Comparison of Five Color Models in Skin Pixel Classification
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Abstract
Detection ofskin invideo is an important component of
systemsfor detecting, recognizingand tracking faces and
hands. Differentskin detection methods haveused
different color spaceslhis paper presents a comparative
evaluation of pixel classificatioperformance otwo skin
detection methods in five color spaces. The dkitection
methodsused in this paper are color-histogram based

effect of using different color histogram resoluticargl of
enhancementshased onregion growing and texture
analysisarealso evaluated. The skin detection methods
use off-line trainingrather than incremental run-time
training, and aretested onimages representing waide
variety of people, environmentgameras,and lighting
conditions.

approaches that are intended to work with a wide variety of2. Background

individuals, lighting conditions,andskin tones. One is
the widely-used lookup table method, titker makes use
of Bayesian decision theory. Two typesofiancements,
based on spatial and texture analyses, are also evaluated.

1. Introduction

Skin detection in videdmages is an important first
step in a wide variety of recognition and tracksygtems.
It can beused tobegin the process décerecognition or
facial expressionextraction, and can provide aninitial
estimate or follow-up verification forface and hand
tracking algorithms. Being able to do thesg/pes of
detectionbasedmerely on skin colowould eliminate the
need for cumbersome tracking devices or artificiplaced
color keys. Imagine aideo conference inwhich the
speakers cammove freely, whilecamerasautomatically
track their positions, always keeping theentered in the
frame [16].

One of the primary problems in skéetection is color
constancy. Ambient light, bright lightsand shadows
change the apparent color of an imadaifferent cameras
affectthe color values as well. Movement of ahject
can causeblurring of colors. Finally, skin tonesary
dramatically within and across individuals.

A primary objective of the current work is to study the
effect of color space choice akin detection performance.
Two color histogranbasedmethodsare evaluated on five
color spaces; one is thwidely-usedlookup tablemethod,
the other makes use ®&ayesian decisiotheory. The

A number of existing systems employ a skietection
algorithm. Face detectorand facetrackers make up the
majority of these (see [2 - 4, 7, 13, 15 - 17]).réal-time
trackers, askin detector doesot do theactual tracking,
but instead, does the initial location of the farel acts as
a reality check. Face recogniti@md facial expression
analysis systems often use skiletection as arinitial
step. Handtrackers(such as [1, 9, 11]), while not as
common asface trackers, alsocan makeuse of skin
detectors to aid in tracking.

A majority of the skindetectionalgorithms usecolor
histograms for segmentation, eithdirectly or for ML
estimation ([1, 2, 5, 7 - 12, 14, 16, 17]); othpesform
pixel classificationbased on predefinetchnges in color
space ([6, 13]). Differences among existing stté@tection
systemsoccur primarily in the following areas: color
space used, incrementaln-time training versueff-line
training, and the techniques usedfor sorting and
identifying colors corresponding toskin.  The skin
detection methods used in this papex based ofil1] and
[10].

Individual color spacesused in prior skin detection
methods includHSV ([9, 12, 13]), avariant of Hue and
Saturation ([6]), Normalized RGB ([1, 4,6, 17]), simple
RGB ([10, 11]), YUV ([4]), and transformations from CIE
XYZ, including Farnsworth ([3, 15]and CIE L*a*b*
([2]). Five of these colospacesare compared in the
current paper. Further discussion of color spareskin
detection can be found in [18].
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3. Images Used and Performance Metrics

Both algorithmspresented here were traineding 48
images. The testing walone on 64other images. The
images were downloaded from a variety of sources,
including frames from movieandtelevision, professional
publicity photosand amateurphotographs. The images
were selected so as to include a wide rangskof tones,
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Figure 1: Results for lookup table method across five color spaces f@4x64

resolution.

histogram-based approach fEgmenting the skin pixels
from the remainder of the image. Tlapproactrelies on

the assumption that skin colors form a cluster in some
color measuremergpace([10, 11]). A two-dimensional
histogram isused to represeihe skin tones. By using
the two parameters of acolor system which do not
correspond tointensity or illumination, the histogram
should be more stable witlespect to differences in

environments, cameras, and lighting conditions. Some ofillumination and local variations caused by shadows [12].

the images depicted multiple individuals and the quality of

the imagesvaried. The choice othe images islescribed
in greater detail in[18]. To obtainground truth for
training and evaluation of pixel classificatiperformance,
the skin regions in all 112 images were marked by hand.
Four different metricsare used toevaluatethe results
of the skindetectionalgorithms. C (percent correct) is
the proportion of all image pixels (both skamd non-
skin) identified correctly. SE (skin error) isthe number
of skin pixels identified as non-skin, divided by the
number of image pixels.NSE (non-skinerror) is the
number of non-skin pixel&dentified asskin, divided by
the number of image pixelsS (% of skin correct) is the
proportion of all skin pixels identified correctly.

