been developedlf], [5], [11], [17], obtaining a sparse re-
construction with absolute coding and good accuracy re-
sults. In contrast, the use of one-shot projections to ob-

. tain dense reconstruction having absolute coding has not
Absolute phase mapping for one-shot been studied that much. Some techniques combining one-

dense pattem projection shot projection and absolute coding were proposed by Car-
rihill and Hummel 3] and Tajima and Iwakawalp]. They

present a grayscale pattern and a rainbow pattern coded in
spatial domain. However, as stated by Salvi et=i],[they
suffer from low resistance to noise and low level of accu-
racy. In order to obtain better reconstruction results more
Av. Lluis Santalo S/N, E-17071 Girona (Spain) information must be embedded in the pattern. That is, the
sergiofn, gsalvi@eia.udg.edu amount of information that could be obtained from a set
of projections must be condensed to one single shot. To this
end, a multiplexation of patterns in frequency or color gpac

Sergio Fernandez, Joaquim Salvi

Institute of Informatics and Applications, Univ.Girona

Tomislav Pribanic

Faculty Electrical Engineering and Computing, Univ.Zagre b is required. The algorithm proposed in this paper utilizes
Unska 3, HR-10000, Zagreb (Croatia) the ideas of dense reconstruction combined with a novel
Tomislav.Pribanic@fer.hr method for phase unwrapping in order to obtain a one-shot

dense reconstruction having absolute coding. The paper is
structured as follows: sectidhpresents a brief overview on
dense reconstruction methods, while sectboimtroduces

the absolute coding unwrapping algorithm. The design of
the method is presented in sectibnand the experimental
results with both simulated and real data are presented in
section5. Finally, section6 concludes with a discussion

Abstract

The use of one-shot pattern projection to obtain 3D
dense reconstruction constitutes a promising eld of re-

search in structured light. Most of the related works pre- 4 ihe proposed method, analyzing the advantages and dis-

sented in the literature are based on the projection of a 54yantages and pointing out the line of research for future
fringe pattern to extract depth from phase deviation. HOw- k.

ever, the algorithms employed to unwrap the phase are com-

putationally slow and can fail under certain slopes and oc-

clusions in the object shape. In these lines, a color one- 2. Brief overview of dense reconstruction tech-
shot dense reconstruction using fringe pattern projection niques

and wavelet decomposition is presented. Moreover, a novel

phase unwrapping aigorithm is proposed, providing a fast Dense reconstruction refers to the ab|||ty of Obtaining a

ture has been usually accomplished by using a continuous

pattern. These patterns, named as continuous coding-strate
gies, show a continuous intensity or color variation thioug
out the coding axis1[7]. Different continuous approaches
Three dimensional reconstruction using structured light have been proposed in the literature, the majority of them
constitutes an active topic in computer vision, having dif- using a fringe pattern with both trapezoidal or sinousoidal
ferent applications such as range sensoring, industrial in shape. Within them, sinusoidal strategies present lower er
spection, reverse engineering, object recognition, 3D maprors due to defocusing/[ and are easier to analyse by a
building, biometrics and others. Within them, application transformation to frequency domain. The 3D information
requiring dense reconstruction with real time response hav obtained from the projection is stored as a phase deviation
increased during the last years due to the necessity to dea®f the sinusoidal fringe, which is extracted using a proper
with dynamic scenarios. Some proposals have been dondhase extraction algorithm. Some of the approaches used in
using fast capturing cameras and a set of projection pat_the literature for dense reconstruction include Phase Mea-
terns. However, the ability to work in real time conditions surement Pro lometry (PMP), Fourier Transform Pro lom-
regardingless the speed of motion (up to the acquisitioa tim etry (FTP) and, more recently, Wavelet Transform Pro lom-
required by the camera) is only achieved by one-shot pro-etry (WTP).
jection techniques. Moreover, absolute coding represents  Phase Measurement Pro lometry (PMP) was rstly
must for most of the applications mentioned above. Dif- proposed by Srinivasan et aiLg]. The idea of this tech-
ferent techniques using De Bruijn codes and M-arrays havenique is to create a set of sinusoidal patterns which are pro-

