Face Detection under Variable Lighting Based on Nine Point of Light
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Abstract: Different environment illumination has a great impact on face detection and recognition. In this
paper, we present a solution based on the nine points of light. The basic idea is that there exists a
configuration of nine points light source directions which can be acquired by taking nine images of each
individual under these single sources. Using this set of nine directions, we construct a linear subspace for
each collected example by rendering it under these different lighting conditions. And then by sampling
several examples randomly from the linear subspace, the collected example set can be multiplied. The
multiplied sample set is used to train a Support Vector Machine (SVM), which is tested on a test set. It
turns out that the resulting subspace is effective at detection under a wide range of lighting conditions. To
verify the generalization capability of the proposed method, we also use the expanded database to train an
AdaBoost-based face detector and test it on the MIT+CMU frontal face test set. The experimental results
also show that the data collection can be efficiently speeded up by the proposed methods.
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Introduction

Over the past ten years, face detection has been thoroughly studied in the research of computer
vision for its interesting applications. Face detection is to determine whether there are any faces within a
given image, and return the location and extent of each face in the image if one or more faces present [20].
Recently, the emphasis has been laid on data-driven learning-based techniques [10], [11], [13], [14], [15],
[171, [18], [19]. However, different environment illumination has a great effect on face detection [19]. To
build a robust and efficient face detection system, the problem of lighting variation is one of the main
technical challenges facing system designers. In the past few years, many appearance-based methods
have been proposed to handle this problem, and new theoretical insights have been reported in various
publications, e.g. [1, 2, 7]. The main insight gained from these results is that there are both empirical and
analytical justifications for using low dimensional linear subspaces to model image variations of human
faces under different lighting conditions. Early work showed that the variations of the images of a
Lambertian surface in a fixed pose, but under diverse lighting conditions so that no surface point is
shadowed, is a three-dimensional linear subspace [16]. Under the Lambertian assumption, the set of
images of an object under all possible lighting conditions forms the illumination cone, in the image space
[2]. In a followup paper [6], it was reported that the illumination cones of human faces can be
approximated well by low-dimensional linear subspaces. More recently, by using the spherical harmonics
and techniques from signal-processing, Basri and Jacobs have shown that for a convex Lambertian
surface, its illumination cone can be accurately approximated by a 9-dimensional linear subspace [1]. By
observing that the Lambertian kernel contains only low frequency components, they deduce that the first
nine (low frequency) spherical harmonics capture more than 99% of the reflection energy. Using this
nine-dimensional linear subspace, a straightforward recognition scheme can be developed and the results
obtained in [1] are excellent. In [9], Lee etc. show that there exists a configuration of nine points light
source directions such that by taking nine images of each individual under these single sources, the
resulting subspace is effective at recognition under a wide range of lighting conditions. Since the subspace
is generated directly from real images, potentially complex intermediate steps such as PCA and 3D
reconstruction can be completely avoided and provide good recognition results.



The rest of this paper is organized as following: first the details of nine points of light are introduced,
then the experiment results are reported and finally the conclusions are given.

Nine Points of Light

Harmonic Images: In this section, we briefly summarize the work presented in [B]. From the above
discussion, it follows that the set of all possible images of a convex Lambertian object under all lighting
conditions can be well approximated by nine “harmonic images”, which are formed under lighting
conditions specified by the first nine spherical harmonics. Knowing the object's geometry and albedos,
these harmonic images can be synthesized based on the ray-tracing, a standard technique.

Expressed in terms of &, y, 2), each spherical harmonic Yim(X, y, 2) is a polynomial in , y, 2) of
degree |. The first nine spherical harmonics in the Cartesian coordinates are:
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Let H denote the linear subspace generated by the harmonic images and let C denote the illumination
cone [2]. The volume of the intersection C n H should be large. It is then natural to find whether there exits
another 9-dimensional linear subspace R which is also good for face recognition. And a basis R of
9-dimensional linear subspace for a good face recognition method is provided in [9].

Computing the Linear Subspace R and the Nine Points of Light: R should satisfy the following
two conditions [9]:

1. Minimize the angular distance between R and H;

2. Maximized the (unit) volume C n R. (The unit volume is defined as the volume of the intersection of
C n R with the unit ball).

