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ABSTRACT 

Structured light illumination refers to a scanning process of projecting a series of patterns such that, when viewed 

from an angle, a camera is able to extract range information. Ultimately, resolution in depth is controlled by the number 

of patterns projected which, in turn, increases the total time that the target object must remain still. By adding a second 

camera sensor, it becomes possible to not only achieve wrap around scanning but also reduce the number of patterns 

needed to achieve a certain degree of depth resolution.  But a second camera also makes it possible to reconstruct 3-D 

surfaces through stereo-vision techniques and triangulation between the cameras instead of between the cameras and the 

projectors. For both of these two tasks, correspondence between points from two cameras is essential. In this paper, we 

develop a new method to find the correspondence between the two cameras using both the phase information generated 

by the temporal multiplexed illumination patterns and stereo triangulation. We also analyze the resulting 

correspondence accuracy as a function of the number of structured patterns as well as the geometric position of projector 

to cameras. 

 
Keywords: Structured light illumination, phase measuring profilometry, correspondence, stereo phase matching, sub-

pixel. 

 
1. INTRODUCTION 

Structured light illumination (SLI) [1] employs the projection of a group of designed light patterns onto the surface of 

target. By the reflected illumination of the target, the depth information would be computed. The structured illumination 

could be spots, stripes or some other geometric patterns, as long as the depth information can be extracted from the 

reflected illumination. As one of the most accurate non-contact 3D surface measuring techniques, SLI has many 

industrial and scientific applications [1], including 3D conferencing [2], IC mounting on circuit board, and quality 

control [3]. Compared to some passive 3D information acquisition techniques such as stereo vision [19], shape from x 

[20], SLI can easily overcome the reconstruction ambiguities around surface discontinuities via the active scanning, and 

obtain accurate depth information through the camera-projector triangulation. 

 

Among all SLI methods, the Phase Measuring Profilometry (PMP) is recognized as one of the most robust and precise 

strategy [5].  Multiple phase shift patterns are projected onto the 3D target and the depth data is extracted based on the 

phase distortion observed by the camera. The accuracy of the 3D surface relies on the quality of the 2D phase 

information. Compared to other SLI methods, PMP is known for its high accuracy, robustness to the environmental 

illumination and target texture, simple implementation, and fast point matching in 3D reconstruction. The goal of our 

research is to build a fast non-contact high-resolution 3D fingerprint scanner by using PMP technique. A multi-camera 

structured light illumination system is developed to improve the sensing resolution, neutralize the impact of lens 

distortion, reduce the illumination pattern number, and obtain the surrounding information of fingerprints.  
 

Performing PMP scan with two cameras and one projector yields two 3D surfaces. We expect by fusing these two 3D 

surfaces to obtain a higher resolution, less distorted, and more wrapped version of 3D fingerprints. The key to merge 

reconstructed images from different cameras lies in finding the point correspondence among cameras. To illustrate the 

mismatching problem arisen in the point correspondence between two cameras in the system, a spots pattern has been 

designed and projected onto the finger under scanning. 



 
 

Figure 1.1:   An experimental setup of the proposed 3D surface scanning system. The two 8 bit monochrome cameras used for depth 
                      scanner are Pulnix TM-1400CL, with 1392x1040 pixel resolution, interfaced with a PC with a Bitflow Roadrunner 

                      framegrabber card. The projector used is a Infocus Lp70+ with 1280x1024 pixel resolution and 1000 ANSI Lumens 
                      output. 

 

 

      
(a)                                                 (b) 

 

Figure 1.2:   Two images from the camera I and camera II. (a) Camera I view; (b) Camera II view. Some part of the finger in each 

                       camera’s field of view (FOV) is invisible in the other camera’s FOV. 

 
 

       
  (a)                                                 (b)                                                    (c)                                                 (d) 

 
Figure 1.3:  3D surfaces after projecting the spots pattern onto the finger. Surfaces (a) and (b) are reconstructed from the camera I 

and II respectively. The spots are represented by the dark dots. Surface (c) is obtained by merging the surfaces (a) and 
(b) in 3D without any processing. Surface (d) is a zoomed part of the surface (c), which illustrates the mismatching of 

points. 



