most methods proposed to 227

measure the 3D shape of transparent surfaces uses either 228

special hardware or is built under restrictive assumptions 229

(known refractive index and number of refraction, known 3D 230

shape estimate; use of high frequency patterns; simple or 231

parametrizable surface geometry, linear modulation transfer 232

function of the projector-camera system, etc.). Furthermore, 233

although learning-based methods show promising results for 234

applications requiring only coarse 3D models (e.g. robot nav- 235

igation and grasping), they are not yet suitable for industrial 236

metrology applications. Essential advantages of our methods 237

is that they use a projector-camera pair without additional 238

hardware (to implement our methods on existing systems, only 239

software modification is required to generate the patterns and 240

process the captured images using DFT or curve fitting), they 241

have no restrictive assumption, and they provide accurate 3D 242

model for semi transparent surfaces. The only requirement 243

is that the semi-transparent surface reflects enough light for 244

the camera to measure a signal above its noise level. The 245

DFT-based method is inspired by our previous work on the 246

3D shape measurement of opaque surfaces in the presence 247

of inter-reflections [17]. Measuring the 3D shape of semi- 248

transparent surfaces is a distinct and challenging problem. 249

Here, we demonstrate that DFT can be used to solve that 250

problem efficiently. The idea of using DFT was also proposed 251

to reconstruct transparent surfaces [16]. The proposed DFT- 252

based method goes further than [16] by considering the 253

perturbing illumination from background surfaces, by provid- 254

ing an in-deep theoretical fundamental (frequency selection, 255

accuracy expected, influence of the projection optics), and by 256

elaborating on practical implementations (projection hardware, 257

acquisition speed and processing speed). The curve fitting- 258

based method goes beyond DFT and achieves similar accuracy 259

with much fewer patterns. To our best knowledge, this paper 260

is the first to propose the use of multi-frequency patterns and 261

curve fitting to measure the 3D shape of semi-transparent 262

surfaces. 263

III. SIGNAL MODELING IN PROJECTOR-CAMERA SYSTEMS 264

In this section, we model the intensity signal measured 265

by the camera of a projector-camera system after projecting 266
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multi-frequency sinusoidal patterns. A sinusoidal pattern of267

frequency f can be generated using the following equation:268

P (c, f) = PA + PB cos(2πfc), (1)269

where PA and PB are constants. The projector column is
c ∈ [1; cmax], and cmax is the total number of projector
columns. The frequency f (unit:(projector pixel)−1) takes
a set of discrete values <f = {f1, f2, · · · , fM} such that
fm ∈ [0; fmax], fm > fm−1,m = 1, 2, · · · ,M . fmax is the
maximum frequency allowed by the projection optics of the
projector-camera system.When we project sinusoidal patterns
(1) on the scene, the camera captures intensity signal I(v, f)
at camera pixel v. We have:

I(v, f) =


k=K∑
k=1

[
Ak +Bk cos(2πfck)

]
, f ∈ <ns

f

Isat, f ∈ <s
f

(2)

where A is the amplitude offset (including camera noise) and270

B is the amplitude contrast. These amplitudes are defined for271

each camera pixel v and vary with the pattern frequency f :272

A ≡ A(v, f) and B ≡ B(v, f). K refers to the number of273

projector columns illuminating, directly or indirectly, scene274

point Q imaged at camera pixel v (Figure 2). The illumination275

component k originates from the projector column ck. <ns
f276

and <s
f are subsets of <f such that <ns

f ∪ <s
f = <f and277

<ns
f ∩<s

f = 0. These subsets are defined for each camera pixel.278

The measured intensity I(v, f) at camera pixel v reaches the279

saturation value Isat for each frequency in <s
f .280

We empirically modeled the relationship between ampli-281

tudes A and B, and the pattern frequency f . For that, we used282

an opaque surface on which there was no indirect illumination283

(in (2), K = 1 and <ns
f = <f ). For each frequency in <f , we284

applied the n-step Phase Shift method ( [3]) and computed A285

and B. To ensure the consistency of the empirical observations,286

we repeated the same process using three projector-camera287

systems built with different hardware components and having288

different specifications. Figure 3 shows the evolution of ampli-289

tudes A and B with respect to the pattern frequency f . These290

curves suggest that, regardless of the projector-camera system,291

the amplitude contrast B behaves as a Gaussian function with292

respect to frequency f , and that the amplitude offset A can293

be described by a polynomial Pp(f) of degree p. For f >= 0294

(i.e, across the entire frequency range), a polynomial of degree295

p = 3 can be adopted to describe A. In the interval [0, 0.2],296

A is constant (polynomial of degree p = 0).297

By imposing fmax = 0.2, i.e., by working only with fre-
quencies chosen in the interval [0, 0.2] where A is a constant,
intensity model (2) becomes:

I(v, f) =

a+
k=K∑
k=1

bke
−
(
f−µk
σk

)2
cos(2πckf), f ∈ <ns

f

Isat, f ∈ <s
f

(3)

