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Abstract— Conventional fringe projection profilometry (FPP) 

methods often have difficulty in reconstructing the 3D model of 

objects when the fringe images have the so-called “highlight” 

regions due to the strong illumination from nearby light sources. 

Within a highlight region, the fringe pattern is often 

overwhelmed by the strong reflected light. Thus the 3D 

information of the object which is originally embedded in the 

fringe pattern can no longer be retrieved. In this paper, a novel 

inpainting algorithm is proposed to restore the fringe images in 

the presence of highlights. The proposed method first detects the 

highlight regions based on a Gaussian Mixture model (GMM). 

Then a geometric sketch of the missing fringes is made and used 

as the initial guess of an iterative regularization procedure for 

regenerating the missing fringes. Simulation and experimental 

results show that the proposed algorithm can accurately 

reconstruct the 3D model of objects even when their fringe 

images have large highlight regions. It significantly outperforms 

the traditional approaches in both quantitative and qualitative 

evaluations.  

 
Index Terms— Fringe projection profilometry, 3D model 

reconstruction, image inpainting, iterative regularization 

I. INTRODUCTION 

ringe projection profilometry (FPP) is a popular optical 

imaging technique for measuring the 3-dimensional (3D) 

model of an object. In FPP, one or more fringe patterns are 

projected onto the target object and the resulting fringe 

patterns as shown on the object surface are captured by a 

camera. Due to the object’s height distribution, the captured 

fringe images have deformed fringe patterns. Hence by 

analyzing how the fringe patterns are deformed, the 3D shape 

(or the depth map) of the object can be measured. Fig. 1(a) 

and (b) show the texture image of a plastic banana and its 

fringe image captured by an FPP system. By measuring the 

deformation of the fringe pattern, we can evaluate the 3D 

model of the object as shown in Fig. 1(c). 

In the last decade, significant achievements in the area of 

FPP have been reported. By using FPP, real time 3D 

measurements [1], [2] and highly accurate 3D scanning [3], 

[4] can be achieved. However, it is necessary to point out that 

 
The work described in this paper was fully supported by the Hong Kong 

Polytechnic University (under research account: RTG1).  

Budianto  and D.P.-K Lun are with the Department of Electronic and 
Information Engineering, the Hong Kong Polytechnic University, Hung Hom, 

Kowloon, Hong Kong (e-mail: enpklun@polyu.edu.hk) 

all existing FPP techniques assume the deformed fringe 

pattern is available for all parts of the object. It is indeed not 

true particularly when the target object is made of materials 

with high reflectivity of light, such as metal, porcelain or even 

plastic, etc. The fringe image captured by the camera is often 

affected by nearby strong light sources that some parts of the 

fringe image are masked by the reflected light. They form the 

so-called “highlight” regions on the fringe image. They 

corrupt the fringe pattern and thus affect the 3D model 

measurement result. Fig. 1(a) and (b) show an example of the 

highlight in a fringe image. The measured 3D model is 

distorted in the highlight region as shown in Fig. 1(c).  

In the presence of highlights, 3D scanning based on FPP is 

a challenging task and has been an active research area 

recently. One solution is to capture several fringe images from 

various viewpoints either by using an active stereo technique 

[5], a moving camera or a moving scene [6], a sliding 

projector [7], or polarization filters [8], [9], etc. Although 

these techniques are effective to remove the highlights, they 

require additional hardware and complicated calibration 

procedures in the hardware setup. Another approach is by 

using multiple fringe images of different fringe patterns. For 

instance, the methods in [9]–[14] employ the phase shifting 

method with high frequency patterns for 3D reconstruction of 

translucent objects. The methods in [12] and [4] employ 

special discreet fringe patterns to mitigate both the indirect 

illumination problem and subsurface scattering. These 

techniques are more cost efficient than the special hardware 
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Fig. 1. (a) The texture image of a plastic banana; (b) the fringe image captured 

using an FPP system; and (c) the 3D model (depth map) evaluated from the 

fringe image in (b). 
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solutions but they suffer from the drawback of requiring many 

fringe images taken in sequence. It thus further limits their 

application to only absolutely static objects. These approaches 

are also computationally expensive. Based on the spatial 

method, [13] employs an unstructured light pattern that are 

specifically designed to reduce the global illumination. 

Although this method requires only a single pattern, the 

resulting 3D model can only have low resolution and the 

method is also computationally expensive. 

Indeed for general texture images, there have been many 
works on recovering the missing texture of the image due to 
the highlights [15]–[20]. The method in [20] requires a 
spectral image and thus a special camera is required. The 
methods in [16]–[19] are based on Shafer’s dichromatic 
reflection model [21] that works only on RGB images. These 
approaches are thus inapplicable to FPP since a fringe image 
is a gray scale image that contains non-stationary sinusoids.  

A different approach is based on the inpainting technique 
[15], [22]. The method in [15] requires the illumination 
information for guiding the inpainting procedure and the 
method in [22] requires two images captured with different 
exposure times based on the color line projection techniques. 
Compared to the conventional methods, these approaches 
provide better result in recovering the surface texture and 
shading intensities. In particular, [15] requires only a single 
image that makes it applicable to dynamic scenes. However, 
the illumination information of these approaches is again 
obtained based on the chromaticity analysis of RGB images 
and is thus not suitable to the fringe images used in FPP.   

For FPP, various fringe enhancement techniques have been 
developed to improve the quality of the fringe images [23]–
[29]. For instance, the methods in [23]–[25] extrapolate the 
missing fringes at the border of the measured fringe patterns 
by applying a specifically designed filters in the Fourier 
domain. The methods in [26], [27] employ an iterative 
regularization method using a complex wavelet analysis to 
enhance the fringe pattern distorted by bias and noise. 
However all of these fringe enhancement approaches cannot 
fill the missing area due to highlights since they do not 
consider the continuity of the structure within the measured 
fringe pattern. Besides, the approaches in  [23]–[25] works 
only when the spatial variations, i.e., object’s color, texture, 
are minimum. Meanwhile, the exemplar based inpainting 
approach [30] is employed to fill the missing area of the coded 
fringe image [29] or the wrapped phase map [28]. However, it 
will generate additional residues in the measured fringe 
pattern.  

