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Abstract. Face detection in the wild needs to deal with various chal-
lenging conditions, which often leads to the situation where intraclass
difference of faces exceeds interclass difference between faces and non-
faces. Based on this observation, in this paper we propose a locally
rejected metric learning (LRML) based false positives filtering method.
We firstly learn some prototype faces with affinity propagation cluster-
ing algorithm, and then apply locally rejected metric learning to seek a
linear transformation to reduce the differences between each face and pro-
totype faces while enlarging the differences between non-faces and pro-
totype faces and preserving the distribution of learned prototype faces
with locally rejected term. With the learned transformation, data are
mapped into a new domain where face can be exactly detected. Results
on FDDB and a self-collected dataset indicate our method is better than
Viola-Jones face detectors. And the combination of the two methods
shows an improvement in face detection.
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1 Introduction

Great success of face detection in constrained environments have been made over
past years. However it is still a challenge to detect face in wild environments,
due to various variations like lighting, illumination, expression and occlusion.

From the view of metric learning, failure of face detection results from that intr-
aclass distance (between faces) may be larger than interclass distance (between
faces and complex background). Figure 1 shows this situation. To deal with vari-
ous challenging variations, researchers have proposed diverse approaches. For the
feature-based methods, researchers try to extract robust feature, e.g. SURF [1], or
feature learned by CNN [2]. For the model-based methods, researchers try to model
large variations with deformable part-based model [3]. Nevertheless, most of these
approaches are time consuming or have expensive computation.

To deal with various challenging variations, borrowing the idea of metric
learning, we can map the feature from the origin domain into a new domain where
differences of interclass are larger than the differences of intra-class. Therefore,
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Fig. 1. Example illustrates the situation where intraclass distance exceeds interclass
distance. Left is a face image, middle is a average face® and right is a non-face image.
The cosine similarity between the face image and the average face is 0.37 which is lower
than 0.62 that is the cosine similarity between the non-face image and the average face.

we propose a new false positives filtering approach for face detection based on

locally rejected metric learning and affinity propagation clustering algorithm,

which can efficiently improve the results of classical Viola-Jones detector [4].

Since the training process can be done off-line and the predication procedure is

simple, the whole procedure of face detection can be done fast and efficiently.
In summary, the contributions of this paper are threefold:

(1) We propose to use affinity propagation clustering algorithm to learn some
prototype faces being more representative than average faces.

(2) We propose a robust framework of false positives filtering for face detec-
tion based on locally rejected metric learning by reducing the intraclass
differences while enlarging the interclass differences and preserving the dis-
tribution of prototype faces with the locally rejected term.

(3) We evaluate our approach on self-collected dataset and FDDB [5], both
of which are collected from unconstrained conditions. Results on the two
datasets show an efficient improvement of Viola-Jones detector.

2 Related Work

Clustering: The goal of clustering analysis is to mine the underlying structure
of an unlabeled dataset. Most of clustering algorithms can be broadly categorized
into three groups: partitioning based clustering, such as K-means [6], graph
based clustering, such as spectral clustering [7] and density based clustering,
such as mean-shift [8]. K-means proposed in 1955 is still a popular algorithm.
Frey [9] proposed a powerful cluster algorithm with the ability of discovering
representative faces from a gallery of face images dataset in 2007. With this
method, we can learn some prototype faces from real world face datasets.

Face Detection: The seminal work of face detection was done by Viola and
Jones [4], which has become a standard paradigm for face detection. Recently,
Chen [10] proposes a new framework for cascade face detection with the help of
aligned shape indexed feature. Li [2] proposes a CNN cascade based face detec-
tion. As far as we know, few papers discuss the post process for face detection
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except Chen’s work [10]. It introduces a simple SVM classifier for post process
to prove facial point based features can improve face detector performance. Dif-
ferent from it, our false positives filtering approach is more universal and faster.

Metric Learning: Since the pioneering work of Xing [11], researchers have
proposed many metric learning algorithms. Most metric learning algorithms can
be roughly categorized into linear metrics and non-linear metrics. For linear
metrics, the mahalanobis distance takes the dominant place. Most classic metric
learning methods adopt the mahalanobis distance form including LMNN [12],
ITML [13], OASIS [14]. For non-linear metrics, besides the kernel tricks, neural
network is also used to map data into a non-linear space [15]. Our approach
benefits from these works, especially Hu’s work DDML [15]. Differently, our
approach is more suitable this point-to-set metric learning problem while most
conventional methods focus on point-to-point metric learning problem.

