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Abstract: Due to its wide range of use in human face-related applinatiface detection has been considered one of the most emport
areas of research in computer vision and visual patterrgréton communities. Though current methods perform weltontrolled
face images, their performance degrades considerably vedlstic scenarios that include pose, illumination ahd bhallenges as
well as low-resolution images. This paper proposes an effi@pproach for detecting faces in uncontrolled imagingli@mns using

a probabilistic framework based on Hough forests. Hougbkdisr can be regarded as task-adapted codebooks of locarappe
that allow fast supervised training and fast matching dttte®e, codebooks are built upon a pool of heterogeneoud &mzearance
features, a codebook is learned for the face appearancededhat models the spatial distribution and appearantaeiaf parts of the
human face. Extensive evaluation of the proposed methooous databases shows the usefulness of the method. Wetlsdiote
suggested method improves the detection rate and accungmgrtorming the state-of-the-art methods.

Keywords: Face detection, Face localization, Random Forests, Hourglsts

1 Introduction face detectors return the image location of a rectangular
bounding box containing the face. This bounding box
Because of its various uses, face detection has receivegbrves as the starting point for the above mentioned
considerable attention, especially in the last decade. Thepplications. Automatic detection of the human face is
human face is the main source of information during one of the most difficult problems in pattern recognition
human interaction; hence any system integratingand computer vision because the face is a non-rigid object
Vision-Based Human Computer Interaction requires fasthat has a high degree of variability with respect to head
and reliable face detectio,2]. The first step of any face poses (off-plane rotations), illumination, facial
processing system is detecting the locations in imagegxpression, occlusion, aging, image quality, and cluttere

where faces are present. Face detection is also a requirgthckgrounds may cause great difficultidk [
preliminary step to automated face recognition whose

performance greatly impacts recognition rates. In other Recently, the more practical yet considerably more
words, face detection can be considered the step stone womplicated problem of uncontrolled imaging conditions
all facial analysis algorithms, including face alignment, face detection has gained increasing attentijnlp this
face modeling, face relighting, face recognition, face paper, we provide a method for robust face detection
verication/authentication, head pose tracking, facialunder various imaging conditions based on Hough forests
expression tracking/recognition, gender/age recognitio that can learn a mapping from local image or depth
and many applications include face detection-basegatches to a probability over the parameter space. Hough
autofocus and white balancing in cameras, new methodforests can be regarded as task-adapted codebooks of
for sorting and retrieving images in digital photo local appearance that allow fast supervised training and
management software, image editing software tailored foffast matching at test time. In other words, Hough forests
faces. are sets of decision trees learned on the training data.
According to B] face detection problem can be Each tree in the Hough forest maps local appearance of
described as: given an arbitrary image, determine whetheface to its leaves, where each leaf is attributed a
there are any human faces in the images, and if there ar@robabilistic vote in the Hough space. The set of leaf
return the location of each face in the image. Generallynodes of each tree in the Hough forest forms a

* Corresponding author e-maih.hassaballah@svu.edu.eg

(@© 2015 NSP
Natural Sciences Publishing Cor.