 

The points mismatching, illustrated in figure 1.3, can be caused by many factors. Some of them are analyzed in [6] and 

[7]. A few remedying approaches have been proposed in [7], [8], and [9]. In a typical optical system, both cameras and 

projector will introduce distortions due to the curving lens surface and the limited aperture size. Using the PMP 

technique, the temporal multiplexed illumination patterns can offset the projector distortion, so the camera distortion 

remains the main cause of the mismatching. To overcome the multiple 3D surfaces mismatching caused by the distortion 

of camera lenses, we propose a method that can achieve the precise point correspondence between two 3D surfaces based 

on the notion of stereo vision. 

 

Traditional stereo matching is to find the correspondence of points from two or more planes. Stereo matching has been 

studied for decades in computer vision, which can be broadly classified into feature based [10], [11], [12] and point 

based approaches [13] and [14]. Generally speaking, when come to two or more views geometry, the fundamental 

matrices and epipolar lines [15], [16] can be derived using an external calibration target. The corresponding points from 

different views must lie on the same epipolar line. That is, stereo matching greatly reduces the search for 

correspondences. The point correspondences deduce the stereo disparities. Through stereo triangulation, disparities can 

be converted into coordinates of points in 3D space. 

 

In this paper, we present a new approach for 3D surface reconstruction with multiple cameras SLI systems by 

incorporating PMP technique into stereo vision correspondence. We employ epipolar geometry and sub-pixel technique 

to find the correspondence between phase images from different cameras and reconstruct the 3D surface. The system 

performance is further optimized by tuning three parameters: the alignment angle of patterns, the number of patterns, and 

the geometry among cameras and the projector. The optimized 3D surface reconstruction by our method is also 

compared with the performance of the conventional correlation based method. 

 
2. PHASE MEASURING PROFILOMETRY 

2.1 Traditional PMP process. 

 

Traditional PMP projects either vertical or horizontal sine wave patterns onto the surfaces under scanning so that the 

vertical or horizontal correspondence information between the camera and the projector can be directly derived from the 

computed phase data. The canonical PMP technique employs single frequency sine wave patterns, shifted in turn, which 

can be described as 

nI (
px ,

py ) = 
pA  + 

pB cos(2πfyp - 2πn/N)                                                 (2.1.1) 

where p represents the projection pattern, 
pA  and 

pB  are the projector constants, f is the frequency of the sine wave, 

and (
px ,

py ) represents one point in the projector coordinates.  And the n is the phase shift index, less or equal to the 

total shifts number N. After projecting these patterns, the camera captures the image where the sine wave pattern is 

distorted by the scanned surface topology, and the resultant albedo image can be expressed as 

 

nI (
cx ,

cy ) = 
cA (

cx ,
cy ) + 

cB (
cx ,

cy ) cos( (
cx ,

cy )  - 2πn/N)                             (2.1.2) 

 

where c represents the camera image,  (
cx ,

cy )  represents the phase information in the camera coordinates. After the 

projected pattern shifted by 2π/N for N times, the phase information  (
cx ,

cy ) at (
cx ,

cy ) can be retrieved by 
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As the phase value is linearly distributed in the projector coordinates, in the horizontal pattern case, 
py  can be estimated 

from the phase data [17]. Then the 3D world coordinates of a point can be calculated with (
cx ,

cy ,
py ). Figure 2.1 

shows an 8-bit gray level phase image, which we will use in the later section for points matching. 



2.2 Rotated structured illumination patterns: 

 

We use patterns rotated in different angles to choose the optimal pattern alignment. Denote r as the alignment angle, Lp 

as the image length, and Hp as the image height. If we use single frequency patterns, then 
f = 1/ Lpl                                                                           (2.2.1) 

where Lpl is the length of the pattern. If the pattern alignment is horizontal, i.e. r = 0, Lpl is the height of the pattern. If the 

pattern alignment is vertical, i.e. r = π/2, Lpl is the length of the pattern. In between,  

 
                                                                         Lpl = Lp / sin(r)    for R < r < π/2 

Lpl = Hp / cos(r)    for 0 < r  R 
 

where R is the arctan of the image length-to-height ratio. Thus, a rotated pattern with an angle r can be expressed as 

nI  (
px , 

py ) = 
pA  + 

pB cos[ 2πf  (sin(r)  
py  +cos(r) 

px ) – 2πn/ N]                       (2.2.3) 

. 

     
(a)                                                                      (b)                                                                         (c) 

Figure 2.1:   Three image patterns with different rotation angles. (a) shows the vertical pattern where r = π/2. (b),shows a pattern 
                      where r = π/4. (c) shows the horizontal pattern where r = 0. 

