EE368Final Projed — Face Detedion

By Ping Hsin Lee Vivek Srinivasan, and Arvind Sundarargjan
1. Introduction

Facedetedion hes been afascinating problem for imageprocessng researchrs
during the last decale becaise of many important applications such asvideo face
reaognition at airports and seaurity ched-points, digital image archiving, et. In this
projed, we atempt to detectfacesin adigital image using various techniquessuch as
skin color segmentation, morphologicd processng, template matching, Fisher linea
discriminant (FLD), eigenfacedecomposition, and support vedor macines (SVM). We
determined that the more complex classfiersdid not work aswell asexpeded due to the
ladk of large databases for training. Reasonable results were obtained with color
segmentation, template matching at multiple scdes, and clustering of correlation pe&ks.

2. Color Segmentation and M orphological Processng

Thefirst step in our facedetedion algorithm was to segment regionsin the image
based on skin color. It isimportant to dedde which color spaceto operate on in order to
effedively segment skin color of different shades and urder a \ariety of lighting
conditions. While the images are conventiondly represented in the R@ doman for
display, the color andintensty components ae correlated. Therefore, usingthe RGB
color spacewould require some pre-processng [1] in order to reducethe efieds of
unwanted variationsin intensity. On the other hand, both the Y CbCr and HSV color
models separate intensity and color information of the image efledively. Various
studieq 2] have shown that the skin color regions are highly correlated in their hue and
saturation channels (HSV model) or chrominance chand (YCbCr modd). The
information of different shadesis usually present only in the intensity channel (Y or V),
and it cgptures variationsin the lighting conditions. Therefore, CbCr or HS channels are
used in skin color segmentation.

In this projed, we dedded to implement the MAP rule to achieve skin color
segmentation. Thistedhnique requires determination of probability maps based on the
ground truth data. The Y CbCr representation is convenient for this approach lecaise the
color levels are discrete in this domain.

2.1 MAP Dewder for Skin Segmentation
A variation of the maximum a posteriori (MAP) probability decoder[3] isused to

segregate non-skin pixels (NS) from the skin pixels (S). We define the decoder as
follows:

D(I(xy)) = Lif PA(xy) | S)P(S > PA(Xy) [NS)RNS)...... cevevren (D)

= 0 other wise



where

P(S) isthe probabili ty of skin pixelsin atypicd image

P(NS) isthe probabili ty of non-skin pixelsin atypica image

P((x,y) | S) isthe a priori probabili ty distributionof pixelsin skin region
P(I(x,y) | NS) isthe a priori probabili ty distribution of the pixelsin norskin
regio

I(x,y) = [Cr(x,y) Cb.y)], a edor of the two chrominarce components

Using the ground truth data from the training images 1 through 4, probabili ty
maps of the chrominarce components for skin and non-skin pixels are determined. In
figure 1, the probability maps of P(I(x,y) | S) and P(I(x,y) | NS) are plotted. The MAP
rule exploits the pe&s of thetwo distributions and the distance between them. An
additional advantage of using the MAP decoder isthat the decison bourdary between
skin and non-skin regions does not need be linea (Fig 2).

We modified decison rule toincdude athreshold to reducethe error of
misclassfying skin regions as non-skin regions.

DU(xY) =1 if PU(XY) [ PO > T*PUI(XY) INS)PINS) .. oveeveeereen 0)

Thethreshold T is determined heuristicdly for the best performancein skin
segmentation.
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Fig. 1 - Probabili ty maps of skin and non-skin regions
The two peaks correspond to skin and non-skin (larger pe&k) pixels.
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Fig. 2 - Distribution of skin and non-skin pixels
Cr and Cb have been trandated from [-128127] to [0:25§.
Dedsion boundary between skin and non-skin pixelsis non-linea.
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Fig. 4 - Image after skin segmentation

2.2 Results of Skin Segmentation

Oncethe probability maps are obtained, the dedsion rule (2) is applied to eah
pixel of the image to classfy it either asa skin or non-skin pixel. In order to speel up the
process the original image is subsamped by a fador of 4 before the skin segmentation
routine is applied. Figures 3 and 4 show the results of skin segmentation. After skin
segmentation, the image mask is up-sampled bad to the original image sizefor further
processng.

