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ABSTRACT expression, etc., there is no guarantee that such a set accu-

In this paper, we describe a remote face database which hE€!Y captures the range of variation found in the real @orl
been acquired in an unconstrained outdoor environment. Tr{é]- Bes":}?sﬁ mOStbObleCtS in LF;]N only rave g_nf? or t\AI/:oR
face images in this database suffer from variations due t§"29€s Which may be not enough to evaluate ditterent
blur, poor illumination, pose, and occlusion. It is well kno experiments. .

that many state-of-the-art still image-based face redigni In order to study and develop more robust algon.thms.for
algorithms work well, when constrained (frontal, well fiu TR We have put together a remote face database in which a

minated, high-resolution, sharp, and complete) face imagesignificant number of_ images are take_n from long distanc_es
are presented. In this paper, we evaluate the effectivefess and under unconstrained outdoor environments. The quality

a subset of existing still image-based face recognition-alg of the images differs in the following aspects: the illumina

rithms for the remote face data set. We demonstrate that iﬁon is not controlled and is often pretty bad in extreme con-

addition to applying a good classification algorithm, csnsi ditions; there are pose variations and faces are also cedlud

tent detection of faces with fewer false alarms and finding®S the subjects are not cooperative [7]; finally, the effetts

features that are robust to variations mentioned aboveaye v _Scattering [7] and high magnification resulting from long-di
important for remote face recognition. Also setting up a eom tance contribute to the blurriness of face images. We manu-

prehensive metric to evaluate the quality of face images i§”y cropped and labeled the face images according to differ

necessary in order to reject images that are of low quality. Zrééllg{nézgtfgn?f?ggggnz Itgrogrdﬁ:i?u?r;?crierfléys?/zz}fa(?[s

Index Terms— Remote, Face Recognition. way so that users can conveniently select the desired images
for their experiments.
1. INTRODUCTION We evaluated two state-of-the-art FR algorithms on this

remote face database including a baseline algorithm and the
During the past two decades, face recognition (FR) has raecently developed algorithm based on sparse represemtati
ceived great attention and tremendous progress has bef8]. Based on our limited experiments using the remote face
made. Currently, most of the FR algorithms are applied talata set, we make the following observations: detection of
databases which are collected at close range (less than a fésices and subsequent extraction of robust features is as im-
meters) and under different levels of controlled environtse  portant as the recognition algorithms that are used. The per
such as in CMU PIE [1], FRGC/FRVT [2], FERET [3] data formance of recognition algorithms improves graduallyrees t
sets. Yet, in many scenarios in real life applications, wenumber of gallery images increases. The recognition accu-
cannot control the acquisition of face images; the imagegacy varies from low thirties to mid nineties depending oa th
we get can suffer from poor illumination, blur, occlusion quality ofimages and the number of available gallery images
etc. which are great challenges to current FR algorithms. it is important to design a quality metric so that face images
[4], Yao et al. describe a face video database, UTK-LRHMthat have low quality can be rejected.
acquired from long distances and with high magnifications. The organization of this paper is as follows; In Section
They address the magpnification blur to be the major degrad&, we describe the remote face database collected by the au-
tion. Huang et al. [5] presented a database named "Labelators’ group. Section 3 briefly describes the algorithmg tha
Faces in the Wild” (LFW) which has been collected from theare evaluated and corresponding recognition results. llfina
web. Although it has "natural” variations in pose, lighting conclusions are given in Section 4.
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2. REMOTE FACE DATABASE DESCRIPTION 3.1.1. Basdline Algorithm

The distance from which the face images were taken varie§ Paseline recognition algorithm involving Kemel Prink&p
from 5m to 250m under different scenarios. Since we could-omponent Analysis (KPCA) [9], Linear Discriminate Anal-
not reliably extract all the faces in the data set using igst YS!S (LDA) [10] and a Support Vector Machine (SVM) [11]is
state-of-the-art face detection algorithms and the facdp o US€d in this experiment. _
occupied small regions in large background scenes, we man- '€ LDA is a well-known method for feature extraction
ually cropped the faces and rescaled to a fixed size. The r@"d dimensionality reduction in pattern recognition arasel
sulting database for still color face images contains 1fegif ~Sification tasks. The basic idea is to maximize the between-
ent individuals and 2106 face images in total. The number of!ass distance and minimize the within-class distance. In

faces per subject varies from 48 to 307. All images are 12@rder to make the within—_class _scatt_er matrix_ nonsingular,
by 120 pixel png images. Most faces are in frontal poses. we used the KPCA as a dimensionality reduction method to