3 Proposed Approach

3.1 Learning Prototype Faces

To reduce the intraclass difference, a straightforward idea is to minimize the
differences between real world faces and average faces. However average faces are
usually influenced by age, gender and race. To avoid this problem, we propose
to learn some prototype faces from real world face dataset.

For the powerful ability of affinity propagation clustering algorithm [9], we
adopt it to discover underlying prototype faces from face datasets. Affinity prop-
agation clustering algorithm has a good performance in clustering face. The key
idea of affinity propagation clustering is to take similarity as input and exchange
“responsibility” and “availability” messages between data points. In this way, a
high-quality set of exemplars and corresponding clusters will gradually emerge.
The procedure of messages exchange is as following:

r(i, k) = s(i, k) = maz{a(i, E') + s(i, k')} (1)

i/ g {ik}
ST maz{0,r(i', k)} i=k (2)

min{0,r(k,k) + 3 max{0,7(’,k)}} i#k
a(i, k) «— {
i g{ik}

where s(i, k) indicates similarity between i and k, r(i,k) denotes responsibility
from i to k and a(i, k) indicates availability sent from k to i. r(i, k) reflects the
accumulated probability for how well-suited K is to serve as the exemplar for
point i. a(7, k) reflects the accumulated probability for how well-suited for i choos-
ing k as its exemplar. After some iterations, points with high responsibility and
availability will be chosen as prototype faces. Details can refer to [9].
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origin domain target domain

Fig. 2. Schematic illustration of our method. Left shows the data distribution in the
origin domain, there are some easily misclassified samples. right shows the new data
distribution in target domain after LRML. Samples can be easily classified in the new
domain.

3.2 Locally Rejected Metric Learning

Basic Idea: The goal of metric learning is to seek a transformation that reduces
the distance between face images and prototype faces while enlarges distance
between non-face images and prototype faces. Figure?2 intuitively illustrates
the proposed method. In the origin domain, distance between face image and
prototype face is larger than distance between non-face image and prototype
face. With the transformation function, data points can be mapped into a new
domain where distance between face and prototype face has been reduced to less
than threshold p; while distance between non-face and prototype face has been
increased to over threshold pus.

Besides, considering that different prototype faces learned by affinity propa-
gation clustering stand for different kinds of faces. To preserve the structure, we
believe there should be a gap between inter-prototype-faces, which means a face
image is not necessary to keep a small distance to all prototype faces. Therefore,
it motivates us to propose a new locally rejected metric learning method that a
face image is pushed closer to the nearest prototype face, while keeping a gap
with other prototype faces.

LRML: Let X = {a;|i = 1,2,---,N} be the set of N training samples, where
z; € R* denotes the ith training sample, and v = {y;|i = 1,2,--- , K} be the set of
K prototype faces, where y; € R* denotes the ith prototype face. Our approach
adopts the Mahalanobis distance form and the distance between a sample from
x and a sample from v can be computed as: da(z:,y;) = |Wa; — Wy, |.. Data points
parameterized by w are mapped into a new space where the distance between
two data points can be computed with squared L2 distances.
As discussed in Basic Idea, our approach can be formulated as:

mvén JW) = J1(W) + Jo(W) + J3(W) + Js(W)

1 N K 1 N

= NK Zzhﬁ((l —lij)(p2 — d?w(ivbll]))) + N Zhﬂ(liit(d?\/[(whyit) — u1)) (3)
1 . N K ) ,
T NE T 2 2 el = dha (@ u)) + W
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where 1;; is the label of image pair (z;,v;), li; = 1 for (z;,y;) being intraclass pair
(face and prototype face) and i,; = 0 for (z;,y;) being interclass pair(non-face and
prototype face). 41 and . are respectively the threshold for similar pair and dis-
similar pair. hg(z) is a generalized logistic loss function to smoothly approximate
the hinge loss [16], where hg(z) = %log(l +exp(82)) and g is a sharpness parameter.

hs(z) converges to hinge loss as g increases. y;; denotes the nearest prototype face
to sample face «;, where ¢ € [1, K] and l;;; is label for (z;,y:). v is a parameter to
trade off the regularization term and the hinge loss.

