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Abstract—Face recognition at a distance is a challenging () <> —
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image resolution and blur contributing to the dif culties. We Data

present a method for combining a sequence of video frames of a

v
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each video frame. The AAM t provides the registration used
by a robust image super-resolution algorithm that iteratively
solves for a higher resolution face image from a set of video Fig. 1. Major components of a complete face recognition system using
frames. This process is tested with real-world outdoor video Multi-frame super-resolution.
using a PTZ camera and a commercial face recognition engine.
Both improved visual perception and automatic face recognition
performance are observed in these experiments. registration. A speci ¢ strength of the AAM used here is its
generalization. Our AAM model and tting process works
well even for subjects not in the training set [5], which is
Automatic face recognition at a distance is of growinghe case for all examples and tests presented here. Since
importance to many real-world law enforcement surveillancere are concerned with forensic applications, facial feature
applications. However, the performance of existing fackallucination must be avoided; hence we use a data-driven
recognition systems is often inadequate due to the loweconstruction approach with no trained prior model of facial
resolution of the subject probe images [1]. Our goal is tappearance.
improve the accuracy and extend the range of face recogni-Given video of an unknown subject we t an Active
tion through multi-frame facial image super-resolution fromAppearance Model [6][7] to the face in each frame. A set
video. We will improve facial image resolution and henceof aboutN = 10 consecutive frames are then combined to
face recognition by exploiting the fact that the face is seeproduce the super-resolved image. The image formation pro-
in multiple video frames, and combining those frames taess, including face motion, camera Point Spread Function
make a single restored facial image. (PSF) and sampling, is modeled for each frame. To solve for
In surveillance systems, a subject is typically captured othe super-resolved image, we de ne a cost function with an
video. Current commercial face recognition algorithms work, data delity component and use Bilateral Total Variation
on still images so face recognition applications generall{BTV) regularization [8]. A steepest descent search, using
extract a single frame with a suitable view of the face. Thian analytic gradient of the cost function, yields the super-
approach fails to utilize much of the available informationresolved face image.
The eld of image super-resolution is concerned with using The novelty of this work lies in the face-speci ¢ methods
multiple images or video frames of the same object oused for frame registration, and the data-driven methods
scene to make one image of superior resolution [2][3][4]used for super-resolution, to avoid reconstructing features
Quality improvement can come from noise reduction throughot justied by the data. To evaluate the benet of this
averaging, deblurring, and de-aliasing. technique we use the commercial face recognition package
In this paper we describe a new method for the supeFacelt® SDK ver. 6.1 (Identix Inc.) to compare performance
resolution of faces from video using a registration modebn single video frames and on super-resolved images. Our
designed speci cally for the shape of the face and its motiorgoal is to determine the degree to which face recognition
In general it is best to select a parameterized registratiand veri cation is improved by the super-resolution process.
function that can accurately model the actual frame-tdhitial results presented here are for a small dataset from a
frame motion, with no additional freedom. With this insurveillance testbed that provides real-world outdoor condi-
mind we use an Active Appearance Model (AAM) for facetions.
The system ow diagram in Fig. 1 shows the major
This project was supported by award #2005-1J-CX-K060 awarded by theomponents of an enhanced face recognition system making
National Institute of Justice, Of ce of Justice Programs, US Department . . .
of Justice. The opinions, ndings, and conclusions or recommendatiorldS€ of multi-frame super-resolution. The super-resolution
expressed in this publication are those of the authors and do not necessafifocess may be used in both manual and on-line applications.
re ect the views of the Department of Justice. __Super-resolution can be applied to video after a crime has
All authors are with the Visualization and Computer Vision . . "
Lab, GE Global Research, Niskayuna, NY, USA. E-mail addressef€€n committed thus aiding the recognition of perpetrators or
f wheeler,liux,tu g@research.ge.com withesses. It can also be applied in an on-line system, where

I. INTRODUCTION
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Fig. 2. (a) Face from video with 33 AAM landmarks; (b) additional border landmarks; (c) blending mask.