In this paper, we introduce a novel inpainting algorithm for 

the restoration of the fringe patterns due to the highlights in 
the fringe image. Different from the previous approaches, the 
proposed algorithm does not require special hardware and 
works only on a single fringe image. The new algorithm first 
detects the highlight regions of a fringe image based on a 
Gaussian Mixture model. Then a sparse representation based 
image inpainting method similar to [31]–[35] is applied to 
recover the corrupted fringe patterns. Unlike the conventional 
inpainting methods such as [31]–[35] which assume no 
information about the highlight regions, the proposed 
algorithm first detects the missing fringe area and estimates 
the geometrical structure of the fringe patterns in order to 
guide the iterative inpainting procedure. The restored fringe 
image is then used in the conventional FPP to measure the 3D 
model of the object.  

This paper is organized as follows. In Section II, the 

principle of FPP is briefly reviewed. In Section III, the 

background of the inpainting methods via sparse 

representations is introduced. The proposed highlight region 

detection method for fringe images is described in Section IV. 

In Section V, the proposed estimation method of the 

geometrical structure of the corrupted fringe pattern is 

explained. The simulation and experimental results are 

described in Section VI. Finally, the conclusion of this work is 

drawn in Section VII. 

II. FRINGE PROJECTION PROFILOMETRY  

A. Fourier Transform Profilometry Method 

Let us first introduce the principle of the Fourier transform 
profilometry (FTP) employed in our FPP system. The typical 
setup for FTP adopts the cross-optical-axes geometry as 
shown in Fig. 2 [36]. In this setup, a projector projects a fringe 

pattern from pE and a camera captures the deformed fringe 

pattern due to the object’s shape at cE . Both the camera and 

the projector are placed parallel at a distance 0l  from a 

reference plane R and the distance between them is 0d . The 

deformed fringe pattern captured by the camera can be 
mathematically written as [37]: 

 ( , ) ( , ) ( , )cos ( , ) ( , )g x y a x y b x y x y n x y    (1) 

where ( , )g x y  is the fringe image at pixel position (x, y); 

( , )a x y  is the bias due to the texture of the object; ),( yxb  is 

the local amplitude of the fringe; n( x, y )  is the noise 

generated during the capturing process; and ( , )x y  is the 

 
Fig. 2. FPP setup using the FTP scheme in crossed optical axes geometry 

[36] . 
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Fig. 5. The DTCWT FPP framework with iterative inpainting regularization 
algorithm.  

  
phase of the fringe. ( , )x y has a close relationship with the 

object height profile ( , )h x y as follows: 

0

0 0

( , ) ( , )
2

l
h x y x y

f d



    (2) 

where ( , ) ( , ) ( , )ox y x y x y      and ( , )o x y is the phase 

obtained from initial calibration process. Hence if ( , )x y  is 

known, ( , )x y  can be determined and the 3D model of the 

object can be reconstructed. 

In the conventional FTP, the three terms in (1) are 
separated in the frequency domain. More specifically, the term 

( , )x y is estimated after filtering the unwanted dc component 

( , )a x y  using a properly designed filter. However, in practice, 

it is difficult to achieve when measuring an object with a 
fringe image having high noise level or bias generated by 
holes, shadows, and color variations in the image. All of these 
artifacts will affect the measurement quality.  

B. Fringe Image Enhancement based on the DTCWT 

As mentioned above, the estimation of ( , )x y  can be 

erroneous due to the artifacts such as noises and bias in the 
fringe images. It has been shown in [26][38][39] that an 
efficient image enhancement algorithm based on the two-
dimensional dual-tree complex wavelet transform (2D-
DTCWT) [40] can be employed to reduce the artifacts. As 
shown in Fig. 3, the 2D-DTCWT is realized by four 2D 
discrete wavelet transform (DWT) trees [40]. It generates 
wavelet coefficients with 6 orientations at different resolutions 
[41]. Besides, it is an approximately analytic transform which 
gives a nearly zero negative frequency response. Given this 
special property, normal fringe images have a piecewise 
smooth magnitude response in the DTCWT domain, which is 
much different from that of noise [26]. Furthermore, the bias 
removal strategy can be incorporated to detect and remove 
bias in the fringe image in the DTCWT domain [27]. They 
lead to an improved FPP system as shown in the bottom 4 
blocks of Fig. 5. In the figure, the bias removal and denoising 
operation are performed in the DTCWT domain[27]. Then the 
processed DTCWT coefficients are transformed back to the 
spatial domain. Finally, the true phase ( , )x y can be 

recovered using the conventional phase unwrapping algorithm 
and the 3D model of the object is readily to be reconstructed. 
However, in case that some of the fringes are missing due to 
specular highlights, the aforementioned enhancement method 
still cannot avoid the severe distortion appeared in the final 3D 
model. In this paper, we further improve the iterative 
regularization process of the DTCWT fringe enhancement 
method in [26]. More specifically, the geometrically guided 
iterative regularization block is added to fill the missing 
fringes as highlighted in the top block of Fig. 5. Details are 
presented in section III, IV, and V. 

