
Chapter 2
Remote Identification of Faces
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Abstract Face recognition in unconstrained acquisition conditions is one of the
most challenging problems that has been actively researched in recent years. It is well
known that many state-of-the-art still image-based face recognition algorithms per-
form well, when constrained (frontal, well illuminated, high-resolution, sharp, and
full) face images are acquired. However, their performance degrades significantly
when the test images contain variations that are not present in the training images.
In this chapter, we highlight some of the key issues in remote face recognition. We
define the remote face recognition as one where faces are several tens of meters
(10–250m) from the cameras. We then describe a remote face database which has
been acquired in an unconstrained outdoormaritime environment. The face images in
this database suffer from variations due to blur, poor illumination, pose, etc. Recogni-
tion performance of a subset of existing still image-based face recognition algorithms
is discussed on the remote face data set. It is demonstrated that in addition to applying
a good classification algorithm, finding features that are robust to variations men-
tioned above and developing statisticalmodels which can account for these variations
are very important for remote face recognition.
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2.1 Introduction

During the past two decades, face recognition (FR) has received great attention
and tremendous progress has been made [66]. Numerous image-based algorithms
[6, 8, 20, 39, 56, 58, 59, 66] and video-based algorithms [19, 33, 68] have been
developed in the FR community. Currently, most of the existing FR algorithms have
been evaluated using databases which are collected at close range (less than a few
meters) and under different levels of controlled acquisition conditions. Some of the
most extensively used face datasets such as CMU PIE [53], FRGC/FERET [46] and
YaleB [23] were captured in constrained settings, with studio lights to control the
illumination variations while pose variations are controlled by cooperative subjects.

While FR techniques on these datasets have reached a high level of recognition
performance over the years, research in remote unconstrained FR field is still at a
nascent stage. Recently, a new database called “Labeled Faces in the Wild” (LFW)
[29] whose images are collected from the web, has been frequently used to address
some of the issues in unconstrained FR problem. Yet concerns have been raised
that these images are typically posed and framed by photographers and there is no
guarantee that such a set accurately captures the range of variations found in the real
world setting [47]. [61] describe a face video database, UTK-LRHM, acquired from
long distances with high magnifications. And the magnification blur is described as
a major source of degradation in their data. Figure 2.1 shows some sample images
from the FERET, FRGC and LFW datasets, respectively.

In this chapter, we address some of the issues related to the problem of FR when
face images are captured in unconstrained and remote setting. As one has a little con-
trol of the acquisition of the face images, the images one gets often suffer from low
resolution, poor illumination, blur, pose variation and occlusion. These variations
present serious challenges to existing FR algorithms. We provide a brief review of
developments and progress in remote face recognition. Furthermore, we introduce
a new dataset which was collected in a remote maritime environment [17]. We pro-
vide some preliminary experimental studies on this dataset and offer insights and
suggestions for the remote FR problem.

The organization of this chapter is as follows: In Sect. 2.2, we describe some
of the issues that arise in remote face recognition. Section 2.3 briefly discusses
image quality measures for face images. In Sect. 2.4, we describe the remote face
database collected by the authors’ group. Section 2.5 describes the algorithms that are
evaluated and corresponding recognition results are discussed in Sect. 2.6. Finally,
conclusions are given in Sect. 2.7.

2.2 Face Recognition at a Distance

Reliable extraction and matching of biometric signatures from face acquired at a
distance is a challenging problem [55]. First, as the subjects may not be cooperative,
the pose of the face and body relative to the sensor is likely to vary greatly. Second,
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Fig. 2.1 a Sample images from the FRGC dataset. b Sample images from the FERET dataset.
c Sample images from the LFW dataset

the lighting is uncontrolled and could be extreme in its variation. Third, when the
subjects are at great distances, the effects of a scattering media (static: fog and mist,
dynamic: rain, sleet, or sea spray) are greatly amplified. Fourth, the relative motion
between the subjects and the sensors produce jitter and motion blur in the images.
In this section, we investigate various artifacts introduced as a result of long range
acquisition of face images. Some of the factors that can affect long range FR system
performance can be summarized into four types [55]: (1) technology (dealing with
face image quality, heterogeneous face images, etc.), (2) environment (lighting, etc.),
(3) user (expression, facial hair, facial ware etc.), and (4) user-system (pose, height,
etc.). In what follows, we discuss some of these factors in detail.

