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Abstract

The paper addresses the problem of face recognition under varying pose and illumination.

Robustness to appearance variations is achieved not only by using a combination of a 2D

color and a 3D image of the face, but mainly by using face geometry information to cope

with pose and illumination variations that inhibit the performance of 2D face recognition. A

face normalization approach is proposed, which unlike state-of-the-art techniques is com-

putationally efficient and does not require an extended training set. Experimental results on

a large data set show that template-based face recognition performance is significantly ben-

efited from the application of the proposed normalization algorithms prior to classification.
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1 Introduction

The increasing use of biometric technologies in high-security applications and be-

yond has stressed the requirement for highly dependable face recognition systems.

Recent benchmarks [1] demonstrated that the accuracy of state-of-the-art algo-

rithms (see [2] for a recent survey) is fairly high under constrained conditions,

but degrades significantly for images exhibiting pose, illumination and facial ex-

pression variations. Current research efforts strive to achieve insensitivity to such

variations following three main directions: a) introduction of novel classification

and similarity measurement techniques, b) compensation of appearance variations,

and c) augmentation of existing systems with additional modalities that are insen-

sitive to these variations.

The paper describes and evaluates a complete face recognition system using a com-

bination of 2D color and 3D range images captured in real-time. The main focus of

the paper is to exploit 3D information to cope with pose and illumination variations.

We present several novel techniques, which are capable, taking as input a pair of

2D and 3D images, to produce a pair of normalized images depicting frontal pose

and illumination. The efficiency and robustness of the proposed system is demon-

strated on a data set of significant size and is compared with state-of-the-art com-

pensation techniques. On the following section we review the related work in this

field highlighting the novelties of the proposed work. The employed 3D acquisition

setup is briefly described in section 3. Then, pose and illumination compensation

algorithms are presented in section 4 and 5 respectively. The performance of the

algorithms is evaluated with extensive experiments in section 6 while section 7

concludes the paper.
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2 Previous Work

2.1 3D face recognition

Although the 3D structure of the human face intuitively provides highly discrimi-

natory information and is insensitive to environmental conditions, only a few tech-

niques have been proposed employing range images. This is mainly due to the high

cost of available 3D digitizers that makes their use prohibitive in real-world appli-

cations. Furthermore, these devices often do not operate in real time (e.g. time of

flight laser scanners) or produce inaccurate depth information (e.g. stereo vision).

The work presented in this paper is partly motivated by the recent development of

low cost 3D sensors that are capable of real-time 3D acquisition [3].

A common approach adopted towards 3D face recognition is based on the extrac-

tion of 3D facial features by means of differential geometry techniques. Facial fea-

tures invariant to rigid transformations of the face may be detected using surface

curvature measures [4], that are subsequently used to extract higher level facial fea-

tures [5–7]. Recently Point Signatures have been proposed for 3D surface feature

extraction and have also been applied for 3D face recognition [8, 9]. A few tech-

niques [9,10] employ grayscale images as well, mainly for the detection of features

such as the eyes which are harder to detect on the range image. The most important

argument against techniques using a feature-based approach is that they rely on ac-

curate 3D maps of faces, usually extracted by expensive off-line 3D scanners. In

practice, 3D digitizers produce range images containing noise and missing pixels

(e.g. over areas with low reflection). The applicability of feature based approaches

when using such data is questionable, especially if computation of curvature infor-

mation is involved. Also, the computational cost associated with the extraction of
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the features (e.g. curvatures) is significantly high. This hinders the application of

such techniques in real-world security systems. The recognition rates claimed by

the above techniques were estimated using databases of limited size and without

significant variations of the faces. Only recently [11] an experiment was conducted

with a database of significant size (275 persons) containing both grayscale and

range images, and it produced comparative results of face identification using 2D

and 3D eigenfaces and their combination, for varying image quality. This test how-

ever handled only frontal images captured under constant illumination conditions.

In a recent work by the authors [12] a combination of 2D color and 3D range im-

ages for face recognition was examined. A database of significant size containing

several variations (pose, illumination, expressions, glasses, several recording ses-

sions) was recorded and template based face classification was tested using 2D,

3D images and their combination. The face database was enriched with artificially

generated examples depicting variations in pose and illumination. Although, con-

siderable gains were achieved using the above scheme the overall performance of

the system did not seem to be comparable with that of state-of-the-art 2D sys-

tems. This was attributed to the fact that template-based techniques require that the

probe and gallery images be well aligned with each other. To avoid this problem

in the present work a completely different approach is adopted where appearance

variations are compensated before reaching the classifier. Also, in this paper face

detection and localization is based on 3D information only while in [12] it relied

also on the intensity image.
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2.2 Pose Compensation

Several techniques have been proposed to recognize faces under pose variations.