http://dx.doi.org/10.12785/amis/090255

1038 N <SS 2 M. Ahmed et. al.: A Probabilistic Framework for Robust Faatdtion

discriminative codebook, where, each leaf node makes &eatures of the face such as eyes, eyebrows, nose, mouth,
probabilistic decision whether a patch corresponds to thend the structural relationship between these facial
face or to the background, and casts a probabilistic votdeatures. Based on the detected facial features, a statisti
about the centroid position with respect to the patchmodel is built to describe their relationships and to verify
center. As far as we know, this is the first time that Houghthe existence of a face. There are other face detection
voting is used for face detection task. In this context, themethods that use a combination of both approaches in
proposed method-based Hough forests is very efficient abrder to achieve a more robust and better performa8jce [
runtime, since matching a sample against a tree is Viola and Jones 9 present a machine learning
logarithmic in the number of leaves. Therefore, the approach for face detection, which has been integrated
method is able to sample patches densely, whileinto OpenCV library with five Haar-cascade classifiers.
maintaining acceptable computational performance. InTheir method is probably the best known face detection
contrast to other methods, the proposed method is lessiethod and it has gained a wide spread acceptance due to
sensitive to geometrical distortion, noise and partialthe availability of an open source implementation. The
occlusion. Experimental results on a number of widely novelty of this method comes from the integration of a
used face databases are presented to demonstrate thew image representation (integral image), a learning
efficacy of the proposed method. algorithm (based on AdaBoost to build a very rapid
The rest of this paper is organized as follows. A brief cascade classifier based on weak classifiers (“Haar-like
review on existing face detection methods is presented ibasis functions”), and a method for combining the
Section 2. The principles of Hough forests are discussedlassifiers cascade. The original work on frontal faces has
in Section 3, while the proposed method for detection ofbeen extended to detect tilted and non-frontal faces by
faces is introduced in Section 4. Experimental results areextending the set of basic features and by the introduction
reported in Section 5 and finally, the conclusions andof a pose estimator. Variations of the framework that use
future research are given in Section 6. different basis sets have been presented; e.g., Gabor
wavelets, and local orientations of gradient and Laplacian
based filters10,11].
2 Related wor k Li et al. [12] modify the monotonic assumption of the
Adaboost algorithm proposed by Viola and Jon@std
As mentioned before detection of the human face in andevelop the so-called Floatboost algorithm for the
image is a difficult task in pattern recognition because thetraining of face and non-face classifiers. By implementing
face is a non-rigid object that has a high degree ofthese classifiers using a coarse-to-fine and
variability. Changes in view can induce substantial simple-to-complex pyramidal structure, the authors
variation in a faces visual appearance. In full-face (orsuccessfully develop a computationally efficient
frontal) view, for example, faces contain a contiguous pairmulti-view face detection system. However, the proposed
of eyes, which are located either side of a centrallyclassifiers used in such boosted cascades operate
positioned nose. By comparison, only a single eye isindependently of each other and therefore discard useful
visible in a profile view of the head, and this eye is information between layers, resulting in convergence
located much more peripherally than both eyes in a fullproblems during the training process. In addition,
face. The appearance of other facial landmarks, such ason-face samples collected by the bootstrap procedure are
the nose and mouth and more global visualincorporated within the database during the training
characteristics, such as the head outline and hair, algo vamprocess and hence increase the complexity of the
across different face views and can change the overaltlassification task. Moreover, during the latter stages of
appearance of a face substantially. This variation is suclihe training process, the pattern distributions of the face
that observers often fail to match two different views of and non-face regions may become so complicated that it
the same faceg]. Even though these difficulties, the last is virtually impossible to distinguish between them on the
ten years have shown a great deal of research effort putasis of their Haar-like features as reportedif][ Yang
into face detection technology. Numerous methods haveet al. [14] incorporate a genetic algorithm into the
been proposed to detect faces in images. Many of thesAdaBoost training to optimize the detection performance
methods are reviewed in two recent surveys by Yang et algiven the number of Haar features for embedded systems.
[3] and by Hjelmas and Low7]. These methods can be Liu [15] utilized the 1D Harr wavelet transform to
broadly classified into two main categories: effectively detect the face. He designed two wavelet-
appearance-based approaches and feature-baskdsed transformed faces, a horizontally corresponding
approaches. Appearance-based approaches are knownface and a vertically corresponding face, and then
be better suited for detecting non-frontal faces and morecombined these two faces to form a histogram for face
successful in complex scenes, however in simple sceneemplates. Finally, a Bayesian classifier is applied to
feature-based approaches are more successful. In contrdstate the face regions from images. 6], a bank of
to the appearance-based approaches, feature-bas&hbor filters is utilized to search for ten facial features
approaches make explicit use of face knowledge. Theyeye corners, eye centers, nostrils and mouth corners).
are usually based on the detection of local invariantEach feature is modeled using a Gaussian Mixture Model
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(GMM) of feature responses. Any triplet of feature 3 The Hough Forests

detections with an acceptable spatial orientation produce

a face location hypothesis. These face candidates are therhis section describes the necessary background of the
normalized using an affine transformation and testedqough forest framework and the notation that we will use
using a SVM region classifier. The highest ranking in the rest of the paper. Hough forests are in many aspects
candidate based on the SVM discriminant function iSSim"ar to other random forests in Computer vision.
declared the location of the face. The method detects 91%andom forests have recently attracted a lot of attention
of faces in the XM2VTS database and 65% of BiolD in computer vision 20,21,2223. It consists of a
database within 10% of the true inter-ocular distance. Incollection of randomized trees where each tree consists of
this respect, detection of facial features is not an easy tassplit nodes and leaves. During training, in each splitting
at all [17]. Furthermore, many feature-based methods areode the algorithm tries to split the given training data
unsuitable for detection of low resolution faces. {Zi;vi}f\il wherez, € RP is a D-dimensional feature

vector,v; € {1,...,C} is the corresponding class label,
and N is the number of training samples. By predefined
: L the number of splitting functions, this recursive algamith