video is continuously monitored, faces are detected [9][10finction of our approach is that we use a registration method

tted, restored and sent to a face recognition system. that speci cally models the face shape, which works even
when the face is turning. Further, our spatial-domain super-
Il. RELATED WORK resolution approach allows us to incorporate robust) (

The majority of image super-resolution algorithms use §gularization.
parameterized transformation for registration, such as a ho-In previous work we have used this type of face shape
mography or rigid translation [11]. This is suitable when thénodeling with a more straightforward face restoration ap-
scene is planar or the camera motion and distance are sigach [17]. In that work the Active Shape Model was used
that the perspective distortion due to depth is insigni cantl0 register the facial region so that a series of frames could
While faces have been super-resolved quite dramatically ¢ warped and averaged. The averaging process reduces the
Baker and Kanade [12], the motion model used is translatiofhage noise, allowing a Wiener lter to amplify and restore
only and does not account for the face shape, essentiafNgher spatial frequencies than could be restored using only
assuming that the subject is always facing the camera. fosingle frame as input. In this paper we instead use the
deal with the non-rigid motion of moving faces, opticalActive Shape_ Model to provide registration for multi-view
ow has been used for registration [13]. While opticalSUper-resolution.
ow certainly can track facial motion, it is computationally
complex and its generality brings the risk of over tting.

Many approaches to facial super-resolution use a strongThis section provides a brief overview of the Active
prior model of facial appearance. However, such modelingppearance Model (AAM) training and tting process used
runs the risk of creating visible features not justied byin this work, which we have detailed in [5], and sub-
the actual data. The facial appearance prior of Baker armsdquently improved [18], [19]. This paper will focus on
Kanade [12] is quite effective, but runs the risk of halluci-super-resolution processing and experimental results, but
nating, i.e., reconstructing visible facial features not justi edve will overview the AAM model formation and tting
by the data. Park and Savvides [14] have recently showsrocedure in this section. In order to combine the video
that applying manifold analysis using Locality Preservingrames using super-resolution, for any pair of frames we must
Projections is an effective method for face super-resolutioknow the mappingx, = f(X1), that converts the rst image
from a single low-resolution image. Stephenson and Cheaoordinatesx; = (r1;c¢1), of a real object or scene point to
describe a method of using adaptive Markov random eldshe second image coordinates,= (r2;cz). The AAM will
to learn the relationship between low-resolution and highprovide this frame-to-frame registration of the face for the
resolution images of faces [15]. video frames.

In this paper we will use a facial appearance model An AAM applied to faces is a two-stage model of both
to achieve frame-to-frame registration. However, the facidhcial shape and appearance designed to t the faces of
super-resolution process will not use a facial appearandiferent persons at different orientations. The shape model
prior. The main reason is that for our targeted applicationdescribes the distribution of the locations of a set of landmark
in forensics we wish to avoid reconstructing facial featurepoints. Fig. 2(a) shows the 33 feature points used in this
not justi ed by the actual data. work. The shape model is trained using a set of about 500

Yao et al. [16] approach a very similar problem, in thaimages from the Notre Dame Biometrics database Collection
they reconstruct super-resolved faces from multiple lowb [20][21] on which the feature point locations were found
resolution images without the use of an explicit facial appeamanually. Principal Component Analysis (PCA) and the
ance prior. They use a simpler translation and rotation regigaining data are used to reduce the dimensionality of the
tration function and the iterative frequency-domain Papoulisshape space while capturing the major modes of variation
Gerchberg algorithm for super-resolution. An important disacross the training set population.

I11. ACTIVE APPEARANCEMODEL



Fig. 3. Faces from 8 consecutive video frames and the tted AAM shape model. The tted AAM will allow frame-to-frame registration even as the face
rotates right-to-left.