In order to calculate conveniently, an R is computed as a sequence of nested linear subspaces
RI RI ..l R..I R=R,whereRi (i=0, 1,...9) is a linear subspace of dimension i and Ro=f . The main
steps are:

First, define ECi as the set obtained by deleting i extreme rays from EC, and ECo = EC, where the set
EC denotes the set of sample points on the hemisphere. Riand ECi are defined inductively.

Second, suppose that we have defined (or computed) Ri-1and ECi-1. The sets ECiand Riare defined
iteratively as follows:
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For each x EC, x denotes the image of model k taken under a single light source with direction x, and k

indexes the available face models.
Third, Riis spanned by x and Ri-1, and the set ECiis defined as ECi-1\xi.
The algorithm terminates after Re = R is computed.

Let H, denote the harmonic plane of model k and R', represents the linear subspace spanned by the
images {X',..,X} of model k under light source directions {x,,...,x}. Note that dist(x H) is always

non-zero for all x  ECi since H is the harmonic plane. When computing R1, we define dist(x Ro) = dist(x, .)
to be 1. Therefore, the first element x1 is the extreme ray in Cthat is closest to the harmonic plane H.
The resulting configuration of the nine directions is called the universal configuration. These directions,

along with the 200 samples on the hemisphere, are {(0, 0), (68, 90), (74, 108), (80, 52), (85, 42), (85, 137),
(85, 146), (85, 4), (51, 67)}, which are shown in Figure 1.
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Fig. 1. The schematic of the universal configuration of nine light source directions with all 200 sample points(the
projection from the hemisphere (f ,q) onto the xy-plane in polar coordinates ¢, ?)is: f ? r, 2 2 ?). The circles

represent f = 25, 50° and 75°, respectively on the hemisphere. Where f is the elevation angle (angle between
the polar axis and the z-axis), and ? is the azimuth angle.

Experiment results

Face-Samples Preprocessing by 9PL: The data set consists of a training set of 6977 images (2,429
faces and 4,548 non-faces) and a test set of 24,045 images (472 faces and 23,573 non-faces). The

images were 19x 19 grayscale. The data is available on the CBCL webpage [21].

Fig. 2. Some generated face samples

Using the set of nine directions, we construct a linear subspace for each of the 2429 faces by
rendering it under these lighting conditions. In practice, the nine images should be real; however, due to
the lack of samples, we have opted for rendering instead. We call this method the Nine Points of Light
(9PL) method. Some results of the 9PL operations are shown in Fig. 2.

Learning with Support Vector Machines: In this section we outline the basic theory of SVMs [12].
SVMs can perform pattern recognition for two-class problems. A non-linear transformation F (<) can be
applied if the data is not linearly separable in the input space. This transformation maps the data
points xI R"of the input space into a high (possibly infinite) dimensional space R, which is called feature
space. In the SVM classifier scheme, the mapping F(.) is implemented by a kernel function K(e,e)
which defines an inner product in R" ,i.e. K(x,t)=F(x)- F(t). The decision function of the SVM can be
denoted in the form:

f(0=4a,yK059 @

where | is the number of data points in the training set, and vy, T {- 1,1} is the class label of the data point

x . The coefficients a; in Eq. (7) is solved by a quadratic programming problem[12]. And then in this

linear space, we can determine the separating hyper-plane with maximum distance to the closest points of
the training set. These points are called support vectors. The optimal hyper-plane can separate these data



in the feature space easily.
To train and test Support Vector Machines (SVMs), we use SVMFu version 2.001[23]. We trained
SVMs using the grayscale values and a polynomial kernel of degree 2.

Comparing the solutions performance: Fig. 3 provides the results of SVMs trained with different
databases and tested with the testing set. In this figure, we use the initial data set of CBCL (No_9PL), and
the initial database together with the results of the 9PL (called 9PLed here) as training data. It means
No_9PL has 2,429 face samples, while 9PLed is a linear subspace for each of the 2,429 faces by using the
set of nine directions and rendering each face image under these lighting conditions. Here, we double the
number of of samples in the latter set. For the two cases, the trained classifiers are both tested on the
testing set.

Form these Receiver Operating Characteristic (ROC) curves in Fig. 3, we can find that the
performance of 9PLed is much better than that of the No_9PL.
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Fig. 3. The ROC curves on the test set

Evaluation of the generated samples

The AdaBoost-based classifier: Considering that all the results of 9PLed are evaluated by the classifier
SVM during expanding, they may favor this classifier. In order to ensure that the solutions are independent
to any special classifier, we use the expanded training set to train another classifier and test its
generalization performance.