The elements of <ns
f and <s

f all belong to the interval [0, 0.2].298

Parameters a, bk, µk ≥ 0, and σk > 0 are real constants all299

linked to camera pixel v: a ≡ a(v), bk ≡ bk(v), µk ≡ µk(v),300

and σk ≡ σk(v).301

Amplitude A Amplitude B

Sy
st

em
1

Sy
st

em
2

Sy
st

em
3

Fig. 3. Empirical models for amplitudes A and B. We used three projector-
camera systems having different specifications, including baseline (BL),
standoff distance (SoD), and measurement volume (MV = Height ×
Width×DepthOfField). Projectors had the same resolution (1024×768).
System 1 (large MV ): camera (1920× 988, 16bit), BL = 80cm, SoD =
200cm, MV = 180cm × 100cm × 150cm. System 2 (medium MV ):
camera (4096 × 2200, 10bit), BL = 26cm, SoD = 36cm, MV =
33cm×22cm×16cm. System 3 (small MV ): camera (3400×2200, 12bit),
BL = 15cm, SoD = 22cm, MV = 23mm×33mm×13mm. Regardless
of the system, amplitude contrast B behaves as a Gaussian function with
respect to f . Amplitude offset A can be described by a polynomial Pp(f) of
degree p. For f >= 0 (full range of frequencies), the value p = 3 (P3) can
be chosen to describe A. In the interval 0 ≤ f ≤ 0.2, A is constant (P0).

Among the K projector columns participating in the illumi- 302

nation of scene point Q imaged at camera pixel v, at most one, 303

we refer to it as c∗, is responsible for the direct illumination 304

received by Q. Other projector columns are responsible for 305

the indirect illumination of scene point Q. Discrete Fourier 306

transform can be used to determine projector columns ck, k = 307

1, 2, · · · ,K as the peak positions (see Section IV). Beyond 308

DFT, we can formulate a parameter estimation problem and 309

fit model (3) to intensity signal measured at camera pixel v 310

(see Section V). 311

IV. DFT-BASED METHOD 312

The DFT-based method has the same formulation as the 313

Frequency Shifted method that we proposed to measure the 314

3D shape of opaque surfaces in the presence of interreflec- 315

tions [17]. 316

A. Coding strategy: the selected frequencies satisfy the 317

Shannon-Nyquist sampling condition 318

The method utilizes sinusoidal patterns (1) with frequencies 319

fm(m = 1, 2, · · · ,Mdft) given by: 320

fm = f1 + (m− 1)∆f, fm ∈ [0; fmax] (4) 321

In (4), f1 is the minimum frequency. The maximum frequency 322

allowed by the projection optics of the projector-camera sys- 323

tem is fmax. In theory, fmax is equal to 0.5pixels−1. In 324

practice, it must be determined empirically (Section III) since 325

digital projectors can hardly project high-frequency sinusoidal 326

patterns with enough contrast. The sampling step size ∆f 327

is chosen so that the Shannon-Nyquist sampling condition is 328

satisfied. For a projector with cmax columns we should have 329

∆f ≤ 1/(2cmax). (5) 330

By defining fw as the width of the sampling interval, we obtain 331

the number of patterns as follows: 332

Mdft ≥ 1 + 2fwcmax (6) 333
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B. Decoding strategy: DFT is used to establish the one334