Chen and Lien 13] develop a statistical system for .sniinyes to split the data until either the maximum depth
automatic multi-view face detection and pose estimation.s ihe tree is reached: the subset of the data in a node is
consisting of five modules, Their statistical multi-view ure, or the number of samples is below a threshold. If
face detection system is based on significant local facia ny of these conditions is met, a leaf node is created and
features (or subregions) rather than the entire face. Thg,g ¢jass probability(v|z) is estimated.
low and high frequency feature information of each Hough forests work on small patches extracted at
subregion of the facial image are extracted and projected,qom  locations within a given bounding box from
onto the eigenspace and residual independent basis spaggsitive and negative training images of an object, each
in order to create the corresponding PCA (principal noi0p is described with several features, termed channels.
component analysis) projection w_e|ght vector and ICA positive samples additionally store an offset vector
(independent component analysis) coefficient vectoryinting to the center of the object, the center point in our
respectively. Therefore, the system has an improveq,ge i pointing to the center of the face facial parts
tolerance toward different facial expressions, wide depending on the pose of the face in the image as shown
viewing angles, partial occlusions and lighting condiion i Fig ‘1 Hough Forests then try to separate positive from
due to projecting on feature subspaces. Furthermorg,qqaiive patches and simultaneously cluster together
either projection weight vectors or coefficient vectors in gimijar positive patches according to their offset vectors
the PCA or ICA space have divergent distributions andrpg gpjitting functions at each node in the Hough Forests
are therefore modeled by using the weighted Gaussiag,ngomly selects a feature channel and two pixels within
mixture model (GMM) rather than a single Gaussianyhe patch and calculates the difference of the feature
model. The GMM weights and parameters of the GMM 5,65 This difference is then thresholded to determine
are estimated iteratively using the Expectation,nich patches are forwarded to the left or the right child
Maximization (EM) algorithm. Face detection is then ,4a

performed by cqnducting a Iikelihooq evaluation Process In. the test stage, each image patch is passed through
based on the estimated joint probability of the weight andy, yees in parallel, in each non-leaf node, a simple binary
coeftf!ment \]{e?;ors agd 'ghe colgrespcar_]dmgthgeometrlltl:test is performed. The test is applied to each patch that
posttions 0 € subregions. Regarding the Ooveraliyjesin the node, and its output defines the child that
performance of this multi-view face detection method, aSihe patch will proceed to. The set of leaf nodes of each
the authors reported the system can successfully functior[}ee in the Hough fofest can be regarded as a
under various imaging conditions with the accurate jiccriminative codebook. Each leaf node makes a
detection rate of higher than 91% and can estimate the,.,,apjistic decision whether a patch corresponds to a
pan-rotation angles of more than 90% of the input patche art of the object or to the background, and casts a

to within £10° of their ground-truth values. Though this ', papijistic vote about the centroid position with regpec
high detection rate, this method depends basically o

the method is neither simple nor applicable. The propose
method in this paper builds upon the class-specific Hough
forest detection framework1B], The Hough forests o .
framework is based on the generalized Hough transfornf+ Face L ocalization with Hough Forests

which is in turn inspired by the implicit shape model

detector [19]. Both of those approaches maps the The main steps of proposed method using Hough forests
appearance of object parts onto codebook with specifito detect and localize faces in images are shown inZig.
spatial distribution. and can be summarized as follows:
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First, the different views of a human face can be
handled by a single codebook, for generating the
codebookB with entriesBy, . . ., B, for each face pose in
the images. The training procedure first extracts a set of
patches which are sampled from a set of bounding box
annotated positive images of facial landmarks and a set ofig. 2: Flowcharts of the training and detecting processes
background images, the set of training patcRgs*™ are  of the proposed face detection method.
randomly sampled from the examples are the base that
used to construct each tree T on the Hough forests. We
define a set of patches as:

to maximize the calssification information gain. The class

{pjtmin = (aj,1;,05)} (1) label entropy is defined in a standard way:
Wherea; are the extracted image feature chanrielsf EH{}) = - Z P(l;].A) log (P(lj|,4)) 4)
the patch (face facial appearandg)is the class label for 1€{0,1}

the patch, and, is a offset vector from the patch center
to the centroid. The patches sampled from the negative set WhereP(l;|.A) is the proportion of patches with class
(background patches) are assigned the class label0, labell; in set.A. The first measurg, tries to create two
while the patches sampled from the interior of the facesubsets of patches that are as pure as possible in terms of
bounding boxes are assigngd= 1. Each face patch is their class labels, while the second meaguydorces the
also assigned a 2D offset vectof equal to the offset patches offsets to be spatially coherent. When the number
from the centroid of the bounding box to the center of theof patches is below a certain threshold or the maximum
patch. (Note that the; is undefined for a background predefined height of the tree is reached, the node is
patch). Based on such a set of patches, the Hough forestieclared a leaf. For each leaf nodlein the constructed
trees are then constructed recursively starting from thdree, the information about the patches that have reached
root. this node at train time is stored. Thus, we store the
Second, the selection of random tests is based on howroportion;, of the face patches (e.gF;, = 1 means
well they separate the input set of patches, the quality othat only face patches have reached the leaf) and the list
the separation is measured by one of two uncertainty0r = o; of the offset vectors corresponding to the face
measures: class label uncertainty measuring the patches. The leaves of the tree thus form a discriminative

impurity of the class labels; and offset uncertainty:, codebook with the assigned information about possible

measuring the impurity of the offset vectars locations of the centroid. At runtime, this information is
used to cast the probabilistic Hough votes about the
1 (A) = Al EHLD) @) existence of the face at different positions.

Third, the appearance of a pateh for each non leaf
node in each tree is assign a binary test during training.
_ o 2 The patches have a fixed sizé x 16 pixels at both train
Ha(A) = Z (05 = Om) | 3 and test time, and the appearance is defined by the
extracted feature channels. Thus, the appearance of the
WhereA is the set of patches assigned to angde:  patch can be written as; = (T'},T%,...,T%), where
{pjrem} | Alis the number of patches in sdf andO,,,is  eachT” is a 16 x 16 image andc is the number of
the mean offset of this sef.is Shannon entropy we use it channels. The binary tests on a patch appearance

j:l;=1
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T(a) — {0,1} is defined as simple pixel-based tests. the test image, wherg, lies inside the face bounding box
Such a test simply compares the values of a pair of pixel€3(z) centered at:. Here,a(y) is the appearance of the
in the same channel with some threshold. The test igpatch,/(y) = 1 is the hidden class label ardy) is the
defined by a channel € {1,2,..., ¢}, two positions, ¢ hidden offset vector from the center of the face bounding
in the 16 x 16 image, and a real threshold valueThe  box to y. Furthermore,E(x) denotes the random event

test7q p,q,r) (a) can be defined as : corresponding to the existence of the face centered at the
locationz in the image.
0,if T%(p) —T'*(q) < r The probabilistic evidenceP(E(x)|a(y)) that the
Tapar (@) = (5) appearance(y) of the patch brings about the availability
1, otherwise E(x) at different positions: in the image is defined as:

Using @) and @) for uncertainty measurgs, andyis, P(B@)laly) =P(E@),y) = la(y)) =
the binary tesf is chosen as follows. Given a training set P(E()[U(y) =1,a(y)) - P(l(y) = Laly)) =
of patchesP'"*" | firstly, a pool of binary test§7} were ~ P(o(y) =y — z[l(y) = 1,a(y)) - P(I(y) = la(y)) (7)
generated by samplingy, p, and ¢ uniformly. The
threshold value: for each test is chosen uniformly from
the range of differences observed on the data randoml

e e s o o e Parzenindow Dersty Estimatorsd based on te
W offset vectors?);, collected in the leaf at train time, while