In [13] an active appearance model is proposed using a generic face model itera-

tively fitted to the input image. The estimated control parameters (excluding those

associated with pose) are subsequently used for face classification. The idea is ex-

tended in [14] employing a high quality deformable model generated from a large

number of pixel aligned 3D scans and corresponding texture images. An analysis-

by-synthesis technique is used to fit the model to the input image. Another approach

is through the generation of novel views resembling arbitrary poses from a previ-

ously stored gallery image. Classification is subsequently based on the similarity

between the probe image and the generated view. [15] uses optical flow to esti-

mate the deformation between the probe image and the corresponding frontal view

gallery image. In [16] a face normalization procedure is described based on the de-

tection of facial features such as the eyes and mouth and adaptation of a generic 3D

model. An approach quite different from the above is based on building a pose vary-

ing eigenspace using several images of each person. Representative techniques are

the view-based subspace of [17] and the predictive characterized subspace of [18].

The main difference of our approach from the above techniques is that pose esti-

mation and compensation is based solely on 3D images and thus exhibits robust-

ness under varying illumination and occlusion of facial features (beard and hair,

glasses, etc.). Another advantage stemming from the availability of 3D data is that

geometric artifacts which may be present after image warping are avoided. Com-

paring with state-of-the-art techniques such as [14] the proposed system is seen to

be more robust (less than1% failure rate for over 6000 images, while in [14] it

is more than 10% for frontal images only) and computationally efficient (0.5 sec
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compared with 40 minutes reported in [14] for the same hardware). Also, unlike

subspace techniques, the proposed approach requires only a single gallery image

for each person.

2.3 Illumination Compensation

Recent public face recognition benchmarks [1, 19, 20] demonstrated the seriously

adverse effect of varying illumination in the performance of commercial face recog-

nition systems. At the same time, the problem of coping with illumination varia-

tions is increasingly appreciated by the scientific community and significant progress

has been achieved. Several techniques have been proposed in this area that may be

roughly classified into two main categories.

The first category contains techniques seeking illumination insensitive representa-

tions of face images. Although it has been proven [21] that strictly speaking illu-

mination invariants do not exist for Lambertian surfaces, several representations

were seen to be relatively insensitive to illumination variability. For example the

direction of the image gradient was recently [21] chosen to provide illumination in-

sensitive representation, and similarly the sum of gradient of ratios between probe

and gallery images for an illumination insensitive similarity measure [22]. [23] pro-

poses the design of illumination insensitive correlation filters using a set of training

images and varying illumination conditions. A similarity measure based on the dif-

ference between “prototype” images extracted from the corresponding probe and

gallery images is proposed in [24], where the symmetry of the human face is also

exploited. Recently [25] proposed the ”Quotient image” as an illumination insen-

sitive representation computed from the original image and a bootstrapping image

set.
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The second approach relies on the development of generative appearance models,

able to reconstruct novel gallery images resembling the illumination in the probe

images. Exploiting the low dimensionality of the image space under varying illumi-

nation conditions and the Lambertian assumption [26] some of these techniques uti-

lize a series of example images of the same person to reconstruct novel images [27].

Other approaches utilize a 3D range image and albedo map of the person’s face to

render novel images under arbitrary illumination [28], while others are based on

a combination of the above [29, 30]. The shortcomings of this approach are a) the

requirement in practice of large example sets to achieve good reconstructions, b)

the increase in the dimensionality of the classification problem by the introduction

of the illumination variability, c) the requirement of pixel wise alignment between

probe and gallery images which necessitates pose compensation and d) the reliance

to simplified reflectance models (e.g. convex surfaces, shadow free, Lambertian

reflectance).

In parallel to these efforts a significant progress has been achieved by the Computer

Graphics community for realistic image based rendering and relighting of faces and

estimation of the reflectance properties of faces [31–33]. Some of these results have

inspired computer vision work on illumination compensation.