III. SPARSE REPRESENTATION BASED INPAINTING 

METHOD 

Due to the presence of highlights, the total radiance 
measured at the camera sensor consists of both the direct and 
global illuminations as follows: 

( , ), ( , ) \
( , )

( , ), ( , )

d

g

g x y x y R
g x y

g x y x y

  
 



 (3) 

where ( , )g x y  is the captured fringe image; ( , )gg x y  is the 

degradation of the original fringe image caused by the 

highlight in ( , )x y   as shown in Fig. 4; and ( , )dg x y  is the 

unaffected region. The problem can be viewed as a classical 

inpainting problem such that the original fringe image in the 

highlight region   can be estimated by minimizing the 

following cost function  [33],  

2 2

2 2,

1
min ( )

2 2 pg w
P g f g w w


      (4) 

where M N  is the transform matrix of some operator; 
M NP    is a diagonal matrix with entries 1 in \R   and 0 

otherwise;   is a penalizing factor; and .
p

 denotes the 
pl   

norm. Given a tight frame transform  , such as DCT [31], 
[42], wavelet[43], curvelet [44], framelet [35], i.e., T I   , 
a close form solution for (4) can be obtained as follows:  

1 ( ) ( )k T kg Pf I P S g

       (5) 

where   

( ) sgn( ) max(| | ,0)S a a a    (6) 

is the soft thresholding operator[45]. For the selection of  , 

we adopt the 2D-DTCWT [40]. It is based on the fact that the 

2D-DTCWT has nearly shift-invariant and minimum aliasing 

properties. They allow the fringe image to be sparsely 

represented by only one or two levels of wavelet coefficients. 

Besides, we have shown in [26] that the magnitude response of 

the 2D-DTCWT of a fringe image is piecewise smooth. It 

enables different efficient denoising and bias removal 

algorithms [26], [27], [38]. In fact, the proposed inpainting 

algorithm is one of the subsystems of the 2D-DTCWT based 

FPP framework described in [26].  

Although the abovementioned inpainting strategy is 
effective, its general application is hindered by the following 
two problems:  

1. As shown in (4), the mask P  needs to be known in order 

 
Fig. 4. A fringe pattern with highlight. The entire fringe image is denoted by 

R ; the highlight region and its contour are denoted by   and  , 

respectively.  
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Fig. 7. Histogram, mixtures and pdf of two classes. The histogram is obtained 

after the smoothing operation.  The dash line is the optimum threshold.  

  

   
            (a)                                                          (b) 

    
            (c)                                                          (d)             

Fig. 6. (a) The fringe image of a plastic banana; (b) histogram of the fringe 

pattern, dash lines are the threshold obtained by the Otsu method [46] (left) 

and the minimum error method [47] (right); (c) the result using the Otsu 
method; and (d) the result of the minimum error method. 

  

to implement the equation. It means that the highlight 

region   needs to be determined prior to the inpainting 

procedure. 

2. For most iterative minimization algorithms, a good initial 

guess can significantly reduce the number of iterations and 

ensure the iterations to converge to the global minimum. 

Unlike normal texture images, fringe images are highly 

structural. They are formed by stripes with orientation 

following the 3D shape of the object. Any initial guess of 

the corrupted fringe pattern should have a stripe-like 

structure with orientation close to the original fringe 

pattern or it is highly unlikely the iterative process can 

converge to such structural pattern.  

 In order to estimate the missing fringe pattern due to the 

highlights, the proposed algorithm is performed in three 

stages: highlight region detection, geometric sketching of 

fringe pattern and inpainting with sparse regularization. In the 

highlight region detection phase, we analyze the histogram of 

the fringe image using a Gaussian mixture model so that a 

threshold is determined to identify the highlight pixels in the 

image. Thus the matrix P  in (4) is obtained. The details are 

shown in Section III. In the second phase, the geometric 

structure of the fringe pattern is estimated and forms the initial 

guess of the iterative inpainting process. The procedure is 

explained in Section IV. Lastly, the inpainting based on the 

iterative regularization method in (4) is performed using the 

2D-DTCWT, as described earlier in this section.  

IV. HIGHLIGHT REGION DETECTION 

While the highlights have a rather distinctive appearance in 

a fringe image, automatically locating them is not as 

straightforward as it seems to be. Standard operators such as 

the Otsu [46]  or the minimum error thresholding method [47] 

make use of the intensity information of the image to form a  

histogram for determining a threshold such that the image 

pixels having intensity higher than the threshold will be 

considered as the highlight. However difficulty arises when 

applying these standard approaches to fringe images. Since a 

fringe image is formed by dark and bright stripes, they have a 

sharp contrast similar to the effect of the highlight. They 

influence the standard approaches when determining the 

threshold value. An example is shown in Fig. 6. It can be seen 

that the resulting detected regions of the Otsu method are the 

bright regions of the whole image; and the ones detected by 

the minimum error method are the bright regions within the 

highlight. The problem is further complicated if the texture of 

the object also contains sharp contrast in intensity. To solve 

this problem, we suggest to first blur the fringe image with a 

smoothing operator and then use a Gaussian mixture model 

(GMM) [48] to determine the threshold for highlight 

detection. More specifically, a smoothed fringe image can be 

obtained using a multiscale analysis based on the 2D-DTCWT 

as follows:  

ˆ ( )Tg g     (7) 

where ( )   is a smoothing operator in the wavelet domain 

similar to [49]; ĝ  is the resulting smoothed fringe image;   

and T  are the analysis and synthesis 2D-DTCWT operator, 
respectively. The 2D-DTCWT is chosen since the highlight 
detection is carried out within the 2D-DTCWT based FPP 
framework as described in Section II. Besides, smoothing the 
fringe image in the 2D-DTCWT domain can introduce less 
distortion due to the nearly shift-invariant and minimum 
aliasing properties of the 2D-DTCWT. By smoothing the 
fringe pattern, its average intensity will be lower than the 
highlight. It can be verified by comparing the histogram in 
Fig. 6(b) and Fig. 7. The latter is the result after the smoothing 
operation. The peak for the highlight can now be clearly 
identified. It greatly simplifies the determination of the 
threshold (vertical dash line). For automatically determining 
the threshold, a good mathematical model of the histogram of 