2.2.1 Illumination

Variation in illumination conditions is one of the major challenges in remote face
recognition. In particular, when images are captured at long ranges, one does not have
any control over lighting conditions. As a result, the captured images often suffer
from extreme (due to sun) or low light conditions (due to shadow, bad weather,
evening, etc.).

The performance of most existing FR algorithms is highly sensitive to illumina-
tion variation. Various methods have been introduced to deal with this illumination
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problem in FR. They are based on illumination cone [9, 22], spherical harmonics
[7, 49, 62], quotient images [51, 57], gradient faces [63], logarithmic total variation
[18], albedo estimation [10], photometric stereo [67], and dictionaries [32, 45].

Changes inducedby illumination canusuallymake face images of the same subject
far apart than images of different subjects. One can use estimates of albedo tomitigate
the illumination effect.Albedo is the fraction of light that a surface point reflectswhen
it is illuminated. It is an intrinsic property that depends on the material properties of
the surface and it is invariant to changes in illumination. Assuming the Lambertian
reflectance model for the facial surface, which is a restrictive assumption, one can
relate the surface normals, albedo and the intensity image by an image formation
model. The diffused component of the surface reflection is given by

xi, j = ρi, j max(nT
i, j s, 0), (2.1)

where x is the pixel intensity, s is the light source direction, ρi, j is the surface albedo
at position i, j, ni, j is the surface normal of the corresponding surface point and
1 ≤ i, j ≤ N . The max function in (2.1) accounts for the formation of attached
shadows. Neglecting the attached shadows, (2.1) can be approximated as

xi, j = ρi, j max(nT
i, j s, 0) ≈ ρi, j nT

i, j s. (2.2)

Let n(0)
i, j and s(0) be the initial values of the surface normal and illumination direc-

tion. These initial values can be domain dependent average values. The Lambertian
assumption imposes the following constraints on the initial albedo

ρ
(0)
i, j = xi, j

n(0)
i, j .s

(0)
, (2.3)

where . is the standard dot product operator. Using (2.2), Eq. (2.3) can be re-written
as

ρ
(0)
i, j = ρi, j

ni, j .s

n(0)
i, j .s

(0)
= ρi, j + ni, j .s − n(0)

i, j .s
(0)

n(0)
i, j .s

(0)
ρi, j (2.4)

= ρi, j + ωi, j , (2.5)

where ωi, j = ni, j .s−n(0)
i, j .s

(0)

n(0)
i, j .s

(0)
ρi, j . This can be viewed as a signal estimation problem

where ρi, j is the original signal, ρ(0) is the degraded signal and ω is the signal
dependent noise. Using thismodel, the albedomap can be estimated using themethod
of minimum mean squared error criterion [10]. The illumination-free albedo image
can then be used for recognition. Figure 2.2 shows the results of albedo estimation
for two face images acquired at a distance using the method presented in [10].
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Fig. 2.2 Results of albedo
estimation for remotely
acquired images. Left Origi-
nal images; Right Estimated
albedo images

2.2.2 Pose Variation

Pose variation can be considered as one of the most important and challenging prob-
lems in face recognition. Magnitudes of variations of innate characteristics, which
distinguish one face from another, are often smaller than magnitudes of image vari-
ations caused by pose variations [64]. Popular frontal face recognition algorithms,
such as Eigenfaces [56] or Fisherfaces [8, 20], usually have low recognition rates
under pose changes as they do not take into account the 3D alignment issue when
creating the feature vectors for matching.

Existingmethods for face recognition across pose can be roughly divided into two
broad categories: techniques that rely on 3D models and 2D techniques. Some of the
methods that use 3D information include [12] and [13]. One of the advantages of
using 2Dmethods is that they do not require the 3D prior information for performing
pose-invariant face recognition [15, 24, 48]. Image patch-based approaches have
also received significant attention in recent years [4, 5, 16, 31, 35]. Note that some
of these methods are highly sensitive to variations in illumination, resolution, blur
and occlusion.