Aswe can seeinfigure 4, most of the face egions passthrough te skin
segmentation routine dong with some kadkgroundnoise. We now filter out the
badkground noise by regjeding conneded region (50x50 square pixels) that are smaller
than atypicd faceregion. After the routine, feaures such as the g/es appea as holesin
the faceobjeds. We will make use of these fedures in the next step of our agorithm,
which istemplate matching. In order to remver these feaures, aclosng geration is
performed using a structure dement of size5x5, foll owed by hole removal. The result of
these operations can ke seen in figure 5.



Fig. 5 —The mask after rejedion of small Bobs, closng andhole removal

2.3. Hand and Arm Rejedion

After blob rejedion and closing, several non-faceregions remained in the image.
Theseregionsincluded arms, hands, and legs. These aeas would present problemsin the
template matching becaise they cause high correlation pegks. In order to rgjed these
regions, a method based on standard deviations was devised. The geneal idea vas to
make reasonable assunptions about the $iape, size, and locaion of possble facesinthe
image, and rejed all blobsthat did not fit theseassimptions.

Ead dob wasfirst charaderized by the maximum ratio of standard deviationsin
perpendicular diredions (Smax/Smin). Thisratio isthe maximum over al possble
orientations. For example, Smax/Smin could be obtained by rotating ablob by all angles
about its centroid and finding the maximum ratio s,/sy over all angles of rotation.
Smax/Smin ISthe same for any shape regardlessof its orientation, and indicates how long a
shapeis. For instance, acircle ass ma/Smin = 1, while this same qentity islarger than 1
for ané€llipse. Inorder to rged arms, only blobs with relatively small S max/S min Were
retained. The choice of threshold here vas difficult because,dthough a face has a
standard deviation ratio just above one, seved faces groupel together asablob can have
astandard deviation ratio that ismuch hgher. Usng a combination of size, locaion, and
the af orementioned s max/S min t0 charaderize the blobs, we ensured that the charce of
losing afacein this processwas minimized. Finally, small blobs corresponding to hands
that appeaed relatively low in the image were rejeded.
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Fig. 6 - Example of blob rejedion based on S max/S min
a) Mask before s max/Smin based rejedion
b) Mask after smax/Smin based rejedion and locaion-dependent thresholding

3. Template Matching

After color segmentation, blob rejedion, closing, and holefilli ng, template
matching was used to isolate faces from non-faces. The template matching was
performed in the luminance domain, using the FFT. Because the template sizewas smdl
compared to the image size, using circular convolution instead of linea convolution
introduced negligible errar.

Theinitial template was an average of al faceregionsin theimage. From the
reference data, the centroid of ead face egion wascomputed, and a recénguar region
of pixels about thecentroid was extraded for eachfaceregion. These regions were then
averaged and mean subtraded. Regionsin the redangular template deamed to be
badkground were manually set to zero after mean subtradion so that they would not
affed the correlation result. This template performedreasonably well, and did na
require multiresolution template matching, sincefaces of all scdes appeaed inthe
template. A disadvantage of thistemplate was that feaures were not sharply defined. As
can be seen below, thefirst tempate wes not “face-like” in appearance



Fig. 7 - Facetemplate based on extrading faceregions from the image test set without
resizing. (Not used in final version)

The final method of template credion was to resampe eachfaceregion to the same s&e
before aveaging. Thiscaused the feauresin the different facesto align better when the
averaging operation was performed. Ascan be seen below, thistemplate looks more
“facelike” in appeaance For this method, becaise ewery faceusedin taking the arerage
was resampled to the same scde, multiresolution template matching was used.

A symmetric template (Figure 8a) was obtained by including the mirror image of
every faceregion in the aveaging process Thesymmetric template yielded sharp
correlation pegks nea the center of most faces, and performed better than an otherwise
identicd non-symmetric template. This may seem somewhat surprising sincethe
symmetric template does not incorporate luminance differences due to lighting from one
side. However, the symmetric template, while losing information about thelighting,
performs better in isolating symmetric regions. Furthermore, the lighting was not very
dramatic for the test images. (Note: the symmetric template badground is not zero.
Reasonable results were obtained using this tempate, so the kack gound was not set to
zeo.)

