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Abstract. This paper describes the Pyramidal Block Matching (PBM) stereo
method. It uses a pyramidal approach and a global energy function to obtain the
disparity image. First, the input images are rectified to obtain row-aligned epipolar
geometry. Then the face is segmented out of each image and a face pyramid is
generated. The main difference to our approach is that the first layer of pyramid
is the whole face. Matching result of the first layer provides input to the next layer,
where it is used to constrain the search area for matching. This process continues
on each layer. After that, a global energy function is designed to remove the wrong
pixels and get a smoother result. A comparison on face images shows that the
generated projection results of PBM are the closest to the ground truth images. A
face recognition experiment is also performed, and PBM achieves the best recog‐
nition rates.
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1 Introduction

Face recognition has been a popular research topic in computer vision. Many face
recognition methods have been proposed [1, 2], such as Principal Components Analysis
(PCA) [3–5], Independent Components Analysis (ICA) [6], Hausdorff distance [7],
Elastic Graph-Matching (EGM) [8], Support vector Machine (SVM) [9], etc. These
monocular 2D face recognition methods evaluate 2D image regions, which are not
invariant under different lighting conditions, facial expressions, rotation and so on. Thus,
they suffer from limited input data and insufficient information. Tsalakanidou [10]
showed that depth information can be applied to improved face recognition. Afterwards,
many new algorithms based on 3D facial information were proposed [11, 12]. The depth
information is generated with passive 3D measurement techniques based on binocular
stereo vision, which are proven to be better than the traditional monocular 2D face
recognition methods [12].
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The performance of passive 3D measurement is mainly determined by the accuracy
of estimated disparity between corresponding points. Current methods of disparity esti‐
mation can usually be divided into four steps: matching cost computation, cost aggre‐
gation, disparity optimization, and disparity refinement [13]. Matching cost computation
is always based on the absolute, squared, or sampling insensitive difference [13] of
intensities. Cost aggregation connects the matching costs within a certain neighborhood
[15, 16]. Methods of disparity computation are divided into two classes: local algorithm
and global algorithm. The local algorithms select the disparity with the lowest matching
cost, whereas the global algorithms define a global energy function to calculate the
disparity.

Compared to the scene image matching, most of face images are very smooth,
making the matching result ambiguous when the pixels are matched with each other.
However, until now, few article concerns with a stereo matching algorithm that is suit‐
able to face. This paper is concerned with the calculation of disparity between face
images from binocular stereo cameras. A pyramidal approach is used in our algorithm,
which is different from other algorithms. The pyramidal approach in other algorithms
is always used to decrease the amount of data to be processed in which results at lower
resolutions guide the matching at higher-resolutions. At each layer of the pyramid, each
pixel is matched to find its corresponding point to give dense matches across the face.
The main difference to our approach is that the first layer of pyramid is the whole face.
The block of the whole face area is used directly to find the corresponding block in the
other image. Then in the second layer of pyramid, the face area is divided into four
blocks, and each block is matched to find its corresponding block separately. This
process is performed on each pyramid layer. After the pyramidal approach, an original
disparity image is obtained. A global energy function that includes a data term and a
smoothness term is used to remove errors in the original disparity image so that a
smoother result can be achieved.

The rest of this paper is organized as follows: Sect. 2 elaborates Semiglobal Matching
method. Section 3 presents our method. Section 4 shows the experimental results.
Section 5 concludes our work.

2 Semiglobal Matching

The Semiglobal Matching (SGM) [13] method is based on the idea of pixelwise
matching of Mutual Information and approximating a global, 2D smoothness constraint
by combining many 1D constraints. The algorithm is described in distinct processing
steps. Some of them are optional, depending on the application.

The matching cost calculation of SGM can be based on Mutual Information (MI)
[17], which is insensitive to recording and illumination changes. It is defined from the
entropy H of two images (that is, their information content), as well as their joint entropy:

(1)

The entropies are calculated from the probability distributions P of intensities of the
associated images:
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(2)

(3)

Kim et al. [18] transformed the calculation of the joint entropy  into a sum over
pixels using Taylor expansion:

(4)

(5)

(6)

Where  is a 2D Gaussian, the operator T[] = 1 when its argument is true,
otherwise T[] = 0.