The cost function defined in Eq. (3) consists of four parts. J,(w) in Eq. (3) is
to ensure distance is larger than threshold w, if it is a dissimilar pair. J,(W) in
Eq. (3) is to ensure distance is smaller than threshold u, if =, is a face sample
and y; is the nearest prototype face to z,. J3(W) in Eq. (3) is to preserve the
structure of prototype face by keeping a gap between face sample z; and non-
nearest prototype face to z,. Ju(w) in Eq. (3) is a regularization term.

To solve the objective function defined in Eq. (3), we utilize a batch-stochastic
gradient descent scheme. With this scheme, we can obtain a robust solution
quickly. Besides, considering that i;; is either 0 or 1, the gradient of cost function
can be computed with a classified discussion idea:

Jl(W) + J4(W) lij =0 (48,)
TW) = { T (W) + Jo(W) + Ju(W) 1y =1 (4b)

Therefore the batch-stochastic gradient of J(w) can be computed as:

For 1;; = o,
aJ 2 K
o = S e = Ry u Wy = WapaT 4 h ey = ay i v Wy — Wapuf) + 29w (5)
For 1;; =1,
aJ ’ 2 T ’ 2 T
% = 2(hg(dag (wi, yir) — p1)Wi(s — yir)z; + hg(dyy (@6, yie) — pO)W(Yir — 24)y;,) +
2 X ’ 2 T ’ 2 T (6)
%1 D (h(pr — di (@, y)YW (@i — yy)@) + h(pn — diag (@, y))W (y; — 2:)y; ) + 29W

it
For the batch-stochastic gradient descent scheme, batch means a batch of
K or K — 1 prototype faces while stochastic means randomly selecting a sample
from dataset x. Then parameter w can be updated by multiplying the batch-
stochastic gradient by a learning rate. The main procedure of our method is
shown as Algorithm 1.
Score of our method can be computed as:

score = exp(— min_ (d;(t.1)). (7)

where t,, denotes the m-th test sample.

Combine: Besides, to achieve advanced performance of false positives filtering,
we combine the results of our method with Viola-Jones detector. Since the Viola-
Jones detector adopts the number of neighbors for filtering false face, we propose
following formulation for combining:

Score_combine = num_neighbors x exp(—6 ,“ﬁli?{](d?w (tm,Y5))) (8)
JELL,



18 N. Zhang et al.

Algorithm 1. LRML

Input: Training set X and Y, threshold p1, pg, regularization parameter v, learning rate v, convergence error €
Output: parameter W
(training the parameter W):
Initialization W with diagonal position set 1, otherwise 0
for iter = 1,2,3,... do
Randomly select a sample @; from X, y; from Y
if 1;; = 0 then

Compute gradient according to Eq. (5)
else
Compute gradient according to Eq. (6)
end if
aJ

Update W with W = W — v——
oW
if |[J(W)iter — J(W)iter—1| < € then
break

end if
end for

where 6 is a parameter to balance the weight of our method and Viola-Jones
detector. num_neighbors is the confidence score of Viola-Jones detector.

4 Experiments

To evaluate the proposed approach, we test it on the challenging FDDB dataset
and our self-collected face dataset. Following describes it in detail.

4.1 Implementation Details

The training set for clustering and metric learning is collected as following:
we firstly collect a large set of images containing faces from Flickr. Then we
use Viola-Jones detector [4] to detect faces in these images. Due to the limited
performance, the results of Viola-Jones detector may contain many non-face
images. Lastly, we annotate these detected results and obtain the training set
consisting of about 20000 face images and 10000 non-face images. This training
set is just used to train a transformation function W.

