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C. Algorithm    

Overview of algorithm 
 



Synthetic/Real data classification 

We distinguish the data according to the movement of the feature points in the image. We 
find that almost all of the objects of synthetic images move left. But some of the objects in real 
images have right moving directions. So we first find the feature points based on SIFT, and match 
these points by brute force match. Then, we minus the positions of these matching points. If the 
number of feature points whose moving direction are right are larger than threshold, we 
determine that this image is real image. 
 

Image rectification 

Because the real images do not rectify yet, we do image rectification first. In the first step, 
we find the feature points and match them just like what we’ve done in B.2. Once we have the 
feature points, we can find the transformation matrix and can do the image rectification. After 
rectification, the corresponding points of the left and right images will lie on the same epipolar 
lines. Therefore, we can find better disparity map. The images below shows the disparity maps 
of some real images w/ and w/o image rectification. 

 
 

                           
 

                           



Histogram equalization 

To make the costs differ greatly to enhance the stereo matching result, we modify the 
distribution of the pixel values to make the contrast of images greater. 
 

                               
 

Max disparity estimation 

In replacement of constant max disparity, we use SIFT and brute force matcher to estimate 
every group of images’ max disparity. With the estimated max disparity, we could get better 
visualization of disparity maps. 
 

                                
 

Weighted cost computation 

The original cost computation uses the absolute distance (AD) of the pixel value in an area 
of the square window. To gain more information from the images in order to enhance the stereo 
matching result, we replace the AD cost with the weighted sum of the different costs, which are 
normalized census cost (CNCC), AD of pixel value (CAD), and the AD of gray scale image’s gradients 
in x and y direction (CADgx, CADgy). To combined these costs, we have to normalize the census cost 
(CCC). The normalized cost is calculated from CCC with the following equation: 
 

 



The weighted sum of different costs is referred to the following equation: 
 
 

 
 

Since the computed costs are usually noisy, we use guided filter to do the cost aggregation, 
which can smooth the costs and enhance the disparity maps. After finishing computing the cost 
volume, the cost volume will be used by the loopy belief propagation. 
 

Loopy belief propagation 

When calculating the disparity map, we decided to use the global methods like loopy belief 
propagation and graph cut. Loopy belief propagation is selected to be our final method of 
constructing disparity map. 

After exploiting both methods on the overall testing data, it turned out that the performance 
with loopy belief propagation is better. Furthermore, the reason why loopy belief propagation 
rather than original belief propagation is chosen is that the loopy belief propagation can deal 
with general graphs which contain loops. 

The concept of loopy belief propagation (LBP) is to take some possible directions for passing 
messages into consideration making it more accurate than just using one direction and 
decreasing the energy gradually during iterations. The pseudo code of LBP is shown in Figure 1. 
At each iteration, every pixel will pass the message to four different directions (right, left, up, 
down) respectively. Once the iteration completes, the disparity which could minimize the 
calculated beliefs will be decided as the final disparity. 

As for the details in our LBP algorithm, there are mainly four parts to accomplish the function 
which are updating message, message normalization, belief computation and disparity map 
construction. The steps in LBP algorithm are shown in Figure 2. 
 

 
 
 
 
 
 
 
 Figure. 1 Pseudo code of LBP algorithm 

If Iterations haven’t end 

Figure. 2 Steps in LBP algorithm 



When updating the message for different directions, we would first calculate the new values 
within all disparity values and then selected the smallest new value as its updated messages along 
all the axis of disparity. Take the up direction as example, we could find that the new values are 
calculated by summing the data cost and messages from other three directions in Figure 3. Finally, 
the updated message value is the smaller one between original calculated value and 
(spqU+lambda) which spqU is the minimum value of npqU along depth dimension. 

 
 

 
 
 

Figure. 3 Software code for passing message to up direction 
 

In message normalization, we subtracted the mean value along depth dimension (disparity) 
from the updated message values. After the defined iteration ending, the value of belief at each 
pixel is calculated by summing data cost at this pixel and all the message values from its neighbors 
(up, down, right, left). In the last step of constructing disparity map, we would find the best 
disparity for each pixel having the minimum value of beliefs in the previous step and output the 
resulted disparity map. 

 

Left right check 

After loopy belief propagation, the disparity map of left image and right image are acquired. 
We use these disparity values to check whether the left image’s and right image’s disparity are 
same. Then, a boolean map that records which pixel’s disparity value is invalid is generate. This 
map will be applied in the following hole filling step. 
 

Hole filling 

In this step, we apply the cross aggregation and the traditional hole filling technique. We 
use the cross aggregation first and the traditional hole filling technique later. It is noted that the 
original cross aggregation is very time-consuming since repetitively calculating window arms’ 
range of each pixel and aggregating the values to the middle pixel cost. To avoid redundant 
calculation, we implemented the accelerated version of the cost aggregation [3]. The steps are 
shown in following: 
  



Step 1. Get each pixel’s ranges of the horizontal arm and vertical arm by AD of pixel values. 

Step 2. Calculate the cumulative row sum with the information acquired from step 1. 

Step 3. Computing the difference between each pixel’s horizontal arm’s rightest value and leftest 
value from the cumulative row sum to get each pixel’s horizontal sum. 

Step 4. Calculate the cumulative column sum with the information acquired from step 1. 

Step 5. Computing the difference between each pixel’s vertical arm’s bottom value and top value 
from the cumulative column sum to get each pixel’s vertical sum. 

 

Edge smoothing 

We use morphological transformation to deal with jagged edges after the hole filling step. 
The followings are the original image and its different morphological transformation results: 
 

 
 
 
 
 

 
First, we use morphological opening to erase the convex parts of the jagged edges. Then, 

morphological closing is applied to fill up the concave parts of the jagged edges. After that, a 
weighted median filter is used for final edge smoothing. 
 

                                 
 
 
 



D. Results 

Average error: 2.845056438446045 
Average time: 186.3954990 (s) 

Synthetic Data 

Name TL0 TL1 TL2 TL3 
Error 1.98692608 2.63733625 1.91714478 3.84550357 

Time (s) 185.967360 188.531249 147.119412 211.666707 

Result 

    
Name TL4 TL5 TL6 TL7 
Error 3.16961193 2.49279261 2.69341207 4.78051281 

Time (s) 204.984685 194.446175 133.433359 217.456425 

Result 

    
Name TL8 TL9 
Error 1.87624264 3.05108166 

Time (s) 169.319257 211.030361 

Result 

  



Average time: 56.4431055 (s) 
 

Real Data 

Name TL0 TL1 TL2 TL3 
Time (s) 34.248015 33.191941 59.515657 32.182641 

Result 

    
Name TL4 TL5 TL6 TL7 

Time (s) 99.116925 60.023015 36.018225 99.665310 

Result 

    
Name TL8 TL9 

Time (s) 43.127470 67.341856 

Result 
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