The approach proposed in this paper may be classified in this latter category, since

we try to relight the probe image so that it resembles the illumination in gallery im-

ages which is the inverse of the generative approach. The idea of face relighting is

also proposed in [24,31]. In [31] the illumination distribution of the scene is mod-

elled as a linear combination of basis images computed on-line from the input range

image, while we employ a simpler and much more efficient light source estimation

algorithm using example-base regression. In [24] a ratio image that is indepenedent

of the surface albedo is computed from the input image using the facial symmetry
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assumption. This is subsequently used for light source estimation and generation

of a symmetric frontally illuminated prototype image. In our approach the restric-

tive symmetry assumption is avoided, and a more efficient light source estimation

technique is proposed exploiting the availability of 3D data.

3 Acquisition of 3D Face Data

The proposed system is based on real-time quasi-synchronous color and 3D image

acquisition based on the color structrured-light approach [3]. The sensor is based on

low cost devices, an off-the-shelf CCTV-color camera and a standard slide projec-

tor. In our experiments the system was optimized for an access control application

scenario. For subjects located about one meter from the camera, and an effective

working space of60cm×50cm×50cm the average depth accuracy is about0.5mm.

The spatial resolution of the range images is equal to the color camera resolution

in the one direction while in the other direction it is dependent on the width of the

color stripes of the projected light pattern (see fig. 1) and the bandwidth of the sur-

face signal. For a low-bandwidth surface such as the face the resolution is close to

the resolution of the color camera.

[Fig. 1 about here.]

Apart from image noise the acquired range images contain areas where no depth

values was assigned. These are mainly over areas that cannot be reached by the

projected light and/or are highly refractive (e.g. eye-glasses) or surfaces with low

reflectivity (e.g. hair, beard). Techniques for dealing with missing pixels are dis-

cussed in the following sections.
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Using the above setup two face databases were compiled following guidelines sim-

ilar to those of FERET [19] and FRVT 2000 [20]. That is for each subject several

images depicting different appearance variations were recorded: three facial ex-

pressions, three types of illumination (left/right side spot lights and overhead light),

two pose variations (±20 degrees), two images with and without glasses, and three

frontal images.

The first database, recorded using a preliminary prototype of the 3D sensor, consists

of 2500 images of 50 persons recorded in 5 sessions (with time lapse between

recordings more than one week) and contains range images of low quality both in

terms of accuracy and resolution but also in terms of the amount of missing pixels

especially on the sides of the face and nose. The second face database contains

20 persons and was compiled in 2 recording sessions with time lapse between the

recordings more than 10 days (2200 image pairs). Depth images in this data set are

of improved quality with less noise and missing pixels.

4 Pose Compensation

The majority of appearance based face recognition techniques rely on rough align-

ment between facial features in the probe and corresponding gallery images to

achieve high classification accuracy.

The aim of the pose compensation algorithm described in this section is to generate,

given an arbitrary pair of color and depth images, novel corresponding color and

depth images depicting a frontal, upright face orientation. Also the center of the

face in the input image is aligned with the center of the face in the gallery images

of the same person with single-pixel accuracy.
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Many commercial face recognition systems also apply this step through the local-

ization of prominent facial features such as the eyes and mouth on the input in-

tensity image and geometric normalization. The proposed technique uses the range

image only for face detection and pose estimation and therefore is expected to be

more robust especially under difficult pose and illumination conditions. Indeed, the

experimental results demonstrate that the pose compensation algorithm achieves

equivalent or even better results than those obtained using manually specified fea-

ture points.

The detection of the face in the image is the first step of the algorithm. We shall

rely on the assumption that there is single face in front of the camera inside the

working volume of the sensor. This is a reasonable assumption since in practice this

working volume is too tight to accommodate more than one person. Availability of

3D data makes also background segmentation straightforward. Segmentation of the

head from the body relies on statistical modelling of the head - torso points using a

mixture of Gaussians assumption. The parameters of the model are then estimated

by means of the Expectation Maximization algorithm and by the incorporation of

a-priori constraints on the relative dimensions of the body parts, as described in

detail in [34]. The result of the above face detection procedure is an estimate of

the center and orientation of the 3D blob corresponding to the head, which may be

used to define an oriented bounding box on the image plane containing the face.

We tested the algorithm on5000 images and after visual inspection of the results

only 3 cases of failure were found.

