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This paper presents a stochastic optimization based 3D dense reconstruction from 

multiple views. Accuracy and completeness are two major measure indices for perfor-

mance evaluation of various multi-view stereo (MVS) algorithms. First, the reconstruc-

tion accuracy is highly related to the stereo mismatches over the multiple views. Stereo 

mismatches occur in the image regions involving the lack of texture, depth discontinuity, 

or repeated texture patterns. Second, an insufficient number of views or occlusions be-

tween objects also lead to the difficulty in matching so that the reconstruction complete-

ness degrades. In pursuit of high accuracy and completeness we present the appropriate 

techniques to solve the above problems in the reconstruction task. To deal with the vari-

ous stereo mismatch problems we propose to apply adaptive matching functions and al-

low partial matching. We shall model the object to be reconstructed by a set of 3D ori-

ented planar patches covering the visible object surface. The adopted multi-view recon-

struction is formulated as a patch expansion process under a tree hierarchy. In order to 

find the optimal patches via multi-view stereo matching we shall employ a PSO (Particle 

Swarm Optimization) method for the sake of implementation simplicity and avoidance of 

possible local traps as found in the derivative based optimization methods. The success 

in the PSO method relies on imposing proper constraints on ranges of the patch parame-

ters including the patch depth and patch normal vector which are involved in the PSO 

objective function (i. e., the stereo matching function). Furthermore, we use a varying 

patch size to obtain the reliable patches in the areas containing less texture, repeated tex-

ture pattern, or depth discontinuity. To secure a high reconstruction quality we advocate 

a patch priority queue to select the best patch during the patch expansion. All of the 

above mentioned techniques are also effective in the situations when the number of 

views is sparse or the camera baseline width is wide. The proposed method is tested on 

synthetic and real image data sets. The experimental results indicate that the proposed 

method is superior or comparable to the top ranked reconstruction methods reported in 

the public Middlebury MVS evaluation website. 

 

Keywords: 3D patch-based reconstruction, multi-view stereo, adaptive matching function, 
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1. INTRODUCTION 
 

In recent years there has been an increasing interest in multi-view stereo (MVS) 
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methods for 3D dese reconstruction [1]-[18]. Seitz et al. [1] established a public website 

for providing benchmark datasets for evaluating different MVS methods. Accuracy and 

completeness are two major measure indices for such an evaluation. First, we know that 

the reconstruction accuracy is highly related to the stereo mismatches among the multiple 

views. Stereo mismatches occur in the image regions involving the lack of texture, depth 

discontinuity, or repeated texture patterns. Secondly, an insufficient number of views or 

occlusions between objects also lead to the difficulty in matching so that the reconstruc-

tion completeness degrades. To deal with the above stereo mismatch problems we pro-

pose to apply adaptive matching functions and allow partial matching.  

The 3D object to be reconstructed can be modeled by a set of 3D points or planar 

patches covering the entire object surface. To find the optimal planar patches of the ob-

ject model two main categories of optimization algorithms are used: global and local. 

Global optimization methods consider the whole MVS problem as a global energy opti-

mization and find the solution by graph cuts, level sets, or belief propagation [6-10]. On 

the other hand, the local optimization methods reconstruct a dense 3D point or patch set 

based on a matching or objective function defined over a local region [11-18]. The area 

or window based matching/objective functions used in the local optimization methods 

are generally more complicated than those used in the global methods. To solve the op-

timization problem by a derivative based optimization method such as a linearized gra-

dient method [13] and the conjugate gradient method [15], the partial derivatives and 

perhaps the Jacobian matrix of an objective function are required which are hard to de-

rive and sensitive to the noise. Besides, the optimal solution found may be trapped in the 

local optima, depending on the initial guess. We shall use a PSO (Particle Swarm Opti-

mization) for the sake of implementation simplicity and avoidance of possible local traps. 

The success in the PSO method relies on imposing proper constraints on ranges of the 

patch parameters including the patch depth and patch normal vector which are involved 

in the PSO objective function (i. e., the stereo matching function).   