The resulting definition of Mutual Information is:

(7)

(8)
This leads to the definition of the MI matching cost:

(9)

(10)
An additional constraint is added that supports smoothness by penalizing changes

of neighboring disparities. The pixelwise cost and the smoothness constraints are
expressed by defining the energy  that depends on the disparity image D:

(11)

The first term is the sum of all pixel matching costs for the disparities of D. The
second term adds a constant penalty P1 for all pixels q in the neighborhood Np of p, for
which the disparity changes a little bit (that is, 1 pixel). The third term adds a larger
constant penalty P2, for all larger disparity changes.
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3 Our Method

3.1 Disparity Computation Process

Due to the smoothness of face image, traditional pixel to pixel or block to block
match may lead to an ambiguous result. In order to cope with this problem, we use
pyramidal block to block match. The first step is to rectify the images to obtain row-
aligned epipolar geometry. After that, face in each image is segmented out based on
the method of Adaboost [19]. A face pyramid is generated for each rectified face
image. The first layer of the pyramid is a block of the whole face and the initial
matching process is done on the first layer. There are many standard matching algo‐
rithms, such as normalized cross-correlation (NCC) [20], Sum of Squared Differ‐
ences (SSD), Sum of Absolute Difference (SAD) and so on. We test these three
algorithms on the whole face, and the matching results are very similar. When the
face size is 150*150, the computation time for NCC is 409 ms, for SSD is 0.3 ms,
and for SAD is 0.1 ms. As a result, we choose SAD as the matching method between
the blocks in the pyramid. The matching result of the first layer provides an input to
the next layer, where it is used to constrain the search area for matching. On the
second layer, each block is divided into four equally sized blocks, and each block is
matched near the position of the previous block. This process continues on each
layer. The pyramidal matching process is shown in Fig. 1.

Fig. 1. Pyramidal matching process

We use five layers in our system, and for the fifth layer, the block size is 9*9. The
result on the previous layer limits the matching process on the next layer within a small
range, which not only accelerates the matching speed but also improves the matching
accuracy. The disparity result of the pyramidal matching process is then used as the
guidance to pixel-to-pixel matching. In the pixel-to-pixel process, NCC over a square
window (3*3) is used as the matching algorithm. Pixel p in image I is matched against
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all pixels in image J within a given search area and the best match is retained. After that,
a raw disparity image Dl that corresponds to the left image Il is obtained.

The disparity image Dr that corresponds to the right image Ir can be obtained through
the same process by exchanging the matching images. Dr should be consistent with Dl,
that is, if p in image I matches to q in image J then q must also match to p. Each disparity
of Dl is compared to its corresponding disparity of Dr. The disparity is set to invalid if
both differ [13], as shown in Eq. (12).

(12)

3.2 Global Optimization

The original disparity image generated in the previous section contains many errors. An
additional constraint is thus added to enforce smoothness by penalizing charges of
neighboring disparities. We consider the following energy equation:

(13)

Where  is the smoothness penalty, which measures the
extent to which D is not piecewise smooth, whereas  is the
consistency penalty, which restrains the adjusted D to be in line with the original D0. N
refers to the adjacent pixels,  is defined as:

(14)

where . When the disparity in the neighborhood changes a little bit (that is,
1 pixel), we add a small penalty factor p1; when the disparity in the neighborhood
changes more (that is, 2 pixels), we add a little larger penalty factor p2; when the disparity
in the neighborhood changes more than 2 pixels, we add a much larger constant penalty
p3. The constant penalty for all larger changes preserves discontinuities [21]. The value
of the smoothness penalty should be smaller for pairs {p, q} with larger intensity differ‐
ences . So we define  as:

(15)

In the consistency penalty,  is 1 if its argument is true, and otherwise 0.
 calculates the number of the pixels in the adjusted disparity image
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that disagree with those in the original disparity image.  is the judgment factor, if
the pixel p in the disparity is set to be invalid according to Eq. (12), , otherwise

.
We should find an appropriate D that is as smooth as possible and as consistent with

D0 as possible, that is, solve the energy Eq. (13) to get the minimum value. This energy
optimization problem can be efficiently solved via Graph Cuts algorithm [21].

