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Abstract. When comparing different methods for face detection or localizatios yealizes that just simply
comparing the reported results is misleading as, even if the results aréegepn the same dataset, different
authors have different views of what a correct detection/localizatieans1eThis paper addresses exactly this
problem, proposing an objective measure for the goodness of aidetkxcalization for the case of frontal
faces. The usage of the proposed technique insures a fair andechbiag of reporting the results, making
the experiment repeatable, measurable, and comparable by arglsedy
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1 Introduction

Human face detection became one of the most active researshinls of computer vision. An impressive
number of papers has been published during the last decading various methods for face detection (FD)
and localization (FL). Some of them are designed to be ussgenific environments while others are thought
to be robust enough for a general usage.

However, in evaluating and comparing their performancesr@eds not only the formal description of the
algorithm, but also a strict experimental protocol and arctefinition of the performance criteria. Clearly,
the performance criteria are problem—dependent and magr diverse aspects of practical importance like
complexity of the algorithm, hardware requirements, dulitg and so on. But the most important ones remain
the detection rate and localization precision. In orderageha fair comparison of the results, not only the
test images must be the same, but also an objective meastire gdodnesof the detection/localization is
needed. While most of the published methods use publiclyablaidatasets, others report results on data that
is not so easily available. A number of databases have emhegeatandard testbeds for the face detection
(e.g. the combined test sets from CMU [2]) and face locabrafe. g. XM2VTS [3], Banca [1] or BiolD [6])
algorithms. While establishing a common pool of data is andrgmt step forward, there are still a number
of issues that are not generally agreed upon and that maytH#asomparisons. For example, in the CMU
database there are some hand-drawn faces. Should theydidered as 'real’ faces, or not?! Or, and arguably
the most important issue, what doegaod face detection/localizatiaonean?

Most of the papers generally only provide detection andreates to show the quality of their system, but
rarely mention the way they count the detections and thestoocompute those rates. good detection for
someone may appear as not sufficient for someone else. Imagetveo kind of methods are used to count
the detections: manual and automatic. In the first case,atesfare manually identified by humans, like
in [5]. Besides being tedious, this technique is above al} geibjective. In the second case, people usually
consider the difference between the detected eye postiothishe groundtruth positions. A correct detection
is accounted if this difference is under a given threshold.w& will explain, there are a number of problems
with this approach, basically due to the subjectivenest@imtieasurement or to some geometric issues (like
scale-dependence).

Jesorsky et al. [6] recently introduced a relative error snea. They used the maximum of the distances
between the true and the estimated eye center positiondediby the distance between the expected eye
centers (scale independence). A region is considered ag beace if the relative error is less than a given
threshold. The drawback of this approach is that it is nosjtbs to differentiate errors in translation, rotation
and scale.

The main contribution of this paper is to propose a genelgkative measure for assessing the perfor-
mances of the FD and FL algorithms. The proposed measurgiisié@nough to allow adaptation to different
interests by tuning the weights of specific types of errore.WMll present also its applicability for a real face
detector and show how it can be used for assessing the parficas of the method.

The remaining of the paper is organized as follows: secti@iv@s a short overview of the parameters
used for modeling a face, section 3 introduces the face tiletescoring function and describes its application.
In section 4 we give a brief description of the detection rodthsed as example, and we present the results
obtained on a standard database (XM2VTS [3]). Finally, veavdsome conclusions.

2 Anthropometric Face M odeling

The first step to any face processing is to choose a face mblisimodel will be used to collect faces according
to the groundtruth for training purposes. Usually, it isregented by a bounding box. The face bounding box
is determined using face/head anthropometry measuresféfding to a face model (Fig. 1(a)). The face
bounding boxw/h crops the physiognomical height of the face. The widthf the face is given byy zy/s
wheres = 2-pupi | _se/x_ee andx_ee is the distance between eyes in pixels. In this model, the wh

is equal to15/20. Thus, the heighh of the face is given by-20/15 andy_upper =h-(tr_gn -en_gn)/
tr_gn. For the constantpupi | _se (pupil-facial middle distancegn_gn (lower half of the craniofacial
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(a) Face model (b) Detection parameters

Figure 1: Face modeling: 1(a) The face model using eyesecgrbordinates and facial anthropometry mea-
sures. 1(b) The relative position of an estimated and a toséipn of the eyes.

height),t r _gn (height of the face), andy_zy (width of the face) we use the valugs.4,117.7,187.2, and
139.1 respectively, from [4].