    The 3D object model can be constructed by a patch expansion process under a tree 

hierarchy [14-15]. The reconstruction consists mainly of a sequence of stages: 

(1) An establishment of an initial set of seed disks/patches: these seed disk/patches 

are point correspondences using feature points including SIFT, DoG, and Harris 

corners. 

(2) The patch optimization and verification: the patch is optimized via the photo 

consistency measure. A derivative based or derivative-free optimization method 

can be used. Then the minimum number of visible views used in deriving the 

patch is checked. 

(3) A patch expansion process: a tree hierarchy may be used to expand the tree from 

the root node to the terminal nodes. 

(4) A final patch filtering: After the patch set is fully grown, a final check on the 

patch quality. The matching score, the number of views used for patch computa-

tion and the patch angular relationship with the neighboring patches can be used 

to decide whether it is a legal patch or not. 

In [14] Habbecke et al. proposed a linearized gradient method for patch optimiza-

tion and a region growing based on a breadth-first expansion strategy. Their method can 

produce a high quality dense 3D model under a well-controlled camera setting such as in 

the Middlebury data sets and good guess of the initial solution. However, a 



 

 

 

 

well-controlled camera setting and good initial guess are sometime difficult to have in 

practice.  

In [15] Furukawa et al. proposed a conjugate gradient method for patch optimization 

and a region growing whose ordering is not disclosed, which may be either a random or 

breadth-first order. The proposed algorithm is top-ranked on the Middlebury website. 

They released their PMVS code in a public website [21]. As shall be shown, the PMVS 

results can be incomplete and not very accurate when the given object images contain 

texture-less regions or depth discontinuity, especially when the camera setup is not uni-

formly displaced. 

Besides, the proposed adaptive matching function can handle the stereo mismatches 

which occur in the texture-less, depth discontinuous or repeated textured regions in the 

following way: 

(i) For the texture-less regions we apply the adaptive weighting to alleviate the ste-

reo mismatch problem. 

(ii) For the depth discontinuities we solve by applying a simple adaptive or bilateral 

weighing which includes the spatial distance and the color difference weights. 

(iii) For regions of the repeated patterns we solve with a varying patch size. 

Unlike the above methods by Habbecke et al. and Furukawa et al. in which the 

patches are expanded in the breadth-first or a random order, we establish a priority queue 

according to the matching function value, patch correlation, and the number of visible 

cameras involved. We select a patch from the top of the queue, together with its parent 

patch, for expansion. This is the best-first strategy. We also partition each image into a 

grid of regular cells for ensuring the completeness of the reconstruction process. Patches 

are expanded iteratively until the priority queue is empty and all cells have been pro-

cessed. After patch reconstruction the object model is represented by a dense cloud of 

oriented 3D patches (or point cloud in short), we can convert the point model to a surface 

model by Delaunay triangulation or a Poisson Surface Reconstruction (PSR) algorithm 

[23].  

The proposed method is tested on synthetic and real image data sets. The experi-

mental results indicate that the proposed method is superior or comparable to the top 

ranked reconstruction methods reported in the public Middlebury MVS evaluation web-

site. 

The rest of the paper is organized as follows. Section 2 describes a patch based 

model and an adaptive matching function for 3D reconstruction. A modified stochastic 

optimization, GLN-PSO, is then applied to find the optimal 3D patches. Section 3 pre-

sents a patch expansion process based on a patch priority queue, together with patch ver-

ification. A final patch filtering is applied after a fully grown patch set is built. In Section 

4 experimental reconstruction results on synthetic and real objects are illustrated. Section 

5 is a concluding remark. 

2. A PATCH BASED MODEL AND PATCH OPTIMIZATION 

2.1 A Patch Based Model 

 

This paper treats the 3D object geometry as a set of planar surface patches; that is, a 



 

 

 

 

set of oriented points or point cloud in short. We modify the reconstruction framework of 

Furukawa et al. [15] including the determination of initial 3D patches with at least three 

views, stochastic optimization of the adaptively weighted photo-consistency measure, 

and the expansion process with a priority queue. A patch   is defined by a center      

and a normal     . We define two different types of patches: seed patches (parents) and 

expanded patches (children). Seed patches are derived from the SIFT feature points or 

the like [19] with cross-validation using at least three views. Expanded patches are 

fetched from a specially designed patch priority queue, which will be described in Sec-

tion 3.  