Let n̄i, j , s̄ and Θ̄ be some initial estimates of the surface normals, illumination
direction and initial estimate of surface normals in pose Θ , respectively. Then, the
initial albedo at pixel (i, j) can be obtained by

ρ̄i, j = xi, j

n̄Θ̄
i, j .s̄

, (2.6)

where n̄Θ̄
i, j denotes the initial estimate of surface normals in pose Θ̄ . Using this

model, we can re-formulate the problem of recovering albedo as a signal estimation
problem. Using arguments similar to Eq. (2.3), we get the following formulation for
the albedo estimation problem in the presence of pose
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Fig. 2.3 Pose normalization. Left column Original input images. Middle column Recovered albe-
does corresponding to frontal face images. Right column Pose normalized relighted images

ρ̄i, j = ρi, j hi, j + ωi, j , (2.7)

where wi, j = n̄Θ
i, j .s−n̄Θ

i, j .s̄

n̄Θ̄
i, j .s̄

ρi, j , hi, j = n̄Θ
i, j .s̄

n̄Θ̄
i, j .s̄

, ρi, j is the true albedo and ρ̄i, j is the

degraded albedo. Using this model, a pose-robust albedo estimation method was
proposed in [12]. Figure 2.3 shows some examples of pose normalized images using
this method. Once pose and illumination have been normalized, one can use these
images for illumination and pose-robust recognition [44, 54].

Face recognition methods require gallery and probe faces to be aligned. Methods
for pose alignment need the extraction of feature points. It is our experience that
existing methods for point feature extraction are not very effective on remote faces,
mainly due to illumination and blur.

2.2.3 Occlusion

Another challenge in remote FR is that since long-range face is usually for non-
cooperative subjects, acquired images are often contaminated by occlusion. The
occlusion may be the result of subject wearing sunglasses, scarf, hat or a mask.
Recognizing subjects in the presence of occlusion requires robust techniques for clas-
sification. One such technique was developed for the principle component analysis
in [14]. The recently developed algorithm for FR using sparse representation is also
shown to be robust to occlusion [59]. Figure 2.4 shows some images with occlusion
from the remote face dataset.
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Fig. 2.4 Some occluded face
images in remote face dataset

2.2.4 Blur

In remote FR, the distance between the subject and the sensor is in a spacial extent.
This in turn results in out of focus blur effects in the captured image. Often times
abbreviations of the imaging optics causes non-ideal focusing.Motion blur is another
phenomenon that occurs when the subject is moving rapidly or the camera is shaking.
[2, 43] are some of the methods that attempt to address this issue in face recognition.
In [2] local phase quantization is used to recognize blurred face images. Local phase
quantization is based on quantizing the Fourier transform phase in local neighbor-
hoods. It is shown that the quantized phase is blur invariant when certain conditions
are met. In [43], a method of inferring a point spread function (PSF) representing
the process of blur on faces is presented. The method uses learned prior informa-
tion derived from a training set of blurred faces to make the ill-posed problem more
tractable.

In the remote acquisition setting, often times blur is coupled with illumination
variations. It might be desirable to develop an algorithm that can compensate for
both blur and illumination simultaneously. Given the N × N arrays y and x , repre-
senting the observed image and the image to be estimated, respectively, the matrix
deconvolution problem can be described as

y = Hx + γ, (2.8)

where y, x, and γ are N 2 × 1 column vectors representing the arrays y, x , and γ

lexicographically ordered, H is the N 2 × N 2 matrix that models the blur operator
and γ denotes an N × N array of noise samples. Using the Lambertian model (2.2),
Eq. (2.8) can be re-written as

y = Hx + γ = HΦρ + γ

= Gρ + γ, (2.9)
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Fig. 2.5 Image deconvolution experimentwith a face image from the remote face dataset. aOriginal
image. b Noisy blurred image. c Parametric manifold-based estimate

Fig. 2.6 A typical low-resolution face image in remote face dataset

where Φ = diag(nT
i, j s) of size N 2 × N 2, ρ is N 2 × 1 vector representing ρ and

G = HΦ. Having observed y, the general inverse problem is to estimate ρ with
incomplete information ofG. It is well-known that regularization is often used to find
a unique and stable solution to the ill-posed inverse problems.One such regularization
method using patch manifold prior was developed in [42]. Figure 2.5 shows an
example of a face image that is deblurred using the method in [42].

2.2.5 Low Resolution

Image resolution is an important parameter in remote face acquisition, where there
is no control over the distance of human from the camera. Figure 2.6 illustrates a
practical scenario where one is faced with a challenging problem of recognizing
humans when the captured face images are of very low resolution (LR). Many meth-
ods have been proposed in the vision literature that can deal with this resolution
problem in face recognition. Most of these methods are based on some application
of super-resolution (SR) technique to increase the resolution of images so that the
recovered higher-resolution (HR) images can be used for recognition. One of the
major drawbacks of applying SR techniques is that there is a possibility that recov-
ered HR images may contain some serious artifacts. This is often the case when the
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resolution of the image is very low. As a result, these recovered images may not look
like the images of the same person and the recognition performance may degrade
significantly.