The AAM shape model includes a mean face shape thattis the edge of the faces, we extrapolate the registration
the average of all face shapes in the training set and a setlyf augmenting the set of face landmarks, thus de ning an
eigenvectors. The mean face shape is the canonical shape arténded border region. The 30 new landmarks are simply
is used as the frame of reference for the AAM appearangmsitioned a xed distance out from the estimated face
model. Each training set image is warped to the canonicabiges, and form 45 new triangles at the border, seen in
shape frame of reference. Now, all faces are presented Rig. 2(b). Registration will not be accurate in this border
if they have the same shape. With shape variation nowvegion, however, we have found it is suf cient for eliminating
removed, the variation in appearance of the faces is modeladifacts caused by the discontinuity. The blending mask of
in this second stage, again using PCA to select a set Bfg. 2(c) is used to combine the face region of multi-frame
appearance eigenvectors for dimensionality reduction. face reconstructions with the non-face (background) region

The complete trained AAM can produce face imagesf a single observed frame. The blended result appears more
that vary continuously over appearance and shape. For auaitural to a viewer and is more appropriate for automatic
purposes, the AAM is t to a new face as it appears in dace recognition algorithms.
video frame. This is accomplished by solving for the face
shape and appearance parameters (eigen-coef cients) such V. MULTI-FRAME SUPER-RESOLUTION
that the model-generated face matches the face in the vide
frame using the Simultaneous Inverse Compositional (Slcaarsiu et al. [8], which models the image formation process

algorithm [7]. While both shape parameters and appearanggy oes not rely on a facial image prior, thus avoiding hal-
parameters need to be estimated to t the model to y ge prior, 9

. ucination. As is typically done for super-resolution methods,
new face, only the resulting shape parameters are used for . . . . .
registration we will describe the algorithm using standard notation from

. . . . . . |inear algebra, assuming each image has all of its pixel values
While this section gives a brief overview of the general, a vector. In the actual implementation, the solution process
application of an AAM to facial images, the AAM used in ' P ' P

this work [5] has two signi cant additional features. It is is carried out with more practical operations on 2D pixel

multi-resolution so the AAM appearance model resolutiof 2> .
It will be helpful to de ne some image frames of reference.

is kept close to the actual video frame resolution. Also

the model is iteratively re ned during training, signi cantly sEr?;:hefr?hrgela(r)]]:jrrr?;iiengit!v?rovr\:lltr?eeX,il\/rlergrfje;tssai f?r?e
reducing tting time and making tting more robust to pe ( poi ) piing

initialization. Fig. 3 shows an example of AAM tting results grid. The frames of reference are the information we need to
for video frames de ne the registration between images of faces, such as our

original input images, the super-resolved images, or some
IV. FACE REGISTRATION intermediate face images used in the processing.

%ro super-resolve faces, we adapt the robust method of

face across the video frames. The shape model portion iof a low-resolution frame of reference we denate Such

the AAM de nes 33 landmark positions in each frame. Thesa frame of reference encapsulates the image size and AAM

landmark positions are the vertices of 49 triangles over thandmark points. The registration process allows us to warp

face as seen in Fig. 2(a). The registration of the face betweamages between frames of reference. For daghwe create

any two frames is then a piecewise af ne transformationa corresponding high-resolution frame of referehtethat

with an af ne transformation for each triangle de ned by has twice the pixel resolution df ; in each dimension and

the corresponding triangle vertices. takes the AAM landmark positions df j, scaled by 2. We
The AAM provides registration only for the portion of will solve for the super-resolution image in the frarkg,,

the face within the triangles. To avoid a discontinuity closevherek = bN=2c (the middle frame index).



To initialize the super-resolution algorithm, we create an
initial image by warping the face region of each of tNe
input framesy; to the frameH ¢ and averaging. The warping average | 7| Coer - \¥|Luminancer | Resolon™ Luminancd ™ image
scales up and aligns each face image. b ,