 

2.2 Visible images and a reference image 

 

For a seed patch  , its 3D center is obtained by triangulation based on the feature 

point correspondences over at least three visible images. We define      as a set of 

images in which the seed patch is visible. The initial normal vector      of a seed patch 

prior to stochastic optimization is taken as the average of the vectors from      to 

      where       denotes the camera center of an image   in     : 
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‖          ‖                             (1) 

For a patch to be expanded is fetched from the top of a patch priority queue (to be 

defined later). The initial center and normal of the patch are inherited from the parent 

patch. After the normal of an expanded patch is refined by stochastic optimization, we 

redefine      as the set of images such that the angle between the optical axis of each 

image and      is small than a pre-specified threshold  . The reference image      

of patch   is defined to be the image in      with the smallest angle between its opti-

cal axis and the patch normal     .  

The extent of a 3D patch is defined in terms of the projected patch pixels corre-

sponding to a region of               in the reference image      which sur-

round the projected point of the patch center    . Homography is applied to acquire the 

accompanying projections in other visible images in     . Because the projected coor-

dinates may not be an integer value, we apply the bilinear interpolation to approximate 

the pixel intensity. To measure the photometric discrepancy across the visible images the 

projected patch is represented by a normalized unit vector   consisting of        
       intensity components. Then we can define the patch correlation      of a 

patch   by the average value given in equation (2).  

     
∑                  

|    |  |    |
                             (2) 

where |      | denotes the number of images in the set. For convenience, we divide each 

image   into a cell map,   , which is a partition of the image into cells, each of      

pixels (       ).  

 

2.3 Reconstruction with varying patch size and partial matching 

 

Furukawa et al. [15] use a relatively small patch extent, 7x7 or 9x9, to speed up the 



 

 

 

 

reconstruction. However, a small patch extent in a texture-less region is difficult to infer 

the 3D patch content because of its lack of texture discrimination power. It is straight-

forward to increase the size of extent of a patch to retrieve more texture information. On 

the other hand, Habbecke et al. [14] set an upper bound and a lower bound on the win-

dow size. The window size is adjusted according to the intensity variation of a window. 

We shall adopt two ways of patch reconstruction: one using a fixed patch size and 

the other using a varying patch size starting from a larger patch size to a smaller patch 

size.  

 

2.4 Adaptive matching functions  

 

Patch-based MVS algorithms utilize the local region information to match the patch 

across multiple views in order to determine the 3D patch position and orientation. How-

ever, if the patch p to be reconstructed covers two facets of an object with a sharp edge 

where facets meet (see Figs. 2(a) and 2(b)), the normal vector of one of this multi-facet 

patch is often estimated as a least-squared solution of the two involved facets. This is 

why the conventional patch-based approaches are difficult to reconstruct objects having a 

sharp slope change. We propose an adaptive matching function and partial matching to 

deal with this problem.  

We shall assign different weights to the pixels inside of the projected patch in the 

image according to (a) the sum of color differences at the corresponding pixel across the 

multiple visible views, (b) the spatial distance from the individual pixel to the center of 

the projected patch, and (c) the relative edge magnitude at the individual pixel.   

The first weighting function        is related to the discrepancy in the color intensi-

ties specified by: 

        
 

       

   
                             (3) 

where        is the average value of squared differences of the color intensities at pixel 

      in the reference image      associated with a 3D patch   under reconstruction: 

       |    |  ∑ (                 )
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where      is the projected patch in     .   
  is a control parameter with a default 

value 128*128. 

