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ABSTRACT

Most existing face recognition algorithms requieed images with a minimum resolution. Meanwhite tapidly
emerging need for near-ground long range survedlaralls for a migration in face recognition frofose-up distances
to long distances and accordingly from low and tamisresolution to high and adjustable resolutidith limited
optical zoom capability restricted by the systemdheare configuration, super-resolution (SR) proside promising
solution with no additional hardware requiremenits.this paper, a brief review of existing SR algons is conducted
and their capability of improving face recognitioates (FRR) for long range face images is studiédgorithms
applicable to real-time scenarios are implementetitbeir performances in terms of FRR are examiurgidg the IRIS-
LRHM face database [1]. Our experimental resditaasthat SR followed by appropriate enhancement sis wavelet
based processing, is able to achieve comparablev#RR equivalent optical zoom is employed.

Keywords: Super-resolution, face recognition, high magaitien, wide area surveillance

1. INTRODUCTION

Visible facial features are critical for succesdfde recognition, which imposes a minimum requ&eatrof resolution
on the corresponding image acquisition systems &, For instance, a resolution of 60 pixels leEw eyes is
recommended by a well-know recognition engine R&cdkveloped by Identix [2]. Although PTZ camerag ar
commonly used in indoor and outdoor surveillancgteays, most of them provide a maximum optical nfégation in
the range of 20x~30x [3]. From our experiments #mount of magnification can cover an area withdius of 20m
while maintaining the aforementioned resolutionor Fong range (>50m) surveillance and target idieation, this
magnification level is insufficient.

There exist hardware and software solutions forimaproved resolution. The hardware approach neelditianal
equipment such as high zoom lenses and/or highuteso CCD’s. Either choice results in exponeryiahcreased cost.
In comparison, software based approach relies puelimage post-processing and gains improved wésal from
temporal relation of consecutive frames.

Super-resolution is one exemplary software baseithadeand has been receiving intensive researchestigesince the
pioneer work of Tsagt al. [4] and abundant SR algorithms have been propfses 13-15, 19-21]. In [7], Bormagt

al. reviewed existing SR algorithms and divided thewo itwo categories: frequency domain based andaspltmain
based methods. A more detailed and updated resaevbe found in [8]. In addition to general SR moefs, algorithms
designed particularly for face images also exidit@rature, such as hallucinating faces [9] angeBfaces [10]. Baker
et al. employed a pyramid based algorithm to learprior of the derivatives and then reconstruct the higolution
images [9]. A layered predictor network was empltbjor face SR based on a Resampling-Maximum Likeldl model
[11]. Jiaet al. addressed the reconstruction of SR face imageg uslltiple occluded images of different resolution
[12], which is commonly encountered in surveillan@deos.

This paper studies and compares the performanceamdus SR algorithms when applied to long rangd high
magnification face images. Image sets with diffiéreesolutions, measured by the pixel count betwepss, and



different illumination conditions are selected frothe IRIS-LRHM database [1]. Each image set unuesg
combinations of processing, including SR, SR fokowby enhancement, and SR followed by illumination
compensation. The processed images sets aredtantd a face recognition engine, which outputsdbrresponding
FRR. The FRR is compared with the FRR of the uocgseed image sets and image sets with equivaléoabpoom
achieving the same resolution.

Our methodology of evaluating the performances arfious SR algorithms is unique in the following ess. (1)

Performances are compared in terms of FRR instdadsoal perception or image quality measures, whice

commonly used in literature. (2) The database usehlis work is collected from medium to long distes (30f~50f)
and from medium to high magnifications (10x~20>3rom our knowledge, this is the only database plingi long

range and high magnification face images. Mosttang databases are collected from close distaaoesvith low and
constant magnifications. Since the purpose ofghidy is to examine the limitation of commercidlZ°cameras when
applied to face recognition, their maximum zoom atality should be used. (3) In [1], it is shownathhigh

magnification images suffer from increased blur @edraded FRR, which imposes additional difficslt@ applying
SR algorithms.

The remainder of this paper is organized as followSection 2 presents a brief review of the implete¢ SR
algorithms. The long range high magnification fad&tabase is described in section 3. Detailedopagnce
comparisons are demonstrated in section 4. SeStammcludes this paper.

2. SUPER-RESOLUTION

A SR algorithm usually consists of two major stergggistration and interpolation/reconstruction. régistration, the
displacement among input frames is estimated. dBasethe estimated transformation, all low resolutimages are
aligned and a high resolution image is then geadrhy interpolation or deconvolution.