1. Introduction



jected and shifted over time. Every projection is shifted where

from the previous projection by a factor @=N , being c(x;y) = }b(x;y)ei (xy) (5)

N the total number of projections. From the deformation 2

caused to the set of projected sinusoidal patterns, theobje andc (x;y) is the conjugated value a{x; y). Finally, the
shape is recovered. It is important to mention that this-algo Phase componen{(x;y) was extracted from the imaginary
rithm requires a minimum ofl = 3 pattern projections to ~ part of eq. 6):

correctly extract the phase deviation. The projected patte

is therefore: log[c(x;y)] = Iog[(%)b(X:y)]+ i (xy) (6)

The relative phase map(x;y) can be then used as an
IP(yP) = AP+ BPcog2f yP 2n=N) 1) input to a proper phase unwrapping algorithm. Other FTP
techniques have been implemented using 2D Fourier de-
whereAP andBP are the projection constants, the fre- c_omp_osition, yvhich provi_des better se_parat_ion of the de-
quency of the fringes angP the coding axisp = 0; 1; =N §|red information from noise when dealing with coarse ob-
(superindex refers to projected pattern). The received in- 18t Fl. However, most of the sources of noise come

tensity values from the object surface, once the set of pat_from the non-spatial stationarity of the images. Theoreti-
terns is projected is: cally speaking, Fourier decomposition performs optimally

when working with stationary signals, which is not the case
In(x;y)= (x;y)[A+ Bcos(2fy P+ (x;y) 2n=N)] for pattern analysis. As a consequence of their limited
2) spatial dimensions, projected patterns suffer from iritgns
where (x;y) is the different albedo and(x; y) represents ~ changes due to surface discontinuities. This causes the fre
the phase deviation introduced by the object shape. It turnsduency harmonics to interfere with the rst frequency har-
out necessary to cancel the effect of different albedo irord - Monic, making impossible to extract the frequencies around

to correctly extract the phase deviation. This is performed the rst harmonic without errors. This effect is known as
as shown in eq.3): leackage distortion, and it manifest itself in the form of

large errors which occur at the borders of the reconstructed
phase map. Also, the existence of any holes in the fringe
N Th(x;y)sin(2 n=N ) 3) pattern produces errors that are widespread over the whole
N 1h(Xy)cog2 n=N ) frmge patterns image. Moreo_ver, the all?edo can mterfere
into the rst harmonic information. The Windowed Fourier
From a minimum of three projected shifted patterns is Transform (WFT) was proposed to solve this problem, win-
possible to create a relative phase map and to reconstructlowing the signal and splitting it into segments before the
the phase deviation caused by the object shape. Howeveranalysis in frequency domain. The size of this window must
the arctangent function returns values between the rangeée small enough to reduce the errors introduced by bound-
( ; Jandtherefore a phase unwrapping procedure is nec-aries, holes and background illumination, at the same time
essary to work with a non-ambiguous phase value out of theit must be big enough to hold some periods and hence de-
wrapped phase. Under real conditions, the required numbetect the main frequency and perform an optimal ltering.
of projections becomes much more than the theoric mini- Sometimes, however, this tradeoff is dif cult to achievelan
mum of three projectionsif], limiting the aplications to  noise arises due to an erroneus frequency detection or to the
static scenarios only. effect of boundaries.
Fourier Transform Pro lometry (FTP) came to cope More recently, theWavelet Transform Pro lometry
with this limitation, allowing a faster dense reconstranti  (WTP) was proposed as the solution to the tradeoff present
compared to PMP. FTP employs the frequency domain toin WFT, as it is able to remove the background illumination
suppress the background component of the recovered patand prevent the propagation of errors produced during the
tern. Therefore, one single projection is enough to sugpres analysis, which remain con ned in the corrupted regions
the different albedo and extract the phase deviation. FTPalone []. Additionally, leackage effects in the wavelet
was rst proposed by Takeda and Mutoh(], and differ- transform are much smaller than those evident in the Fourier
ent variations have been proposed since tiEgn{], [27]. Transform; consequently, the distortions that occur at the
The received signal (ecR]) is rst ltered in frequency and edges of the reconstructed phase maps are largely reduced.
then the phase component can be extracted, as shown in ed his is done by adapting the window width to the frequency
(4)(5)(6): that is going to be analyzed][ Different methods to anal-
yse the received pattern have been proposed using one di-
mensional (1D) and two dimensional (2D) wavelet decom-
L(x;y) = a(xy)+ c(x;y)e™ +c (xy)e 2T (4) position. The complex wavelet transform (CWT) is usually

