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Abstract. In this paper we present a novel approach to 3D stereo-matching 
which uses an evolutionary algorithm in order to optimise 3D reconstruction. 
Common techniques in the field of 3D models generation are employed 
together with a Genetic Algorithm (GA) which is able to improve the results of 
the matching process. A general overview of the most relevant approaches is 
given in order to contextualise our method and to analyse its strength-points and 
potentialities. Details of the implemented GA are discussed with a particular 
focus on the constraints used in order to obtain better results. Experimental 
results of the trials carried out are given in a final stage together with 
concluding remarks and some cues for further research. 

1   Introduction 

The reconstruction of 3D models of real existing object is one of the most 
challenging task characterizing the field of computer vision.  Many techniques exist 
which can reconstruct a 3D scene from two or more images. The most relevant 
techniques used in this field are: laser scanner, US or IR sensors, passive stereo-
matching techniques, active stereo-matching techniques. The former first two 
approaches use expensive equipments and, as a matter of fact, this aspect limits the 
range of contexts these techniques can be used in. The stereo-matching approach 
uses only two or more photos and consists in the search of couples of points which 
represent the same 3D point in the real space. The difference between passive and 
active stereo-matching techniques basically resides in the fact that in the active 
flavor a structured illumination is used in order to make the matching easier. Stereo-
matching algorithms can be classified into feature-based and intensity-based: 
feature-based methods first looks for edges, corners etc. in the source image, then 
carry out a matching on these features. Usually feature-based approaches provide 
robust but sparse information. Moreover complex computation is needed in order to 
obtain a complete disparity map. Intensity-based methods select a window centered 
at the each pixel in a image and search the more similar window in the second 
image. The selection of window size is a critical problem for intensity-based 
methods. The advantage of similar methods is that dense disparity maps can be 
estimated.  
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Traditional stereo matching techniques showed low levels of robustness mainly 
because each couple of matched points were searched independently from the other 
couples of matched points. It would be better to find a global and optimal solution 
(for example entire disparity map) using iterative algorithms. A similar solution 
should be: meet constraints of the 3D stereo matching, minimize a cost function (it 
includes distances of corresponding points and other terms). GA is a good solution to 
this problem, it find a solution that minimize a fitness function, in this work it’s used 
GENOCOP 2 [3] because it allow to fix constraints such as “order constraint” 
explained in the next paragraphs. So in this work is proposed a passive intensity-
based stereo-matching algorithm using a constraint handling GA to search matched 
points. Approach used search correspondences on corresponding epipolar lines (not 
on the whole image), then, selected N points on the epipolar line of the first image, N 
points on the corresponding epipolar line in the second image are researched, the 
research is carried out for each couple of epipolar lines. Two stereo-matching 
algorithms are proposed: for generic scenes using images from parallel cameras (or 
rectified images), for 3D face reconstruction using images from parallel or non 
parallel cameras (camera calibration is required to compute epipolar lines). In the last 
case 3D reconstruction process is implemented using these steps: Stereo-matching, 
calculation of 3D coordinates from matched points using triangulation, generation and 
visualization of a 3D mesh. Details of implementation proposed are discussed in “3D 
Stereo-Matching: Approaches and Constraints”. In “Experimental Results: parallel 
cameras, generic scenes case” section, results of general scenes case are reported. 
After is proposed “The 3D Face Reconstruction Test Case” and relative results. In 
“Concluding Remarks and Future Works” paragraph, final considerations about this 
research and clues of further works are reported. 

2   3D Stereo-Matching: Approaches and Constraints 

To search matched points in the images are used these main steps: 

Algorithm computes epipolar lines, selects N equidistant points in the epipolar line of 
the first image and searches the N matched points in the epipolar line of the second 
image. This step is repeated at different heights. In parallel cameras case, algorithm 
doesn’t compute epipolar lines because they are lines at the same height. The search 
of N matched points in the second line is performed using GA Algorithm that 
minimize a fitness function. The main goal is minimize the distance between each 
couple of points selected in the current epipolar lines, so fitness function must have 
this distance and eventually others terms. The GA was then set up in order to handle n 
variables vi  (the number of points the algorithm tries to find correspondences of). 
Each individual has an n-long chromosome; the GA evolves sets of solutions and, at 
the end of a predefined number of generations, returns the best individual, that is the 
individual that minimizes the fitness function described below. For each variable a 
range was defined in order to exclude erroneous results from the codification in the 
chromosome: vi (abscissa of point Pi’ of line in the right image) must be less then 
abscissa of the selected point Pi in the left image for geometric reasons, and to 
implement order constraint: v1<v2<v3…<vn. 
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All the codified solutions have to meet stereo-matching constraints defined below. 
Several trials have been carried out in order to obtain an optimal fitness function.  