We extract two kinds of features: histogram of oriented gradients (HOG) and
local binary patterns (LBP). Before that we align all images with face alignment
algorithm Supervised Descent Method (SDM) [17]. For LBP, we divide each
image into 10 x 10 non-overlapping blocks with size 10 x 10. For each block we
extract a 59-dimensional LBP feature. Lastly we apply LDA to project the 5900-
dimensional feature into a 100-dimensional feature. For HOG, we also divide each
image into 10 x 10 non-overlapping blocks with size 10 x 10. For each block, we
choose 5 x 5 cell size and 18 directions. LDA is applied to project get a 100-
dimensional feature too. Finally we concatenate the two kinds of feature and get
a 200-dimensional feature for each face. Before training, we apply WPCA to the
feature. For the parameters of metric learning, we set threshold p; = 1, us = 10,
regularization parameter v = 0.01 and learning rate v = 0.0005.

4.2 Learned Prototype Faces

We select the true face images from the training set and get a small image
dataset only containing faces. Then we apply affinity propagation clustering
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Fig. 3. Illustration of 3 kinds of faces learned by affinity propagation clustering algo-
rithm. The learned prototype faces are roughly categorized into: (a) woman face, (b)
man face, and (c) children face

algorithm to this dataset to obtain some learned prototype faces. For the affinity
propagation clustering algorithm, we set 3 clusters. The clustering algorithm
discovers three kinds of face and we roughly category them into woman face,
man face and children face, as Fig. 3 shows. Every category contains expression
and pose variations, as the left image of each pair in Fig. 3 shows. The reason for
pose variation not taking the dominant position is that we have aligned images
before extracting feature.

4.3 Experiments on Our Self-collected Dataset

We collect an unconstrained face detection dataset in the wild to evaluate our
approach. This dataset is from personal photo album. Different from FDDB, our
face dataset contains various poses pictures, scenery and multi-person pictures.
It altogether contains 225 images with totally 630 faces. Following the discrete
evaluation protocols as FDDB, we count the correct detections according to
intersection ratio. We compare our method with original Viola-Jones detector

True Positive rate

True Postive rate

&

© W w © ® W w1
False Positives False Positives

(a) evaluation on our dataset (b) evaluation on FDDB
SEm &
= - f \

Viola-Jones score 3 9 | 22 17 Viola-Jones score 3 9 } 20 42
Ours score 0.86 0.8 1 018 0.25 Ours score 0.83 0.82 1 039 0.39

(c) results on our dataset (d) results on FDDB

Fig. 4. (a) Evaluation on our dataset (Discontinuous score), (b) Evaluation on FDDB
(Discontinuous score), (¢)(d) some results of two detectors on two datasets, numbers
are the score of two models, the greater score means the greater probability of face.
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[4], the cosine similarity and two other classic metric learning based false pos-
itives filtering. From Fig.4(a), we can see that our approach is sightly better
than ITML [13] and OASIS [14] while outperforms the cosine similarity signifi-
cantly. Besides, all of the three metric learning based methods show an efficient
improvement to original Viola-Jones detector (implemented by OpenCv). The
reason for four post-processing methods achieve good performance to improve
Viola-Jones detector may be that most images in dataset are high resolution
and have no complex background. Figure4(b) shows some examples of easily
misclassified images. From the result we can see that our approach outperforms
the Viola-Jones detector in detecting these hard examples.

4.4 Experiments on FDDB

The Face Detection Data Set and Benchmark (FDDB) is a challenging dataset
for evaluating the performance of face detector [5]. The FDDB contains 2845
images with a total of 5171 faces. For the evaluation protocols, we also use the
discrete setting. From Fig. 4(b), we can see that our result outperforms cosine
similarity significantly while achieves competitive result comparing with ITML
[13] and OASIS [14]. Comparing with Viola-Jones detector, our single model of
metric learning sightly outperforms it while the combining method is superior
to both two single models and achieve the best result. Figure4(d) shows some
examples of easily misclassified images. From the result, we can see that two
examples misclassified by Viola-Jones detector is well classified by our approach,
which shows the better performance of our approach.

5 Conclusion

In this article, we propose to use affinity propagation clustering algorithm to
learn some prototype faces and propose a robust framework of false positives fil-
tering for face detection based on locally rejected metric learning. Our approach
shows significant improvements for Viola Jones detector on challenging FDDB
dataset and a self-collected dataset. As metric learning is a unified approach to
learn discriminative feature, our approach should be able to improve other face
detectors. So improvements of other face detectors with our approach will be
our future work.
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