(camera pixel) to many (projector columns) correspondence335

After projecting Mdft sinusoidal patterns, the measured336

intensity at each camera pixel v is given by model (3). It is the337

sum of the individual contributions of the K projector columns338

participating directly and indirectly to the illumination of the339

scene point imaged at camera pixel v. Intituively, looking340

at model (3), a sum of exponentially damped sines, we can341

determine projector columns ck(k = 1, 2, · · · ,K) as the342

position of relevant peaks present in the DFT magnitude of343

intensity signal I(v, f). These positions are determined with344

subpixel precision using peak detection methods [45]. Thus K345

is the number of peaks detected, and ck is the position of the346

kth highest peak along the c−axis (see Section VII).347

At the end of this process we establish a one camera348

pixel v to K projector columns correspondence. As result,349

up to K camera-projector correspondence maps can be built.350

The first correspondence map is formed by projector columns351

related to the highest peak at each camera pixel; the second352

correspondence map is formed by projector columns linked to353

the second highest peak at each camera pixel, and so on. We354

can also sort the peaks in ascending order along the c−axis.355

The K correspondence maps obtained are used to computed356

K 3D point clouds by using the geometrical calibration of the357

projector-camera pair (triangulation). It is very likely that the358

kth 3D point cloud will be a mixture of 3D points belonging359

and 3D points not belonging to the semi-transparent surface.360

A surface continuity constraint is applied on these K 3D point361

clouds to extract the 3D point cloud of the semi-transparent362

surface (see Section VI and Section VII). The acquisition and363

processing steps for the DFT-based method are schematized364

in Figure 4.365

The accuracy in locating peaks in the DFT magnitude366

mainly depends on the step size ∆c along the c−axis. This367

step size is given by:368

∆c = 1/(Mdft ·∆f). (7)369

We want ∆c to be as small as possible. In general, this can370

be achieved by increasing either the number of patterns Mdft371

(note that we want to project as few patterns as possible) or the372

sampling step ∆f (up to the Nyquist rate). Both possibilities373

require increasing the sampling interval. Unfortunately, due to374

the projection optics, the frequency sampling interval [0; fmax]375

of a projector-camera system is bounded. This implies that376

∆c has a minimum bound: ∆c ≥ 1/fmax. The immediate377

consequence of this is that the DFT-based approach is unable378

to inventory (number of peaks in the DFT magnitude) the379

projector columns illuminating a given scene point when these380

projector columns are close to each other. Formally, if we381

define δc = |c1 − c2| as the spacing between two projector382

columns c1 and c2 illuminating a given scene point, the DFT383

magnitude will only show one peak (instead of two) if ∆c ≥384

δc/2 [17].385

V. CURVE FITTING-BASED METHOD386

A. Beyond DFT387

Discrete Fourier transform has two inherent characteristics388

that can negatively impact the performance of the DFT-based389

method. First, due to sampling theory, DFT requires a large 390

number of samples/patterns to ensure minimum accuracy; this 391

results in a low acquisition speed. Second, the accuracy of DFT 392

increases when the step size ∆c, given by (7), decreases. Since 393

projector-camera systems have a limited frequency sampling 394

range [0; fmax], ∆c has a minimum bound equal to 1/fmax 395

(typically ∆c ≥ 5pixels). Therefore, if two very close 396

projector columns illuminate a given scene point, it will be 397

impossible to identify them individually using DFT; this will 398

lead to an inaccurate 3D point. DFT is model independent. It 399

provides the representation of the input signal vector in another 400

(c−) domain. Curve fitting relies entirely on an analytical 401

model, and provides the “mathematical formula” of the signal. 402

Therefore, unlike DFT, curve fitting can works with fewer 403

samples and reliably inventory the number of components in 404

model (3), even when very close projector columns illuminate 405

a scene point. Through simulations, we verified that the two 406

components (projector columns) of a signal with 64 samples 407

can be accurately determined by curve fitting, even when 408

they are separated by only 2 pixels (instead of 5 pixels for 409

DFT with a signal of 768 samples). Nevertheless, fitting 410

data to a nonlinear model is an iterative process whose 411

speed of convergence to the solution strongly depends on the 412

initialization of the problem. 413

B. Coding strategy: randomly selected frequencies 414

The proposed curve fitting-based method uses sinusoidal 415

patterns (1) with frequencies (fm ∈ <f , m = 1, 2, · · · ,Mcf ) 416

randomly selected in the range of frequencies allowed by 417

the projector-camera system. Formally, the sampling range 418

[0; fmax] is discretized at the Nyquist rate to yield Mdft fre- 419

quencies (see Section IV-A). Then, Mcf frequencies (Mcf � 420

Mdft) are randomly selected among the Mdft available fre- 421

quencies. 422

C. Decoding strategy: curve fitting is used to establish the one 423

(camera pixel) to many (projector columns) correspondence 424

After projecting Mcf sinusoidal patterns, intensity signal 425

measured at each camera pixel v is analytically described by 426

model (3). This model is a sum of K exponentially damped 427

sinusoids, each sinusoid being the contribution of a projector 428

column illuminating directly or indirectly the scene point 429

imaged at camera pixel v. The model has 4K+ 1 parameters: 430

a, bi, µi, σi, and ci, i = 1, · · · ,K. We determine these pa- 431

rameters, in particular projector columns ck, k = 1, 2, · · · ,K, 432

by fitting model (3) to the measured intensity signal. Since 433

model (3) is a nonlinear function of its parameters, the 434

curve fitting problem is solved iteratively. For that, we must 435

formulate a parameter estimation problem (Section V-C1). 436

We must perform the parameter sensitivity and identifiability 437

analysis (Section V-C2). We need to find a way to initialize 438

the problem to ensure systematic convergence to the solution 439

(Section V-C3). Finally, the nonlinear optimization process 440

must be fast and reliable (Section V-C4). 441

1) Parameter Estimation Problem: Let’s define vector 442

Θ = [a, b1, · · · , bK , µ1, · · · , µK , σ1, · · · , σK , c1, · · · , cK ] of 443

This article has been accepted for publication in IEEE Transactions on Visualization and Computer Graphics. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TVCG.2024.3477413

© 2024 Crown Copyright. Personal use is permitted. For any other purposes, permission must be obtained from the IEEE by emailing pubs-permissions@ieee.org.



6

Raw 3D Point Clouds

Peak 

Detector
DFT

Raw Camera-Projector 

Correspondence Maps 
Surface Continuity 

Constraint

Final Camera-Projector 

Correspondence Map
Final 

3D Point Cloud

Captured 

Images

Sinusoidal 

Patterns

Mdft Frequencies/patterns  
DFT-based method (Mdft images) operates in three steps: DFT computation, peak detection, and 3D points sorting (surface continuity constraint).
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Curve fitting-based method (Mcf images) operates in three steps: parameter initialization, curve fitting, and 3D points sorting (surface continuity constraint).

Fig. 4. Acquisition and processing steps for the two proposed methods. Acquisition consists in generating Mdft or Mcf sinusoidal patterns, projecting them
sequentially by the projector, and capturing the illuminated scene with the camera. Processing is performed on a per pixel basis in three steps.

size N = 4K+ 1 as the parameter vector associated to model444

(3) which takes the following general form:445

I(v, f) = I(v, f,Θ), f ∈ <f (8)

Intensity Ĩ(v, f) measured at camera pixel v is written as446

Ĩ(v, f) = Ĩ(v, f), f ∈ <f (9)

We define the following error447

ζ = I(v, f)− Ĩ(v, f), (10)

and we want to estimate parameter vector Θ̃ that minimizes448

the following cost function ξ:449

ξ =

m=Mcf∑
m=1

[
I(v, fm,Θ)− Ĩ(v, fm)

]2
. (11)