3 Evaluating Face Detection and L ocalization

In the following we will construct a scoring function for duating the results of FD and FL algorithms, that
is adapted for frontal face case. As the position and theditlee bounding box of a face can be determined
knowing the coordinates of the eyes, we will consider theth@selevant attributes of a detection/localization.
The goal is to build a scoring function that assigns highesaf1.0 (or close tol.0) to the good detections
and0.0 (or close t00.0) to the bad ones. In the same time, the function must podseg$sltowing properties:
(1) it has to be continuous and smooth2) it has to be invariant to translations, scalings and rotatio
(TSR-invariant){ 3) it has to accommodate some degree of uncertainty that agesinhin practice.

Scoring function. Let nowx denote the criterion we want to score andydbe the scoring function. It is
clear that the requirements above are general enough anddhet uniquely identify a function. As such, we
have chosen the following form for the scoring function:

e*f((ﬂé’*u)Jﬂs)Q7 fo<pu—3o
1/’(13’7757@: 1: |fﬂ—6<m<u+6 (1)
eV (@=m=0)° it 4 5<z

where~,d,u € R andd > 0, are some suitably chosen parameters of functiorin the following we will
denote byd = (v, 4, u) the set of parameters when we will not need to address thewidoelly. Figure 2
shows the plot of) for different combinations of the parameters. Normallyg @ould choosg: such that it is
the correct/expected value for On the other handj defines the width of the constant region of valuand
corresponds to the degree of tolerance one accepts in thisipreofz. Finally, v controls the slope of the
two branches and must be set to a suitable value. For all regaeneters we will present some values that are
sensible for our application.

Figure 2: Plots of) function for different combinations of parameters.
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Goodness of a detection. Let us now define the criteria by which we evaluate the gocsloéa detection,
where we compare theéetectedposition of a face with itgroundtruthposition. As explained before, they
must be TSR-invariant. Consider the situation in Figur,Mihere we lefl’( Py, P;2) be the true groundtruth
position of the eyes anB (P1, P»2) be the detected position. It is clear that the angle betweetwio support
lines (Py1 P12 and Py Pys) is a firstimportant parameter (and is TSR-invariant). éamts for errors due to the
estimation of the rotation angle of our detection. In piEetive will use the cosine of the sharp angle formed
by the two support lines (denoted hereinaftercbya). The other criteria we consider are defined in terms of
distances, which normally are scale-dependent, but bdidiyithem with a normalizing term (defined by the
distance between the correct positions of the eyes), weobidin the TSR-invariance:

[ P21 Poa | ([ P11 Por | ([ Pr2Pos ||
dy = ,do = ,ds = . 2
T PPl ™ T 1PrPral® T 1 PurPa @
All these four criteria are TSR-invariant and do completidgcribe the relative positions of the two couples of
points.
For every possible detection, we will use the functiop; §) to score each corresponding parameter indi-
vidually (with properly chosen values fé), obtaining four parameter—scores, .. 4+ and we will take as the
final score of the detectio® when the groundtruth ig, the weighted sum of these individual scores:

4 4
U(D,T) = Z wit;, with Z w; =1 (3)
i=1 i=1

If one wishes to control the importance of a given kind of esrihen one has just to adapt the values pfo
reflect his/her wishes. However, in this paper, we use amunlf weighted sum, i.e. we take as the final score
the average value.

Choice of v, 4, and n. Before using the scoring function, one has to choose apjatepvalues for the
parameter sef for each criterion considered. Two issues are considerediirchoice: the set of allowable
values for the (above defined) four criteria, and the tolegdavel we set when deciding what is a good detec-
tion or localization. From this perspective, we consider filice localization process as being a more precise
detection, i.e. we tolerate smaller deviations of the estith position from the true position. This means that,
once we have the results produced by a system (face detedtmatizer), given as a list of estimated positions
of the eyes, we can easily evaluate its performances fromgmspectives, detection or localization, by simply
changing the value df.

Examining the plots in Figure 2 and using Eq.( 1), it can bendbat the region of valug¢ has a width of
26, being centered at. The value ofy defines the slopes of the two branches ofi¢hfenction and we choose
it such that the values outside the acceptable range witesabmost0.001. We now set the performance
criteria that will define the values of these parametershéncase of facdetection allowing for+10° error in
orientation estimation-10% in scale and position estimation leads to the following:

e p(cosa) = 1for|a| € [0,7/18] andiy(cos o) < 0.001 for |a| > /12, = Ocosa = (139.2,0.0152, 1);
e ¢(dy) =1ford; €[0.9,1.1] andep(dy) < 0.001 for d; < 0.75 0rdy > 1.25, = 64, = (17.52,0.1,1);
e (dy3) = 1fordss € [0,0.1] andi)(dz,3) < 0.001 for da 3 > 0.6, = 04, , = (5.26,0.1,0).