In addition to the symmetric template, a downsampled, non-symmetric, partial
template (Figure 8b) was used to capture information about smaller and partially
obscured facesin the image. The template sizewas chosen to match faces nea the badk
of the test images. Because larger faces obscure the mouth and chin of many smaller
facesin the test set, the smaller template was chosen to match only the eyesand forehead.
Sincethe smaller template was not symmetric, its lighting matched the lighting in the test
image.



Fig. 8 - 8 Symmetric template obtained by extracting face regions from the inmaige a
resampling. b) Non-symmetric partial template based on a similar technique. Both
templates were used in the final version.

Next, correlation results obtained from ead of the two templates were separately
thresholded and combined. Pe&ks appeaed at or nea the centroid of most candidate face
regions (Figure 9a). In addition, some smaller pegks appeared at boundaries between
facesand at face edgs. These ocurreddue to dff -center regions that matched one of the
two templates. Many of these peeks were diminaied by thresholding on pixel sze.

3.1 Grouping Correlation Peaks (Clustering)

In order to group pe&s, information from the color based ggmertaion mask was
used. If the centers of two pes were sufficiently close togetherand aline ketween he
centers did not passthrough any non-skin regions, then the two peaks were grouped
together as belonging to the same face Various heuristic techniques based on
morphology of the skin regions were aso used in the grouping process Thefinal face
locaions were the cluster centroids.

Fig. 9 - Grouping of correlation pegks
a) Ped&sintheimage after correlation and thresholding
b) Grouping of pe&s after morphologicd processng
c) Deteded faces



4. TheAlgorithm Flow Chart
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4.1 Final Results

The final results for the seven test images are shown below.

Image 1 2 3 4 5 6 7
Score 20 22 24 22 24 24 21
Tota 21 24 25 24 24 24 22

5. Schemes That Didn’t Quite Make It: Fisher Linear Discriminant, Eigenfaces and
SVM

Apart from conneded pixel ardysis a Bw other tedniques were ested to reject
false positives like hands, arms and legs.

5.1 Fisher'sLinear Disciminant

Fisher’slinea discriminant techniqueisa pguar schene to segregate pa#rns
that are linealy separable. It is based on projeding the pattern vedorsfrom alarge
dimensional spaceonto aline thereby reducing the N-d classfication problemto a 1-d
clasgfication problem.

A database of 500 samples ead of 60x60 faceimages and non-faceimages were
creaed and subsampled to 24x24. The samples were generated by extrading windows
from the original data set. The non-faceimages largely comprised regions from the
images that showed up asfaces post template matching. The linea discriminant is
computed as follows[4]:

Si= 4 (X -M)(X-Mp)'

o]

S=a X-M)(X-Mp'

SW=S1+ S

M; = mean(X)

M, =mean(Y)

W =S, (M1 —M,)
The X’sarethe facevedors, the Y’sare the non-facevedorsand S, is the within Scater
Matrix. S1 and S2 are correlation matricesfor the two classes of vedorsand W is the

fisher’ slinea discriminant.

If the projected component of the objed on Fisher’slinea discriminant (W ™ X)
excedls a certain threshold then he objed is clssified asaface Otherwiseit isrgeded.




Thistechnique had a very poor performancein rejedion of false positives possbly
because deteded non-faceregions and faceregions are not linealy separable.

5.2 Eigenfaces

A variation of template matching was also attempted in order to rejed the fse
positives. All faces were extracied using the provided ground truth data on the first 4
training images. These faceimages were then interpolated onto a uniform 95x85
catesian grid. Using Sirovich and Kirby procedure [5] the first 94 eigenimages were
computed. Ten of these e genfacescorresponding to the 10largest egemauescapured
most of the erergy andhence weg used in the andysis. This process asrepeaed at two
more scaes of 124x111and 67>69.

Two different schemeswere atempted, to rejed non-faceobjeds obtained after
template matching. The first one wasto compute the total energy contained along the first
ten eigenvedors and rejed objedsthat were below a certain threshold. The other scheme
was to maintain a database of faceand nonfaceprojedions and use the neagst neighbor
criteriain regjeding false positives. Both schemes gave results smilar to tempate
matching and at an increased computational cost and hence were discarded.