uncertaintyy at the non-leaf node. We choqse this W'th.the second factor can be straightforwardly estimated as
equal probability unless the number of negative patches i%he proportion, of face patches at train time. For a

small than 5%, in the case of the non-leaf node is chosery; h . : : .
to minimize the offset uncertainty,. Finally, the set of '%lngle tree T, the probability estimate is defined as:
patches arriving at the non-leaf node is evaluated with all

binary tests in the pool and the binary test satisfying the? (£(2)|a(y); T) =

Assume that for a tree T the patch appearance ends up
in a leaf L. The first factor can then be approximated
Y sing the probability density estimation methods:

following minimization targetQ2 which is sum of the 1 1 l(y —z) — o||? (8)

respective uncertainty measures to split the trainingset, 01 Z 9702 exp(— 552 ) - Fr

can be defined as: 0€0y

0 = min (:“v ({ij-k(aj) _ 0}) + Where 52I(2X2) is the covariance 2f the Gaussian
we simply

Parzen-Window, for the entire forefT,},_,
average the probabilities (8) coming from different trees

o (731740 = 1)) ) ©

Where i, = p1 or ps depending on the random » 1 E
choice. By choosing the non-leaf nodes that decrease th& (£(x)la(y); {Te}i=1) = & > P(E()laly); T (9)
class label uncertainty,; with the non-leaf nodes that t=1
decrease the offset uncertainty, the tree construction
process ensures that the sets that reach the leaf have |

variations in both class labels and offsets (leaves repteseintegrate the votes coming from different patches, we

paiches for the face facials only). accumulate them in an (admittedly non probabilistic)

In general, the tree construction for generating theqgitive way into a 2D Hough imag# (), which for
codebook follows the common Hough forests frameworkeach pixel-location: sums up the votes (9) coming from

[18]. During the construction, each node receives a set 0 .
training patches. If the depth of the node is equal to theEhe nearby patches by:
maximal one(D,,.,, = 15) or the number of patches is _ ) F
small (M. = 20), the constructed node is declared a H(z) = Z P(E()la(y): {Te}iz1) (10)
leaf and the leaf vote information(F,,O) is
accumulated and stored. Otherwise, a non-leaf node is The detection procedure simply computes the Hough
created and an optimal binary test is chosen from a largémage H and returns the set of its maxima locations and
pool of randomly generated binary tests. values{Z, H(Z)} as the face detection hypotheses. The
For detecting a face, image patches are sampled frontlough imagef () is then obtained by Gaussian filtering
the test image and passed through the trees, every patch tife vote counts accumulated in each pixel. An alternative
the test imageP!**! is matched against the codeboBk  way to find the maxima of the Hough image would be to
and its probabilistic votes are cast to the Hough imageuse the mean-shift procedure as it is done in other Hough
the image patches can be densely sampled or subsampledting-based frameworks 25,26]. To handle scale
as for training. Consider a patch variations, let us first assume that the size of the detected
Ptest(y) = (a(y), l(y), o(y)) centered at the positionin face bounding boxes is fixed t@ x h during both

Equations (8) and (9) define the probabilistic vote cast
a single patch about the existence of the face. To

yEB(x)
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(b) © I

Fig. 3: For each of the three patches emphasized in(a), the facehHougst casts weighted votes about the possible
location of a face (b) (each color channel corresponds tedbteof a sample patch). Note the weakness of the vote from
the background patch (green). After that, the votes frorpatithes are aggregated into a Hough space (c), the faces can
be detected as a peak in this image (d).

training and testing. The test image is resized by a set o
scale factors oy,09,...,0.. The Hough images
H'. H?, ... H? are then computed independently at
each scale. After that, the images are stacked in a 3L
scale vector, the Gaussian filtration is performed acros:
the third (scale) dimension, and the maxima of the
resulting function are localized in 3D scale vector. The
resulting face detection hypotheses have the formr
(z,7, H? (7)). Finally, the hypothesized bounding box in
the original image is then centered at the pdinhas the
size2 x 4, and the face detection confident (z) as
illustrated in Fig.3. In this work, the first two channels
contain the pixel values and normalized ones to avoid the
effect of illumination and the rest of channels are the first
and second derivatives in x,y directions, and the HOG
descriptors respectively.

