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Abstract: Face recognition is one of the most common recognition tasks. Algorithms have improved
significantly over the last decade and nowadays give a satisfying recognition rate. In this work we will try
to look at one of the classical face recognition algorithms [2] from a computational complexity point of
view and try to suggest a way to reduce the complexity, so the algorithm could be successfully implemented
in environments with seriously limited resources (mobile devices, embedded systems).
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1 Introduction

Face recognition is one of the key aspects of hurnammunication. We haven't, so far, developed ahgroway of
recognizing individuals remotely. While it's cery in human -human recognition is very high, fageognition does
not seem to be the best way of identification fmmputers. Electronic devices generally do bettén watterns like the
iris or the fingerprints. However, in the patteacognition world, face recognition has always baenmportant topic
and a lot of work has been done to improve theralguos for solving that problem. The first worktims field is dated
back in 1888 [1]. The author proposed a method revitige classification was based on deviations fthennorm of
curvature of the face profiles. One of the nowaddgssical algorithms was presented in 1991 imf#] based on the
previous work in [3]. The math behind this algamitlis the Principal Component Analysis. Since th#relomethods
were studied and better solutions have been foGodently methods based on Support Vector Machib2s[13] (a
linear classifier that has been presented firstiytHe 1960’s) are gaining momentum, after they hpr@ven to
outperform neural networks in many solutions. Weukin this paper on a computational complexitybpgm and low
resolution pictures so the algorithm could be sssftgly implemented in environments with seriougtyited resources
like mobile devices or embedded systems.

In the following paper we will briefly describe tloeiginal algorithm we base our work upon (SectnLater, the
thesis will be presented. In Section 3 we will gilie initial algorithm used to prove our thesig thsults of the tests,
and we will suggest further algorithm’s modificatiand show the recognition rate comparison withathers. Section
4 will compare the time results of the algorithribe paper will conclude in Section 5 with our obégg and future
work suggestions.

2 Eigenfacesalgorithm

21 Original algorithm

The original algorithm, we compared our resultshwitvas an implementation of the well known eigeefac
algorithm [2]. The main idea behind this is the a$ePrincipal Component Analysis for dimension retitbn in the
dataset. From PCA we get a set of eigenvectorgifédages) that contribute to the creation of paldicéace images.
Finally, in the learning process, each image frbenlearned-faces dataset is represented as a Qointthe face-space,
where the point's coordinates; (in R, wherek is the number of eigenvectors used) are the weighiteach
eigenvector’s contribution in creation of the image

Q=(w,,...a,). 1)

The recognition process consists of the same operation, whielied [2] — projection onto the face-space. The new
point’s coordinates are then compared to the known pointsdit@des and the process concludes by finding the nearest
neighbor of the tested point. This is, in the initial i@rsdone by brute force searching through the dataset.



2.2 Complexity analysis

Computational complexity analysis of the eigenfaces algorittowshthat the classification process might be one of
the bottlenecks. Normally after projecting the face image ontatteespace, the next step is to search for it's nearest
neighbor, by comparing the distances between the tested andthe jaints. A problem of complexi®(n) has to be
solved. We will propose a method for optimizing that stagine algorithm. Using basic Euclidean geometry we will
divide the points in face-space in to subsets by Binary Spatiidhing and place them in a Binary Search Tree (BST).
Searching in a BST has a complexity@{h) only in the worst-case scenario, when all the nodes are linkedst. The
optimistic version (a balanced tree)@¢log(n)) complex [10] [11]. Assuming an average case - the complekibyr
program should lie somewhere betwé€¥n) andO(log(n)), depending on the structure of the tree.

Our thesis is that the algorithm with classification basexhugpsearch in the BST will have better time performance
than the brute force search algorithm, while the recognitienwaitremain over 50%.

3 Proposed modification and experiments

We placed the known points from the face sp&e,n a Binary Search Tree, in a following manner. We took two
most distant points ; andQ, from the known dataset and made them roots of two difféiieaty trees. Then, from
the remaining points, we picked those, which are clos@j than toQ, and assigned them to tk tree. The remaining
points were assigned to tte tree. From those points, we again took two most disteed,@nd repeated the procedure
recurrently, thus creating a Binary Search Tree.