After that, sub-pixel disparity values are updated in order to remove the sudden
change. A 7*7 Gaussian template is used to further smooth the disparity image, and a
smoother result with sub-pixel value is efficiently obtained.

4 Experiment Results

4.1 Rotating Results

The Pyramidal Block Matching (PBM) method is designed for calculating accurate 3D
information from face images. Since it is performed on pairs of face images that are
acquired by the two calibrated cameras, to evaluate the accuracy of matching results,
we established our own face database (TH-POSE face database). TH-POSE face data‐
base contains 200 persons, each person contains face images with 7 different views of
left/right rotations under normal illumination condition. The angles of the faces are about
−45, −30, −15, 0, 15, 20, 45 degrees. The rotation angles are restricted so that the two
eyes are always visible.

In our experiment, 50 persons are chosen. We calculate 3D values of the frontal
faces, rotate it by 15, 30 and 45 degrees, and compare the projections with the ground
truth images. SGM and SAD algorithms are also done through the same process. The
projection results of PBM are much better than SGM and SAD, as is shown in Fig. 2.

In Fig. 2, the frontal faces are rotated with different angles. The first row is the ground
truth images with different angles, and the 2–4 rows are the projections of different
algorithms. Results of SAD and SGM are corrupted with many wrong pixels around the
nose and cheeks. Results of PBM look much better than those of SAD and SGM.

Table 1 shows the running times of the three methods. The testing platform is: Inter(R)
Core™ i5-3470 CPU @3.2 GHz, with 4.0 GB RAM. Codes are written in VC++.

Table 1. Running time comparison

Method Running time(s)

PBM 0.49

SAD 0.37

SGM 0.57
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From the Table 1, we can see that, PBM is faster than SGM, but a little slower than
SAD. Considering the advantages of its performance, its time consuming is in the
acceptable range.

4.2 Face Recognition Results

We also do a face recognition experiment to evaluate the quality of the rotating images.
The frontal faces and the generated multi-pose faces form the training set, and the ground
truth pose images form the testing set. Downsampled images [22] are used as the
features, and Euclidean distance is used as the matching criteria. Simple feature extrac‐
tion and face recognition methods are used in order to measure the similarity between
the generated image and ground truth image. Recognition results are shown in Table 2.

Table 2. Recognition Accuracy [rank 1] on TH-POSE database

Method Pose angles(°)

45 30 15

PBM 64.0 % 74.0 % 90.0 %

SAD 52.0 % 68.0 % 88.0 %

SGM 56.0 % 70.0 % 88.0 %

Fig. 2. Comparison of rotation results
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It can be seen from the Table 2 that through the increase of face angle, the recognition
rates of SAD and SGM decline rapidly. PBM achieves the best performance, especially
when face angle is large.

5 Conclusion

In this paper, we propose a new face stereo matching method based on pyramidal
matching and energy minimization function. The algorithm well deals with a challenging
limitation of pixel-to-pixel and block-to-block matching due to the smoothness of face,
and achieves satisfactory performance. Face recognition experimental results show that
our proposed algorithm achieves the best recognition rates.

References

1. Luo, Y., Tao, D., Geng, B., Xu, C., Maybank, S.J.: Manifold regularized multitask learning
for semi-supervised multilabel image classification. IEEE Trans. Image Process. 22(2), 523–
536 (2012). (NCBI)

2. Luo, Y., Tao, D., Xu, C., Xu, C., Liu, H., Wen, Y.: Multiview vector-valued manifold
regularization for multilabel image classification. IEEE Trans. Neural Netw. Learn. Syst.
24(5), 709–722 (2013). IEEE Xplore

3. Turk, M., Pentland, A.: Eigenfaces for recognition. J. Cogn. Neurosci. 3(1), 71–86 (1991).
NCBI

4. Yang, J., Zhang, D.: Two-dimensional PCA: a new approach to appearance-based face
representation and recognition. IEEE Trans. Pattern Anal. Mach. Intell. 26(1), 131–137
(2004). Citeseer

