Eigenfaces 6r Face Detection/Recognition
(M. Turk and A. Pentland, "Eigeates for Recognition'Journal of Canitive Neuosciencevol.
3, no. 1, pp. 71-86, 1991, hard gdpp
f Face Recognition

- The simplest approach is to think of it as a template matching problem:

2
NxN image /L' N x 1 vector

- Problems arise when performing recognition in a high-dimensional space.

- SigniCEcant impk@ments can be achied by st mapping the data intolewer-
dimensionalityspace.

- How to (&d this laver-dimensional space?

f Main idea behind eigenfaces

- Supposeiis an N?x1 vector, corresponding to alNxN face imagd .

- The idea is to represe@(F =G- mean fice) into a lav-dimensional space:

If - mean= Wy + WoU, +.- Wi Uk (K<<N2)



Computation of the eigenfaces
Step loobtain fice image$,, 1o, ..., | (training faces)

(very important: the face images must lmenteedand of the samsize

Step 2representwery imagel; as a ectorG

Step 3:compute theerage fice ectorY :

1 M
Y=—8
M i=1
Step 4:subtract the mearace:
Fi = G -Y

Step 5:.compute the oriance matrixC:

1 M
C=-— SF,F! =AA" (N°xN? matrix)
M n=1

whereA=[F; F,---Fy] (N?xM matrix)
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Step 6:.compute the eigerctorsu; of AAT

The matrixAA! is very lage --> not practical !!

Step 6.1consider the matriAT A (MxM matrix)
Step 6.2compute the eigemctorsV; of AT A
AT Av, = mv,

What is the relationship betwe&ls andv;?

AT Av, = mv; => AAT Av, = mAv, =>
CAv = mAv; or Cuy; = mu; whereu; = Ay,

Thus, AAT and AT A have the same eigemlues and their eigerc-
tors are related as folles: U; = Av; !!

Note 1: AAT can hae o to N? eigervalues and eigarectors.

Note 2: AT A can hae y to M eigervalues and eigerectors.

Note 3:The M eigervalues of AT A (along with their corresponding

eigervectors) correspond to th¥l largest eigervalues of AAT (along
with their corresponding eigeectors).

Step 6.3compute thdM best eigevectors of AAT: U = Av,
(important: normalizeu; such thafju;|| = 1)

Step 7keep onlyK eigervectors (corresponding to tH€ largest eigevalues)



Representing faces onto this basis

- Each fice (minus the mea); in the training set can be represented as a linear
combination of the bed( eigervectors:

K
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F. - mean= J§leuj, (Wj = ujF))

(we call theu;'s eigenface}
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Face Recognition Using Eigenfaces

- Given an unknowvn face imageG (centered and of the same sizeelike training
faces) follav these steps:

Step 1normalizeG F=G-Y

Step 2:project on the eigenspace

F= éwiui W = U/ F)
=

éWr
ew,
Step 3represenk as:W =g

&
eWg

ooy

Step 4®nd €, = min, W - W||
Step 5if e, < T,, thenGis recognized asatel from the training set.

- The distance, is called distance within thade space (difs)

Comment:we can use the common Euclidean distance to con@uteoweve, it
has been reported that thiahalanobis distancperforms better:

K1

_ k

W - WA= S - (w - wi?
i=1 /j

(variations along all as are treated as equally signi®cant)
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Face Detection Using Eigenfaces
- Given an unknowvn imageG

Step licomputeF = G- Y
K

Step 2computeF = Swiu; (W, = u'F)
i=1

Step 3computeey = |F - F|
Step 4if e4 < Ty, thenGis a face.

- The distance, is called distance fromate space (&)




- Reconstruction ofdces and nomates




- Time requirements
- About 400 msec (Lisp, Sun4, 128x128 images)
- Applications

- Face detection, tracking, and recognition

- Problems

- Background (deemphasize the outside of @ f e.g., by multiplying the input
image by a 2D Gaussian wind@entered on theate)

- Lighting conditions (performance giades with light changes)
- Scale (performance decreases quickly with changes to the head size)

* multiscale eigenspaces
* scale input image to multiple sizes)

- Orientation (perfomance decreases hot as &st as with scale changes)

* plane rotations can be handled
* out-of-plane rotations more @tult to handle



- Experiments
- 16 subjects, 3 orientations, 3 sizes
- 3 lighting conditions, 6 resolutions (512x512 ... 16x16)

- Total number of images: 2,592



Experiment 1

* Used \arious sets of 16 images for training

* One image/person, tak under the same conditions

* Eigenfaces were computedeofe (7 eigenfices were used)
* Classify the rest images as one of the 16viddials

* N o rejections (i.e., no threshold fdifs)

- Performed a lage number ofx@eriments andweraged the results:

96% correct @eraged oer light variation
85% correct weraged oer orientation \ariation
64% correct eeraged oer size \ariation



Experiment 2

- They considered rejections (i.e., by thresholddfs)

- There is a tradebbetween correct recognition and rejections.

- Adjusting the threshold to ackiee 100% recognition acurrgaesulted in:
* 19% rejections while arying lighting

* 39% rejections while arying orientation
* 60% rejections while arying size

Experiment 3

- Reconstruction using partial information