For a pixel       in      if it is near to the center of a patch,       , its spatial 

weighting value        is larger, as defined by: 
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Furthermore, the pixels in a texture-less region of a patch should receive a smaller 

weight if the edge magnitude is small. Let the 3x3 Sobel operators be     and   . The 

edge magnitude at pixel       in the reference image is obtained with two convolutions. 



 

 

 

 

Define       : 

       
‖                      ‖

             (‖                      ‖)
         (7) 

Finally, we multiply and normalize the three kinds of weights to obtain a general 

adaptive matching function          

       
                  

∑                           
                   (8) 

The optimized results with and without the adaptive matching function are shown in 

Fig. 1. In Figs. 1(a), 1(c), and 1(e) show the optimized patch orientation and 2D and 3D 

plots of c(x, y) for            . Similarly, Figs. 1(b), 1(d), and 1(f) show the case 

without the use of the adaptive matching function. By applying the adaptive weighting a 

better partial patch reconstruction is obtained. 

 

With the use of adaptive  

matching function 

Without the use of adaptive  

matching function 

 
(a) 

 
(b) 

  
(c) 

 
(d) 

Fig.1: The patch   under consideration covers two object facets. (a, b) The 3D patch 

reconstruction results with or without the use of the adaptive matching function. (c, d) 

The 3D plots of        for            (See Eq. (3)) for the patch obtained in cases 

(a) and (b), respectively. 

 

2.5 Stochastic patch optimization 

 

The above proposed adaptive matching function for patch optimization is compli-

cated and perhaps unstable to be implemented by a derivative based numerical optimiza-

tion method like complex conjugate method, since many partial derivatives of the non-

linear functions are messy or even do not exist. Besides, local trap may occur. Therefore, 

we prefer to use the derivative-free optimization method, namely, a stochastic optimiza-

tion method. 

First, we show an example of local trap. For a 31x31 patch on a synthetic textured 

plane of size 640x640 (squared inches). The plane normal in the spherical coordinates is 



 

 

 

 

(  = 97,    = 64) and the distance from the plane to the reference camera (focal length 

= 55mm) is 1511.87 inches. We vary the patch’s normal direction with the depth as a 

parameter. Fig 3 shows multiple local traps of the error (or optimization objective) sur-

face with the depth value equal to 1503.87.  

 

 

Fig.2: Contour lines of the error (or the objective function) surface with local traps with 

the depth as a parameter. 

 

2.5.1 GLN-PSO (PSO with Global best, Local best, and Near-neighbor best social struc-

tures) 

 

The GLN-PSO [22] enhances the local social learning capability by taking more so-

cial structures of the particles into consideration. These additional social structures result 

in faster convergence. The GLN-PSO adds local best, and near neighbor best particles to 

the conventional PSO, as given by 

                                    
                                          (9) 

where     is the velocity of the  -th particle,    ,    ,    ,    ,     are the  -th di-

mensional coordinate of the current  -th particle and its previous personal best, global 

best, local best, and near-neighbor best, respectively. The coefficients  ,   ,   ,   ,    

are normally set to 0.8, 1.2, 1.5, 1, and 1. 

In the patch based MVS reconstruction, only three parameters (one for depth, two 

for normal directions in a spherical coordinate system) are needed, so it is found worth to 

apply GLN-PSO rather than conventional PSO to get a more accurate result with fewer 

iterations.  

 

2.5.2 Parameter setting and range constraints 

 

Although GLN-PSO is able to avoid local trap without good initial values in all pa-

rameters (or dimensions), it is better to include the good initial particles to begin with. 

The normal direction       of a patch is defined in a spherical coordinate system. The 

range of the polar angle   is       and the range of the azimuthal angle   is defined 

as the intersection of viewing cone of images in     , as shown in Figure 3. The setting 



 

 

 

 

of initial normal direction is described in Sec. 2.2. 

 

Fig. 3: The range of the azimuthal angle. 

 

We find from the experiences it is important to have a constraint on the range of the 

depth parameter in order to converge to a good solution. The depth      of a patch is 

defined as the distance from the reference camera center to the patch center. Let      be 

the depth unit vector. 