ĝ  needs to be obtained. Let us denote
ˆ ( )gp u   as the 

probability density function (pdf) of the image ĝ . It can be 

expressed as,  

ˆ

1

( ) ( ) ( )
K

g k k

k

p u p u p C


  (8) 

where ( )kp u  is the pdf of the class 
kC  and ( )kp C  is the a-

priori probability of class 
kC  of ĝ  for gray level u . We can 

approximate 
ˆ ( )gp u using the histogram of ĝ . However the 

( )kp u  of each class as well as ( )kp C  are not available in 

practice. The number of classes, K, is also unknown. To 
simplify the problem, we assume the pdf of all classes is 
Gaussian distributed with mean 

1 ... K    and variance 

1,..., K  . More specifically, we approximate 
ˆ ( )gp u  by a 

Gaussian mixture model ( , ; )f u K   as follows: 

ˆ

1

( ) ( , ) ( , ; )
K

g k k

k

p u f u K f u K 


   (9) 
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and 

( , ; ) ( ; , )k k k k kf u K p G u    (10) 

where 
kp  is the mixing probability and G is the Gaussian 

functions parameterized by 
k , which includes the mean 

k   

and variance 
k . As to the number of classes K, intuitively we 

can estimate it by solving the following constrained 

minimization problem:  

max

ˆ
{2,..., }

1
arg min . . ( ) ( , )g
j j

j s t p u f u j
N




   (11) 

where N is the number of bins in the histogram, j is the 

estimated number of classes, and 
maxj  is the pre-defined 

maximum number of classes in our estimation. Given a 

threshold  , the above minimization problem (i.e. (9) and 

(11)) can be realized using an iterative EM algorithm [50].  

Since highlights are characterized by pixels of high 

intensity values, we assume them to be the members of the 

class with the largest mean value 
K . Thus the threshold   

for highlight detection can be chosen as the intersection point 

of the final two classes. Mathematically, it can be expressed as 

follows:  

arg min ( , ) ( , 1)
u N

f u K f u K


    
(12) 

 The main advantage of the proposed GMM framework is 

its ability to provide a good approximation in a tractable way 

from the histogram. It is robust such that it can work optimally 

even when the fringe image is noisy or has other fluctuation in 

intensity. Fig. 8(a) shows a fringe image with a highlight 

region with is accurately detected (red line) by using the 

proposed GMM framework. Fig. 8(b) shows the histogram of 

the fringe image (solid line), and the optimal threshold 

obtained using the proposed GMM framework (red dot line).  

V. GEOMETRIC SKETCHING OF FRINGE PATTERN 

As mentioned above, the highlight will corrupt the fringe 

pattern in the affected region. In the worst case, the highlight 

region can be blown out such that all the fringes within the 

region will disappear. Without the fringes, the FPP 

reconstruction basically cannot be carried out. While the 

inpainting method as described in Section II can regenerate the 

fringe pattern in the highlight region, it is effective only when 

the region is small. If the region is large, the iterative 

regularization process may converge to any local minimum 

that can be far from the desired fringe pattern. In this case, the 

process will be robust only when a good initial guess of the 

fringe pattern is available. To obtain a good initial guess, we 

propose in this paper to construct a geometric sketch of the 

missing fringe pattern in the highlight region and use it to 

guide the regularization process. An example is shown in Fig. 

13(a). Before explaining the procedure, let us assume that the 

fringe image has gone through the denoising and debiasing 

processes of the 2D-DTCWT based FPP framework [26] as 

described in Section II. We denote the resulting fringe image 

as g . Hence we assume g  is noise-free (or have the noise 

power, if any, significantly reduced) and has zero dc 

component. 

A. T-Junction point detection 

To build an accurate geometric sketch, let us first introduce 

the T-junctions of the highlight region where fringes are 

missing. More specifically, let us denote { | }k kp p p   

be the points at the contour of the highlight region  , where 

1,2,...,k N ; and N  is the total number of points on  . 

Then we define the T-junctions to be the local extrema within 

p  defined as follows: 

{ | '( ) 0 }k k kp p g p p p     (13) 

For 1,2,...,k N  where N N . Two types of T-junction
kp  

are considered: 1) the maxima T-junction which is indicated 

by ''( ) 0kg p   and 2) the minima T-junction which is indicated 

by ''( ) 0kg p  . Note that our definition of T-junction is 

different from [51] and [52] which define T-junctions as the 

points which have a common vertex and the same gray levels. 

There are two major reasons of defining T-junctions based on 

the local extrema. First, it is to ensure the consistency of the 

T-junction detection because of the possible fluctuations in the 

pixel amplitude. Second, it is due to the fact that a smooth 

increasing or decreasing function exists between two 

consecutive local extrema. This property simplifies not only 

the T-junction detection but also the geometric sketching 

required for the iterative regularization at the later stage. 

 
(a) 

 
(b) 

Fig. 8. (a) The object and its highlight area obtained by thresholding the 

histogram with the optimum threshold (see solid red line) obtained from the 

proposed multi-classes GMM approach. 
 

   
                  (a)                               (b)                              (c) 

Fig. 9. (a) T-junction with binary label for maxima (red circle) and minima 

(blue circle); (b) the orientation of T-junction with labels: the leaving T-
junctions are green in color; and (c) the curve generated between pairwise 

compatible T-junction using the Bezier curve (blue curve) and the Clothoid 

(red curve). 
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Let us further define three types of cue that characterize a 

T-junction 
kp : a) amplitude 

km , b) direction vector 
kr , and c) 

flow degree 
ks .  For a T-Junction point

kp , its amplitude 
km  is 

defined as, 

{ ( )}, 1,...,k km g v k N   (14) 

where 
kv  is the set of points neighboring the T-junction point 

kp  within a short distance, and {.}  is a statistical function, 

e.g., median or mean. Fig. 9(a) shows the T-junctions 
kp  with 

their amplitude 
km  . To simplify the presentation, all negative 

km  are shown in blue (local minima) and all positive 
km  are 

shown in red (local maxima).   