The estimation of 3D head pose is described in the following. In [34] we have pro-

posed detecting the nose tip, assuming that this is the closest point to the camera,

and use an appearance-based tracking approach to estimate 3D head orientation.

Improved results in terms of robustness and accuracy were achieved in [35] which
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also focused in real-time 3D face tracking. For the sake of completeness a brief

overview of the algorithm in [35] is given below also highlighting a few improve-

ments achieved after relaxing the real-time constraint.

[Fig. 2 about here.]

The localization of the nose tip is achieved using two additional constraints apart

from closeness to the camera. First a set of candidate points is defined that includes

all local depth minima inside the face bounding box. The first validation test ex-

ploits the fact that surface points around the nose tip define an approximately semi-

spherical surface pattern which may be detected by means of pose invariant surface

curvature measurement. The principal curvatures of the surface are computed over

candidate points and thresholded to exclude invalid points. A second test is subse-

quently applied based on the observation that the nose tip lies on the bottom of the

nose ridge. Since points lying on the nose ridge are characterized by high curvature

perpendicular to the ridge direction, a suitable measure may be defined by:

C(p) = min
α

∑

q∈L(p,α)

K(q)2 (1)

whereL(p, α) is the set of points on the half-line starting fromp with direction

α and a constant length (equal to the average nose length in the image database)

andK(q) is the ratio of curvatures along and acrossL. The above minimization

is performed by exhaustive search in a small set of orientation angles. Normally,

small values ofC(p) indicate candidate points on the nose ridge while the rest are

easily thresholded out. From the remaining candidate points the one with smallest

depth value is selected. The algorithm was tested on both face databases and its

failure rate was1.5% for the first database (in the majority of these cases half or

more of the pixels on the nose were missing) and0.01% on the second database.
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After the tip of the nose is localized a 3D line is fitted on the 3D coordinates of

pixels on the ridge of the nose (L(p, α) in eq. (1)). This 3D lineΛ defines two of the

three degrees of freedom of the face orientation. The third degree of freedom, that

is the rotation angleφ aroundΛ, is then estimated by exploiting the approximate

bilateral symmetry of the face. Givenφ a cutting planeΠ separating the face in

two halves is defined. Then, the soughtφ value is the one that makes these two

halves bilaterally symmetric with respect toΠ, and is estimated using an efficient

hierarchical exhaustive search algorithm [35].

To test the accuracy of head pose estimation, several frontal images of faces were

used to artificially generate novel views depicting ground truth 3D head pose (range

of rotation angles±20 degrees,2500 images in total). Then the head pose estima-

tion algorithm was applied and the estimation error was measured. For the first

database the average error was about 4 degrees while for the second database the

error was less than 2 degrees.

Once the tip of the nose and the pose of the face have been estimated, a 3D coordi-

nate frame aligned with the face is defined centered on the tip of the nose. A warp-

ing procedure is subsequently applied on the input depth image to align this local

coordinate frame with a reference coordinate frame, thus bringing the face in up-

right orientation. This reference frame is estimated during the training phase once

for each person in the database, using one of the pose compensated training images

Ir, as we shall describe later. The transformation between the local and reference

coordinate frames is further refined to pixel accuracy by applying the ICP [36] sur-

face registration algorithm between the warped and the reference depth imageIr.

Note that the dimensions of the warped image (100 × 120) are much smaller than

the dimensions of the original images thus this final step is very efficient.
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The rectified depth image contains missing pixel values that are interpolated using

a series of steps. Some of the missing values are determined simply by copying

corresponding symmetric pixel values from the other side of the face. In practice,

these pixels belong to the sides of the face, thus inherent facial asymmetry normally

present around the eyes and mouth is not violated. Remaining missing pixel values

are linearly interpolated from neighboring points. Since the dimension and shape

of the holes varies this is achieved by means of a 2D Delaunay triangulation.

In Fig. 2 the various steps of the surface interpolation procedure are illustrated. To

compute the corresponding rectified color image, the inverse 3D transformation is

first applied to the interpolated depth map. Then, the forward 3D transformation is

applied to the color image using the back projected interpolated depth values.

For the training phase a similar but simpler pose compensation algorithm is applied.

To obtain optimal results the pose of the face is estimated by manually selecting

three points on the input image defining a local 3D coordinate frame. Then, the in-

put color and depth images are warped to align this local coordinate frame with the

coordinate frame of the camera, using the surface interpolation - back-projection

algorithm described above. For one of the pose compensated depth imagesIr of

each person a simplified version of the automatic pose estimation algorithm above

is applied (φ need not be estimated) thus estimating a reference coordinate frame.