(x;y) = arctan




used to extract the phase of the received sighé]. [ The the one shown in Figl. A novel method to overcome this
1D-CWT algorithm analyses the fringe pattern on a row by problem is based on the remainder theorérj,[where an

row basis. The main concept of the 1D-CWT is to project absolute phase map can be computed from two different rel-
a row of a fringe pattern onto a family of elementary func- ative phase maps having frequencies that are relative prime
tions, called the daughter wavelets, which are obtained bynumbers between them. Having two relative phase maps
both translating and dilating a single basis function,ezhll  with different frequencies and their corresponding phase
the mother wavelet. The 2D-CWT algorithm is an exten- values 1, 2 (Fig. 2), the absolute phase value is given
sion of the analysis to the two dimensional space. In this by eq. (7):

case, the daughter wavelets are obtained by translation, di
lation and rotation of the mother wavelet. Once the analysis
has been performed and the pairs complex wavelet coef -
cients have been obtained, the next step is to select the mos
probable coef cient within all the possibilities given biye
different daughter wavelets, for every pixel. This process
is called phase extraction. There are two main methods

i D=6 /5 44 ¥

for phase extraction, namely tiphase estimationand the £ MRS
frequency estimationapproaches. In the phase estimation """" J

technique, the optimal phase value is selected from the max-

imum of the modulus of the wavelet coef cient (for the dif- g e Camer2 "o

ferent scale, translation and rotation values). This plesi

the most probable daughter wavelet, and its corresponding=igyre 1: Slope producing decoding error in the traditional
angle value is selected. An optional cost function can be fringe pattern methods

applied to nd the optimal angle values of a pixel taking

into account the angle values of the neighbouring pixels. In

frequency estimation technique the exact daughter wavelet

is extracted from the maximum of the modulus, as in phase

estimation techniques. This value can be seen as the in- #

stantaneous frequency, which is integrated to obtain the ap £ . . . | .
proximated phase value for the given pixel. A complete un- o wn | gy e
wrapped phase distribution is obtained as a result, without [ ol )

the necessity to perform any phase unwrapping algorithm. —

Unfortunately, this technique provides much worse results

than the phase estimation technique, as proved in the work
of Abdulbasit[l]. Anotherimportant parameter refers to the :
daughter wavelet used for the decomposition. Some mothel | -
1 kh | Ao
i i ORr2

wavelet have been tested in the aforementioned work, anc
the best results in terms of accuracy and resistance to noisi ——
are obtained using a Morlet wavelet.

Intensitxy

Figure 2: Pair of two different relative phases
3. A novel proposal for phase unwrapping

As seen before, most of the dense reconstruction al-
gorithms require an unwrapping step to correctly unwrap ABS LINT =  hoq runT @mod( 1 ) (7)
the phase and extract the object depth. Under absence of
noise, if all phase variation between neighbouring pixels being ; the period wavelengths amgla number which di-
is less than , the phase unwrapping procedure can be re- vided by ; yields a remainder 1, and 0 otherwise (see the
duced to add the corresponding multiple2ofwhen a dis-  work of Pribanic et al. T3] for more details). A solution
continuity appears. Unfortunately, noise, local shadows,to ags 1 8T Can be obtained using the previous equation,
under-sampling, fringe discontinuities and irregulaface providing an absolute phase map from a minimun of two
brightness make the unwrapping procedure much more dif-relative phases. Another advantage of this techniquesrelie
cult to solve [16]. Plenty of approaches have been pre- on its simplicity and non dependence on the neighbouring
sented in the literature to solve this probler1[[2],[ 6])- pixels, as the phase value is computed directly from a linear
However, they usually require a high computational cost combination of the two relative phase map values for the
and can fail into errors when the surface present a slope likegiven pixel.