We manually labeled the faces according to different illu-Project the raw data onto a feature space with much lower
mination conditions, occlusion, blur and so on. In totag th dimension. Yet LDA can still fail when the number of sam-
database contains 688 clear images, 85 partially occluded i P1€S is small. Especially, LDA does not work when there is

ages, 37 severely occluded images, 540 images with mediuf{!ly On€ image per subject. Hence we use the Regularized
blur, 245 with sever blur, and 244 in poor illumination con- Discriminate Analysis (RDA) [12] to eliminate this effect.

dition. The remaining images have two or more conditions{a‘lso we added the mirror reflection images when there is

such as poor lighting and blur, occlusion and blur etc. Thes@"lY Oné image per subject in the gallery. The resulting
face images are not used in the following experiments. ,éigurlow-dllr.ner?smnal discriminate features are fed into SVM for
1 shows some sample images from the database: These fdd@ssification.

images show large variations, some of which are not easily

recognizable even for humans. 3.1.2. Handing illumination variation

Even for clear images, changes induced by illumination can
make faces images of the same subject far apart than images
of different subjects [13]. Hence we used estimates of albed
in the hope of mitigating the illumination effect. Albedalee
fraction of light that a surface point reflects when it is fiflit
nated. It is an intrinsic property that depends on the melteri
properties of the surface [7], and is invariant to changek in

a) b ¢ lumination conditions which makes it useful for illuminari-

d e f insensitive matching of objects. The albedo is estimated us

9 h D ing the method of minimum mean square error criterion [14].
Fig. 1. Sample images from the remote face database: a) clear; b he illumination-free albedo image is then used as input to

and c) partially occluded; d) and ) have pose variationanf) g) t e bas_eline algorithm._ Figure 2 shc_>ws the results of albedo
poorly illuminated; h) severely occluded: i) severely b, estimation for two face images acquired from 50 meters [7].

3. ALGORITHMS AND EXPERIMENTS

In this section, we evaluate two state-of-the-art FR atgots  Fig. 2. Results of albedo estimation. Left: original images; Right
on the remote face database, and compare their performanggstimated albedo images.

3.1. Experiments with a Baseline Algorithm

. : . : . 3.1.3. Experimental Results
This experimentinvolves using clearimages from the databa P

as gallery images. We gradually increase the number dh the first experiment, all the remaining clear images ekcep
gallery of faces from one to fifteen images per subject. Eackhe gallery images are selected for testing. To make a com-
time the gallery images are chosen randomly; and we repeggrison, we used both albedo maps and intensity images as
the experiments five times and take the average to arrive atputs for this experiment. The results are given in figure 3.
the final recognition result. All the parameters for KPCA, LDA and SVM are well tuned.



It is found that intensity images outperform albedo maps3.2. Experiments using Sparse Representation

although the albedo map is intended to compensate for illu- . ) .
mination variations. One reason may be that, the face imagd SP2arse representation-based FR algorithm was proposed in

in the database are sometimes a bit away from frontal. ALl Which is robustto occlusion. For evaluating this algiom
albedo estimation needs a good alignment between the ol this experiment, we used the implementation by Pillai et

served images and the ensemble mean, the estimated albéllp [1°] Which is a modification of [8]. It uses a modified
map is erroneous. Besides, extreme illumination conditionBPDN (Basis Pursuit DeNoising) algorithm to get a sparser

resulting in especially "dark” faces, also creates chajéen coefficient vector to represent the test image. For each test
as we cannot get a good initial estimate of the albedo. Ofna9e. we compute its SCI (Sparsity Concentration Index)
the other hand, intensity images contain texture inforarati (0] value and reject the image if it is below certain threshol

which can partly counteract variations induced by pose. . FOr this experiment, 14 subjects, 10 clear images per sub-
ject were selected to form the gallery set, and the test im-

ages were selected to be clear, blurred, poorly illuminatet!
1 occluded respectively. The experiment was repeated devera
times and the average was taken. We compare the results us-
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ing sparse representation and the baseline algorithm inefigu
5. To make a fair comparison, we use the same feature from
KPCA and LDA in the baseline for sparse representation.