     ‖          ‖                        (10) 

     
          

    
                           (11) 

The depth range          of a patch used in GLN-PSO is defined as: 

                                ‖  (         )    (    )‖
  

     (12) 

where       is the projected point   in the image  ,   is a depth range scalar and set as 

0.25 times of the cell size in experiments.  

In the case of a narrow baseline width, the value of ‖  (         )    (    )‖
  

 

can be extremely large. We delete any image of any image pair with a narrow baseline 

from the optimization process. The performance comparison between PSO and 

GLN-PSO with and without initial particle value is shown in Table 1. The matching 

function value of the GLN-PSO method with initial particles is smaller than other cases.  

 

Table 1: The matching function values of different optimization method with and with-

out initialization (iteration=60, particle=15, patch number=10266). 

Type Avg. objective value 

PSO  w/o initial particles 5.5116 

GLN-PSO  w/o initial particles 5.0581 

PSO  w/  initial particles 4.3865 

GLN-PSO  w/  initial particles 4.1242 

3. 3D RECONSTRUCTION AND THE BEST-FIRST PATCH EXPAN-
SION STRATEGY 

The dense 3D reconstruction in this paper is focus on calibrated cases. For uncali-
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brated cases, we apply structure from motion and bundle adjustment [19] for solving 

camera parameters and feature matching at the same time.  

 

3.1 Feature detection and matching 

 

To obtain stable feature points, we use SIFT feature instead of Harris and DoG fea-

tures used by Furukawa et al. [15]. The SIFT descriptor is also adopted to find the corre-

spondence of feature points across multiple images. Epipolar geometry constraint is also 

used to eliminate the incompatible feature matches using at least three views.  

 

3.2 Seed patch selection and verification 

 

All found feature correspondences are selected to construct the initial seed patches. 

Even we have matched features by SIFT descriptor and filtered with epipolar geometry 

constraint, many initial seed patches are not suitable for patch expansion. A seed patch 

which is not visible in enough images, as specified by the correlation constraint given in 

equation (2), will be removed, too. 

We choose the camera view with the highest sum of correlation values with other 

views to be the new reference correlation camera      . The camera view in      is 

removed if the correlation with       is small than   (  is 0.95 in our experiments). 

When the number of      is changed, the patch optimization and camera removal will 

be repeated until      is steady. Finally, an initial seed patch is removed if |    | is 

small than      with a default value 3. 

                  ∑                              (13) 

                                            (14) 

3.3. Cell map   

 

In Sec. 2.2, we have introduced cell maps       with regular grids of     pixels 

cells. The minimum of   is one pixel. A denser cell map results in a 3D model with 

more details, but spending more time for reconstruction.  

In the patch expansion process, every patch is projected to cells in all visible cell 

maps        and every cell should be tried to expand at least one time. Segmentation 

masks can be applied to accelerate reconstruction speed by indicating cells are projected 

by an object or not. Every cell can contain multiple patches. The number of patches that 

one cell can contain is limited to a maximum number     . A cell completes its expan-

sion if the number of patches in the cell is large than     . The information of the cell 

expansion will be kept in the records of the relevant projected patches in     . 

 

3.4. Expansion strategy with a patch priority queue 

 

The expansion method of Furukawa et al. [15] treats every patch independently and 

randomly, resulting in a possible unreliable point cloud computation. Therefore, their 

method needs an iterative expansion and filtering to derive accurate patches.  On the 

other hand, Habbecke et al. [14] grows patches based on the breadth-first search, which 



 

 

 

 

may not be always desirable. Therefore, we develop a patch priority queue and use a best 

first strategy for patch expansion.  

The priority      of each patch   is calculated as:  

          
      

|    |

| |                    (15) 

where      is the average value of the adaptive matching function        given in Eq. 

(8) for           ,      is  the patch correlation given in Eq. (2) , |    | is the 

number of visible cameras available, and   is the total number of cameras. 