Starting with an initial guess, parameter vector Θ is iteratively450

updated until cost function (11) is minimized up to a desired451

precision. The achieved accuracy depends on whether model452

(3) is sensitive to its parameters or not, and whether parameter453

vector Θ is identifiable or not.454

2) Parameter sensitivity and identifiability: The sensitivity455

coefficient Si of model (8) to parameter Θi is [46]:456

Si(v, f) =
∂I(v, f,Θ)

∂Θi
, i = 1, 2, · · · , N (12)

The higher the sensitivity coefficient Si, the more important457

the parameter Θi is for model (8). Parameter identifiabil-458

ity analysis aims to determine identifiable parameters. The459

cost function (11) can reach its minimum for one and only460

one combination of values of identifiable parameters. The461

sensitivity coefficients of identifiable parameters are linearly462

independent. The following conclusions are drawn from nu-463

merical simulations: (i) model (3) is sensitive to each of its464

parameters; (ii) parameter c is the most important parameter;465

(iii) parameter a, b and c are identifiable.466

3) Parameter Initialization using component subtraction:467

Numerical simulations also revealed that: (iv) the initial value468

of parameter c must deviates by less than 2 from its true469

value; (v) parameters a, b and µ can all be initialized to 0;470

(vi) the initial value for parameter σ should be different from471

0 and less than 0.2. The convergence of the minimization472

process to the global minimum is guaranteed if (iv), (v)473

and (vi) are adopted. Motivated by (ii), we introduce the474

component subtraction method, a brute search approach, to475

initialize parameter c so that (iv) is satisfied. The idea is476

to approximate model (3) by a sum of K pure sinusoidal477

functions rk cos(2πckf), k = 1, 2, · · · ,K. We determine the478

first component {r1; c1} as the values of {r; c} that minimize 479

the deviation between the original signal and the sinusoidal 480

function r cos(2πcf). This is achieved through an exhaustive 481

search on r and c. Once {r1; c1} is found, the original 482

signal is updated by subtracting the component r1 cos(2πc1f). 483

The obtained signal is then used to determine the second 484

component {r2; c2} and so on. This process is repeated until 485

the standard deviation of the updated signal is smaller than 486

a desired threshold ε. Algorithm 1 summarizes the proposed 487

component subtraction method which determines the number 488

of informative components of the measured intensity signal 489

at camera pixel v. It allows to inventory projector columns 490

illuminating the scene point imaged at camera pixel v.

Algorithm 1 : Component subtraction method
Input: I(v, f), <f , cmax, and ε
Normalize I(v, f). Initialize the deviation Ei = ||I(v, f)||2
While Ei > ε do E1 = Ei

For c = 1 to cmax

For r = 0 to 1
E = ||I(v, f)− r cos(2πcf)||2
If E < E1 then . Deviation decreases
E1 = E; ri = r; ci = c

EndIf
EndFor

EndFor
C = C ∪ ci . Keep ci
Remove component: I(v, f) = I(v, f)− ri cos(2πcif)
Compute the deviation Ei: Ei = ||I(v, f)||2

EndWhile.
Output: C

491

4) Levenberg Marquardt algorithm: In this paper, we im- 492

plemented the Levenberg Marquardt (LM) algorithm described 493

in Algorithm 2 to estimate parameter vector Θ̃ that minimizes 494

cost function (11). LM method is very efficient. It behaves like 495

a gradient-descent method when the updated parameter vector 496

Θ̃updt is far from Θ̃, otherwise, it acts like the Gauss-Newton 497

method [47]. Computation are performed on a per pixel basis 498

with intensity signal I(v, f), selected frequencies <f , initial 499

parameter vector Θini, and error threshold εLM as main 500

inputs. We remind that Mcf is the number of patterns/samples 501

and N is the number of parameters of model (3). In each itera- 502

tion, sensitivity coefficients Si, i = 1, 2, · · · , N are computed 503

using (12) to assemble the Mcf ×N Jacobian matrix J . We 504

have Jm,i = Si(v, fm);m = 1, 2, · · · ,Mcf ; i = 1, 2, · · · , N . 505

The N × N matrix J tJ and N × 1 vector J tζ are also 506

assembled. Defining λ as a tunable scalable parameter, and 507
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Algorithm 2 : Levenberg Marquardt algorithm implemented
Input: I(v, f), <f , Θi, and εLM

Normalize I(v, f) to 1. Set Θ̃ = Θi. Initialize λ = 10−3

Compute error ζ using (10) with Θ = Θ̃
Compute cost function ξ using (11) with Θ = Θ̃
While (ξ > εLM ) do

Compute Sensitivities S using (12) with Θ = Θ̃
Assemble the Jacobian J , and matrices J tJ and J tζ
Solve (J tJ + λΛ)δΘ = −J tζ for δΘ
Update Θ̃updt = Θ̃ + δΘ
Compute error ζupdt using (10) with Θ = Θ̃updt

Compute cost function ξupdt using (11) with Θ = Θ̃updt

If ξupdt < ξ then . Update is accepted
λ = 10−3; Θ̃ = Θupdt; ζ = ζupdt; ξ = ξupdt

Else . Update is rejected
λ = 10λ

EndIf
EndWhile.
Output: Θ̃

identity matrix Λ, the step size δΘ utilized to update parameter508

vector Θ̃ is determined by solving the following system of509

equations:510

(J tJ + λΛ)δΘ = −J tζ (13)