The direction vector 
kr  is basically the direction of the 

fringe pattern at the T-junction 
kp . It is defined by, 

{ ( )}, 1,...,k kr v k N   (15) 

where   is the direction of the fringe pattern defined as: 

  (.) (.) , 1,...,g k N


    (16) 

where  is the wrapping operator to change the orientation 

angle to the first/second quadrant and ( (.))g   is the normal 

of the gradient of (.)g . Fig. 9(b) shows the direction of the T-

junctions p  obtained based on (15) and (16).  

Lastly, the flow degree ks  is defined by,  

{ ( )}, 1,...,k ks S k N   (17) 

where (.)S  is a mask with the size the same as the image. It 

has the value of -1 in the highlight region and 1 otherwise. It is 

obtained from the highlight region detection algorithm as 

mentioned in Section III. In (17), 
k  is a set of points in the 

neighborhood of the point 
k kp r   , where 

kr  is obtained in 

(15) and (16). The flow degree [ 1,1]ks    denotes whether the 

fringe at that T-junction point is going outward to the 

highlight region or going inward from the highlight region. 

For instance, if 
ks  is positive and larger than a threshold, 

kp  is 

an outward T-junction. And if 
ks  is negative and smaller than 

a threshold, 
kp  is an inward T-junction. Finally, if | |ks  is 

smaller than a small threshold, we dub such 
kp  as the 

transition T-junction. An example of these T-junctions is 

shown in Fig. 10. Note that the selection of the thresholds as 

mentioned above is not critical as shown in our experiments.   

B. Finding possible configurations 

Given a set of T-junctions p , the next step is to build a 

configuration, which is defined as a set of pairwise compatible 

T-junctions. It is known that each outward T-junction should 

connect to an inward T-junction. They form a compatible pair. 

By determining all the compatible pairs, we can sketch the 

geometric structure of the missing fringe pattern in the 

highlight region. However, matching up the T-junctions using 

an exhaustive search approach can be very time consuming. 

To speed up the process, we utilize the transition T-junctions. 

As mentioned above, a transition T-junction is any T-junction 

that has an absolute flow degree | |ks  smaller than a threshold. 

When | | 0ks  , the transition T-junction is in fact having the 

orientation nearly parallel to the tangent of the highlight 

region boundary. This notion does not only imply the 

boundary is in the direction as the fringe pattern, it also 

indicates that a compatible pair of T-junctions is near to that 

T-junction (as shown in Fig. 10). Hence the transition T-

junctions can be chosen as the initial point for searching the 

compatible pairs.  

More specifically, let us first define a cost function given a 

pair of T-junctions 
1p  and 

2p  as follows:  

1 2 1 2 1 2( , ) ( , ) ( , )a b

a bC p p C p p C p p    (18) 
 

 

and  

1 2

1 2( , )
2

a
m m

C p p
m






, 1 2

1 2( , )
2

b
s s

C p p



  (19) 

where 
a and 

b  are the weights for the normalized cost 

1 2( , ) [0,1]aC p p   and 
1 2( , ) [0,1]bC p p  , respectively. If 

1p  and 

2p  are a compatible pair of T-junctions, their flow degree 
ks  

should have opposite sign. Hence 
1 2( , )bC p p  should be small. 

And since 
1p  and 

2p  should belong to the same fringe if they 

are a compatible pair, their amplitude 
km should be similar. 

Thus 
1 2( , )aC p p  will also be small. As a whole, 

1 2( , )C p p will be 

small if 
1p  and 

2p  are a compatible pair of T-junctions. This 

cost function helps us match the T-junctions. 

Now we are ready to introduce Algorithm 1.  This algorithm 

suffices to obtain a set of configurations   that realizes the 

connections without crossings each other. The algorithm 

makes use of the observation as mentioned above that there 

must be a compatible pair of T-junctions near a transition T-

     
Fig. 10. The flow of T-junction: inward, outward, and transition 

                       
Fig. 11. Curves generated by the Bezier functions. A C-shape curve (left) and 

a S-shape curve (right). 



> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 

 

7 

junction. Hence for each transition T-junction, we search the 

nearest outward and inward T-junctions to form a pair. Then 

the next nearest outward and inward T-junctions are searched 

until all T-junctions are exhausted. The procedure of 

Algorithm 1 is detailed as follows:  

 

Algorithm 1 

Inputs: A set of collection of T-junction points  

1 2{ , ,..., }
N

p p p p  and its sets of amplitude m , direction 

vector r , and flow degree s .  
Output: A set of possible configurations 

1 2{ , ,..., }nZ     .  

1. Let  1i  . 
2. For each transition T-junction 

ip   : 

(a) Initialize a configuration 
i     and a list of temporary T-

junctions  
tempp p . 

(b) Let 1j   and start from the transition T-junction 
ip .    

(i) Find an outward T-junction 
1p in clockwise direction 

from 
ip  by selecting the first T-junction in

tempp .  

(ii) Find a compatible inward T-junction 
2p by walking 

counter-clockwise from 
ip  and selecting the T-

junction from 
tempp  that minimizes (18). A pairwise 

compatible T-junction 
1 2( , )j p p   is thus formed. 

(iii) 
i i j    and remove 

1p  and 
2p  from the list 

tempp ; 1j j  . 

(iv) If no more outward T-junction is found in the list 
tempp , 

stop; else go to step (i). 
(c) 1i i  ; go to step (a) if i n . 

3. 
1 2{ , ,..., }nZ      

 

Note that for Algorithm 1, one configuration will be 

generated for each transition T-junction. Hence at the end, a 

set of n configurations is resulted from Algorithm 1, where n 

is the number of transition T-junctions. In the later step, the 

criteria for further selecting the optimal configuration from the 

set will be defined. 