 
2.3 Rotated phase image 

 

From the camera point of view, the captured image is distorted by the scanned surface’s topology. The function of 

reflected illumination can be described as 

nI (
cx ,

cy ) = 
cA  (

cx ,
cy ) + 

cB (
cx ,

cy ) cos[ (
cx ,

cy )  - 2πn/N]                         (2.3.1)  

The computation of  (
cx ,

cy ) is similar as that of PMP, yet with an angle shift, denoted as , which is related to 

rotation angle r. It is given by 
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After converting  (
cx ,

cy ) from 0~2π to 0~255, we can get the 8-bit gray level phase image. 

     
(a)                                                                 (b)                                                                    (c) 

Figure 2.2:     (a) The target image. (b) The phase image of the target when r = 0. (c) The phase image of the target when r = π/4. 

 



The target shown in figure 2.2.a is used to evaluate the 3D reconstruction performance of the proposed rotated pattern 

PMP and sub-pixel stereo phase matching. Three pattern numbers in use, 25, 40 and 55, are for both traditional PMP and 

the rotated pattern PMP. Ten different angles are tested for each rotated pattern PMP. The results are given in figure 2.4. 

The reconstruction errors include the mean square root errors in x, y and z directions of the world coordinates in the unit 

of mm.  
 

       
 

Figure 2.3:   Images of the 3D reconstructed surface from four different perspectives using traditional PMP with 40 patterns.  
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Figure 2.4:    Plot of PMP reconstruction errors vs. rotation angles. The three straight lines are the errors of traditional PMP, where 
                      the pattern rotation angle is a constant.  
 

Figure 2.3 shows the reconstructed surface of the target using traditional PMP technique with 55 patterns. Figure 2.4 

shows the 3D reconstruction errors using rotated patterns in contrast to using traditional patterns, where the rotation 

angle is 0. With an increase of pattern number, the errors of 3D surface reconstruction drop as expected. For the rotation 

pattern PMP, the errors reach their maxima as the rotation angles go near π/2. This is because in our experimental system 

the camera-projector line is nearly vertical. Usually the best reconstruction results could be obtained when the pattern 

angle is perpendicular to the camera-projector line. In theory, when the pattern alignment is parallel to the camera-

projector line, little information on
py can be extracted, resulting in infinite reconstruction errors. In practice, as the 

camera and the projector are not perfectly vertically aligned, some information on
py  still can be derived even using 

vertical patterns. It also can be seen that when the number of patterns is larger than 25, there is no much room to improve 

the reconstruction performance. 
 



3. STEREO MATCHING IN PHASE 

3.1 Stereo vision geometry 

Assume a real world point P projects to the two camera image planes as 
1p  (

1x ,
1y , 1) and 

2p  (
2x , 

2y , 1) 

respectively. Two matched points hold the following relation 

1

tp  F 
2p  = 0                                                                          (3.1.1) 

where F is the 3*3 Fundamental Matrix. If we expand equation 3.1.1, it becomes 

(
2x 11f  + 

2y 12f  + 
13f ) 

1x  + (
2x 21f  + 

2y 22f  +
23f )

1y  + (
2x 31f  + 

2y 32f  +
33f ) = 0             (3.1.2) 

which gives the explicit definition of epipolar lines. In other words, if the projected point 
2p in the image plane of 

camera II is known, we can derive the corresponding epipolar line in the image plane of camera I, on which the matched 

point 
1p lies. 

 

To obtain the epipolar lines between the two cameras, we need to compute the Fundamental Matrix. The pre-known 

corresponding points are given by the calibration target shown in figure 2.2 a. Assume we have n pairs of matched 

points, denoted as (
1

1x ,  
1

1y ), … , (
2

nx ,
1

ny )  for the camera I and (
2

1x , 
2

1y ), … , (
2

nx ,
2

ny ) from the camera II. Substitute 

all these points into equation 3.1.2, we can obtain 
Af = 0                                                                                 (3.1.1) 

where the n-by-9 matrix A is given by 
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and n is the point pair number, chosen as 32 in our experiment. Vector f is defined as 

f =  [ 11f , 12f , 13f , 21f , 22f , 23f , 31f , 32f , 33f ]T                                          (3.1.3) 

The singular value decomposition (SVD) of A is denoted as 

A=U Σ VT                                                                             (3.1.4) 

VT’s last column is the null space of A, and hence is the vector F. In practice, F was computed using equation 3.1.2. 