4. Algorithm 1: Lookup Table Method

The first algorithm presented here uses a color

The two-dimensional histogram used hereeferred to
as the lookup tabld.T'). Eachcell in theLT represents
the number of pixels with a particular range of colalue
pairs. A set of training images issed toconstruct the
LT as follows: Each image, havingbeen previously
segmented by hand, wundergoes eolor space
transformation. Then, fogachpixel marked asskin, the
appropriate cell inthe LT is incremented. Afterll the
images have beeprocessedthe values in the T are
divided by the largest value present. Thermalized
values ([0,1]) in the,T cells reflect the likelihood that
the corresponding colors will correspond to skin.

To perform skin detection, an image is first
transformednto the color space. Farachpixel in the
image, the color valuesdex the normalizedvalue in the
LT. If this value isgreaterthan a threshold, the pixel is
identified as skin. Otherwise, the pixel is considered to be
non-skin.



4.1 Lookup Table Results

Initially, ten different LT s wereconstructed, at two
differentresolutions §4 x 64and128 x 128 and infive
different color spaces (CIEL*a*b*HSV, an Alternate
Hue-Saturation system, referredhtere asFleck HS([6]),
Normalized RGB and¥CGC, ). Each ofthe tenLT s was

constructedfrom the 48 images in the training set and

testedwith the 64 images from the test set. Fmch

is near or below 5%.

It is interesting that the two Hue-Saturatidnased
color spaces perform better than the two systdesgned
to accurately reproduceolor information(CIELAB and

YGC,).

4.2 Adding Double Thresholding

While theLT method works reasonabilyell, it has a

image, the algorithm was run with thresholds from 0 to 1.tendency toomit pixels (a highSE at low thresholds).

Figure 1 shows the results for a resolutior64fx 64

For all tenLT s, the value of the threshottttermined
a tradeoffbetweenNSE and SE. In all casesC (%
correct) startecbelow 50%and then increased to around
80% where it leveledoff. The S (% of skin correct)
tended to beclose to 100% at verjow thresholds, and
then fell to near zero at high thresholds.

Figures 2and 3 show these resultgrouped byS,
rather than by color space. In each ptSNE andS E
are shown for all five color spaces.

At a 60%S (Figure 2), HSVandFleck HShave the
best results, witlC around 80%NSE just over 10% and
SE just below 10%. The results from the otluaior
spacesare comparableput with a higherNSE and a
lower C.

At an 80%S (Figure 3) thedifferencesbetween the
color spaces become more apparent. Hdegk HS has
the best resultdpllowed closely by HSV, whileYCC,
and CIELAB have the worst, withC below 70% and
NSE above 30%. In every cas8E is negligible, as it
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Figure 2: Result at an 60% Skin Correct

To overcome this problem, a simpdeuble-thresholding
region-growing method wasadded tothe algorithm. A
similar technique was used in [6].

Values above a thresholdte always considered to be
skin, while values below dower thresholdare always
considered to baon-skin. All pixels with valuesbove
the firstthresholdare identified asskin. Next, for each
pixel, the5x5neighborhood around the pixel é&xamined.

If a majority of the pixels in thismeighborhoodare skin,

it is also identified as skin (if not already). Otherwise, the
current pixel is identified as non-skin. This has ¢ffect

of removing small groups of spatially outlying skin
pixels, as well as filling in small areas that were missed.

After applying this simple smoothintgechnique, the
region growing begins. Pixeladjacent topixels that
have been previousligentified asskin are examined. If
the LT indicates a value betwedne two thresholds, the
pixel is identified asskin. Thisprocess repeattil the
total number of new pixelsaddedfrom a single pass
through the image is less than 1% of the total number of
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Figure 3: Result at an 80% Skin Correct
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Figure 4: Lookup table method with double Figure 5: Lookup table method with double

thresholding of half of original threshold. thresholding of quarter of original threshold.
pixels in the image. P(s|x) P(x|s)

= 1)
4.3 Results of Adding Double Thresholding P(=s[x) P(x|=9)

In the second case, the values of probabiliés) and

Instead of testing every combination of thresholds, theP(—S) are estimated fromthe training data. This
second threshold selected was either halfquarter of the  corresponds to maximum a posteriddAP) estimation.
first. Again, testing waslonewith all five colorspaces. If the ratio in (2) isgreaterthan 1, then the pixetan be
Looking at the results for an 80%for both half(Figure classified asskin. Otherwise, the pixaedan be classified
4) and aguarter(Figure 5) of the original thresholdnce ~ as non-skin: _
again HSVand Fleck HS have the best results, while  P(s|x) _  P(x]|s)P(s) )
CIELAB and YC.C, havethe worst results. While the —slx) P(x|= -
results with double thresholding are improved for the latter P(=s[x)  P(x|=9)P(~9)
two color spaces, overall, usimpuble thresholdingvith
theLT does not result in major improvements.