0j0(S,...,n) ds(Q;,Q,) <ds{(Q,,Q,) (2)

In order to test our theory we first ran a compeaeatest, in which we were feeding the algorithnthwthe same
pictures it was trained on. As expected, the resatt a 100% recognition of the pictures, both utdforce based and
BST-based algorithms. This result was giving a himpegood results in the real test. In the firdeatpt, we tested the
recognition rate in the ORL face database. Thetress disappointing, successful recognition ocediin only ca 50%
of cases. In the second attempt, we ran the testipoustom-made image database containing imag&d subjects -
Faculty of Electronics students at the Wroclaw @ndity of Technology, 2 images per subject. We med a
significant performance increase, on average a 808ognition rate was achieved. The analysis of dlstances
between points in the face-space led us to a csiecluthat it is a common case for the distancéwden the nodes of
the BST to be of the same order that the distapbtsden the tested point and it's known equival&€htt led us to the
following improvement in the BST building algorithrhis version will be called the BST+ algorithmprh now on.
After picking two most distant points from the wmdify the decision criteria of assigning a cerfadint to one of the
Q, or Q, subtrees. We calculate both distances and if tfiereince between them exceeds some threshold (thaike
A)we continue with the previous algorithm. Otherwige place that point in both subtrees.

0j0@3,...,n) ds(Q,,Q,) <dst(Q,,Q,) 0dst(Q,,Q,)-ds(Q,,Q,) < A 3)

This modification gave an immediate boost of redigm rate by 10%.
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Fig. 1. Recognition rate comparison for the Eigeefalgorithm and it's BST
modifications. Top - bruteforce search, middle -TBSearch, bottom — initial BST version



The tests were performed using the bootstrapindiadetWe tested the algorithms with two datasetse- ®RL
database, and our custom-made database. In bath, cas used exactly one of the subject's imageslfgorithm
training, and one more for recognition. The ORLaflase had 40 subjects, each photographed in Hoafiffversions,
grayscale 112x92 px. Our database had 30 subfetssions per subject, grayscale, 250x300 px uésol

4  Time performance

Although the BST algorithms didn’t perform bettartérms of recognition rate, we were sure they dauwitperform
the original one in terms of time. In fact, in dasts, we recorded the time of both versions o8& algorithm to be
almost two times faster than the original 1. ThelB%ersion is slightly slower than the initial BSdye to increased
size of the tree, but still gives the same orddimoeé reduction.

The cost of building the tree was on average 0.The most time-consuming procedure was the initi@ctor

generation, during the training - it took almos#®0f the whole execution time. The tests were peréal on an AMD
Athlon processor with a 1485 MHz Clock, under Matla

Noof | g ieforce [s] | BST[s] | BST+[s]
images
5 0.256 0.081 | 0.083
10 0.488 0.162 | 0.231
15 0.722 0.290 | 0.240
20 0.901 0.389 | 0.440
25 0.921 0.483 | 0.612

Tab. 1. Elapsed time for different versions of theognition algorithm

5 Conclusions

We believe that using a BST for classification add images is a good way for time-optimizing thecpss. Despite
it's higher error rate it gives great savings inqessing time of the device that will perform itséems obvious, that the
increased recognition error is correlated to thiagi. In the ORL dataset, which is low-resolutioa error proved to
be significantly higher than in the other - higihes- dataset. Higher resolution of the images ievied by a higher
resolution in the face-space, which makes clasdifio easier for the algorithm.

Analyzing the BST for the ORL database, we notiteat the distance between the tested image an&nosn-
equivalent was usually of the same order as tharties between the nodes of the BST. That led as tmprovement
in the BST algorithm and a 10% recognition rataéase. It is highly possible that further invediiga in the BST
performance could lead to better recognition raewing real time implementation in mobile dedce

The complexity of a search in a BST@¢log(n)) only in the best case, which is when the treleaignced. Due to
nature of the dataset achieving a balance in # it troublesome and might not even make sense dre able to
accept the results given by the BST. The promisesylts of our experiment suggest that examinatioather tree
structures like Black and Red trees or AVL tree,[Which give a lower upper bound on the compigx# purposeful.
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Fig. 2. Images from the ORL database, origina.sTop row — images used for recognition, bottom +draining
images.

Fig. 3. Images from authors database, scaled tod&@ifitial size. Top row — images used for recognitibbottom row —
training images.