We first initialize the priority queue by filling it by using all seed patches, then sort 

the queue according to the priority value of every seed patch. The highest seed patch in 

the queue is selected for expansion, together with the information of its parent patch. The 

patch is optimized as well as verified; its neighboring patches are evaluated and inserted 

into the priority queue during the patch expansion. Patches expand iteratively until the 

priority queue is empty and all cells are scanned. 

In experiments we find that the expansion with the priority queue leads to better 

surface smoothness and faster convergence. Furthermore, child patches expanded from 

parent patches usually also have higher priority value.  

Table 2 and Table 3 show accuracy and completeness of reconstructing a textured 

and a texture-less objects (both shown in Fig. 4) under the breadth-first, depth-first, and 

the proposed best first strategies. We can find that the best first strategy with a priority 

queue performs better than others in terms of accuracy and completeness. The bounding 

ball of the box-ball object is about 400 inches. 

 

  

Fig. 4: One of 24 images of a textured and a texture-less object.  

 

 

 

 

 

 

 

 

 

 



 

 

 

 

Table 2. Reconstruction results of a textured object with different expansion strategies 

and patch size of 31x 31. 

Expansion 

strategy 
Breadth first Depth first Priority queue 

# of points 34,645 34,404 34,454 

Accuracy  

(inch) 

mean: 0.85 

std: 0.57 

min: 0.00 

max: 2.22 

mean: 0.85 

std: 0.59 

min: 0.00 

max: 2.33 

mean: 0.83 

std: 0.58 

min: 0.00 

max: 2.29 

Completeness 

(breakdown by 

inch) 

< 2.50 in.: 36.63% 

< 5.00 in.: 87.33% 

< 7.50 in.: 96.32% 

< 10.0 in.: 97.97% 

< 12.5 in.: 98.71% 

< 2.50 in.: 36.31% 

< 5.00 in.: 87.24% 

< 7.50 in.: 96.21% 

< 10.0 in.: 97.96% 

< 12.5 in.: 98.68% 

< 2.50 in.: 36.75% 

< 5.00 in.: 87.72% 

< 7.50 in.: 96.30% 

< 10.0 in.: 98.06% 

< 12.5 in.: 98.71% 

 

Table 3. Reconstruction results of a texture-less object with different expansion  

strategies and patch size of 31x 31. 

Expansion 

strategy 
Breadth first Depth first Priority queue 

# of points 51,554 49,802 50,819 

Accuracy  

(inch) 

mean: 1.75 

std: 2.14 

min: 0.00 

max: 15.22 

mean: 1.28 

std: 0.99 

min: 0.00 

max: 5.30 

mean: 1.26 

std: 0.94 

min: 0.00 

max: 4.89 

Completeness 

(breakdown by 

inch) 

< 2.50 in.: 42.78% 

< 5.00 in.: 93.76% 

< 7.50 in.: 99.36% 

< 10.0 in.: 99.96% 

< 12.5 in.: 100% 

< 2.50 in.: 43.72% 

< 5.00 in.: 93.76% 

< 7.50 in.: 99.41% 

< 10.0 in.: 99.95% 

< 12.5 in.: 100% 

< 2.50 in.: 46.20% 

< 5.00 in.: 93.81% 

< 7.50 in.: 99.01% 

< 10.0 in.: 99.84% 

< 12.5 in.: 99.97% 

 

3.5. Expansion with a fixed or varying patch size 

 

Once a patch   with the highest priority value is selected, the expansion is made 

for all one-ring neighbor cells          of      . Expansion of neighboring cells is 

skipped in three different situations. The first situation is that if a neighboring cell con-

tains at least one patch which is almost on the same plane of the patch  . The second 

situation is that if a neighboring cell already contains one patch which is not on the same 

plane of the patch   but with an objective value higher than  . This is usually happened 

in places near depth discontinuity. The third situation is described in Sec. 3.3, that is, if 

the number of produced patches in a neighboring cell is grater than     .  