4. System proposal

Our model proposal employs one-shot color multiplex-
ation, wavelet analysis and absolute coding. The creation
and the decoding diagrams are shown in Hgs.A further
explanation of the pattern creation and the decoding algo-
rithm is presented in sectiodsl and4.2, respectively.
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Figure 3: Pattern creation diagram
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Figure 4: Pattern decoding diagram

4.1. Pattern creation

This pattern is created by multiplexing three different
fringe patterns in color space, taking advantage of the Red
Green and Blue splitted channels of the projector and cam-
era devices. The frequencies used to create the fringe pat-
terns are relative prime numbers between them. The sinu-
soidal patterns use one axis coding, as in other WTP ap-
proaches. The projected pattern is represented by&q. (
whereA;, B; andf; represent the DC and AC components
and the frequency values for every chanmeb(andb):

IRY?) = AP+ BPcos2f yP)+
Af + Blcog2f gyP) +
Ap + Bpcog2 f pyP) (8)
4.2. Pattern analysis

Once projected onto the pattern and captured by the cam-
era, the received pattern can be represented as:

In(Xy) =

(xy) ( (xy) (AP + BPcos2f ryP+ (xy))+
(xy) (A§+ Bfcod2f gyP + (xy))) +

(xy) (AL + Bfcos2f py? + (xy))) 9)

where (x;y) represent the different albedo an¢k; y),

(x;y) and (x;y) the effect of crosstalk between the dif-
ferent color channels. The rsttask is to split the threeocol
channels obtained from the camera and perform a color en-
hancement to reduce the effect of albedo and crosstalk in
every color channel. To cope with this, a previous colorcali
bration has been pursued. This procedure uses least squares
to nd the matrix that best linearises the projector-camera
pair in terms of response to color intensity, for each color
channel (red, green and blue). This linear transformason i
extracted for every pixel in the image, providing an estima-
tion of the projected color values for every received value.
Having the set of three received color vallRsG; B the
estimated projected valu&s G; B are given by eq0):

2 3 2 38 9
0 Arr arg Arp < R =
4Go5=4%ay ag ap° G (10)
Bo Apr Qg ap B

This matrix represents the whole system (projector-
camera) and aims to substract the effect of crosstalk be-
tween color channels. However, as it approximates the
system as a linear transformation between projected and
received images, some errors will persist due to non-
linearities. This error, jointly with the different albedo
and noise, must be Itered by the wavelet analysis algo-
rithm. The wavelet analysis employs a 2D wavelet decom-
position using a Morlet mother wavelet. As stated 1f [



Morlet wavelet is optimal in case we deal with signal hav- propagate to the absolute phase map. The algorithm com-
ing a low Signal To Noise ratio, which is the case when bhines every two of the color channels to create an absolute
working in real conditions. Moreover, 2D wavelet analy- phase map. That s, a total d} combinations are created,
sis performs better than 1D wavelet analysis. In our case,beingn = 3 the number of channels. An absolute phase
a 2D wavelet decomposition and phase estimation algo-map is computed for every one of the combinations follow-
rithm combined with cost function is employed. The out- ing the idea of relative phase numbers exposed above.
put of the 2D wavelet analysis is a 5D matrix of dimen-
sionsheight width scales translations orientations . Consistency mapping
Without the cost function, the algorithm would select for
every pixel the daughter wavelet having the maximum of
the modulus -within all scales, translations and orieatei
available-, and its corresponding angle for that position.
The cost function is introduced to ensure continuity and
avoid errors due to local errors, that can be identi ed re-
garding its neighbours. The cost function works alongythe
axis of the camera (though any other direction could be se-
lected according to the direction of fringes in the projdcte
pattern), selecting the combination of daughter waveket th
best performs in terms of modulus maxima and continu-
ity. The algorithm used by the cost function is presented 1. The laplacian map of every absolute phase map is com-
ineq.L1): puted, and the one having the lowest mean value of
laplacian is chosen as the default map.