2.1. Registration

Suppose the image intensity; (X, y) and g,(x,y) at pixel x=[x y]T are related byg,(x,y) = g, (R(x+t,,y +t,))

) . cosf - sinf . . :
with a rotationR= p & and a translation = [tx ty]T . Transferred into the frequency domain, we have
sin co

Gy(u)=e!" gy (RA)e 1 Xax, (1)

where x'=x+t [13, 14]. The relation between the amplitudeghafse coefficients in the frequency domain can be
computed agG,(u)F| G, (Ru )|

It is obvious that since shifts in spatial domaimyoaffect the phase in the frequency domdiG,(u is g rotated
version of|G;(u ) pnd does not depend on the translation vettdvlarcelet al computed the Fourier transform of the
spectra,|G;(u )land|G,(u )} and computed the rotation angle as the phasebstifieen these two [13]. Vandewalle

et al. computed the frequency contdmtas a function of the angle by integrating| G(r,q ) |over radial lines [5]:
atDal2 ¥
h= |G(r,g)|drdg . )
a-bDal2 0
Then the rotation angle can be computed as theswalth the corresponding correlation reaching aimar. The

translationt can be computed as the slope of the phase differ@ng%.
1 u

The gradient based registration (GBR) utilizes dagixpansions [19]:
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The approximation error is then given by:
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which is to be minimized with respect to translataond rotation.

2.2. Interpolation/Reconstruction

The Papoulis-Gerchberg (P-G) algorithm proceedstiteely as follows [15]. The starting point is amitial high
resolution image, which may be obtained from cufyitine interpolation. (1) The image is transformiatb the
frequency domain. (2) Its high frequency coefitieare set to zero. (3) Afterwards, inverse Funiansform is
applied to these modified frequency coefficien{d) There are some pixels in the high resolutioagmthat have a
direct projection from the low resolution imagékhe values of these pixels in the reconstructedy@vae changed back
to the values in the low resolution images. Rep®aprocess until there are no significant chamgése pixels values.

Constraint least squares (CLS) method is a detésticimegularization approach which solves the raggproblem from
the observation model. This is accomplished bygigirior information about the solution which caglphto make the
problem well-posed [8]. Denote the high resolutimage ad and a set of low resolution imagesgask=1,... p, where
p is the total number of available low resolutiorages. Mathematically the CLS method can be desteabdollows:
p g P
WeW +/LTL F= Wg, )
k=1 k=1
which leads to the following iteration solving fdr:
pn+l VL P pn un
fo=f+b W (g -Wf )-/LTLF , (6)
k=1
whereW represents an up-sampling, blur, and warping aperia represents high frequency information, typically a
high-pass filter, and is the regularization parameter, which governsstineothness of the final result . Larger values
of / will result in a smoother solution, while smalledues imply the opposite. Convergence is regulajed .

3. FACE DATABASE

The IRIS-LRHM database contains frontal view facages collected with various system magnificatidi@x-375x),
observation distances (10m~300m), indoor (officef dight and side light) and outdoor (sunny andtlyacloudy)

illuminations, still/moving subjects, and constaatiing camera zooms. Small expression and pasatieas are also
included, closely resembling the variations enceret in uncontrolled surveillance applications.

The indoor still images are collected at uniforrdigtributed distances in the range of 30f to 52hvein interval of 3f
approximately. The corresponding system magniticataries from 10x to 20x with an increment of 2ghieving an
approximately constant face image size to elimimafteences of resolution. The indoor video segésnare recorded
under the following three conditions: (1) constdidtance & varying system magnification, (2) vagyidistance (the
subject walks at a normal speed towards the obenvaamera) & constant system magnification, aBduarying

distance & varying system magnification. Condiidhand 2 concentrate on the individual effectavhera zooming
and subject motion while the combined effect canobserved in condition 3. In addition, system nifigation is

varied so that a constant face image size is adaiim condition 3. These video sequences providace images with



continuously varying resolutions under differentaggimg conditions. Our unprocessed image sets wftiiorm
illumination are selected from these sequences.

The above still images and video sequences arectetl under fluorescent roof lights with full inséty (approximately
500Lux) and include a certain degree of illuminat@hanges caused by the non-uniform distributiothefroof lights.
The IRIS-LRHM database also considers large amoftiiilumination changes under high magnification. halogen
side light (approximately 2500Lux) is added andequence is recorded as the intensity of the ragbitdiis decreased
from 100% to O, which creates a visual effect ofotating light source. Frames from this sequenee used for
experiments regarding non-uniform illumination.

The high resolution gallery images are collectecab§anon A80 camera under controlled indoor enwiremt from a
distance of 1.5f. The image resolution is 22721 pixels and the camera’s focal length is 114mmgmfacation:
2.28x).