An Eigen-face domain SR method for FR was proposed in [25]. This method
proposes to solve the FR at LR using super-resolution (SR) of multiple LR images
using their PCA domain representation. Given a LR face image, [30] proposes to
directly compute a maximum likelihood identity parameter vector in the HR tensor
space that can be used for SR and recognition. A Tikhonov regularization method
that can combine the different steps of SR and recognition in one step was proposed
in [27].

Though the LR images are directly not suitable for face recognition purpose,
it is also not necessary to super-resolve them before recognition, as the problem
of recognition is not the same as super-resolution. Based on this motivation, some
different approaches to this problem have been suggested. Coupled Metric Learning
[36] attempts to solve this problem by mapping the LR image to a new subspace,
where higher recognition can be achieved. Extension of this method was recently
proposed in [37]. A similar approach for improving the matching performance of
the LR images using multidimensional scaling was recently proposed in [11]. A
log-polar domain-based method was proposed in [28]. Additional methods for LR
FR include correlation filter-based approach [1], a support vector data description
method [34] and a dictionary-based method [52]. 3D face modeling has also been
used to address the LR face recognition problem [38, 50]. There have been works to
solve the problem of unconstrained FR using videos [3].

In practical scenarios, the resolution change is also coupled with other parameters
such as pose change, illumination variations and expression. Algorithms specifically
designed to deal with LR images quite often fail in dealing with these variations.
Hence, it is essential to include these parameters while designing a robust method
for LR face recognition.

2.2.6 Atmospheric and Weather Artifacts

Most of the current vision algorithms and applications are applied to the images that
are captured under clear and niceweather conditions.However, often times in outdoor
applications, one faces adverse weather conditions such as extreme illumination, fog,
haze, rain and snow [40, 41, 55]. These extreme conditions can also present additional
difficulties in developing robust algorithms for face recognition. Figure 2.7, shows
an image that is collected in remote setting where the illumination condition caused
by the sun is extreme.
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Fig. 2.7 Extreme illumination conditions caused by the sun

2.3 Long Range Facial Image Quality

In FR systems, the ultimate recognition performance depends on how cooperative the
subject is, as well as the resolution in addition to illumination variations that invari-
ably are present in outdoors. For non-cooperative situations, one can increase the per-
formance by combining tracking technology and recognition technology together.
For instance, the system would first track the subject’s face. Then, it would get a
series of image of the same person. Using multiple images to recognize an individ-
ual can provide better recognition accuracy than just using a single image. However,
in order to detect and track without false alarms, the system must acquire images of
the subject with sufficient quality and resolution [55].

As discussed in the previous section, various factors could affect the quality of
remotely acquired images. Hence it is essential to derive an image quality measure
to study the relation between image quality and recognition performance. To this
end, a blind signal-to-noise ratio estimator has been defined for facial image quality
[55]. This measure is defined based on the concept that the statistics of image edge
intensity are correlated with noise and SNR estimation [65].

Suppose the probability density function f‖∇ I‖(r) of the edge intensity image
‖∇I‖ can be calculated as a mixture of Rayleigh probability density functions. Con-
sider the quantity

Q =
∫ ∞

2μ
f ‖∇I‖(r) dr,

where μ is the mean of ‖∇I‖. It has been shown that the value of Q for the noisy
image is always smaller than the value of Q for the image without noise [65]. Then,
the face image quality is defined as
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Q′ =
∑

edge above 2µ′s pixels∑
edge pixels

�
∫ ∞

2μ
f ‖∇I‖(r) dr.

It has been experimentally verified that the estimator Q′ is well correlated with the
recognition performance in FR [55]. Hence, setting up a comprehensive metric to
evaluate the quality of face images is essential in remote face recognition. Also, these
measures can be used to reject images that are of low quality. One can also derive
these type of metric based on sparse representation [44, 59].

2.4 Remote Face Database

In this section, we introduce a remote face database in which a significant number
of images are taken from long distances and under unconstrained outdoor maritime
environment [17]. As discussed in Sect. 2.2, the quality of the images differs in
the following aspects: the illumination is not controlled and is often severe; there
are pose variations and occluded faces due to non-cooperative subjects; finally, the
effects of scattering and high magnification resulting from long distance contribute
to the blurriness of face images.