C. Curve completion  

Assuming the best configuration is obtained, we can then 
sketch the curves between the compatible T-junction pairs. 
They will be used as the initial guess of the missing fringes in 
the highlight region. Given two compatible T-junctions 

1 2( , )p p   and their directions 
1 2( , )r r   , we can sketch a 

curve to connect them by using the following approach. First 
we check if a straight line can connect the two points. If not, 
we apply a curve completion. Two kinds of curves are 
considered: the C-shape curves and S-shape curves as shown 
in Fig. 11. A S-shape curve is used to connect the two T-
junction pairs if their directions, i.e. 

1r  and
2r , are in the same 

90o quadrant; otherwise a C-shape curve is applied. A C-shape 
curve can be generated by the quadratic Bezier function using 
an additional control point 

0p  as shown in Fig. 11(left). 
0p can 

be obtained by drawing two straight lines from
1p  and 

2p  

following their direction 
1r  and 

2r . The intersection point of 

the two lines is 
0p  for a C-shape curve.  Meanwhile a S-shape 

curve can be generated by using a cubic Bezier curve but 
needs two additional control points, 

ap  and 
bp , as depicted in 

Fig. 11(right). They can be obtained as follows: first, we draw 
two straight lines from 

1p  and 
2p   following their direction

1r  

and
2r . We draw another straight line to connect up 

1p  and 
2p . 

Then the fourth straight line (green line in Fig. 11(right)) is 
drawn that cuts the above three straight lines. The fourth 
straight line should be drawn based on the condition that the 

following cost function 2 2(90 ) (90 )a b     is minimized, 

where 
a  and 

b  are defined as in Fig. 11(right). With all the 

control points available, we can sketch a curve   that 

connects 
1p  and 

2p  using the following formulations [53]:  

2 2

1 0 2( ) (1 ) 2(1 )t p t p t t p t         (20) 

for C-shape curves; and  

3 2 2 3

1 2(1 ) 3(1 ) 3(1 )a bp t p t t p t t p t           (21) 

for S-shape curves. In (20) and (21), [0,1]t   is a 

normalized index indicates the distance along the line ( )t  

from the starting point 
1p . Alternatively, we can also employ 

the Euler spiral curve known as clothoids. To generate a 

clothoid, the algorithm in [54] can be used. In our 

implementation we found that both approaches gave similar 

results. 

D.  Selecting the best configuration 

Given a set of configurations Z , we suggest to select the 

best one based on the total length of the connections between 

its compatible T-junction pairs. Besides, the connections in 

such configuration must not be crossing each other and must 

be within the highlight region  . As shown in Fig. 12, 

different configuration can be generated by Algorithm 1 when 

different starting transition T-junction is chosen. For a non-

optimal configuration, the average curve total length is often 

larger than the optimal one because the orientations of the 

connected T-junctions often have larger variations than those 

of the optimal configuration. They end up with longer curves 

as illustrated in Fig. 12(a) and (b). The procedure to find the 

     
                                       (a)                                   (b)  

Fig. 12. Some possible configurations obtained from Algorithm 1 given the 
starting transition T-junctions (red arrow). (a) Non-optimal configuration; and 

(b) the optimal configuration. 

      
             (a)                                       (b)                              (c)  

Fig. 13. The 2D-DTCWT regularization on a fringe pattern. (a) Original 
fringe pattern after the curve interpolation. Note that the rest missing area is 

initialized to zero; (b) and (c) the regularization results after several iterations.  
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best configuration is described in Algorithm 2 below. Given a 

configuration 
i  and its curve set 

i , where {1,..., }i n , we 

first define the average total length of the connections between 

its compatible T-junction pairs as,  

( ) ( ) /j

i ij
K L M   (22) 

where ( )j

iL   is the length of the curve j

i ; and M  is the total 

number of curves in the configuration. Based on ( )j

iL  , 

Algorithm 2 is summarized as follow:  
 

Algorithm 2 

Inputs: A set of configurations  
1 2{ , ,..., }nZ     . 

Output:  The best configuration 
i  and curve set 

i . 

1. Let 1i   

2. For each configuration 
i Z     

(a) For each compatible T-junction pair
1 2{ , ,..., }M      

where M  is the total number of pairs in the configuration 

i   and let 1j   and 
i  . 

(i) build a curve j

i  by linking the compatible T-junction 

pair in 
j  using (20), (21), or [54].The curve should 

be within   and does not cross other curves. 

(ii) j

i i i    ; 1j j  ; get back to (i) if j M . 

(b) Calculate ( )iK   using (22). 

(c) 1i i   and get back to (a) if i n . 

3. Return a configuration 
i and 

i such that ( )iK   is the 

minimum. 

 

After the best configuration 
i  and its set of curves 

i  are 

obtained, the final step is to estimate the amplitude of the 
curves. It can be achieved by interpolating the curves using 
any linear function based on the amplitude of the T-junction 

pairs. Recall that for a compatible T-junction pair 
1 2( , )p p  

with extrema amplitude 
1 2( , )m m , the curve connecting 

between them is defined as ( )t , where  [0,1]t  is a 

normalized index indicates the distance along the line ( )t  

from the starting point 
1p . Then the amplitude of the curve 

can be linear interpolated as follows:  

1 2 1( ) ( )m t m t m m    (23) 

It should be noted that the exact amplitude in fact is not 

important to the later reconstruction process since only the 

phase shift of the fringes will be considered. However, any 

disruption in the fringe amplitude will introduce distortion to 

the final reconstructed model. Hence an interpolation process 

like (23) is still useful to smooth the curves.    