The most important aspects for this algorithm are: define a metric of distance 
between 2 points, define fitness function to minimize, implement constraints to 
improve stereo-matching results. 

In this work are used Intensity based techniques and several metrics of distances 
between two windows have been proposed: SSD (Sum of the Squared Error), SSD 
using gaussian window, SSD on DCT coefficients. 

SSD distance is computed considering the two windows of pixels centered on the 
points and summing the squared differences of pixels intensity in the windows. 
In RGB images is summed SSD distance of each color level (red, green, blue). SSD 
distance using gaussian window respect SSD weigh squared differences of pixels 
intensity by gaussian function centered on the center of the window to give more 
importance to pixels near the center. 

SSD on DCT coefficients metric computes DCT coefficients of the two windows 
considered and uses SSD formula on these coefficients. 

Usually are compute only low frequencies coefficients to remove noise effects and 
it’s possible to weigh continue DCT coefficient to solve different illuminations 
problems. Another important aspect of 3D Stereo-Matching techniques lays in the 
constraints. Most relevant constraints in this context are: 

Epipolar: which is based on the assumption that the two optical centers of the 
cameras, the two projections of the point P under observation and the same point P 
lays on the same plane [11]; this constraint is performed searching matched points in 
lines at the same height (in parallel cameras) or epipolar lines (in general case); 
Uniqueness: point in the first image has only one correspondence in the other 
photograph; 
Smoothness: accounts for a “smooth” trend of the disparity map; 
Order: considering N points selected on the first image, the relative points in the 
second photograph must have the same order, thanks to the possibility offered by 
Genocop 2 [3] to handle constraints, a simple inequality constraint has been imposed 
on the variables, so that v1<v2<…<vn. (This constraint can, sometimes, lead to 
mismatching due to particular configurations of the cameras, however the benefits 
derived from this approach exceed the disadvantages); 

2.1   Fitness Function 

The choose of fitness function is very important to obtain good results in stereo-
matching. The main components included in the fitness function are: distance 
between couples of correspondences, smoothness, occlusion handling, saturation of 
the components, uniqueness. 

Distance Between Couples of Correspondences 
This contribute in the fitness is the most important and represents the sum of distances 
between selected points in first image and correspondent points in the second image. 
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The metric of distance used are SSD, SSD using gaussian window and SSD on DCT 
coefficients. 

Smoothness 
This contribute isn’t essential but can perform better results. This term allows to 
obtain a smooth disparity map (in parallel cameras case), so it penalizes solutions 
with discontinuous disparity map probably wrong. This term produces good results in 
scenes with similar color zones. 

Smoothness is defined as: 

SNi = di-di+1 = (xi-xi’) - (xi+1-x’i+1) (1) 

di is the disparity of point ‘i’, xi is the abscissa of point ‘i’ in left image, xi’ is the 
abscissa of point ‘i’ in right image, STEP is the distance between point ‘i’ and ‘i+1’ so: 

xi+1= xi + STEP (2) 

SNi = (xi-xi’) - ( xi+ STEP - x’i+1) = x’i+1 - x’i - STEP (3) 

The global contribute is: 
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SN term is multiplied by a coefficient to weigh contribute importance in the fitness 
function. High coefficients can cause wrong results specially in scenes with object 
near and far respect the cameras, it is important to find a good compromise. 

Occlusion Handling 
Occluded point is a point visible in a image but not visible in the second image 
because hidden. Occluded points can cause some problems in the stereo-matching, in 
fact for each visible point in a image but not visible in the second image ones occurs a 
matching error because for each point selected is find however a correspondent point, 
but a not visible point hasn’t a correspondent point. 

So it is necessary a mechanism to handle occlusions specially in scenes with large 
occluded parts. In this paper are proposed several techniques to handle occlusions: 
distances Threshold between two correspondent points, occluded points shifting, 
uniqueness constraint, saturation of the components. 

Distances Threshold Between Two Correspondent Points 
This technique is used to remove wrong correspondent points after GA optimization. 
Usually wrong correspondent points have high distance, so to remove this points it is 
possible define a distance threshold: a couple of matched points is considered correct 
if distance between points is less then a threshold. 