Once these absolute maps are computed, an optimiza-
tion algorithm is pursued to extract the optimal phase map
that minimizes the errors. This process is done in order to
reduce the noise created by the effect of non linearities of
the projector-camera pair in color or intensity representa
tion. This noise propagates from the wrapped phases to
the absolute phase map. The optimization algorithm de-
tects these noisy points or regions and replace them with
a non-corrupted value coming from another pre-computed
absolute phase map. The algorithm works as follows:

X2 P 5 2. Every pixel having a laplacian value higher than the

Cost= fj S[ (O;b"+j (B (b 1)jg (11) computed mean is selected to revision. This pixel

w is substituted by the one that minimizes the mean of

where (b) represents any value of the scaling parameter, laplacians, among all the possibilities provided by the
bis the shifting parameter in the coding axjsaxis in our absolute phase maps.

case),S[ (b); b is the modulus value at both(b) andb,
andW is the total width of the fringe pattern, in pixels. For
every column, the algorithm works at follows:

This process suppress the error provided by isolated pixels
having a value much different from the neighbouring pixels.

Compute all the possible daughter wavelets, for every 5. Results

orientation. The proposed algorithm has been tested in both simu-

For every orientation and every value of the shifting lated and real environment, and the resulting reconstmcti

parameteb, selects the best path in terms of: are shown herebelow. The setup used for the tests was com-
posed of an LCD video projector (Epson EMP-400W) with
— Maxima of the modulus (to maximize). a resolution ofl024 768 pixels, a camera (Sony 3CCD)
— Difference in scale value with respect to the pre- and aframe grabber (Matrox Meteor-11) digitizing images at
vious position in the path (to minimize). 768 576pixels with3 8 bits per pixel (RGB). The base-

) ) ) _ line between camera and projector was at@®&m. The
Finally, selects the orientation having the lowest global regyits and time estimates were computed using a standard
cost. Intel Core2 Duo CPU at 3.00GHz. The selected frequencies

This procedure reduces the errors in presence of Iocalforthethree fringe pattern wepe= 15, p = 19 andp = 23

holes in the recieved fringe pattern. Once the appropiateper_iOds' Thes_e values_ prov_ide a good resolution in details,
daughter wavelets have been selected, their correspodin%/hlle preserving the sinusoidal shape once captured by the
i

angle values are computed and the wrapped phase map amera.
extracted. The next step is to apply the unwrapping al-
gorithm of absolute coding proposed above. A minimum
of two patterns are required to this end, but the proposed The proposed algorithm was tested using simulated data.
method utilizes the three color channels (red, green andThepeakfunction available in Matlab (shown in Fi§) has

blue) to create the absolute phase map. This is done to inbecome a benchmark for fringe pattern analysis, as stated in
crease the redundancy and hence reduce the errors that mdy. 6], as was employed for the test. Moreover, the simulated

5.1. Simulated results



object shape was obtained for different values of noise. The

error introduced is a gaussian zero mean random noise in A
the rangeb%, 10% and20% of the total dynamic range of
inputimage. The resulting patterns used as inputimages are s
shown in Fig 6. 'v

(a) Reconstructed object. (b) Scaled error map.

Figure 7: Reconstructed peak model wibb noise, and
corresponding error map rescaled frd@do, 3:48%] to

[0; 255]
Noise percentagd%) | Error rate (%)
5 0.57
10 19,8
20 —

Table 1: Error rates for the given input noise, goin fr6%
to 20%of the total dynamic range.

method against situations like the one shown in Eica
reconstruction of this setup has been simulated. The ef-
fectivity of the absolute coding step used in the proposed
algorithm is shown in Fig. The slope has been detected
despite it was not visually perceptible. However, some er-
ror arised in the vecinity of the discontinuity, due to the er
roneous phase estimation in the surroundings of the slope.
This problem is posteriorly analyzed.