 

3.6. Patch verification on the fly 

 

Every expanded patch is verified during its expansion process. Only qualified 

patches are used and inserted into the priority queue. Each patch is verified based on (i) 

Each patch in the priority queue has |    |>     . (ii) If the aspect ratio of the homog-



 

 

 

 

raphy transformed patch of an image in      is larger than  , this image should be de-

leted from     . (iii) If segmentation information of foreground and background is 

available, patches located outside the silhouette of the object should be removed.  

 

3.7. Final Patch filtering  

 

We try to establish at least one patch in each cell during the patch expansion. The 

expansion results cannot guarantee that every patch is legal since the patches determined 

at the moment of expansion are temporary and not final. A final filtering is applied after 

a fully-grown dense patch set is generated. Three different criteria used in [15] including 

depth test filtering, patch correlation filtering, and neighboring cells filtering are applied 

here to remove the unqualified patches. 

 

4. EXPERIMENTAL RESULTS 

We test our proposed methods on synthetic and real multi-view image sets including 

textured objects and texture-less objects. Experiments are run on Intel i7 Quad Core 

3.4GHz Processor with 16GB Ram and the 64-bit Windows 7 OS.  

 

4.1. A synthetic textured object 

 

4.1.1. Box-ball with a random dot texture mapping 

 

A set of 24 box-ball images with a random dot texture mapping is generated for 3D 

reconstruction, as shown in Fig. 5. The comparison of the reconstruction results by the 

PVMS method and our method in terms of accuracy and completeness is given in Table. 

4. 

  

(a) (b) 

Fig.5: (a) A data set of 24 box-ball images (500x500 pixels).  

(b) The 3D model of the box-ball. 

 

 

 

 



 

 

 

 

Table 4. The box-ball reconstruction results by two methods and their comparison. 

 PMVS result Our result 

Reconstructed 

3D points 

  

Patch size 31x31 
A varying size  

from 31x31 to 15x15 

# of points 74,822 51,058 

Accuracy  

(unit: inch) 

mean: 2.69 

std: 2.50 

min: 0.00 

max: 12.91 

mean: 0.88 

std: 0.60 

min: 0.00 

max: 2.14 

Completeness 

(breakdown in 

inches) 

< 2.50 in: 32.16% 

< 5.00 in: 70.98% 

< 7.50 in: 83.01% 

< 10.0 in: 88.12% 

< 12.5 in: 91.39% 

< 2.50 in: 46.20% 

< 5.00 in: 93.81% 

< 7.50 in: 99.01% 

< 10.0 in: 99.84% 

< 12.5 in: 99.97% 

 

4.1.2. Pawn 

 

The experiment is to reconstruct a dense 3D model from 24 rendered images of a 

synthetic pawn. The resolution of every image is 500x800, as shown in Figure 6. Every 

projection matrix of each camera is known. There are 10,266 initial seed points in the 

beginning. Only 6,490 seed points are verified to be the qualified seed patches, as shown 

in Figure 7.  

  



 

 

 

 

 
Fig.6: 24 images (500x800) of the Pawn data set 

 

  
(a)  (b)  

Fig. 7: (a) The 6,490qualified seed patches from 10, 266 initial patches for the recon-

structed pawn, and (b) the reconstructed appearnce of the pawn. 

We compare our results with the PMVS results obtained by running the available 

program code provided by Furukawa et al. [21]. In Table 5, the 3D patches in the point 

cloud format of our method are better than those of PMVS in terms of the model accura-

cy and completeness. We have a smoother 3D surface after applying PSR than that of 

PMVS. 

For the above synthetic image sets we compare the reconstruction results using the 

combined adaptive weighting function given Eq. (8) and the first weighting function 

given in Eq. (3), respectively. We find out the difference in the two results differ unno-

ticeably. Nevertheless, the reconstruction quality difference is significant when using or 

without using of the first adaptive weighting function. 

 

 

 

 

 

 

 

 



 

 

 

 

 

Table 5. Two pawn reconstruction results and their comparison. 