Occluded Points Shifting 
Selected N points in the first image, GA searches N correspondent points, for each 
occluded point GA finds a wrong correspondent point; if images have large occluded 
parts order constraint presence can cause bad results.  

To solve this problem it is possible remove from searching high probable occluded 
points, there are two possible implementation of this solution: scan selected points in 
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the first image (xi) to remove points with: Dmin12(xi) > Threshold, Dmin12(xi) is the 
minimum distance between point xi and all points in epipolar line of second image. 
Another solution (used in this work) is to use a contribute in fitness function to shift 
on the left occluded points in second image, so if Dmin12(xi) > Threshold this term is 
added to fitness: (x’i-x’i-1) x beta, xi‘ is the abscissa of point ‘i’ in epipolar line of 
second image and beta is a weight coefficient, and it isn’t added distance between xi 
and xi’ (because point xi is considered not visible in the second image, therefore to 
consider distance term leads only matching problems). 

In this way variables of GA individuals vi=xi’ of occluded points are shifted near 
previous vi-1 so order constraint doesn’t lead problems. 

Uniqueness Constraint 
A point in the first image has only one correspondence in the other photograph, 
therefore after GA optimization equal variables are removed. 

Saturation of the Components 
Fitness terms (such as smoothness term) can assume big values predominating over 
the others leading to a bad solution, to avoid this problem it’s possible saturate terms. 

3   Experimental Results: Parallel Cameras, Generic Scenes Case 

For test are used benchmark couple of images: tsukuba, sawtooth. The results consist 
of 2 disparity maps (for both images) on red background to highlight removed 
matched points because considered wrong (for example occluded points). 
Tsukuba and sawtooth disparity maps are: 

  

Fig. 1. Tsukuba and sawtooth disparity map 

Test 1 
General features are: 5 pixel step between selected points in epipolar line of first 
image, pixel window size equal to (4 x STEP+1) x (4 x STEP+1), SSD distance with 
gaussian window using standard deviation equal to 0.8 x STEP, removal of matched 
points with distance greater then 11*(4 x STEP+1) x (4 x STEP+1), removal of equal 
variables. GA parameters are: population of 80 individuals, 25000 generations, best 
solution of previous search to initialize GA. Fitness terms are SSD distances and 
smoothness with coefficient weight equal to 15. 
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Results 

 

 

Fig. 2. Test 1 results: Tsukuba and sawtooth disparity map 

Comments 
Results are good, only some error is present in limited zones. 

Test 2  
General features are: 4 pixel step between selected points in epipolar line of first 
image, pixel window size equal to (4 x STEP+1) x (4 x STEP+1), SSD distance with 
gaussian window using standard deviation equal to 0.8 x STEP, removing matched 
points with distance greater then 11*(4 x STEP+1) x (4 x STEP+1), removal of equal 
variables, removal of points with distance greater then a threshold. GA parameters are 
population of 90 individuals, 35000 generations, best previous solution to initialize 
the population of the GA. Fitness terms are: SSD distances, smoothness with 
coefficient weight: 11. 

Results 

 

Fig. 3. Test 2 results: Tsukuba disparity map 

Comments 
In this test is used a small step (4 pixel instead 5 pixel), results are good but this 
choose increases computation time. 
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4   The 3D Face Reconstruction Test Case 

The developed application has been tested on a common study case for this context: 
the 3D face reconstruction problem. The 3D face reconstruction experiment has been 
carried out following these steps: stereo matching of the two photographs using non 
parallel cameras (without rectification) and computing epipolar lines, save the couples 
of correspondences, including points’ color, coordinates computation through 
triangulation, surface generation using triangles defined by the obtained 3D points.  

4.1   Experimental Results 

In tests are used images from non parallel cameras (not rectified), so it is needed a 
previous cameras calibration to compute epipolar lines for stereo-matching. In results 
are shown matched points using same colors.  

  

Fig. 4. Couples of images used for 3D reconstruction 

Test 3  
General features are: 6 pixel step between selected points in epipolar line of first 
image, pixel window size: (2 x STEP+1) x (2 x STEP+1). GA parameters are: 
population of 80 individuals, 25000 generations, best previous solution to initialize 
the population of the GA. Fitness terms are: SSD distance on DCT coefficients: are 
computed  (2 x STEP+1) / 3 x (2 x STEP+1) / 3 low frequencies coefficients using 
gaussian window with standard deviation equal to 1.6 x STEP, weight of continue 
DCT coefficient in the distance formula equal to 1%, smoothness term. 