Based on the approach as mentioned above, a geometric 

sketch of the missing fringes in the highlight region can be 

obtained. Fig. 13(a) shows the final geometric sketching 

result. It can be seen that all compatible T-junction pairs are 

correctly connected together. Note that the rest of the highlight 

region is initialized to zero. Based on this initial guess, the 

iterative regularization in (5) and (6) is applied to obtain the 

final inpainting result. Fig. 13(b) and Fig. 13(c) show the 

results after the first iteration and when the iteration 

converges. The missing fringes in the highlight region are 

regenerated. In practice, the regularization can usually 

converge in a few iterations. Hence the whole inpainting 

process is rather fast.  

VI. SIMULATION AND EXPERIMENT 

To evaluate the performance of the proposed algorithm, we 
first perform a simulation using computer generated fringe 
patterns. The shapes of the objects, i.e., “cone” and “peak”, 
and their fringe images are depicted in Fig. 14(a)-(d), 
respectively. These objects also serve as the ground truth for 
the evaluation of our proposed algorithm. To simulate the 
inpainting process in real working environments, two 
synthetic masks of oval and circle shape are used to generate 
the missing area and Gaussian noise is added to the fringe 
image as shown in Fig. 14(e)-(h). The size of the oval shape 
mask and the circle shape mask are about 2,728 pixels and 
1,998 pixels respectively. Meanwhile, the resolution of the 
fringe image is 512⨉512.  

    
     (a)  (c) (e) (g) 

     
      (b)  (d) (f) (h)  
Fig. 14.  The objects used in the simulation. (a)-(b) Computer generated 3D 

objects “cone” and “peak” respectively (ground truth); (c)-(d) the deformed 

fringe patterns of “cone” and “peak” respectively; (e)-(f) the deformed fringe 
patterns of  with noise and the long mask added; (g)-(h) the deformed fringe 

patterns with noise and the circle mask added;  

Table I.  Comparison of inpainting results on the object “cone” with an oval 

shape mask and a circle shape mask respectively  

Noise 
Level 

SNR 

2
D

-D
TC

W
T 

EI
 

W
P

-I
I 

V
V

IR
-P

D
E 

A
I-

D
C

T-
IW

R
 

SA
IS

T 

P
ro

p
o

se
d

 

Oval shape mask  

0 18.01 34.02 32.25 22.71 7.78 29.05 37.64 

0.2 15.86 33.10 31.46 21.53 9.53 30.82 36.40 

0.4 15.42 30.89 29.63 21.58 10.03 28.36 33.01 

0.6 12.91 29.02 27.76 20.89 8.45 25.22 30.05 

0.8 11.67 27.24 26.26 19.11 8.98 23.75 28.81 

Circle shape mask 

0 11.53 32.09 30.15 22.47 15.12 16.40 35.46 

0.2 12.12 32.01 30.66 21.89 14.98 15.72 34.56 

0.4 9.88 30.12 29.16 21.89 14.47 15.49 31.72 

0.6 10.75 28.13 26.18 21.19 13.14 14.69 28.27 

0.8 10.09 27.54 26.98 18.85 11.63 14.78 27.80 
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Fig. 13 shows how the generated curves fit to the fringe 

pattern direction. It should be emphasized that these results do 

not necessarily indicate that the Bezier curve is better than 

others or vice versa. Indeed, until a comprehensive evaluation 

is performed, no conclusion can be made. Furthermore, the 

accuracy of the curve completion is determined mostly by 

information in the boundary, i.e., the T-junction detection and 

its estimated direction. The use of simulation can facilitate an 

evaluation of the curve completion results against the statistic 

of the fringe pattern.  

The proposed algorithm is then compared with the 

conventional iterative regularization method (2D-DTCWT), 

the exemplar based inpainting (EI) [30], [55], the wrapped 

phase image inpainting (WP-II) [28], the vector-valued image 

regularization with PDEs (VVIR-PDE) [56], the adaptive 

inpainting algorithm based on DCT induced wavelet 

regularization (AI-DCT-WR) [34], and an image inpainting 

approach using spatially adaptive iterative singular-value 

thresholding algorithm (SAIST) [57]. The conventional 

iterative regularization method actually is the proposed 

approach but without the proposed initial guess as the 

geometrical guidance. Note that all simulation codes are 

written in MATLAB running on a personal computer at 3.4 

GHz except VVIR-PDE which is written in C++. For fair 

comparison, the resulting time execution of C++ is assumed to 

be 10 times faster than that of MATLAB. Table I and Table II 

Table II.  Comparison of inpainting results on the object “peak” with an oval 

shape mask and a circle shape mask respectively 

Noise 
Level 

SNR 

2
D

-D
TC

W
T 

EI
 

W
P

-I
I 

V
V

IR
-P

D
E 

A
I-

D
C

T-
IW

R
 

S
A

IS
T

 

P
ro

p
o

se
d

 

Oval shape mask 

0 15.82 30.52 24.83 23.36 12.58 28.36 33.69 

0.2 14.65 28.40 25.04 22.85 12.86 28.36 33.18 

0.4 14.43 26.02 23.15 21.82 11.88 25.79 30.81 

0.6 14.67 25.16 23.28 20.92 11.87 23.41 28.56 

0.8 14.59 24.57 22.85 20.05 12.21 23.91 25.81 

Circle shape mask 

0 13.01 23.76 22.85 22.51 14.81 15.72 31.23 

0.2 13.21 25.30 22.64 23.02 15.07 16.14 30.78 

0.4 11.71 24.41 23.41 21.98 14.80 16.50 30.60 

0.6 11.36 23.13 20.96 20.22 13.45 13.56 27.03 

0.8 11.82 21.47 20.15 19.56 13.75 15.60 25.27 
 

Table III.  Comparison of execution time  

M
e

th
o

d
s 

2
D

-D
TC

W
T 

EI
 

W
P

-I
I 

V
V

IR
-P

D
E 

A
I-

D
C

T-
IW

R
 

SA
IS

T 

P
ro

p
o

se
d

 

Time  
(seconds) 

2.47 3.81 5.05 37.47 20.99 197.55 1.09 

 

 

         
 