(a) Noise5% (b) Noisel0% (c) Noise20%

Figure 6: Input images for added noise value$% 10%
and20%of maximum dynamic range, respectively

The reconstructed object shape obtained using the input
image of noisé&% of the total range are shown in Figa
As can be observed, the algorithm reconstructs the simu-
lated object at the same time the noise existing in the input
image is reduced. A scaled map of the error is also pre-
sented in Fig.7b, where the error has been rescaled from
[09%; 3:48%]to [0; 255} The error is uniformly distributed,  Figure 8: Projected and reconstructed simulated surface
with some peaks in the regions of major inclinations of the containing a slope
peakfunction. This is due to the fact that a faster change in
the phase frequency is more likely to suffer detection error
when noise appears. The algorithm was also tested with th65
other noised input images, and the results of average error
are presented in table The error is highly reduced for val- The proposed technique was tested under real conditions,
ues lower tharb% of the data range, up to values higher for the reconstruction of two different objects: a smooth
than20% of data range which makes the decoding impos- volume done with sheets of paper having different orienta-
sible. Itis important to note that noise introduced dependstions, and a plaster white face. These two objects attemp to
on the object depth. For the object depths analyzed in realcover the usual requirements of the methods regarding its
applications the noise remains unde of this dynamic applicability to 3D dense reconstruction. It is importamt t
range, and hence the method is able to Iter the noise in thenote that this objects have been chosen having lambertian
reconstructed shape, as will be observed in the experiinentawhite surfaces, in order t with the previous color calibra-
results. tion performed to the system. The results are presented in

Finally, in order to test the effectivity of the proposed Figs.10,12.

2. Experimental results



Figure 12: Reconstructed surface of the white face

Figure 9: Real smooth object: recovered image, enhanced

image, one color channel and its wrapped phase

Figure 10: Reconstructed surface of the smooth object

The at plane that surrounds the scanned objects has
been reconstructed with absolutely no error. This is due
to the Morlet mother wavelet used to extract the phase,
which is optimal in case of having low signal to noise ra-
tio. The smooth surface is reconstructed also without grror
not depending on the orientation and shape of the object.
Finally, the algorithm is able to reconstruct the face padevi
ing a dense absolute coding reconstruction using one sin-
gle projection. As can be observed, the main volume has
been detected and details like the nose and eyes (identi ed
as shadows) are represented in the nal surface. A more de-
tailed features like the nose can be achived increasing the
frequency of the projected fringes. However, a camera hav-
ing greater resolution would be needed to preserve the sinu-
soidal shape of the recovered patterns. The reconstruction
presents, however, some errors in the discontinuities (see
Fig.12), the same kind of error that revealed in the simu-
lated results. This problem is due to an inaccurate phase
extraction in the wavelet analysis step, which originates a
erroneus phase estimation at the vecinity of the disconti-
nuity, which propagates to the absolute phase map. This
problem was mentioned in the work of][as the major
drawback of the wavelet technique employed in this algo-
rithm. Regarding this issue, some improvements are being
implemented using an adaptive selection of the best mother
wavelet, in both type and shape, depending on the proxim-
ity to a discontinuity. Having this, the method provides an
absolute coding dense reconstruction technique able to dea
with moving scenarios, extending the applicability of stru
tured light to dynamic environment requiring high level of
detail in the reconstructed shape.

6. Conclusion

In this work, we have presented a one-shot dense recon-
struction technique for structured light. Moreover, anaabs
lute coding phase unwrapping algorithm has been proposed,

Figure 11: Real white face: recovered image, enhanced im'suppressing errors due to a bad detection of slopes and er-

age, one color channel and its wrapped phase

ror propagation between pixels during the unwrapping step.
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even the type of the mother wavelet depending on the prox-[16] J. Salvi, S. Fernandez, T. Pribanic, and X. Llado.

imity to a discontinuity, so as to be able to obtain the cdrrec A state of the art in structured light patterns for
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