This last step is important since the slant of the nose differs from person to person.

The proposed pose compensation algorithm although apparently complicated is

both very accurate as will be demonstrated in section 6 and also computationally

efficient. In fact the total running time is less than 1 sec on a Pentium III 1 Ghz

computer. Note that three quarters of this execution time is consumed by the image

warping procedure that may be easily implemented in hardware using an off-the-

13



self 3D graphics card.

5 Illumination Compensation

The term illumination compensation is used here to denote the normalization of

the input brightness image so that the effect of varying illumination conditions is

diminished. In this section an algorithm is described that compensates illumination

by generating from the input image a novel image relit from a frontal direction.

Our approach is inspired by recent work on image-based scene relighting used for

rendering realistic images, e.g. placing a virtual object in a real image [37]. The

idea behind image relighting is very simple. The image irradiance (brightness) is a

function of scene geometry, surface reflectance (bidirectional reflectance distribu-

tion function, BRDF), viewer position and illumination distribution. Given one or

more images of the scene from different viewpoints, scene geometry and surface

reflectance one may invert this function to recover the illumination distribution.

Then the recovered illumination can be used either to render a virtual object or

to relight the scene under novel illumination. In practice there are several difficul-

ties in this process. Inverting the rendering equation is an ill posed problem, and

the acquisition of BRDF (a 4 dimensional function) is complicated, especially for

natural objects like the human face. Since the goal here is classification efficiency

rather than realism, a few assumptions are made that greatly simplify the problem.

However, as explained in the sequel, the proposed technique is not bound by these

assumptions and may be very easily extended to incorporate more complex models.

We assume that the scene is illuminated by a single light source with direction

L. The characteristics of the light source (e.g. distance from subject) may be cho-
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sen depending on the application1 . For each subject in our database we use the

reference pose compensated depth imageIr to renderN virtual views of the face

illuminated from different directions. The set of light source directions is uniformly

sampled from a section of the positive hemisphere. This set of images is used as

bootstrap set for learning the nonlinear function that relates the image brightness

distribution with the direction of the illuminant. To decrease the dimensionality of

the problem, from each rendered image a feature vector is extracted containing lo-

cally weighted averages of image brightness overM preselected image locations

(M = 30 in our experiments). The sample locations are chosen so as to include face

areas with similar albedo (i.e. the skin). Feature vectorsxi, i = 1, . . . , N extracted

from all the images, normalized to have zero mean and unit variance, are then used

as samples of theM -dimensional illuminant direction functionL = G(x). An

approximation of this functioñG using the samples is a regression problem that

is efficiently solved using Support Vector Machines (SVM) [38]. SVM regression

is advantegeous over other machine learning techniques such as neural networks

because: a) it always provides a global minimum of the objective function, b) it

is insensitive to outliers in the training data, c) it admits regularization by direct

control of the accuracy - model complexity trade off.

Assume now that we want to compute the similarity between a pose compensated

probe image and gallery images of a personj in the gallery. A feature vectorx is

computed from the probe image as described previously. Then an estimate of the

light source direction is given bỹGj(x) i.e. the SVM regression function computed

for the personj during the training phase.

1 With our particular acquisition setup the main illumination of the face is contributed
from the slide projector. Thus, distant light sources have a very small effect and the image
irradiance is significantly affected only by spot lights close to the face. Therefore a spot
light at short distance pointing to the face is assumed.
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[Fig. 3 about here.]

Given the estimate of the light source directionL relighting the input image with

frontal illuminationL0 is straightforward. LetIC , ID be respectively the input pose

compensated color and depth images andĨC the illumination compensated image.

Then the image irradiance for each pixelu is approximated by,

IC(u) = A(u)R(ID,L,u), ĨC(u) = A(u)R(ID,L0,u) (2)

whereA is the unknown face albedo or texture function (geometry independent

component) andR is a rendering of the surface with constant albedo. WhenR(u) =

n(u)T · L, with n(u) denoting the surface normal atu, we get the well-known

Lambertian reflection model. Equation 2 is written

ĨC(u) = IC(u)
R(ID,L,u)

R(ID,L0,u)

i.e. the illumination compensated image is given by the multiplication of the input

image with a ratio image. Figure 3 illustrates the relighting of a side illuminated

image.