5 Experimental results Fig. 4: Training face samples of different view, expression
and poses.

5.1 Performance evaluation measure

Several measures are used to evaluate the performance of
face detection systemg][ Actually, in measuring the
performance of a face detection method, the two
guantities of interest are clearly the number of correct L
detections, which one wishes to maximize, and theFalse positive rate- —\umPer of faise positives
number of false detections, which should be minimize. Total number of negatives in datas
Most face detection methods include a threshold, which

can be varied to lie at different points in the trade-off =~ The performance of the proposed face detection
between correct and false detections. One method fomethod is evaluated using variety of image datasets. In
expressing the trade-off is the receiver operatingthe initial evaluation experiment, the proposed face
characteristics (ROC) curve. It allows a better detector is trained for three different Hough forests trees
visualization of the performance of a face detector andnumber with the same setting and training data used in
eases the comparison between several approaches. Thenstructing the trees. The first detector is trained for
ROC curve plots the true positive rate versus the falseHough forests of one tree, the second detector is trained
positive rate, where for Hough forests of three trees, while the last detector is

Number of true positives

True positive rate= — -
P Total number of positives in datase{ )

e(t12)
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Fig. 5. ROC curves for face detector trained for Hough forests of, timee and five trees tested on (a) Caltech 1999
(Frontal), (b) XM2VTS and (c) BiolD database.

trained for Hough forests of five trees, and ROC curves
are generated for each one of the face detector. The =&
training samples consist of frontal face and non-frontal
faces. In this paper, training stage contains two training A g
data sets, one is for face training dataset and the other for (a) Caltech 1999 faces
non-face training dataset. For each training data set, we
performed a careful selection of images that represent the
face training set, as much as possible, the variations of
faces. We use faces of males and females, with different
ages, of different races, with and without structural
components such as glasses and beard, and different
lighting conditions and sources, the face training set
contains 500 face images cover the different face pose
with images of size85 x 85 pixels. Also, we added
non-face images by randomly selecting regions in images ey o | A
without faces. The training face data set is cropped from ( BiolD
images of FDDB databas@T]. Figure4 shows samples

of face training data. While non-face training set which

were cropped manually and collected by randomlyfrig 6: Qualitative results on the three databases:(a)

sampling non-face regions of images at Caltech 1999ajtech 1999 (Frontal), (b) XM2VTS, (c) BiolD.
(Frontal) face database€§], and FDDB database. The

non-face training set contains 2,750 images3dfx 35

pixels resolutions. We compute the following feature

channeld™: 3 color channels of the CIELAB color space, .

the absolute values of the two first and two second ordetlough forests. Second database is the XM2VTS database
derivatives x, y, and the 9 HOG-like channels. Each[29 collected for research and development of identity
HOG-like channel was obtained as the soft bin count Ofverification SyStemS. The database contains 295 Subjects,
gradient orientations in & x 5 pixels. To increase the €ach recorded at four sessions over a period of four
invariance under noise, we app|y the min and the maxrnonths. At each session two head rotation shots and six

filtration, 16 channels for the min filter and 16 channels Speech shots (subjects reading three sentences twice)
for the max filter. were recorded. The third one is the BiolD databe&@, [

which consists of 14051 gray scale images of 1199
First, we evaluate our system with three different individuals in front of a uniform background, with views
databases stressing real world conditions. First, Calteclhanging from frontal to left and right profiles. It is
1999 (Frontal) face4g contains 450 face images. The designed at first to develop and evaluate face recognition
average image resolution )6 x 592 pixels. Images in  algorithms, but it also can be used to train and test face
this database are with different lighting, expressionsl, an detection algorithms. Figurg shows the ROC curves of
backgrounds. We compare the three different trained facéghe method for three different trained forests number. As

(@© 2015 NSP
Natural Sciences Publishing Cor.


www.naturalspublishing.com/Journals.asp

1044 N <SS 2 M. Ahmed et. al.: A Probabilistic Framework for Robust Faatdtion

0.9
0.8
0.7
o Q
2 ® 06
° o
2 2
g 'g 0.5
® (o)
=]
2 E 0.4
—0— Vlola.& Jones 0.3 Viola & Jones
—— \?\;:hmteierman m— | j ot al
O ueta .
0.8 —O—CJuChenetal 02 ‘ :/lai:(noleat':iz ket al
—®— Huagen 01 — Subbujram;,n etal
—@— P d method ’ : |
roposed metho == Proposed Method
0.75C i i i i 0 ; , : . |
0 100 200 300 400 500 0 200 400 600 800 1000 1200
False detections False detections

Fig. 7: Comparisons with state of the art methods on CMU Fig. 8: Comparisons with stat of the art methods on FDDB
database. database.