Results 

 

Fig. 5. Test 3 results: stereo-matching of first couple of images 

Test 4 
General features are: 6 pixel step between selected points in epipolar line of first image, 
pixel window size: (4 x STEP+1) x (4 x STEP+1). GA parameters are: population of 80 
individuals, 25000 generations, best previous solution to initialize the population of the 
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GA. Fitness terms are: SSD distance on RGB, with saturation equal to: (4 x STEP+1) x 
(4 x STEP+1) x 3.4 using gaussian window with standard deviation 1.6 x STEP, 
smoothness with weight 16 and saturation 80 x STEP, occluded points shifting for point 
with minimum distance greater then 2 x (4 x STEP+1) x (4 x STEP+1). 

Results 

 

Fig. 6. Test 4 results: stereo-matching of second couple of images 

Comments 
Results are visibly very good, using triangulation it is possible compute 3D 
coordinates of matched points and show them using a 3D engine. 

The generation of a surface from a cloud of points is not a trivial task and is an 
open field of research in the area of computer vision. The implemented algorithm uses 
the relative positions of points in order to build the surface in an easier way. The mesh 
is built as in figure 1: 

 

Fig. 7. 3D Mesh 

The points marked with “1” correspond to the first couple of epipolar lines; the 
ones marked with “2” to the second epipolar line and so on and so forth. Three 
dimensional points obtained from the correspondences of two couples of two epipolar 
adjacent lines are considered (e.g. points marked “1” and “2”); triangles are then built 
choosing alternatively the points from the first and the second epipolar line, the 
second and the third and so on and so forth. The mesh structure is then obtained and 
to each point the pre-saved color is given to draw a visually interpretable surface. A 
texture taken from the image analysed could also be employed in order to obtain a 
more accurate final representation of the 3D model. The algorithm for mesh 
generation and visualisation uses DirectX 3D engine graphic engine. 

In the first trial (figure 2) global good results have been reached. The few 
mismatches derive from the relative positions of the cameras. 

 

Fig. 8. 3D reconstruction of test 3 
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Results obtained in the second trial are excellent (figure 3). The advantage on the 
first trial mainly lays in the different relative orientation of the two photograph used 
for the stereo matching. It is evident that photographs taken from the top to the 
bottom lead to a more accurate face reconstruction. 

   

Fig. 9. 3D reconstruction of test 4 

5   Concluding Remarks and Further Works 

The results obtained have put in evidence good global performances of the proposed 
algorithm. An a posteriori analysis of the results leads to the conclusion that the main 
aspect of the implementation described are: employment of the “Smoothness” 
component in the fitness functions, smoothness saturation, employment of the best 
previous solution to initialise the population of the GA, use of the DCT in order to 
solve the issues derived from different lighting, reducing, eliminating or normalizing 
the continuous component, left shifting of the supposed occluded correspondences. 

Moreover the use of the order constraint demonstrated to be quite useful in order to 
accelerate the convergence rate of the GA. In the case of generic scenes stereo-
matching results are good in all tests. In the case of non parallel cameras the results 
for 3D face reconstruction were quite good; in some cases the model returned proved 
to be highly accurate even if built on only two images. The position of the cameras 
showed to be a quite important factor; cameras placed too near lead to a good 
matching level but even to an higher difficulty in the extraction of an accurate model 
because errors of one pixel in the correspondence show a greater weight. Instead, if 
the cameras are placed in more distant places and in different relative orientations, the 
returned results show lower accuracy but the 3D model extracted is characterised  by 
a higher quality. It is evident that a compromise needs to be looked for. As a matter of 
fact, better results have been reached when photographs where taken orientating the 
focal axes of the cameras in order to look at the face from the top to the bottom. 

The employment of GA has shown high potentialities in order to solve stereo 
matching related problems with only one drawback: the computational cost of similar 
approaches which could be considered unbearable for certain kinds of real-time 
applications. This last aspect is even one of the most interesting for what concerns the 
future perspectives of this work. Software level optimisations, on the other hand, are 
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being studied in order to keep limited the computational costs of this approach. A 
further cue of research can consist in the evaluation of different metrics of distance 
and, eventually, the application of pre-processing elaboration of the images in order to 
obtain better results. A more interesting extension to the proposed solution could be 
represented by the research of the entire disparity map leaving the “line-by-line” 
approach previously described. This could lead to interesting results even given the 
fact that vertical constraints would be then required and that, in this situation, it is not 
possible to use any knowledge about the epipolarity of the lines. 
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