The distance from which the face images were taken varies from 5 to 250m
under different scenarios. Since the extraction of faces in the data set using the
existing state-of-the-art face detection algorithms was not reliable and the faces only
occupied small regions in large background scenes, the faces were manually cropped
and rescaled to a fixed size. The resulting database for still color face images contains
17 different individuals and 2,106 face images in total.

The facesweremanually labeled according to their type (i.e. different illumination
conditions, occlusion, blur etc.). In total, the database contains 688 clear images, 85
partially occluded images, 37 severely occluded images, 540 images with medium
blur, 245 with sever blur, and 244 in poor illumination conditions. The remaining
images have twoormore coupled conditions, such as poor lighting and blur, occlusion
and blur etc. Figure 2.8 shows two sample images acquired in a remote maritime
setting. Some of the extracted images from the database are shown in Fig. 2.9. Note
that some of these face images contain extreme variations which makes recognition
very difficult even for humans.

2.5 Algorithms

We present the results of two state-of-the-art FR algorithms on the remote face
database and compare their recognition performance [17].More experimental results
using a dictionary-based method can be found in [44].
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Fig. 2.8 Typical images illustrating the different scenarios in the maritime domain

Fig. 2.9 Cropped face images
with different variations from
the remote face database
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2.5.1 Baseline Algorithm

The baseline recognition algorithm used performs Principle Component Analysis
(PCA) [60] followed by Linear Discriminate Analysis (LDA) [8, 20] and a Support
Vector Machine (SVM) [26].

LDA is a well-known method for feature extraction and dimensionality reduction
for pattern recognition and classification tasks. It uses class specific linear methods
for dimensionality reduction. It selects projection matrix A in such a way that the
ratio of the between-class scatter and the within-class scatter is maximized [20]. The
criterion function is defined as

Aopt = argmax
A

|AT ΣBA|
|AT ΣW A|

where |.| denotes determinant of a matrix,ΣB andΣW are between-class and within-
class scatter matrices, respectively.

Thewithin-class scattermatrix becomes singularwhen the dimension of the data is
larger than the number of training samples. In order to deal with this, we first use PCA
as a dimensionality reduction method to project the raw data onto an intermediate
feature space with much lower dimension. Then, LDA is applied on features from
this intermediate PCA space. It is well known that LDA is not feasible when there
is only one image per subject. To further mitigate this small sample size problem of
LDA, we impose a regularizer in the LDA objective function

aopt = argmax
a

= aT ΣBa
aT ΣW a + α J (a)

where the optimal a’s form the columns of the optimal projection matrix Aopt . In our
application, we use the Tikhonov regularizer J (a) = ‖a‖22. The resulting method
is often known as the Regularized Discriminate Analysis (RDA) [21]. Then, the
low-dimensional discriminant features from RDA are fed into a linear SVM for
classification.

2.5.2 Sparse Representation-Based Algorithm

A sparse representation-based classification (SRC) algorithm for FR was proposed
in [59] which was shown to be robust to noise and occlusion. The comparison with
other existing FRmethods in [59] suggests that the SRC algorithm is among the best.
Hence, we treat it as state-of-the-art and use it for comparisons in this chapter.

The idea proposed is to create a dictionary matrix of the training samples as
column vectors. The test sample is also represented as a column vector. Different
dimensionality reduction methods are used to reduce the dimension of both the test
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vector and the vectors in the dictionary. It is then simply a matter of solving an 	1
minimization problem in order to obtain the sparse solution. Once the sparse solution
is obtained, it can provide information as to which training sample the test vector
most closely relates to.

Let each image be represented as a vector in Rn , D be the dictionary (i.e. training
set) and y be the test image. The SRC algorithm is as follows:

1. Create a matrix of training samples D = [D1, . . . , Dk] for k classes, where Di ,

i = 1, . . . , k are the set of images of each class.
2. Reduce the dimension of the training images and a test image by any dimension-

ality reduction method. Denote the resulting dictionary and the test vector as D̃
and ỹ, respectively.

3. Normalize the columns of D̃ and ỹ.
4. Solve the following 	1 minimization problem

α̂ = argmin
α′ ‖ α′ ‖1 subject to ỹ = D̃α′, (2.10)

5. Calculate the residuals
ri (ỹ) = ‖ỹ − D̃δi (α̂)‖2,

for i = 1, . . . , k where δi a characteristic function that selects the coefficients
associated with the i th class.