The same relighting procedure is applied also on the training images. Then it is ex-

pected that illumination compensated probe and gallery images of the same person

will ideally differ up to a scale factor since the intensity of the light source may

not be recovered. This scale factor is cancelled by taking the logarithm of the im-

ages, which makes the factor additive instead of multiplicative, and subsequently

subtracting the mean value.

Although the description of the above relighting algorithm refers to a single channel

image, color images may be handled equally well by applying the same procedure
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(illuminant estimation and relighting) separately for each color channel.

An important advantage of the previously described algorithm is the flexibility in

coping with complex illumination conditions by adaptation of the rendering pro-

cess. For example, accounting for attached shadows may be simply achieved by

activating shadowing in the rendering engine. Similarly, by using more complex

rendering algorithms, one may exploit prior knowledge such as previously mea-

sured BRDFs of faces and pre-calibrated global illumination distributions. On the

other hand good results may also be obtained with relatively simple renderings. In

our experiments the average face reflectance is modelled as a weighted combination

of a diffuse term and a specular term (Phong model). The parameters controlling

the reflectance were estimated rather crudely by visual comparison between ren-

dered images and original color images. In a practical application these parameters

may be easily obtained during the enrollment of a subject e.g. using a pre-calibrated

recording environment.

6 Experimental Results

We have conducted several experiments to evaluate the effectiveness of the pro-

posed pose and illumination compensation algorithms in face recognition. An Em-

bedded Hidden Markov Model (EHMM) classifier [39] was applied in order to esti-

mate the similarity between the rectified probe images and a set of training images.

Apart from the EHMM classifier tests with the Bayesian [40] and Elastic Graph

Matching [41] algorithms were also performed, but results will not be presented

here since the differences were not significant.2

2 We have used the “Open Source Computer Vision Library” implementation
for EHMM (http://www.intel.com/research/mrl/research/opencv/), and for Bayesian
and Elastic Graph Matching the “CSU Face Identification Evaluation System”
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For reasons of efficiency, the red color component was used for classification of

color images. This yielded similar results as with gray-scale images and also with

using all three spectral components as independent experts. Another EHMM clas-

sifier is used for depth images.

Each EHMM classifier is trained using a small set of training images. This set con-

tains 2-5 images per person in the database depicting different facial expressions,

thus achieving relative robustness against expression variations. The training im-

ages are rectified as described in sections 4 and 5. Testing was performed using

images from a recording session different from the one used for training. For tests

on the first database we used only the first 20 persons to make the results compa-

rable with the second database. For the same reason, the images used for training

and the images used for testing had a recording time lapse of 10 days.

Given a probe image and a claimed identity the output of the classifier is a similarity

score between the probe image and images of the person with the given identity. In

the case of face recognition this test is performed for all subjects in the database and

the one with greater similarity is selected. The similarity scoresSC , SD obtained

by the color and depth classifiers respectively are subsequently normalized in the

range[0, 1]. Fusion of color and depth cues is performed by computing a combined

similarity score given by

log10(SC+D) = wc · log10(SC) + wd · log10(SD) (3)

wherewc andwd are relative weights corresponding to color and depth modalities

respectively, chosen experimentally (wc = wd = 0.5 was used in our experiments).

The fusion technique described above was shown elsewhere to give the best results

(http://www.cs.colostate.edu/evalfacerec/)
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[12,42].

We used the above experimental methodology to evaluate the effectiveness of the

proposed algorithms and perform comparison with other techniques as detailed in

the sequel.

6.1 Pose Compensation

Face detection, localization and pose estimation-compensation algorithms described

in section 4 are applied to the set of test images. Then, pose compensated images are

used for face classification as mentioned above. We compared the resulting recogni-

tion rates with those obtained using: a) manual affine pose normalization, b) manual

3D pose normalization, c) no normalization, d) database enrichment with artificial

views. Manual normalization is performed by manually selecting three points on

the face (e.g. on the eyes and mouth) that are sufficient for affine warping of the

input image to a rectified pose. We have included this test since the majority of face

recognition results in the literature assume the images have been previously nor-

malized using this scheme. In the case that a 3D model of the face is available, 3D

warping may be performed which does not suffer from distortions present in affine

warping. The three manually specified points and associated depth values define a

3D coordinate system which is used to calculate the 3D pose of the face. Results

obtained using this scheme may be considered close to the best results that one may

obtain using pose compensation. In the case denoted as “no normalization” above

we have used the face detection algorithm in [39] to detect, approximately local-

ize and crop a sub-image containing the face. Results obtained using this approach

correspond to a worst case scenario. Finally, we also list results from [12] where

the original training database was enriched with novel artificially generated views
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depicting pose variations (more than 100 views per image).