5.3 Sippat Vedor Machines (SVM)

A support vedor machine isaleaning computer algorithm used in pattern
clasgfication problems. The principle behind SVM isto find an optimal hyperplane such
that the two different regions are separatesfar as possble to minimizeerrars. In our
facereaognition application, we want to constructafunction f(x) such that f(x) = 1 for a
faceregion and f(x) = -1 for anon-faceregion. Therefore, f(x) can be constructed in the
formf(x) = i *a * k(x, x) + b. Weinput training samplesin the form of { x;, yi}
where the x;’ s are the training input veaors and they;’ sare input values taking on either 1
or —1. Thek(x, x;) function iscdled akernel. There ae different typesof kemels
ranging from the linea function (dot product of x and x;), a polynomial function, and the
radial basis function involving Gaussan distributions. Basicdly, the dgorithm caktulates
the scdar values g’ s and b based on the training samples given and thusthe x;’s
asociated with the nonzero g’s are caled support vedors.

Here ae two exampes of the training face imags weinputinto the SVM:



And here ae two exampes of the training nonfaceimages we input into the
SVM:

In our projed, we implemented a SVM with aradial basis function (RBF) kernel.
The function f(x) has the form f(x) = i* G(X; ¢ 9 +bwhereGisthei™ Gausdan
basis function with center ¢; 2. Thew;'sare weights and b isthe biasterm
to produce a scal output. Based on the training sampgesand thenumber of basis
functionsthat are suppied, the SVM cdculates all the parametersin f(x). To train the
SVM, we generated 470face egions and500 non -faceregions from the first 4 training
pictures, eat of size49x55 pixds. We chose various tesis function numbersof 1, 8, 16,
20, and 36. After the parameters of f(x) are generated, we then tested it out in our
program after skin segmentation and template matching. We hoped that this rejedion
method would further eliminate adl non-faceregionsto produce animproved face
reaognition result. However, after implementing and adjusting different fadors such as
sizeof training regions and number of training samples, we did not achieve satisfadory
results. Thisisbecaisethe SVM produced decison regions that ae tootightly bourd to
the training facesamples and were not able to clasgfy the facesin the other 3 training
pictures. We consderedgenerating more taining samples, but we redized that hetime
it would require to train the SVM would be prohibitively long. Sincewe had already
achieved adequate results from skin segmentation and template matching, we dedded
that including the SVM in the program would only sow down our runtime and would not
produce noticedle improvements.

6. Conclusions

Because |large databases of faceand non-faceregions were not available, our
implementations of tedhniques such as FLD and SVM worked about as well as tempate
matching. In addition, eigenfacemethods yielded no noticedle improvement over
template matching. Idedly, neural networks, FLD, SVM, or MRC (maximal rgjedion
classficaion) could be used after color segmentation and template matching to rejed the
false positives, non-faces classfied as faces. However, the abserce of large databses to
train these clssifiers deggraded their performance. Instead of these techniques we used a
highly heuristic and scalespedfic method of clustering correlation peks.



7. References

1. M.Hunkeand A. Waibd, “FaceLocating And Tradking for Human Computer
Interadion”,in Proc. Conf. Sgnds Systems and Computers, Nov 1994 vol2 pp 1277
1281

2. D. Cahi and K.N. Ngan, “Facesegmentation using skin color map”, IEEE Trans. On
Circuit and Systems for Video Technobgy, vol 9, no 4, pp. 551-564, Jun. 1999

3. Abbas El Gamal, “Introduction To Statisticd Signal Processng”, Ledure Notes.

4. Richard Duda, Peter Hart and David Stork, “Pattern Classficaion”, ond ed., John
Wiley and Sons.

5. Sirovich, L. and Kirby, M.: 1987, Low dimensional procedure for the charactization
of human faces, J. Opt. Sac. Am. A4, 519-524

6. Gender classficaion with support vedor madhines,
www.merl.com/reports/docs TR2000-01. pdf

7. Support Vedor Madines (SVM), http://www.site.uottawa.cal~stan/cs538 7SV M-
transp.pdf