Parameter vector is then updated as Θ̃updt = Θ̃+δΘ, and cost511

function ξupdt is computed using (11). if ξupdt has decreased,512

Θ̃updt is kept, otherwise we increase λ without updating Θ̃.513

Iterations stop when ξ is below a desired error threshold εLM .514

The acquisition and processing steps for the curve fitting-based515

method are schematized in Figure 4.516

5) Fitting error: We analyzed the fitting (root-mean-square)517

error obtained with 35 semi-transparent surfaces. Approxi-518

mately 5× 105 fits were performed per surface. We observed519

that if the measured intensity signal power is greater than 24,520

then a fitting error of ∼ 0.05 can be expected. This is a fairly521

low value that confirms the validity of the proposed model (3).522

Obviously, this error decreases as the signal power increases.523

VI. SURFACE CONTINUITY CONSTRAINT524

Let’s recall that the proposed methods produce a one525

(camera pixel) to many (projector columns) correspondence526

between a camera pixel and projector columns illuminating,527

directly and indirectly, the scene point imaged by that camera528

pixel. This yields nP camera-projector correspondence maps.529

Thus nP 3D point clouds Pi, i = 1, 2, · · · , nP are obtained530

under the epipolar constraint. Each 3D point cloud is a mixture531

of 3D points belonging to the semi-transparent surface and 3D532

points, either real (e.g., belonging to background surfaces) or533

fictitious, not belonging to the semi-transparent surface. We534

must extract the 3D point cloud of the target semi-transparent535

surface from these nP 3D point clouds.536

The surface continuity constraint exploits the fact that since537

any real surface is continuous, its digitized version must538

consist of a set of 3D points having a strong continuity539

constraint with their neighbors. Locally, neighboring 3D points540

belonging to the semi-transparent surface should be very close541

to each other. Additionally, the semi-transparent surface is the542

Algorithm 3 : Surface growing algorithm
x(v): value of x at pixel v. |x|: number of pixels in x.
Edist(p, p

′): Euclidean distance between 3D points p and p′.
Input: pixel seed Seed, 3D point cloud seed Pseed, candidate
point cloud P , and threshold εsc
ns = −1;
While ns 6= |Seed| do ns = |Seed|

Build NSeed that contains the neighboring pixels of Seed
For n = 1 to |NSeed|

vc = NSeed(n) . Pixel candidate
Nvc : neighbor pixels of vc that belong to Seed

d =
i=|Nvc |∑

i=1

Edist

(
P(vc),Pseed

(
Nvc(i)

))
/|Nvc |

If d ≤ εsc then . Good continuity
Seed = Seed ∪ vc and Pseed = Pseed ∪ P(vc)

EndIf
EndFor

EndWhile.
Output: Seed and Pseed

Algorithm 4 : Surface Continuity constraint

Input: Pixel vseed, point clouds {Pi}i=nP
i=1 , threshold εsc

Arrange (per pixel) {Pi}i=nP
i=1 in ascending order of distance

Initialize Surf = vseed and Psurf = P1(vseed)
For i = 1 to nP

Apply Algorithm 3 with inputs Surf , Psurf , and Pi

Surf = Seed and Psurf = Pseed

EndFor
Output: Surf and Psurf

closest surface to the projector-camera system: most light rays 543

from the camera pixels will hit the semi-transparent surface 544

before any other surface in the scene. Unlike filtering methods, 545

the surface continuity constraint does not recover a smoother 546

surface from a combination of measurements. Rather, it sorts 547

points of the nP 3D point clouds and keeps at each camera 548

pixel only the 3D point belonging to the semi-transparent 549

surface. This 3D point is the one which has a strong constraint 550

of continuity with its neighborhood (it belongs to a surface), 551

and is the point closest to the camera (the semi-transparent 552

surface is the surface closest to the camera). 553

The core of the proposed surface continuity constraint is 554

the surface growing process described in Algorithm 3. It is 555

built on the region growing algorithm [48], and describes the 556

surface by the group of pixels Seed, and the group of 3D 557

points Pseed. The group NSeed of the neighboring pixels of 558

Seed is determined. A pixel is a neighbor of Seed if it does 559

not belong to Seed and have at least one of its neighbors 560

(8−neighborhood connectivity) belonging to Seed. For each 561

candidate neighboring pixel vc ∈ NSeed we build the group 562

Nvc of its neighbors belonging to Seed. We then calculate 563

the mean Euclidean distance between the 3D point P(vc) at 564

pixel vc and 3D points at pixels in Nvc . Candidate pixel vc is 565

added to Seed (3D point P(vc) is added to Pseed) if the mean 566

Euclidean distance is less than a chosen surface continuity 567

threshold εsc. This process iterates until the size of Seed no 568

longer increases. Algorithm 4 implements the proposed surface 569
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Scene DFT-based (768 patterns) Surface Continuity

(b) (c) (d) (e) (f) (g) (n) corresp. map (p) 3D point cloud
Curve fitting-based (32 patterns) Illumination components

(a) Total illum. (h) (i) (j) (k) (l) (m) (q) Direct (r) Indirect

Fig. 5. Illustration of our methods. (a) The scene captured by the camera when all projector columns are turned on (total illumination). DFT-based method. (b)
Signals at point Q1 (top) and Q2 (bottom) have 768 samples. (c) DFT magnitude of these signals. Points Q1 and Q2 are illuminated by one (one peak) and
two (two peaks) projector columns respectively. (d-e) We obtain two correspondence maps and thus (f-g) two 3D point clouds. Curve fitting-based method. (h)
Results of fitting model (3) to intensity signals (32 samples) at point Q1 (top) and Q2 (bottom). Points Q1 and Q2 are illuminated by one (one component) and
two (two components) projector columns respectively. (i) Histogram of the fitting error demonstrates the validity of our proposed model. (j-k) Correspondence
maps and (l-m) 3D point clouds obtained. In both methods the surface continuity constraint yields the (n) correspondence map and (p) 3D point cloud of the
semi-transparent surface. This allows the (q) direct and (r) indirect components of the total illumination (a) to be separated.