[Table 1 about here.]

[Table 2 about here.]

Table 1 shows face recognition results for different variations that may be affected

by pose compensation and table 2 shows comparative face recognition results. From

these results it is obvious that significant gains are obtained by using the proposed

pose compensation algorithm. Its performance is better than manual affine warping

and very close to the optimal manual 3D warping approach.

Worse results are obtained on images depicting large rotation angles. The main

reason for this is not the accuracy of 3D pose estimation but occlusion and fore-

shortening of one part of the face that leads to distortions of the warped image.

We are currently investigating a model-based surface interpolation scheme that is

expected to solve this problem. Finally when the probe images contained faces

wearing glasses and the corresponding gallery images the subjects are not wear-

ing glasses (or vice versa), color-based recognition was bad. This is not the case

however with depth-based recognition where the glasses surface may not be cap-

tured by the 3D sensor. Color-based recognition of “glass” images is improved by

including such images in the training set as we did with the first database.

6.2 Illumination Compensation

Illumination compensation is applied on the pose compensated images automati-

cally obtained in the previous test. Note, that since the structured light approach is

used for the acquisition of range images, all images are affected by varying illumi-
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nation since even small rotations of the head affect the image appearance.

The proposed illumination compensation scheme was compared with a) the robust

gradient-based similarity measure of [21], b) the quotient image method [25], c)

the symmetric shape from shading approach [24] and d) no illumination compen-

sation. We chose the above techniques since unlike other compensation techniques

(e.g. [27]) they do not require a training set containing images of the same person

under varying illumination conditions. In [21] the weighted sum of differences of

image gradient angles between the probe and gallery images is used as a similarity

measure that is robust to illumination variations. The weighting function reflects

the probability distribution of gradient angles on the image and is empirically esti-

mated using a set of bootstrap images. The quotient image method [25] creates an

illumination invariant representation of the original image (the quotient image) by

dividing it with an illumination variable term estimated from the input image and

a set of bootstrap images. The technique in [24] exploits bilateral symmetry of the

face to estimate the light source direction and uses this information to create a sym-

metric “prototype” image using the input image and surface gradient information.

Since no 3D information is available, the surface gradients are estimated from a

global 3D face model (the average of all depth images is used in our experiments).

Finally, for the results obtained with no illumination compensation original images

are log-transformed and normalized to zero mean and unit variance. Without this

step the results are much worse.

[Table 3 about here.]

[Table 4 about here.]

Table 3 demonstrates face recognition performance after illumination compensa-

tion. In table 4 a comparison of results obtained with different methods is presented.
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By examining these results it is evident that the proposed illumination compensa-

tion algorithm outperforms state-of-the-art techniques. The results corresponding

to the gradient difference [21] and quotient image approach were shown to have

worse to, at best, equal performance with the case where no compensation is ap-

plied. For the first algorithm these results were more or less to be expected since it

is a kind of robust image correlation measure. Correlation techniques were shown

to be very sensitive to small misalignment between the probe and gallery images.

The misalignment between images in the bootstrap set and the test set is the main

reason for the bad performance of the quotient image method. For example our test

set contains faces with glasses, mustaches and facial expressions which is not the

case with images on the bootstrap set. Comparably good performance is achieved

by the symmetric shape-from-shading algorithm [24]. The symmetry assumption

widely used in this approach is the main drawback also leading to worse classifica-

tion results compared with our approach. In [24] perfectly rectified images showing

neutral expression are assumed which makes the symmetry assumption valid. How-

ever, in less than ideal situations this assumption leads to distortions apparent on

reconstructed “prototype” images.