4. EXPERIMENTAL RESULTS

In this section, we examine the performance of BBrahms in term of FRR. A variety of combinat®of image sets
and algorithm parameters is tested. Image sets wvétious pixel counts between eyes and differumination
conditions are used. These are two decisive fadtorsuccessful face recognition. The magnifaoadi distances, and
pixel counts tested in our experiments are 10x~2Z80f-52f, and 35 pixels~85 pixels, respectively.lgdkithm
parameters such as the super-resolution factordtieebetween the width/height of the output amglit images) and the
number of input frames are also varied.

Before continuing with our discussions, we defihe following notations. The probe with face imadgeken at a
magnification of Mag, a distance ofDist in foot, and with a pixel count between ey€sunt is denoted as
MagxDistfCounp. A SR implementation with a SR factorMfand using\ consecutive frames is denoted as8RY).
Table 1 summarizes the experiments we carried out.

Table 1 Experiment specifications.

Image set Uniform illumination 10x52f35p, 10x44f48p, 10x30f6AL5x44f60p, 20x44f85p
Non-uniform illumination | 20x52f60p
Registration methods Marcel [13], Keren [14], Vand#&/[5], GBR [19]
Interpolation methods Cubic spline [5], Non-unifoféh, P-G [15], CLS [8]
SR factor 2,4
Number of input frames 4,8

We employ Faceft[2] as our evaluation tool and focus on the overathulative match characteristic (CMC) measure
for a numerical comparison of various CMC curveshe TMC measure is a quantified measurement of a CM@

defined asQqy,c = iK—lci /i [1], whereK is the number of ranks considered &ddenotes the percentage of probes
correctly recognized at rank In the following experimentsK = 18 assumed.
From our experiments, the SR algorithm based thed¥aalle registration method and the cubic splitierpolation

method outperforms other tested algorithms. Tloeeefto save space, in the following discussioty tre performance
of this particular implementation [5] is illustrate

4.1. Probes with uniform illumination

In the first experiment, the same set of gallergdes (collected by a Canon A80 camera) is compagaihst probe sets
with different pixel counts and processed by SR(2Fgure 1(a)-(f) show sample images of the sanigect from each



probe set. Figure 1(g) depicts the resulting CM&esiand Table 2 summarizes the CMC measure andatemfhe
improvement. Only the experimental results of 10&52f35p, 10x30f60p, and 20x44f85p data sets aneodstrated.
Similar observations apply to other data sets.

For probes with a pixel count less than 60 pixelssious improvement in FRR is achieved by explgitBR, indicated
by an absolute increase of 11.5% in CMC measureweier, as the pixel count increases, this improverdecreases.
When the pixel count exceeds 85 pixels, the absdhdrease in CMC measure drops to 5.8%. Witth&urincreased
pixel count, the advantage of using SR diminishes.
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Figure 1 CMC comparisons across probes process&R(®,4) using images sets with different pixel dsurOriginal
low resolution images: (a) 10x52f35p, (b) 10x30f6@pd (c) 20x44f85p. SR images: (d) 10x52f35p,1@30f60p,
and (f) 20x44f85p. (a)-(c) are shown in 60% of tnginal image size and (d)-(f) are shown in 30#4he original
image size. (g) CMC curves.



Table 2 CMC measure comparison across probes peatbgsSR(2,4) using images sets with differentlpgioeints.

10x52f35p 10x30f60p 20x44f85p
Original 20.0 58.7 69.6
SR(2,4) 315 67.0 75.4
Improvement 11.5 8.3 5.8

In the second experiment, FRR performances are amdpamong probes processed by SR algorithms ifdraht
choice of parameters. The experimental resultiefl0x52f35p (Figure 2(a)-(c)) and 10x30f60p (FégR(d)-(f)) data
sets are demonstrated in Figure 2(g) and Tabl&\V@ observe that increasing the SR factor or thebmunof input
frames leads to a marginal degradation in perfoomdar the 10x30f60p and 20x44f85p data sets. WIiBR factor of
two, for a sequence with 35 pixels between eyes,résulting pixel count is increased to 70 pixebjch already
exceeds the minimum requirement of 60 pixels. Haurincreases in SR factor do not bring in valuéédéal details and
thus are unable to yield improved FRR. GenerglBe&ing, for a larger SR factor, more input framesneeded. As to
our case with a SR factor of two, four input franaee sufficient. More input frames may introducéraerrors in
registration and in turn result in decreased FRRce images with a even smaller pixel count mayiredsSR algorithms
with a higher SR factor and more input frames.