The super-resolution process uses an image formation Chroma. /
model relating each of the input fram¥sin frameL ;, to an Components
unknown super-resolution imagk, in frameH . The image
formation process accounts for the face motion, camera bIIL:jirg 4. Processing component diagram showing how the warp and average
and detector sampling that relale to eachY;. For each pro.ce.ss provides an initial luminance component for super-resolution. The
input frame,F is the registration operator that war§rom  super-resolved luminance component is then combined with the chromi-
frameH | to frameH ;, which has twice the resolution, but is nance components to make a color image.
aligned withY;. Nearest-neighbor interpolation is used for the
warping operation (bilinear interpolation surprisingly yielded . o
no signi cant improvement). The camera blur operater, W|t_h the chrorr_nnancg compongnts from the .|n|t|aI image.
is in our case not dependent band applies the PSF within T1HiS process is depicted in Fig. 4. In practice, we have
a high-resolution framéd ;. For most installed surveillance fqund _th|s to yield \_/|sually pleasing resullts, W'thou_t color
cameras it is dif cult to determine the true PSF, so we assunfdStortion. The Identix Facelt system we use for testing, and
a Gaussian shaped PSF with hand selected widtFinally, most face recognition algorithms, ignore color. For applica-

the sampling operation of the detector is represented B{P"S Where the super-resolved image is to be examined by
the sparse matri© that extracts every other pixel in eachP€oPI€ this approach is justi ed considering the eye's limited

dimension, converting from framel; to L ;, the frame of sensitivity to resolution in the chrominance components.
reference for the input fram¥é. If we letV; represent additive 10 Solve for the super-resolution image,is rst initial-

pixel intensity noise, the complete linear image formatiof?€d t0 the initial image described above. As is done in [8] for
process is then ordinary images, a steepest descent search using the analytic

1) gradient of the cost function with step sibe= 0:01 and a

Yy \\

S
Warp & Initial Ini‘ial Superl- Supgr-Re Super-Res
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Y= DHEX+ Vi
! ! ' xed number of iterations (typically 30) is used,
The super-resolved image is determined by optimizing N

a cost function of the.; norm of the difference betweenthe X.,.;=X, b & FTH'D"signDHFX, Y) (4)
model of the observations and the actual observations, plus i=1 )
a regularization termy (X), | S . R R

" # +1 & & am™mia " DsignX  S%)

X = argmin § kDHFX Yk, +1Y(X):  (2) = pm P
X i=1 With the original frames normalized to a pixel range of [0,1],

we have found that regularization strength paraméter

Thel, norm is used in the data delity part of the cost func- :025 gives the best visual results and we use that value for
tion for robustness against incorrect modeling assumptio% 9

and registration errors. For the regularization term, we us e experiments pre.senFed h‘?re-
Bilateral Total Variation (BTV) described in [8] Only the face region is registered by the AAM, so some
' pixels of the reconstructed imagehave no data constraints.

Y= 2 5 misil x QA X - 3 Since they are initialized to a reasonable starting point, this
(X)= |:apnrpa Pa S/n ' ®) causes no problems. As the iteration progresses, the non-face
region tends to be smoothed by the regularization constraint.
HereS, andS]" are operators that shift the image in thand ~ After super-resolution, this region is replaced by blending
y direction byl andm pixels. With BTV, the neighborhood the super-resolved face with the background from a single
over which absolute pixel difference constraints are applieidput frame.
can be larger (withP > 1) than for Total Variation (TV).
The size of the neighborhood is controlled by parameter
P and the constraint strength decay is controlled dy Outside of the face region modeled by the AAM, frame-
(0< a < 1). For all results described here, we have usetb-frame registration is not determined. The multi-frame
P= 2 anda = 0:6. L1-based regularization such as BTV orrestoration technique improves the quality of the face region,
TV tends to preserve edges. By contrastbased Tikhonov but not the non-face region of the image, which can actually
regularization is essentially a smoothness constraint, whidlecome overly smooth. To make a more pleasing nal result,
is contrary to our goal of increased resolution and sharpneshke restored face imagé, is blended with all image, I+.
When the observed video is color, super-resolution prdfhe Il image is thekth (middle) unrestored video frame
cessing is applied to the luminance component only. Thepsampled to be aligned witH i, the frame of reference in
initial image is converted to the NTSC color space (YIQ)which the super-resolved image exists. Theimage thus
and the luminance (Y) component is computed for all inpuines up perfectly with the restored face image and we can
frames. The super-resolved luminance result is combinedse it to Il in the background non-face region.

P

VI. BLENDING



(a) Original Video Frame (b) Wiener Filter (c) Super-Resolution

Fig. 5. Example original video frames, Wiener Iter results, and super-resolution results with enlarged views of the left eye. The increased resolution and
clarity in the super-resolution results is clearly visible, especially in the electronic version of this document.