We compared the proposed face detection method
with other existing face detection methods such as
g/iola—Jones, Li et al. 34], Jain et al. B5], Mikolajaczyk
et al. [36], and Subburaman et al37]. For Viola and

ones’ detector, the implementation of OpenCV 2.38 [
with the default face classifier configuration (i.e.,
haarcascade_frontalface default.xml) is used. The curves
of other methods are taken from their published papers
] _ without any modification. The proposed method achieves
In order to compare our face detection method withthe highest detection rates but lower than this using the

state-of-the-art methods, we use same databases useddMu database because the face images in the FDDB
testing these methods, because we do not have the sourg@tabase have higher variations in pose, illumination,

code of these methods, as well as to avoid the problem ogxpression, and occlusion than those in the CMU
optimize the parameters of these method. Therefore, othejatabase. Also, the false detections is higher than other
two widely used databases; CMWBI and FDDB  methods in the case of CMU database. The ROC curves
databases are used in this comparison. The proposed fagg this comparison are shown in Fi§. Examples of
detector based Hough forests is trained with five trees. Weyetecting faces form CMU and FDDB databases using the

compare our results with existing face detection methodsyroposed face detection method are shown in &ig.
such as Viola-Jones face detect®}, [Schniedermandl],

Wu et al. B2], Huagen B3], and Chen et al12] using
CMU face database, our method has the highest detectiog Conclusions
rate, with decreasing in the false detections compared to
the other methods as shown in Fig.In the case of the - . ;

. ; This paper address one of the most difficult task in pattern
FDDB database, the FDDB supporting website has ar}ecognition; namely face detection. It introduced a
evaluation toolklt that is based_ on two types Of. dQtect'onmethod for face detection based on Hough forests that can
scores: the discrete score is 1 if the ratio of theIearn a mapping from local image or depth patches to a

inte.rsec.tion of a detected region with an annotated fac robability over the parameter space. Hough forests are
region Is greater than 0.5 _and 0 qtherw[se,. and th capable to handle large training datasets, high
continuous score takes the intersection ratio itself. We eneralization power, fast computation, and ease of

adopt the same evaluation discrete score criterion thal plementation. A thorough experimental evaluation is
represents the degree of matching between a deuaCtio@onducted on .various benchmark databases for face
?agt?ong;?r?t-:ros)égie) dargdigr::utgqo;[;fg :gj)i ?1y us!ng the detection and the results are compared to the existing
9 ] gions as. state of the art. Our method consistently achieves
comparable or better results across all experiments than
state-of-the-art face detection approaches. There [sastil
room to further improve the detection performance, so

it is clear that the detection rate increases with the
increasing in the number of trees in the trained forests
while the false detections number is decreased. From thi
experiment, we conclude that the performance of the fac
detector based Hough forests with trained of five trees ha
the highest detection rate (i.ef; = 5). Some of the
qualitative results on the three databasesHoe 5 are
shown in Fig 6.

A(Bi) N A(G))

MB:, G5) = ZB)UAG,)

> 0.5 (13)
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(a) cMU (b) FDDB

Fig. 9: Examples of detecting faces using the proposed face datetithod in (a) CMU and (b) FDDB databases.

our future work includes using non-maxima suppression5] C. Huang, H. Ai, Y. Li, S. Lao, High-performance rotation

that can be combined with Hough forests to improve the invariant multiview face detection, IEEE Trans. on Pattern

detection results. Exploiting the relations between stidi Analysis and Machine Intelligenc@9, 671-686, 2007.

window and Hough-based face detection is anothef6] A. M. Burton, M. Bindemann, The role of view in human face

promising approach for improving the detection accuracy. detection, Vision Research9, 2026-2036, 2009.

[7] E. Hjelmas and B. Low, Face detection: a survey, Computer

Vision and Image Understanding3, 236-274, 2001.
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