         
Fig. 16.  Comparison with other inpainting methods on a rectangular melamine plate with long highlight. (1st column) The fringe image with highlights and the 

3D model reconstructed using the proposed method; (2nd column) iterative regularization with the oriented 2D-DTCWT; (3rd column) the exemplar based 

inpainting method [30], [55]; (4th column) the wrapped phase image inpainting (WP-II) [28]; (5th column) the vector-valued image regularization with PDEs 
(VVIR-PDE) [56]; (6th column) the adaptive inpainting algorithm based on DCT induced wavelet regularization (AI-DCT-WR) [34]; (7th column); the image 

inpainting approach using spatially adaptive iterative singular-value thresholding algorithm (SAIST) [57]; and (8th column) the proposed method 

 

            
    (a)                                                (b)                               

               
    (c)   (d) 

             
    (e)   (f)  

Fig. 15.  Experiment with a ceramic plate with highlight. (a) The fringe 

image; (b) the reconstructed 3D model; (c) the generated depth image using 

the conventional approach; (d) the blow up of the highlight region in (c); (e) 

The generated depth image using the proposed approach; and (f) the blow up 

of the highlight region in (e).  
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show the average signal-to-error ratio (SER) when comparing 

with the ground truth of the object “cone” and “peak” 

respectively. The average of SER is calculated by repeating 

100 times for each algorithm at different noise levels, different 

masks, and different locations of the missing area. The 

location of the highlight area is randomly selected for each 

simulation. It can be seen in Table I and Table II that the 

proposed algorithm gives the highest SER in all noise levels. 

Besides, the proposed initial guess is extremely important to 

the quality of the restored fringe image and to speed up the 

optimization process as shown in the comparison of execution 

time in Table III. Significant distortion is noted if just 

implementing the iterative regularization without the proposed 

initial guess.  

To evaluate the performance of the proposed algorithm in 

real working environments, we conducted a series of 

experiments using real objects. The proposed algorithm is 

implemented using a system consists of a computer with a 

3.4GHz CPU and 16GB RAM. It is connected to a video 

projector and a digital camera. The projector is equipped with 

a light output of 3300 ANSI lumens and 2000:1 contrast ratio 

and the camera has a 22.2 x 14.8mm CMOS sensor and a 17-

50mm lens. They are placed at a distance approximately 

700mm from the object. Fig. 15 shows a large ceramic plate 

with a small highlight region. Due to the highlight, some of 

the fringes are missing (Fig. 15 (a)), resulting in a loss of the 

depth information. Using the conventional regularization 

method [31], [32], the missing area can be minimized but 

some distortion is introduced to the depth image (Fig. 15 (c) 

and (d). The proposed method improves the conventional 

regularization method and results in a better reconstruction as 

illustrated in Fig. 15 (e) and (f) respectively. The resulting 3D 

model is depicted in Fig. 15 (b).  

Next we consider fringe images with larger highlights. Fig. 

16 shows the fringe image of a rectangular melamine plate 

with a long highlight and Fig. 17 shows a circular melamine 

plate with a big oval shape highlight at the center. In both 

cases, the highlight masks out some fringe patterns. We 

compare several inpainting methods: the conventional iterative 

regularization method (2D-DTCWT); the exemplar based 

inpainting (EI) [30], [55]; the wrapped phase image inpainting 

(WP-II) [28]; the vector-valued image regularization with 

PDEs (VVIR-PDE) [56]; the adaptive inpainting algorithm 

based on DCT induced wavelet regularization (AI-DCT-WR) 

[34]; and an image inpainting approach using spatially 

adaptive iterative singular-value thresholding algorithm 

(SAIST) [57]. As shown in Fig. 16, if the highlight area is not 

big, some methods (except WP-II, AI-DCT-WR, and SAIST) 

can reconstruct the depth image reasonably well. As the 

highlight area getting bigger (as shown in Fig. 17), the 

conventional regularization methods result in significant errors 

in the reconstructed depth image. The proposed method on the 

other hand can make a correct estimation of the missing area. 

Indeed the result is expected since the regularization 

procedure of the proposed method is guided by the 

geometrical structure based on the fringe pattern on the 

boundary of the highlight region. Finally, we show in Fig. 18 

the performance of the proposed method for objects with 

complex shape (a ceramic jug) and strong color variation (a 

plastic banana). It can be seen that the proposed method 

performs equally well. It shows the robustness of the proposed 

        
 

        
Fig. 17.  Comparison with other inpainting methods on a melamine plate with large highlights. (1st column) The fringe image with highlights and the 3D model 

reconstructed using the proposed method; (2nd column) iterative regularization with the oriented 2D-DTCWT; (3rd column) the exemplar based inpainting method 

[30], [55]; (4th column) the wrapped phase image inpainting (WP-II) [28]; (5th column) the vector-valued image regularization with PDEs (VVIR-PDE) [56]; (6th 

column) the adaptive inpainting algorithm based on DCT induced wavelet regularization (AI-DCT-WR) [34]; (7th column); the image inpainting approach using 

spatially adaptive iterative singular-value thresholding algorithm (SAIST) [57]; and (8th column) the proposed method 

  
 

  
Fig. 18.  Performance of the proposed method for objects with complex shape 

and strong color variation.  
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method.  

VII. CONCLUSION 

In this paper, a novel method for inpainting fringe images in 

the presence of highlights is proposed. The proposed method 

can detect the highlight regions in a fringe image and 

regenerate the fringes that are masked by the highlights. The 

algorithm is based on an iterative regularization procedure 

with additional geometrical sketching of the fringe pattern in 

the highlight regions. It serves as the initial guess and guides 

the iterative regularization process to converge to the desirable 

result. Simulation and experimental results show that the 

proposed algorithm is able to accurately estimate the missing 

fringe patterns due to the highlights and thus correct the errors 

in the reconstructed 3D model which can be found when using 

the traditional methods. 
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