 

 
Figure 3.1:  An illustration of a typical epipolar line and the neighboring pixels. Black dots represent the pixel vertices of an image.  It 

can be seen that a real number valued epipolar line usually passes between the integer valued pixed vertices.   
            

  
3.2 Stereo sub-pixel matching based on phase 

 

The conventional pixel based stereo matching is to match an integer valued point 1p (
1x ,

1y ) in the image plane I to 

another integer valued point 2p (
2x , 

2y ) in the image plane II. Sub-pixel matching, by contrast, is to match an integer 

valued point 1p to another real number valued point 2p ’, to improve the matching accuracy and hence the 3D 

reconstruction resolution. 
 

As shown in figure 3.2, we can model an epipolar line as 

y = a x + b                                                                             (3.2.1) 



If the coordinate of 
1p is (i, j), the coordinate of 

2p on the epipolar line would be (i+ h , j+ l ). Equation 3.2.1 can be 

rewritten as 

(j+ l ) = a  (i+ h ) + b  

Let 
'a = 1/ a  and 

'b = (j –b  – a ), it would be  

h  = 
'a l  + 

'b                                                                         (3.2.2) 

 

 

 

 
Figure 3.2:    An epipolar line goes through the space between four image pixel centers. The real number valued matched point on the 

epipolar line divides the space into 4 rectangular regions, with normalized areas of 1s , 2s , 3s , and 4s , as 1s + 

2s + 3s + 4s  = 1. 

 

If we assume that the phase value inside each square is linear, to compute the phase value of each point on the epipolar 
line, we have 

P = 1s 4p  + 2s 3p  + 3s 2p  + 4s 1p                                                    (3.2.3) 

where P is the phase value of the point on the epipolar line. 1p , 2p , 3p , and 4p  are the phase values of the four 

integer indexed pixels. From figure 3.2, we can describe the four rectangle areas as: 

1s  = l h   

2s  = (1 – l ) h  

3s  = l (1- h ) 

4s  = (1 – l )(1 – h )                                                                           (3.2.4) 

Substitute equation 3.2.3 into 3.2.2, we can describe the phase value as 

P = 
'

1p l h  + 
'

2p h  + 
'

3p l + 
'

4p                                                         (3.2.5) 

where 
'

1p  = 4p  – 3p  – 2p  + 1p , 
'

2p  = 3p  – 1p , 
'

3p = 2p  – 1p  and 
'

4p  = 1p . Combined with equation 3.2.1, it 

turns out to be  

P = 
'

1p 'a 2l  + (
'

1p 'b + 
'

2p 'a +
'

3p ) l + (
'

2p 'b + 
'

4p )                                     (3.2.6) 

As a result, to find the point on the epipolar line with the phase value P amounts to solving the quadric function of 3.2.5. 

 

3.3 Reconstruction of 3D surface 

 

3D reconstruction from multiple images has been given in [16] and [18]. After the correspondences between the visible 

points from the two camera images is built by the approach described in section 3.2.  We use the linear camera model to 

reconstruct the 3D surfaces.  
 

The transformation equations from real world to camera is given by 
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where
wc

ijm is the parameter of  world-to-camera matrix 
wcM , which is calculated from camera calibration,  
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Denote 
1wcM  as the world-to-camera matrix of the camera I, and 

2wcM for the camera II. For a 3D point, the relation 

between its world coordinates (
wx ,

wy , 
wz ) and its projection coordinates (

1cx ,
1cy ) and (

2cx ,
2cy ) can be described 

as Q  , ,
T

W W wx y z    = R , that is 
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The pseudo-inverse solution can be derived as 

 

, ,
T

W W wx y z   = 
1( )T TQ Q Q R

                                                          (3.3.4) 

 
The target shown in figure 2.2.a was used again to test the 3D reconstruction errors of the proposed sub-pixel stereo 

phase matching technique. We used ten different rotation angles. For each rotation angle, three different pattern numbers, 

55, 25 and 10, were chosen. The errors of matching point pair estimation are measured in mean square root error of x 

(vertical) and y (horizontal) directions of image coordinates. 

 

       
 

Figure 3.3:   Sub-pixel stereo phase matching reconstruction with 55 vertical patterns. Images from left to right are four different 
                      views of this 3D surface. 
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Figure 3.4:    Reconstruction errors using sub-pixel stereo phase matching vs. the rotation angles. The upper three curves are 
                      errors in y direction. The lower three curves are the errors in x direction. 
 