® Given example set S and their initialweights , ;
® Dofort=1,...... T
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Fig. 4. The AdaBoost algorithm for the classifier learning.

® Get thefinal strong classifier:h(x) = é_

Training the detector: To compare the performance improvement on different training sets, we also use
two different face training sets. The face-image database consists of 6,000 faces (collected form Web)
which cover wide variations in poses, facial expressions and lighting conditions. First, we align all the
collected images to reduce the extrinsic variations among them, and in our method, we apply the



preprocessing proposed by Rowley et al [13] to align face samples. To make the detection method less

sensitive to affine transform, we randomly rotate the samples up to £15, translate them up to half a pixel,
and scale them up to £ 10%. Then, histogram equalization is performed, which maps the intensity values to
expand the range of intensities. After these preprocessing, we get 12,000 face images, which constitute
the first group No_9PL. The second group 9PLed is also a linear subspace for each of the 12,000 faces by
using the set of the nine directions to render each face image. And we also double the number of the latter
training set.

The non-face class is initially represented by 12,000 non-face images. Each single classifier is then
trained using a bootstrapping approach similar to that described in [17] to increase the number of images
in the non-face set. The bootstrapping is carried out several times on a set of 10,526 images containing no
faces.

Detection Results: The resulting detectors, trained on the two different sets separately, are evaluated on

the MIT+CMU frontal face test set which consists of 130 images showing 507 upright faces [13]. Some

results are shown in Fig. 5.The detection performances of the two detectors on this set are compared in

Fig. 6. From the ROC curves one can find that we get the detection rate of 89.8% and 22 false alarms with

the detector trained on the set 9PLed. P. Viola reported a similar detection capability of 89.7% with 31 false

detects (by voting) [18]. However, different criteria (e.g. training time, number of training examples involved,
cropping training set with different subjective criteria, execution time, and the number of scanned windows
in detection) can be used to favor one method over another which will make it difficult to evaluate the

performances of different methods even though they use the same benchmark data sets [20].

Discussion: In fact, some recent works in machine learning have shown that under the certain conditions,
using examples generated virtually to enhance the training set could benefit the trained classifiers [21] [22].

The main reasons are discussed as following: The error rates (denoted by PE(C) here) result from a

classifier can be broken into three terms [21]. The first term, denoted by PE(C’) here, derives from the

limited learning ability of the classifier. That is to say the trained classifier might still make some errors in
prediction although the training set contains no noise and captures the whole target distribution. However,

the value of PE(C’) may be extremely small in general. The second term results in the noised training

set, denoted by Bias(C) here. The last term results in the finite training sample, denoted by Var(C)

here. It is because the collected training set is always hard to capture fully the target distribution. Therefore,
the errors of a classifier can be decomposed as:

PE(C) = PE(C) +Bias(C) +Var(C) (8]

The proposed method tries to generate more samples to capture the target distributions because the
original training set might be much noised and might not capture fully the target distribution. By the means

the error rate Var(C) of the trained classifier can be decreased. In turns, the error rate PE(C) is
lowered. And such an approach has already been used in face recognition with small samples [3].

Conclusions

In this paper, we present a novel method to enrich face sample set by applying a configuration of nine
points light source directions. Using this set of nine directions, we construct a linear subspace for each
collected example by rendering it under these different lighting conditions. These new generated samples
can simulate the wide variations of faces in different lighting conditions. We use some face samples
without 9PL and the same samples with 9PL to train a SVM detector respectively, and compare their
performances on an independent test set. The performances of the detector trained on both the initial set
and the results of 9PL are much better than that trained only on the initial set. Finally, we use the
9PL-expanded face set to train an AdaBoost-based classifier and test it on the MIT+CMU frontal face test
set, and a detection rate of 89. 8% is achieved with only 22 false alarms. It shows that the expanded face
samples set can be used to train classifiers other than SVM and can further improve the performance of
the classifier.
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Fig.5. Some face detection results; (a), (b), (c) and (d)from MIT+CMU frontal face test set while (e), (f), (g) and (h)
from the practical application of this system.
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Fig.6. The ROC curves for our detectors on the MIT+CMU frontal face test set.
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