For the case of images with strong side illumination the improvement provided

by our algorithm is smaller. Although the estimation of the light source direction

was found to be globally accurate (as a linear combination of the projector and the

external light source directions), locally the single light source assumption is not

valid and therefore the rendering model used in our experiments was not sufficient

to correctly recover areas on the sides of the nose and face. Range image artifacts

also apparent over these areas further contribute to this problem. To cope with these

issues in the future we plan a) using a pre-computed 3D model of each person’s

face for the renderings in eq. (2) instead of the input range images and b) using
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pre-computed BRDFs of faces and projector light source calibration data estimated

during the training phase.

6.3 Effect of Depth Quality

The pose estimation algorithm was shown to be fairly robust, failing only for a

few images where almost half of the face surface was missing. The accuracy of

face rectification degraded with increased noise and missing pixels on the depth

images. However, we have noticed that after filtering the input depth images with

a Gaussian mask the results improved, thus demonstrating a graceful degradation

of performance with the amount of sensor noise. The same observation holds for

illumination compensation since depth noise and artifacts are reflected to the ren-

dered images used for image relighting. This is apparent on results obtained with

the 1st face database where the illumination compensation leads to practically no

improvement. Again, simply filtering the depth images demonstrated a marked im-

provement of the results.

The dependence of recognition performance on the quality of 3D data should be

judged positively; As 3D sensing technologies come to maturity better results should

be expected.

7 Conclusions

This paper contributes to the efforts for robust recognition of faces. Robustness

is achieved not only by introducing an additional cue, a 3D image of the face,

but mainly by using this information to cope with pose and illumination variations

that inhibit the performance of 2D face recognition. We proposed a “black box” ap-
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proach capable of producing normalized images, which unlike state-of-the-art tech-

niques is computationally efficient and does not need an extended training set. As

demonstrated by extensive experimental evaluation the proposed algorithms lead

also to superior face recognition rates.Having examined techniques to cope with

appearance variations our aim in the future is to investigate in more depth the 3D

face classification problem and optimal fusion of color and depth information.
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(a) (b)

Fig. 1. (a) Image captured by the color camera with color pattern projected. (b) Computed
range image. Brighter pixels correspond to points closer to the camera and white pixels
correspond to undetermined depth values)
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(a) (b)

(c) (d) (e) (f)

Fig. 2. Pose compensation example. (a) Original color image, (b) original depth image
showing detected head blob and estimated local coordinate system fixed on the nose, (c)
rectified depth image, (d) symmetry-based interpolation, (e) final linear interpolated depth
image, (f) rectified color image.
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(a) (b) (c)

Fig. 3. Illumination compensation example. (a) Original image, (b)R(ID,L,u), (c)
frontally illuminated image
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All Frontal Pose Glasses Expressions

C 85.3 93.3 60.2 95.0 100.0

D 83.8 81.7 80.1 80.2 93.4

C+D 95.6 93.3 90.4 95.0 100.0

1st Database

C 90.7 100.0 80.3 69.7 96.7

D 96.4 95.5 90.4 97.7 95.3

C+D 99.0 100.0 96.4 97.7 99.4

2nd Database
Table 1
Recognition rates after pose compensation for different image variations (color images: C,
depth images: D, color + depth: C+D).
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1st Database 2nd Database

C D C+D C D C+D

No compensation 69.0 27.1 69.7 67.0 58.3 76.5

Database enrichment 76.1 37.2 79.6 70.1 62.0 77.3

Affine warping 81.9 81.5 94.6 88.8 96.8 98.9

3D pose compensation85.3 83.8 95.6 90.7 96.4 99.0

3D warping 85.5 84.5 96.1 90.7 97.8 99.2
Table 2
Recognition rates for different pose compensation schemes (Color images: C, depth im-
ages: D, color + depth: C+D).
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All Frontal Illumination Pose

C 85.4 94.1 78.3 52.4

C+D 95.6 94.3 91.7 89.2

1st Database

C 93.8 100.0 92.9 90.4

C+D 99.0 100.0 99.5 97.2

2nd Database
Table 3
Recognition rates after pose and illumination compensation for different image variations
(color : C, color + depth: C+D).
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1st Database 2nd Database

C C+D C C+D

No compensation 85.3 95.6 90.7 99.0

Relighting 85.4 95.6 93.8 99.1

Robust similarity [21] 67.8 85.5 87.8 96.3

Quotient image [25] 79.3 90.4 89.3 97.1

Symmetric SFS [24] 81.3 92.2 92.8 98.7
Table 4
Recognition rates for different illumination compensation algorithms (color : C, color +
depth: C+D).
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