5.1 Results of Bayesian Method

5. Algorithm 2: Bavesian Method _ This method wagestedwith qll five colorspaces and
9 y with the MAP and ML techniques. The results are
The second method presented here uses Bayes' Theoresrrqown in Table 1. The re_sults for each of the c_sfmces
; o are veryclose forML . While the results for theifferent
to choose the most likely hypothesis, given the value of a C
) ; color spacesare very similar, the resultdor MAP and
feature. Herethe mutually exclusive classese skin () o ; .
andnon-skin ((S). The feature isthe two-dimensional ML are_qune different. MAP h_as a slightly h|gheC,
— C i and a higherSE. ML has a highS (around90% in all
color value X of a pixel. In contrast with the lookup

. five cases)with avery low SE, but a highNSE (from
table method, theBayesian methoduses two color 15-20%).

histograms, one for skin and one for non-skin pixels.

When constructingthe probabilities for Bayesian 5.2 Bayesian Method with Texture Detection
decision making, theraretwo possible assumptions. In
the first case, the probability that a pixel is skin is  T¢ reduceNSE, a simple texturedetection method
assumed to be the same as the probability that a pixel i§as ysed, askin tends to besmooth and to have little
non-skin P(s) = P(=S) ). This corresponds to maximum  textyre. The texturdetection methodised here measures
likelihood (ML) estimation. For any pixel, if theatio  the variance in a neighborhood. By eliminatiaigaswith

found from (1) is greaterthan one, then the pixean be 3 high variance, neighborhoods that are definitely skin
classified asskin. Otherwise, the pixalan be classified ghould be eliminated. Howevethis may have the

as non-skin:



undesired effect of reducing thaumber ofcorrectresults,
because pixels along the boundary betwaén andnon-
skin regions will alsochave ahigh degree ofvariance.
Texture detection was also used in [6].

The algorithm begins by applying théL or MAP
methodsandthen applies smoothing akescribedfor the
LT method. The variance is measured in3x3
neighborhoods opixels already identified askin. Areas
with a high texture are reclassified as non-skin.

5.3 Results for Bayesian Method with Texture
Detection

In this case, the resultsvere as expected. NSE
decreasedyhile SE increased ané decreased.C also
increasedwhich implies that overall, this was good
technigue. However, when usiMAP, the decrease i8
was very extreme, making the results significamibyrse
than for other techniques. Overall, the results fildin
are superior to the results fradAP.

6. Conclusions

TheLT methodperformedbest wherusedwith Fleck
HS or HSV, butCIELAB and YCC, vyielded poorer
results. The resultproved to besimilar to otherskin
detectionsystems ([18]). Double thresholdirdid not
provide a significant improvement oversingle threshold
for the two color spacesthat performed the best.
Additionally, the results for a resolution ®28x128 were
very close to the results for a resolutiorbdk64

For the Bayesianmethod, the biggedtifference was
betweenML and MAP. ML performedsignificantly
better thanMAP acrossall five color spaces. Using
different color spaceprovidedvery little variation in the
results. TheML methodalsoworkedwell whensimple
texture detectiorwas added,lowering theNSE, though
also reducingC andS. TheML methodproducedbetter
results than the,T method; in addition, itcompares
favorably to otherskin detection systems ([18]), is
computationally efficient, and is easy to implement.
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Color Space Technique C NSE SE S

CIELAB ML 82.72 14.92 2.36 89.99

CIELAB MAP 85.30 8.87 5.83 75.31

Fleck HS ML 77.82 19.73 2.45 89.64

Fleck HS MAP 82.34 8.24 9.42 60.10

HSV ML 79.32 18.05 2.63 88.85

HSV MAP 82.91 8.58 8.51 63.93

Norm. RGB ML 78.42 19.32 2.27 90.40

Norm. RGB MAP 82.48 7.48 10.04 57.45

YCC, ML 83.43 14.14 2.43 89.70

YCC, MAP 85.93 8.33 5.74 75.68

Table 1: Results for Bayesian decision making

Color Space Technique C NSE SE S

CIELAB ML 85.52 10.74 3.74 84.17

CIELAB MAP 86.21 6.17 7.62 67.73

Fleck HS ML 84.23 11.89 3.87 83.59

Fleck HS MAP 84.60 3.14 12.26 48.06

HSV ML 84.45 11.38 4.17 82.32

HSV MAP 84.63 3.55 11.81 49.95

Norm. RGB ML 84.25 12.08 3.66 84.49

Norm. RGB MAP 84.04 3.26 12.70 46.19

YCC, ML 85.99 10.25 3.76 84.07

YCC, MAP 86.75 5.53 7.71 67.32

Table 2: Resu

Its for Bayesian

decision making with texture detection