6. Identity(y) = argmini ri (ỹ).

The assumptionmade in thismethod is that given sufficient training samples of the
kth class, D̃k , any new test image y that belongs to the same class will approximately
lie in the linear span of the training samples from the class k. This implies that most
of the coefficients not associated with class k in α̂ will be close to zero. Hence, α′
is a sparse vector. This algorithm can also be extended to deal with occlusions and
random noise. Furthermore, a method of rejecting invalid test samples can also be
introducedwithin this framework. In particular, to decide whether a given test sample
is a valid sample or not, the notion of Sparsity Concentration Index (SCI) has been
proposed in [59]. See [59] for more details.

2.6 Experimental Results

In this section, we report experimental results using the algorithms described in
Sect. 2.5 on the remote face dataset [17].

The first set of experiments was designed to test the effectiveness of albedo maps
[10].We select the gallery set fromclear images, and gradually increase the number of
gallery of faces from one to fifteen images per subject. Each time the gallery images
are chosen randomly. We repeat the experiments five times and take the average
to arrive at the final recognition result. All the remaining clear images are selected
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Fig. 2.10 Comparison of intensity images and albedo maps using baseline

for testing. We compare the albedo maps with the intensity images as input to the
baseline. All the parameters of PCA, LDA and SVM are fine tuned. The results are
shown in Fig. 2.10.We found that intensity images outperform albedomaps although
the albedoes are intended to compensate for illumination variations. One possible
reason is that, the face images in the database are sometimes a bit away from frontal.
As albedo estimation needs a good alignment between the observed images and the
ensemble mean, the estimated albedo map is erroneous. These artifacts are also seen
in Fig. 2.2. On the other hand, intensity images contain texture information which
can partly counteract variations induced by pose.

In the second set of tests, we repeat the gallery selection as the first set of exper-
iments, and select the test images to be clear, poorly illuminated, medium blurred,
severely blurred, partially occluded and severely occluded respectively. The intensity
images are used as input. The rank-1 recognition results using baseline are given in
Fig. 2.11. We observe that the degradations in the test images decrease the perfor-
mance, especially when the faces are occluded and severely blurred.

In the third set of experiments, we compare the SRC method and baseline algo-
rithm. We selected 14 subjects with 10 clear images per subject to form the gallery
set. The test images are selected to contain clear, blurred, poorly illuminated and
occluded images respectively. For the SRC method, we compute the SCI value of
each image which can be used as a measure to reject images of low quality.

From the comparison results reported in Fig. 2.12, we observe that when no
rejection of test images is allowed, the recognition accuracy of baseline is superior
to the SRCmethod. Thismay be the case because when gallery images do not contain
variations that occur in the test images, the SRCmethod can not approximate the test
images correctly through linear span of gallery images. However, when rejection of
images is allowed, we remove images whose SCI values are below certain threshold,
and the performance of SRC method increases accordingly. The rejection rates in
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Fig. 2.11 Performance of the baseline algorithm as the condition of probe varies

Fig. 2.12 Comparison between SRC and baseline algorithms

Fig. 2.12 are 6, 25.11, 38.46 and 17.33% when the test images are clear, poorly
lighted, occluded and blurred, respectively. Besides, we do observe the advantage of
SRC method for handling occluded images.



2 Remote Identification of Faces 53

2.7 Discussion and Conclusion

In this chapter, we briefly discussed some of the key issues in remote face recognition.
We thendescribed a remote face database collected by the authors’ group and reported
the performance of state-of-the-art FR algorithms on it. The results demonstrate that
recognition rate decreases as the remotely acquired face images are affected by
illumination variation, blur, occlusion, pose variation.

The evaluations reported here can provide guidance for further research in remote
face recognition. In particular, the following are some areas where one can address
the challenges in remote face recognition:

• Develop face recognition algorithms which can account for multiple sources of
variation. For instance, low resolution is usually coupledwith illumination andblur.
The coupling among different variation factors makes the remote face recognition
problemextremely difficult. Robustmethods are needed to dealwith these coupling
effects in remote face recognition.

• Incorporate features which are robust to these variations. For instance, features
which are robust to blur might not be able to deal with illumination variations.
Hence, the design of features that can normalize the coupling effect due to various
variations is needed.

• In order to develop robust recognition algorithm under these conditions, a more
comprehensive quality metric to reject low quality images is needed. As a result
this metric can make the recognition systemmore effective in practical acquisition
conditions.
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