It turns out that when no rejection is allowed, the recog-
nition accuracy of sparse representation-based methouwis |
which may be due to the fact that the gallery does not have

! . - ) as much variation as the test set. As we increase the thresh-
numer o galery images per st old of SCI, more test images with low quality are rejected
) and hence the recognition rate increases; the rejecties nat
F|g3 Ex_periment 1 com_parison petween FR using albedo mapﬁgure 5 are 6%, 2511%, 38.46% and 17.33% when the test
and intensities in the baseline algorithm. images are clear, poorly lighted, occluded and blurredeesp
tively. Based on the results, the sparse representatisaeba
Next, we changed the test images to be poorly illumi-FR algorithm has an obvious advantage than the baseline al-
nated, medium blurred, severely blurred, partially oceldid gorithm when there is occlusion in the test images.
and severely occluded respectively. The gallery still aorg
clearimages as in experiment 1, the number varying from 1 to
15images per subject. We used intensity images as input. The
results are shown in figure 4, and the results from experiment
1 are also added for comparison.
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Fig. 5. Experiment 3: comparison between sparse representation
and baseline algorithms: clear, poorly lighted, occluded lalurred
stand for the conditions of test images.
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o ] 3.3. Adding Degraded Images in the Gallery

5 10 15
number of gallery images per subject

In this experiment, we selected test images to be blurred,
1poorly illuminated and occluded, and added corresponding
type of degraded images into the gallery set. To make a com-
parison with the result in experiment 3, we first kept the 140
clear images in the gallery, and moved one third of the test
From figure 4, it is clearly seen that the degradations inmages into the gallery set for each case; also we divided the
the test images decreases the performance of the system, &sst images from experiment 3 into two for each case, using
pecially when the faces are occluded and severely blurred. one half as gallery and the other half for testing. The reasult

Fig. 4. Experiment 2: performance of baseline as the condition o
test images varies.



shown in figure 6. The baseline algorithm is used for recog-[4] Y. Yao, B. Abidi, N. Kalka, N. Schmid, and M. Abidi, “Im-
nition.

The result shows that for the recognition of degraded
images, adding the corresponding type of variation into the

gallery can improve the performance.
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proving long range and high magnification face recognition:
database acquisition, evaluation, and enhancem@aiiputer
Vision and Image Understanding, vol. 111, pp. 111-125, 2008.

G. Huang, M. Ramesh, T. Berg, and E. Learned-Miller, “La-
beled faces in the wild: A database for studying face recog-
nition in unconstrained environments,University of Mas-
sachusetts, Amherst, Technical Report 07-49, 2007.

N. Pinto, J. DiCarlo, and D. Cox, “How far can you get with a
modern face recognition test set using only simple feafjtes
in Proc. IEEE Computer Society Conf. on Computer Vision and
Pattern Recognition, Miami, FL, June 2009, pp. 2591-2568.

R. Chellappa, “Annual progress report: Muri on remoteltinu
modal biometrics for maritime domain,University of Mary-
land, College Park, MD, Technical Report, 2009.

Fig. 6. Experiment 4: C, M, and D stand for using all clear, mixture [8] J. Wright, A. Ganesh, A. Yang, and Y. Ma, “Robust face igco
of clear and degraded, all degraded images respectivelalésyg

images.

Blur, poor lighting and occlusion represent thestyh

degradation that test images have in each case.

In this study, we described a remote face database we bu[ﬂto]

4. CONCLUSIONS AND FUTURE WORK

9]

and described the performance of state-of-the-art FR algo-

rithms on it. The results demonstrate that recognition rate
decreases as the face images acquired remotely are degra
The evaluations reported here can provide guidance for fur-

ther research in remote face recognition.

In our future work, we plan to address the following prob-
lems: 1) use image restoration/denoising algorithms to im

prove the quality of the image; 2) incorporate other robest t
ture features or obtain a better estimate of albedo for neieog
tion; 3) develop a more comprehensive quality metric toateje [13]

low quality images in order to make the recognition system

more effective in practical acquisition condition.
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