5. Karamizadeh, S., Abdullah, S.M., Cheraghi, S.M., Randjbaran, E., Karamizadeh, F.: Face
recognition by implying illumination techniques. J. Sci. Eng. 6, 1–7 (2015)

6. Bartlett, M.S., Movellan, J.R., Sejnowski, T.J.: Face recognition by independent component
analysis. IEEE Trans. Neural Netw. 13(6), 1450–1464 (2002). NCBI

7. Beauchemin, M.: On the hausdorff distance used for the evaluation of segmentation results.
Can. J. Remote Sens. 24(1), 3–8 (2014). Taylor & Francis

8. Wiskott, L., Fellous, J.-M., Kruger, N., Malsburg, C.V.D.: Face recognition by elastic bunch
graph matching. Intell. Biometric Tech. Fingerprint Face Recogn. 19(7), 775–779 (1999).
CRC Press, USA

9. Deniz, O., Castrillon, M., Hernandez, M.: Face recognition using independent component
analysis and support vector machines. Pattern Recogn. Lett. 24(13), 2153–2157 (2003)

10. Tsalakanidou, F., Tzovaras, D., Strintzis, M.G.: Use of depth and color eigenfaces for face
recognition. Pattern Recogn. Lett. 24(9–10), 1427–1435 (2003). Elsevier

11. Akihiro, H., Koichi, I., Takafumi, A., Hiroshi, N., Koji, K.: A robust 3d face recognition
algorithm using passive stereo vision. IEICE Trans. 92-A(4), 1047–1055 (2009). JST

12. Kosov, S., Thormahlen, T., Seidel, H.P.: Rapid stereo-vision enhanced face recognition. In:
ICIP, pp. 1221–1224. IEEEXplore, HongKong (2010)

13. Hirschmuller, H.: Stereo processing by semiglobal matching and mutual information. IEEE
Trans. Pattern Anal. Mach. Intell. 30(2), 328–341 (2008)

14. Birchfield, S., Tomasi, C.: Depth discontinuities by pixel-to-pixel stereo. In: Proceedings of
Sixth IEEE International Conference on Computer Vision, pp. 1073–1080. Springer, Berlin
(1999)

Facial Stereo Processing by Pyramidal Block Matching 259



15. Klaus, A., Sormann, M., Karner, K.: Segment-based stereo matching using belief propagation
and a self-adapting dissimilarity measure. In: Proceedings of International Conference on
Pattern Recognition, vol. 3, pp. 15–18. ACM (2006)

16. Yoon, K.-J., Kweon, I.-S.: Adaptive support-weight approach for correspondence search.
IEEE Trans. Pattern Matching Mach. Intell. 28(4), 650–656 (2006). ACM

17. Viola, P., Wells, W.M.: Alignment by maximization of mutual information. Int. J. Comput.
Vis. 24(2), 137–154 (1997)

18. Kim, J., Kolmogorov, V., Zabih, R.: Visual correspondence using energy minimization and
mutual information. International Conference in Image Processing, pp. 1033–1040. ACM
(2003)

19. Zhou, J.: Face recognition research in monitoring system. Thesis of Master’s Degree,
Tsinghua University, Beijing (2008)

20. Gonzalez, R.C., Woods, R.E.: Digital Image Processing, 3rd edn. Addison-Wesley, Boston
(1992)

21. Boykov, Y., Veksler, O., Zabih, R.: Fast approximate energy minimization via graph cuts.
IEEE Trans. Pattern Anal. Mach. Intell. 23(11), 1222–1239 (2001). IEEEXplore

22. Wright, J., Yang, A.Y., Ganesh, A., Sastry, S.S., Ma, Y.: Robust face recognition via sparse
representation. IEEE Trans. Pattern Anal. Mach. Intell. 31(2), 210–227 (2009)

260 J. Wang et al.


	Facial Stereo Processing by Pyramidal Block Matching
	Abstract
	1 Introduction
	2 Semiglobal Matching
	3 Our Method
	3.1 Disparity Computation Process
	3.2 Global Optimization

	4 Experiment Results
	4.1 Rotating Results
	4.2 Face Recognition Results

	5 Conclusion
	References