continuity constraint. We first rearrange the nP 3D point570

clouds in an increasing order of distance from the camera.571

At each pixel, the 3D point cloud P1 contains the 3D point572

closest to the camera. A seed pixel vseed randomly chosen573

and the 3D point cloud P1 are used to initialize the group of574

pixels Surf and the group of 3D points Psurf linked to the575

semi-transparent surface. By looping over the nP rearranged576

3D point clouds, the semi transparent surface is progressively577

extracted by providing the necessary inputs to Algorithm 3.578

Direct and indirect illuminations: Each 3D point in579

Psurf is related to the projector column c∗ responsible for580

the direct illumination of the surface point. The component581

{b∗, µ∗, σ∗, c∗} obtained using curve fitting is utilized to582

estimate the direct illumination Id(v, f) as follows:583

Id(v, f) = b∗e
−
(
f−µ∗
σ∗

)2
cos(2πc∗f) (14)

The indirect illumination Iid(v, f) is therefore estimated as:584

Iid(v, f) =

k=K∑
k=1

bke
−
(
f−µk
σk

)2
cos(2πckf), ck 6= c∗ (15)

585

VII. ILLUSTRATIVE EXAMPLE586

In this section we provide and illustrative example for the587

proposed methods. The scene is constituted by a planar semi-588

transparent surface placed in front of an opaque white cup589

acting as a participating background. Figure 5a shows the590

scene from the camera viewpoint when all projector columns591

are turned on. Point Q1 belongs to a region of the semi-592

transparent surface where background surfaces are at infinity,593

whereas point Q2 belongs to the region with a participating594

background surface. We selected 768 frequencies (Section IV)595

and generate the sinusoidal patterns. The measured intensity596

signals at point Q1 and Q2 are presented in Figure 5b. The597

DFT magnitude for these signals are given in Figure 5c. Point598

Q1 is illuminated by only one projector column (peak at599

c1 = 602.51) , and point Q2 receives light from two projector 600

columns (peaks at c1 = 431.79 and c2 = 356.47). We have a 601

one (camera pixel) to two (projector columns) correspondence. 602

Figure 5d and 5e present the first and second camera-projector 603

correspondence map respectively. The corresponding 3D point 604

clouds are shown in Figure 5f and Figure 5g. For the curve 605

fitting-based method, we selected 32 frequencies (Section V). 606

Figure 5h show the results obtained by fitting model (3) 607

to intensity signals measured at points Q1 and Q2. Point 608

Q1 is illuminated by one projector column c1 = 601.77, 609

while projector columns c1 = 432.53 and c2 = 356.47 610

illuminate point Q2. Figure 5i is the histogram of the fitting 611

(root-mean-square) error. The median error is ∼ 0.05, which 612

is quite small, showing the validity of the proposed model 613

(3). We obtain two camera-projector correspondence maps 614

(Figure 5j-k) and two 3D point clouds (Figure 5l-m). The 3D 615

points belonging to the semi-transparent surface are distributed 616

between the two 3D point clouds obtained.Figure 5n-p presents 617

the results (correspondence map and 3D point cloud) obtained 618

by applying the surface continuity constraint. Figure 5q and 619

Figure 5r show the direct and indirect illuminations received 620

by the planar semi-transparent surface. 621

VIII. EXPERIMENTAL RESULTS AND DISCUSSION 622

A. Practical implementation 623

We used the system 2 (see its specifications in Figure 624

3) to evaluate the effectiveness of the proposed methods. It 625

was constituted by a HR-12000M camera ( Emergent Vision 626

Technologies) and a ML750ST consumer-grade projector (Op- 627

toma). The projection optics included a cylindrical lens to 628

improve the quality of the generated sinusoidal patterns [49], 629

and the maximum frequency was fmax = 0.2. Acquisition 630

speed of the system was 30Hz. 631

All the proposed algorithms work pixel by pixel and are 632

therefore parallelizable. We implemented these algorithms on 633

graphics processing units (GPU) using OpenCL. We utilized 634
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clFFT library for parallel DFT computation, and we have made635