Finally, we apply enhancement algorithms aiming dtirther improved FRR. The backbone unsharp mgsgyM)
algorithm [16] is implemented and its performaneeves as a comparison reference. The enhancerigamittam
recommended in [1] for long range and high magatfan face images is applied. Two probes are sigsaived and
then enhanced by UM and wavelet UM, respectivelyur Feference probes are used: (1) the unprocessedihage
set, (2) optical zoomed face image set with theespixel count between the eye as the SR processges, (3) image
set processed by wavelet UM only, and (4) imag@setessed by SR only. Figure 3 shows the procdasedmages
and the resulting CMC curves, with the correspopd@MC measure listed in Table 4.

The wavelet based processing has proved efficiedtrabust for enhancing long range and high magatitbn face
images [1]. Compared with SR, it yields marginaprovement for face images with a pixel count |#sn the
minimum requirement. However, it can substantiagllgvate the FRR of super resolved face imagesleads to an
absolute increase of 17.7% in CMC measure. The ratibn of SR and wavelet UM achieves comparable BREhe
optical zoomed probe, which manifest the feasibiind effectiveness of using purely software baspgroach to
increase face resolution.

4.2. Probes with non-uniform illumination

In this section, the first frame from the sequewié illumination change is used as the galleryoldes are images with
non-uniform illumination and processed by illumioat compensation algorithms or a combination of &R
illumination compensation. We employ algorithmsnfr a class of well-known illumination normalizatitechniques,
namely Jobsoet als single scale retinex (SSR) [17] and Waatgls Self Quotient Image (SQI) [18]. Sample images
are illustrated in Figure 4(a)-(e). The resultgiC curves and CMC measure are shown in Figure A¢)Table 5.

Because of the increased resolution gained fromtlsRFRR of probes with non-uniform illuminatiorsalimproves.
An absolute increase of 7.3% and 18.8% is obtanethtroducing SR to SQI and SSR algorithms, respely. The

use of SR algorithms also reduces the performaiffezehce between the SSR and SQI algorithms. dépendence of
FRR on the selection of an appropriate illuminat@mpensation algorithm for non-uniformly illumiedt images
diminishes.
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Figure 2 CMC comparisons across probes process&Rbyethods with different selection of paramet&R. images
for the 10x52f35p set: (a) SR(2,4), (b) SR(4,4) &) SR(2,8). SR images for the 10x30f60p sgtS[i(2,4), (e)
SR(4,4), and (f) SR(2,8). (a), (b), (d), and (& slnown in 30% of the original image size. (c) épare shown in 15%

of the original image size. (g) CMC curves.

Table 3 CMC measure comparison across probes peatbgsSR algorithms with different selection ofgraeters.

10x52f35p| 10x30f60d 20x44f85p
Original 20.0 58.7 69.6
SR(2,4) 315 67.0 75.4
SR(4,4) 315 63.1 725
SR(2,8) 38.8 62.5 70.1
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Figure 3 CMC comparisons across processing methsidg the 10x52f35p image set. (a) Wavelet UM preegs
image, (b) SR+UM processed image, (c) SR+wavelet Wdgssed image. (a) is shown in 60% of the origmage
size and (b)-(c) are shown in 30% of the originage size. (d) CMC curves.

Table 4 CMC measure comparison across probes peatbggifferent combination of SR and enhancemigiatrithms.

SR+ Optical zoom
Probe 10x52f35p | Wavelet UM SR SREUM | yoveiot UM | 0xe2io0p
CMC 20.0 22.3 31.5 40.8 49.2 58.8
Measure

In this paper, we conducted a brief survey on E¥gs6R methods. The performance of several SRritiigas were
compared under a variety of testing conditionshsas image sets with different pixel counts betweges and SR
algorithms with different selection of parametersl/ar in conjunction with various image enhancentechniques.
Based on our experimental results, we could comcthdt for face images with uniform illuminationdaa pixel count
less than 85, SR is able to improve the overall FRR achieves comparable performance as imagesegitivalent

5. CONCLUSIONS

optical zoom when further enhanced via wavelet éhggecessing. SR also improves the FRR for imag#s non-
uniform illumination and reduces the performance gamong different illumination compensation aldumits.




@) (b) (©

(d) (e)

Percentage of probes (%)

=B Original
——SR(2,4)+SQl
20t —+—SR(2,4)+SSR |
-©--3SQl
-+-SSR
O 1 1 1 1
2 4 6 8 10
Rank
()

Figure 4 CMC comparisons across various processethads using the image set with non-uniform illuation. (a)
Original low resolution image, (b) SSR processedga) (c) SQI processed image, (d) SR+SSR procansee, (e)
SR+SQI processed image. (a)-(c) are shown in 608figinal image size and (d)-(e) are shown in 38Rhe original
image size. (f) CMC curves.

Table 5 CMC measure comparison across probes peatbgdifferent combination of SR and illumination
compensation algorithms.

Original SR+SQlI SR+SSR SQI SSR
CMC Measure 51.0 90.8 84.7 83.5 65.9
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