The performance of sub-pixel stereo phase matching depends on both the quality of phase information and the angle 

between pattern alignment and epipolar lines. If the pattern alignment is parallel to one epipolar line, all the points on this 

line will have the same phase value; in that case, the stereo matching by phase becomes impossible. In our prototype 

system, the two cameras are positioned horizontally; therefore the vertical patterns should yield the best reconstruction 

results. However, figure 3.4 shows that the best results happen at the rotation angle of near 0.8, instead of π/2. That is 

because the reconstruction performance also relies on the quality of phase information. As figure 2.4 shows, the quality 

of phase information, equivalent to depth errors, degrades most when the pattern alignment goes near π/2. Besides, there 

is an angle between the alignments of two cameras, which can not generate a set of parallel horizontal epipolar lines as 

expected.  

 

It can also be seen from figure 3.4 that the error in x direction (vertical) is much less than those in y direction (horizontal). 

Since the epipolar lines are near horizontal, such a stereo vision geometry helps reduce the errors in x direction. In 

addition, although the phase information degrades most when the pattern rotation angle goes near π/2 as shown in figure 

2.4, the sub-pixel stereo matching reconstruction, even in y direction, does not degrade as much as conventional PMP 

reconstruction does. It seems that the proposed sub-pixel stereo matching is quite robust to the quality of the phase 

information extracted using the PMP technique.  

 

 
4. CAMERA-PROJECTOR GEOMETRY OPTIMIZATION 

Sub-pixel stereo matching in phase with vertical patterns and three pattern numbers, 15, 30, and 60, are applied in 

optimizing the camera-projector-camera geometry. The matching error is defined as the mean square root error between 

the actual matching points and the estimated matching points of the target images. To obtain better phase information, 

multi-frequency patterns were used [17]. Three frequencies were chosen as 1, 8, and 32. 

 

Figure 4.1 shows the geometry of the system setup. Figure 4.2 illustrates the point matching errors vs. log(H/L). The 

mean square root errors in x and y directions using multi-frequency patterns are reduced, compared to the case of using 

single frequency patterns, as the quality of phase information is much improved by using multiple frequencies patterns. 

As shown in figure 4.2, the matching errors drop as the log ratio of H/L decreases. It suggests that the best position of the 

projector is the middle point of two cameras. 
 



 
 

Figure 4.1: Geometry of camera-projector-camera triangle. The distance between two cameras is defined as L, which is                       
fixed in our experiment. H is defined as the distance between the projector and the middle point of two cameras. 

 

Figure 4.3 shows the reconstruction results of the target by the proposed sub-pixel phase based stereo matching and the 

conventional correlation based stereo matching. For the proposed method, the errors are 0.1485 pixels in x direction and 

0.5833 in y direction. For the conventional method, the errors are 1.5293 pixels in x direction and 15.4825 pixels in y direction. 

Compared to the traditional stereo matching, the results of sub-pixel stereo phase matching are more accurate and more 

robust to noise. While traditional correlation based stereo matching may achieve higher quality reconstruction for objects 

with rich texture information, the proposed phase based stereo matching approach can effectively reconstruct 3D 

surfaces under all the texture and illumination conditions.  
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Figure 4.2:   Matching errors in pixel vs. log ratio of H/L. The upper three curves are the errors in y direction. The lower 

                      three curves are the errors in x direction. 



 

       
(a) 

 

       
(b) 

 
Figure 4.3:  (a) Surfaces reconstructed by sub-pixel stereo matching, with 3 frequencies of1, 8, and 32, 10 patterns for each frequency. 
                     (b) Surfaces reconstructed by traditional correlation based stereo matching. 

 

 

5. CONCLUSION AND FUTURE RESEARCH 

In this paper, we propose a phase information based sub-pixel stereo matching for multi-perspective structured light 

illumination 3D surface reconstruction. We also investigate the impact of pattern rotation angles, pattern numbers, and 

camera-projector-camera geometry on the reconstruction performance. The advantages of using multiple cameras in SLI 

scanning over the single camera SLI system include its higher robustness to the quality of phase information, as well as 

the measurement noise, and its capability to acquire surrounding information of objects under examination. Compared to 

the traditional correlation based stereo matching, the proposed method can produce high quality 3D surface 

reconstruction despite the texture and illumination conditions. Our future work includes applying such a technique to 3D 

face and 3D finger/palm print reconstruction.   
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