A maskM is de ned in theH ¢ frame of reference that at intervals to capture video at different face resolutions,
has value 1 inside the face region and fades to zero outsideasured as eye-to-eye distance in pixels. A 700 person
of that region linearly with distance to the face region. Thigallery was created with 3 good quality indoor images
mask is used to blend the restored image with thémage, of the test subjects and the “fa” image of the rst 697
I+ using, subjects in the FERET database [22]. From the test video

N sequences of 3 probe subjects we extracted 138 original
I(ng)= M(rolro+(1 M(ro)li(ro): ®) frames at intervals and created super-resolved facial images

Fig. 2(c) shows an example of a mask image. The results ffPm the surrounding set d = 10 frames, which were used
Fig. 5(c) have been blended using this procedure. as probe images. The table in Fig. 6 shows the rank 1-

The result after blending is an image with improved faciaP "€cognition counts and rates for the original frames and
resolution and a background that is at the original framie enhanced images, using Identix Facelt SDK ver. 6.1.
resolution, but is not distracting to a viewer and is moré* rankN recognition for a particular probe image means

appropriate for automatic face recognition algorithms. ~ that the correct identity in the gallery has one of the top
N match scores of all the gallery images. The results are
VII. EXPERIMENTAL RESULTS AND CONCLUSIONS grouped by face resolution and are also combined on the

Fig. 5 shows sample super-resolution results, including: (&)ght of the table in Fig. 6 to show recognition results over all
the face from the original video frame; (b) that single framéesolutions. The number _Of probe images in each group varies
restored with a Wiener lIter; and (c) the result of multi- based on the length of video collected at each camera zoom
frame super-resolution usidg= 10 consecutive frames. The setting. Improved recognition rates are observed, especially
increase in sharpness and clarity is visually apparent. for the lowest original face resolutions. Though this initial

For an initial evaluation of the super-resolution algorithn{€st dataset is modest in size, we are encouraged by these
we have collected outdoor video of 3 test subjects using a GEsults and believe that this work brings us one step closer
CyberDome& PTZ camera. The PTZ camera was zoome#P the goal of unconstrained face recognition at a distance.



Eye-to-eye Dist. 48 37 29 24 19 17 all

# Probe Images 24 36 24 18 21 15 138
Enhanced NO | yes| no | yes| no | yes| no | yes| no | yes | no | yes || no| yes
Rank-1 16 17 26 25 16 16 8 10 4 7 1 2 71| 77
Rank-2 19 19 27 27 16 17 10 12 5 8 1 3 78 | 86
Rank-3 20 20 27 28 17 17 11 12 6 8 1 5 82| 90
Rank-4 20 22 27 29 18 18 11 12 7 8 2 5 85| 94
Rank-5 21 22 28 29 18 20 12 12 7 8 3 5 89 | 96
Rank-1 67% | 71% | 72% | 69% | 67% | 67% | 44% | 56% | 19% | 33% | 7% | 13% |51% 56%
Rank-2 79% | 79% | 75% | 75% | 67% | 71% | 56% | 67% | 24% | 38% | 7% | 20% | 57% 62%
Rank-3 83% | 83% | 75% | 78% | 71% | 71% | 61% | 67% | 29% | 38% | 7% | 33% | 59% 65%
Rank-4 83% | 92% | 75% | 81% | 75% | 75% | 61% | 67% | 33% | 38% | 13% | 33% | 62% 68%
Rank-5 88% | 92% | 78% | 81% | 75% | 83% | 67% | 67% | 33% | 38% | 20% | 33% | 64% 70%

Fig. 6. Rank recognition counts and rates (%), with and without super-resolution, grouped by eye-to-eye distance (in native resolution pixels). Comparing
the columns for unenhanced images with the columns for enhanced images we see an increase in recognition rates for the enhanced images. A notable
result, shown in bold in the table, is that, for all probes at all eye-to-eye distances combined, super-resolution enhancement brings the rank-1 recognition

rate from 51% to 56%.
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