The corresponding performance criteria fdoealizationare more restrictived5° error in orientation estima-
tion, £2.5% in scale and% in translation estimation):

e (cosa) = 1for|a| € [0,7/36] andyy(cos o) < 0.001 for || > 7/18, = Oeos o = (230.81,0.0038, 1);

e ¢(dy) = 1ford; € [0.975,1.025] and+(dy) < 0.001 for d; < 0.95 ord; > 1.05, = 64, =
(2.84,0.025, 1);

o (dz3) = 1fordaz € [0,0.05] andy(ds 3) < 0.001 for da 3 > 0.3, = 64, , = (10.51,0.05,0).
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Finally, a good detection/localizatiois considered to be any detection/localization that scatésastl, =
0.5.

These valuesi.os «, 04, , 5, Vo) Should be considered as reference values and any repesitisrfor face
detection should be based on them in order to have a commopas@on basis. All the results reported in
section 4 are using these specific values.

Error rates. Having defined what a good FD/FL means is not enough: usualare given a set of
positions in the image that are the outcomes of an applicati@ detector/localizer, and a set of groundtruth
positions and we have to estimate the detection/locatimatate and the false alarm rate. We proceed as
follows: having a list of detected positioR®, ..., D,,} and a list of groundtruth positioqd, ..., T, } we
put in correspondence each true positigwith a detectionD; by searching thab; that has the highest score
U(D,,T;), and we add the paiD;, T;) to a list of good detections if the score is higher tlan If for a given
T; there are moré);’s or vice—versa, we solve the ties by randomly selecting one correspondence. We
end up with alis{(D;,,,T;, )|k = 1,...,r} orr pairs of good detections/localizations. Finally, we defime
detection ratdo ber/m and thefalse alarm rateto bel — r/n.

4 Experiments

Viola and Jones [7] recently proposed a real-time statdwefart frontal face detector. Instead of directly
using pixel information, they used a set of simple fastampute features, named Haar-like. A variant of
AdaBoost [8] selects relevant features and combines Inearak classifiers into a strong one. By assembling
such strong classifiers in a cascade, Viola and Jones imptbeedetection performance while reducing the
computation time.

We use the face detection algorithm mentioned above to titedaces from the XM2VTS database [3].
Before performing the evaluation we have selected the pegbce criteria, corresponding to the detection
scenario, presented in section 3.

Figure 3 presents the histogram of the scores obtained hyjptllg parameters (the other two parameters,
cos a anddy , obtained scores higher thard in 99% of cases). As it can be noted, the detector is less accurate
in estimating the position (the offset) of the face. Note thanterpreting the distribution of scores in Figure 3
one has to take into account also the constraints imposéaktir98.31% of detections scored more tharw01
for thed, parameter, meaning that the corresponding error was las$ th

Figure 3: Scores for individual parametetis (ds) obtained on XM2VTS database.

Finally, the detections scores are obtained by means of3rauith w; = 0.25. The distribution of scores
can be seen in Figure 4. Counting as good detections onlg ttet®ctions that obtained a score higher than
0.5 leads to the conclusion that the detector has an accurdi$/2%%.

If one is interested in evaluating the performances of thréthmd from a localization perspective, then one
has to use the second set of constraints. In our specific taseneans that only¢8.14% of the localization
are considered as good localizations.
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Figure 4: Final score distribution on the XM2VTS databas22% of detections obtained a score higher than
0.5.

5 Conclusions

In this paper we have presented an objective measure faratirad the face detection/localization results. The
measure is independent of the method employed and providémsis for an unbiased comparison of different
techniques. Moreover, it unequivocally defines what a goetgation or localization means, removing the
ambiguity present in a large number of reported experiments

It has to be emphasized the flexibility one has in using thersgdunction and in interpreting the results
from either a detection or a localization perspective. Athe fact that each type of error can be individually
analyzed provides useful informations for improving thefpenances of the system. As face detection or
localization is rarely the final goal in face processing,laziag the scores may provide useful hints in tuning
the upper levels of processing.

Based on the scoring function, we have defined the deteldt@atization rate and the false alarm rate. What
is still left to be done is to define a strict experimental poat that should be accompanied by a significant
data corpus so that anybody will be able to compare his/Iseitteewith the other available techniques.

It is our intent and hope that other researchers will adaptrtteasure when reporting their experiments,
making the results obtained more meaningful for the whaleaech community.
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