original GPU implementations for the component subtraction636

algorithm, the Levenberg Marquardt algorithm, and the surface637

continuity constraint. We used a consumer-grade computer638

running Windows 10 (64 bit) and equipped with a 4.00GHz639

Intel(R) Core(TM) i7-6700K CPU, a 48GB core memory and640

a GTX-1070Ti GPU. Overall, for HD images (1920 × 1080641

pixels), the processing time was approximately 25s for the642

DFT-based method. The curve fitting-based method takes five643

times longer than the DFT- based method.644

To compare our results, we also implemented the gold stan-645

dard n-step Phase Shift (PS) method (32 patterns, i.e., n = 25646

phase offsets +7 Gray codes for phase unwrapping, period647

of 15 pixels) [3], and the Line Scanning (LS) method (1024648

patterns) inspired from the laser scanning method [43]. PS649

method summarizes well the results that can be expected with650

phase shift-based methods when measuring semi-transparent651

surfaces. In LS, the projector columns are turned on one after652

the other and a threshold is applied to establish the camera-653

projector correspondences. The DFT-based and curve fitting654

(CF)-based methods were configured to use 768 patterns and655

64 patterns respectively. System settings, including camera656

gain, camera lens aperture, and projector power, were adjusted657

from scene to scene to minimize pixel saturation and avoid658

measuring low level signals. However, for a given scene, the659

same settings were utilized for all implemented (PS, LS, DFT-660

based, CF-based) methods. The proposed surface continuity661

constraint was used in our (DFT, CF) methods and in LS. We662

utilized εsc = 1mm in all our experiments.663

B. Qualitative results664

We considered semi-transparent surfaces of different shapes,665

transmittances, thicknesses and materials. Figure 6 summa-666

rizes results obtained with state-of-the-art PS and LS methods,667

and proposed DFT-based and CF-based methods. For each668

methods, we provide one pose of the 3D point cloud, the 2D669

Z−map, a 1D profile taken on the Z−map, and the total,670

direct and indirect illuminations received by the surface.671

The Face Mask, Mold Cover and Plastic Film are three672

semi-transparent surfaces placed in front of participating673

background surfaces. PS method fails in reconstructing these674

semi-transparent surfaces, and LS performs pretty well.675

The proposed methods give also good results. The Cone,676

Bowl in Bowl, and Ball are semi-transparent objects whose677

rear part acts as a participating background. PS also fails678

in these cases. LS fails when the camera pixel measures a679

low level signal or when the measured signal is dominated680

by contributions from the background (see Cone and Ball).681

DFT-based method performs well, except when there is pixel682

saturation (see Bowl in Bowl). Curve fitting-based method683

also provides good results, even in the presence of pixel684

saturation. The background surfaces of the Glass Skull and685

the Plastic Bear include their back parts and others surfaces.686

PS (32 patterns) yields the worst reconstruction. LS (1024687

patterns) is affected by the choice of the threshold (bottom688

region of Plastic Bear). DFT-based (768 patterns) and CF-689

based (64 patterns) methods show reliable results. Subsur-690

face scatterings exist in the liquid-filled Tube and in the691

Printed Duck. Except PS, all tested methods are successful 692

in reconstructing these semi-transparent surfaces, but with 693

different number of patterns. 694

C. Discussion 695

To quantitatively evaluate the proposed methods, we fitted 696

a plan on an opaque planar gauge block, and a sphere on 697

an opaque spherical gauge block. We also used a flat semi- 698

transparent surface, part of which was covered with white 699

paint. We finally fitted a quadric surface on the Cup and 700

Cone. The root-means-square deviation (rmsd) was used as 701

the quantitative metric. The results summarized in Figure 7 702

show that our methods are more accurate and consistent 703

than LS and PS. They give low rmsd of the same order 704

of magnitude (between 0.08 and 0.23) for all surfaces. This 705

confirms the qualitative observations in Figure 6, and the 706

potential offered by our methods for metrological applications. 707

Nonetheless, we suspect that the overall accuracy achieved by 708

the proposed methods will depends on the reflectance of the 709

semi-transparent surface as well as the sensitivity and inherent 710

noise level of the camera. In near future we will carry out an 711

in-depth quantitative assessment of the proposed methods. 712

While offering similar performance, the two proposed meth- 713

ods have different acquisition and processing time. The DFT- 714

based method has a long acquisition time due to the high 715

number of frame required, and has a linearithmic (M logM ) 716

time complexity. Data acquisition for the curve fitting-based 717

method is more than ten times faster than acquisition time for 718

the DFT-based method. However, its computing time (> 2min 719

for HD images on GTX-1070Ti) is more than five time that 720

of the DFT-based method (∼ 25s for HD images on GTX- 721

1070Ti). However, it should be noted that these processing 722

times can be greatly improved by code optimization. We 723

must stress the fact that, for the curve fitting-based method, 724

50% of the computing time is devoted to the initialization 725

(component subtraction method) of the parameter estimation 726

problem, a key and mandatory step to ensure convergence 727

towards the global minimum of the cost function. The ex- 728

haustive search approach adopted for parameter initialization 729

is computationally stable and allows for on-the-fly inventory 730

of all components of the received illumination. In future work, 731

we will consider relying on neural networks to initialize our 732

problem. We expect a fast inference time, but this approach 733

may require setting the maximum number of components in 734

advance to reduce the size of the training data to be generated. 735

In this paper we extracted the semi-transparent surface as 736

the first interface in front of the projector-camera system. 737

Nothing prevents repeating the extraction process (surface 738

continuity constraint) to also measure the background surfaces 739

when possible. A framework for structured-light tomography 740

will be introduced in future work. 741

The underlying assumption of the proposed methods is that 742

the light reflected from the semi-transparent surface is strong 743

enough to be captured with a signal-to-noise ratio greater 744

than the camera noise level. At the moment, we are not 745

able to provide, either theoretically or empirically, a minimum 746

signal-to-noise ratio that guarantees accurate results with the 747
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Fig. 6. Results for some semi-transparent surfaces. First column: picture of scene (top) and camera viewpoint (middle). Other columns: 3D point cloud (top),
Z− map (middle), and 1D profile along the black line in the Z−map (bottom). For clarity, background surfaces have been removed in 3D point clouds.
Last column: Separation of the total illumination (top) into its estimated direct (middle) and indirect (bottom) components. ?We used the proposed surface
continuity constraint in Line Scanning method.
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Fig. 6. (Continued.) Results for some semi-transparent surfaces. First column: picture of scene (top) and camera viewpoint (middle). Other columns: 3D
point cloud (top), Z− map (middle), and 1D profile along the black line in the Z−map (bottom). For clarity, background surfaces have been removed in
3D point clouds. Last column: Separation of the total illumination (top) into its estimated direct (middle) and indirect (bottom) components. ?We used the
proposed surface continuity constraint in Line Scanning method.
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Opaque planar Gauge Opaque Spherical Gauge Planar Semi-transparent/painted Cup Cone