 PMVS result Our result 

Reconstructed 

3D points  

  

Patch size 31x31 
Progressively varying size  

from 31x31 to 15x15 

# of points 13,688 22,794 

Accuracy  

(unit: inch) 

mean: 2.76 

std: 1.70 

min: 0.00 

max: 6.61 

mean: 1.46 

std: 1.03 

min: 0.00 

max: 4.01 

Completeness 

(breakdown in 

inches 

< 2.50 in: 7.91% 

< 5.00 in: 41.69% 

< 7.50 in: 64.27% 

< 10.0 in: 74.44% 

< 12.5 in: 79.70% 

< 2.50 in: 19.12% 

< 5.00 in: 55.70% 

< 7.50 in: 70.56% 

< 10.0 in: 78.01% 

< 12.5 in: 82.37% 

Reconstructed 

3D model after 

PSR 

  
 

4.2. Real objects of Middlebury benchmark data sets and a sparse face image set  

 

The experiments in this section are the reconstruction using the Middlebury datasets. 

We first reconstruct the Dino consisting of 363 views with a spatial resolution of 

640x480 pixels. There are 6,057 initial seed points in the beginning. Only 1,872 seed 

points are verified to be qualified seed patches. Figure 8 gives the comparison between 

our result, the PMVS result, the Habbecke et al.’s result, together with the ground truth. 

The cell size of our result and the PMVS result are the same, namely, 2x2. Our result is 



 

 

 

 

much smoother than others. 

 

  

(a) (b) 

  
(c) (d) 

Fig. 8: The Dino data set reconstruction results. (a) ground truth, (b) PMVS result,  

(c) Habbecke et al.’s result, (d) our method with cell size = 2x2. 

  



 

 

 

 

   The second reconstruction uses the Temple dataset consisting of 312 views 

taken from viewpoints located on a hemisphere. The reconstruction results with different 

cell size are shown in Figs. 9(c) and 9(d). Here the two results are comparable. 

 

  

(a) (b) 

  
(c) (d) 

Fig.9: The temple data set reconstruction results. (a) ground truth, (b) PMVS result, 

(c) our method with cell size = 4 x 4, (d) our method with cell size = 2 x 2. 

 

4.3. A sparse set of real face images with a high spatial resolution 

 

The face dataset consisting of seven views is acquired from [20]. The spatial resolu-

tion is 4752 x 3168. The arrangement of cameras is sparse and non-uniformly displaced. 

It is a challenge to use MVS reconstruction algorithms for reconstruction since there are 

not sufficient visible views to be used for the tasks of patch verification and filtering. 

Comparing to the PMVS result, our reconstructed 3D points is much more complete 

in regions of the cheek. The reason is that our expanded patches inherit the attributes of 

their parent patches (depth and normal direction) and the patch verification is succeeded 

with the inclusion of the parent patch.   

 

 

 

 

 



 

 

 

 

 
(a) 

  
(b) (c) 

  
(d) (e) 

Fig. 10: The face data set reconstruction results. (a) the face data set, (b) reconstructed 

3D points by PMVS, (c) our reconstructed 3D points, (d) PMVS result after PSR, (e) our 

method with cell size = 2x2. 

5. CONCLUSIONS 

 

This paper has presented a patch-based MVS approach for dense 3D reconstruction. 

A novel adaptive matching function can handle the stereo mismatches which occur in the 

texture-less, depth discontinuous or repeated textured regions. An expansion based on a 

priority queue is advocated to ensure the accuracy as well as the completeness of the re-

construction. A GLN-PSO stochastic optimization method and patch filtering are applied 

to derive an accurate patch based object model. The proposed method is tested on five 

synthetic and real image data sets with much smooth reconstruction quality. The pro-

posed method is tested on synthetic and real image data sets. The experimental results 



 

 

 

 

indicate that the proposed method is superior or comparable to the top ranked reconstruc-

tion methods reported in the public Middlebury MVS evaluation website. In the future, 

we shall tune or modify the parameter set in our method and we also look into the possi-

bility of using the emerging parallel processing hardware to speed up the reconstruction 

processing time. Several accelerated MVS algorithms are presented in [3-4].  
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