PS (0.11mm; 314425) (0.10mm; 347386) (9.94mm; 330697) (0.18mm; 344622) (3.73mm; 530495) (23.56mm; 907644)

LS (0.17mm; 314425) (0.22mm; 347581) (1.29mm; 285433) (0.21mm; 344622) (0.11mm; 558312) (0.73mm; 862807)

DFT (0.08mm; 314425) (0.08mm; 347610) (0.22mm; 368141) (0.19mm; 344622) (0.08mm; 558312) (0.20mm; 1032633)

CF (0.08mm; 314425) (0.11mm; 347610) (0.23mm; 368141) (0.20mm; 344622) (0.07mm; 558312) (0.21mm; 1032633)

Fig. 7. Quantitative results. (rmsd;N): the root-mean-square deviation rmsd is computed using N 3D points inside the region bounded by the red lines.
Our methods are more accurate and consistent than LS and PS. They give low rmsd of the same order of magnitude for all surfaces.

proposed methods. However, the power of intensity signals748

measured on all tested surfaces presented in Figure 6 were749

greater than 24. Another limitation is that both proposed750

methods are not yet ready for real-time applications using751

commercial off-the-shelf hardware. However, the reliability,752

robustness and accuracy provided by these methods can be753

successfully exploited for applications that do not require real-754

time operations.755

IX. CONCLUSION756

In this paper we presented the DFT-based and curve fitting-757

based methods for measuring the 3D shape of semi-transparent758

surfaces. Both methods project sinusoidal patterns of different759

frequencies to encode the projector columns. Camera-projector760

correspondence maps are established using DFT or curve761

fitting, and a surface continuity constraint is applied to extract762

the target semi-transparent surface. These methods show very763

good results and outperform state-of-the-art methods in terms764

of reconstruction quality, accuracy, and reliability. Although765

the acquisition speed (DFT-based method) and computing time766

(curve fitting-based method) required can be a limitation, the767

proposed methods have the potential to be used for metro-768

logical applications. In future work, we would like to define769

the minimum signal-to-noise ratio (minimum reflectance of770

the surface) required by our methods. We will also work to771

improve the calculation time required by the initialization step772

in the curve fitting based method. We further aim to apply773

the proposed ideas to multi-view reconstruction of transparent774

objects.775

REFERENCES776

[1] M.-A. Drouin and J.-A. Beraldin, Active Triangulation 3D Imaging Sys-777

tems for Industrial Inspection. Cham: Springer International Publishing,778

2020, pp. 109–165.779

[2] M.-A. Drouin and A. Tahan, 3D Imaging Systems for Optical Metrology.780

Singapore: Springer Nature Singapore, 2023, pp. 1293–1318.781

[3] C. Zuo, S. Feng, L. Huang, T. Tao, W. Yin, and Q. Chen, “Phase shifting782

algorithms for fringe projection profilometry: A review,” Optics and783

Lasers in Engineering, vol. 109, pp. 23–59, 2018.784

[4] J. Xu and S. Zhang, “Status, challenges, and future perspectives of fringe785

projection profilometry,” Optics and Lasers in Engineering, vol. 135, p.786

106193, 2020.787

[5] S. Feng, C. Zuo, L. Zhang, T. Tao, Y. Hu, W. Yin, J. Qian, and Q. Chen,788

“Calibration of fringe projection profilometry: A comparative review,”789

Optics and Lasers in Engineering, vol. 143, p. 106622, 2021.790

[6] S. Zhang, “High-speed 3D shape measurement with structured light791

methods: a review,” Optics and Lasers in Engineering, vol. 106, pp.792

119–131, 2018.793

[7] I. Ihrke, K. N. Kutulakos, H. P. A. Lensch, M. Magnor, and W. Heidrich,794

“Transparent and Specular Object Reconstruction,” Computer Graphics795

Forum, 2010.796

[8] A. Karami, R. Battisti, F. Menna, and F. Remondino, “3d digitization 797

of transparent and glass surfaces: State of the art and analysis of some 798

methods,” The International Archives of the Photogrammetry, Remote 799

Sensing and Spatial Information Sciences, vol. XLIII-B2-2022, pp. 695– 800

702, 2022. 801

[9] J. Jiang, G. Cao, J. Deng, T.-T. Do, and S. Luo, “Robotic perception 802

of transparent objects: A review,” IEEE Transactions on Artificial 803

Intelligence, pp. 1–21, 2023. 804

[10] D. Palousek, M. Omasta, D. Koutny, J. Bednar, T. Koutecky, and 805

F. Dokoupil, “Effect of matte coating on 3d optical measurement 806

accuracy,” Optical Materials, vol. 40, pp. 1–9, 2015. 807

[11] M. Landmann, H. Speck, P. Dietrich, S. Heist, P. Kühmstedt, 808
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