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Abstract a still image. Also, when the video is taken at a distance,
a face pro le has a very limited resolution. It is dif cult

Face pro le is an important aspect of face recognition and to get accurate information from such a face pro le, which
it provides a complementary structure of the face that is degrades the performance of a face pro le recognition sys-
seen in the non-frontal view. In the past, several methodstem and limits the application of face pro le in surveillanc
have been proposed to recognize face pro les in still im- video.
ages. However, face pro le images that are captured at  This work aims to introduce a practical approach for hu-
a distance by surveillance cameras usually are video se-man recognition by using high-resolution face pro le im-
guences that have a low resolution. It is dif cult to extract ages that are constructed from the low-resolution videos.
accurate face pro le directly from a low-resolution video We use both the spatial and temporal information present
frame, which does not have many pixels on the face pro le. in a number of adjacent low-resolution frames of a video
The emphasis of this paper is to introduce a practical ap- sequence to construct high-resolution face pro le images.
proach for human recognition by using high-resolution face This relies on the fact that temporally adjacent frames in a
pro le images constructed from the low-resolution videos. video sequence, in which a human is walking with a side
We use both the spatial and temporal information present view to the camera, contain slightly different, but unique,
in a number of adjacent low-resolution frames of a video information for face pro le. The quality of reconstructed
sequence to construct high-resolution face pro le images. face pro le images is much better than those directly ob-
As the quality of high-resolution images relies on the cor- tained from the videos. Since the quality of high-resolutio
rectness of image alignment between consecutive framesimages relies on the correctness of image alignment be-
an elastic registration algorithm is used for face pro leim tween consecutive frames, an elastic registration algorit
age alignment. A match statistic is designed to detect andis used for face pro le image alignment. A match statistic is
discard poorly aligned images which may degrade the qual- designed to detect and discard poorly aligned images. Af-
ity of the high-resolution face pro le image. After obtaigi ter obtaining high-resolution face pro le images, we use a
high-resolution face pro le images, we use a dynamic time dynamic time warping method for face pro le recognition.
warping method for face pro le recognition. A number of

dynamic video sequences are tested to demonstrate the ap- }
plicability and reliability of our method. 2 Technical Approach

The overall technical approach is shown in Figure 1. It con-
1 Introduction sists of the following key steps: side face image extraction
from video, registration of side face images, high-resotut

During the last decades, many methods have been propose#ide face images construction, and face pro le extraction
to recognize face pro les in still images. However, human and recognition. )
recognition based on face pro les in video has achieved lit- 2.1 Automatic Side Face Image Extraction

tle attention in spite of the fact that in surveillance seen . .
b a Correlation is useful for feature detection. In our work, a

ios where human is walking at a distance, generally the face X ; : X
pro le or the side face, not the frontal face will be avail- correlation-based method is used for side face image detec-
glate window of size JxK, we compute the normalized cross

a dynamic scene, we encounter many challenges. Since .
y Y g |correlat|on (NCC) between them,

video camera is characterized by nite spatial and temporal
resolutions, objects in the scene moving with a high veloc-
ity compared to the frame rate are blurred, and their shape
is distorted. Moreover, non-ideal detectors and poor gptic
introduce spatial blur, which affects the sharpness ofithe i
ages [1]. Consequently, the face pro les of a moving person 1)
in video are blurred in some way and not as sharp as that in
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Figure 1: Face pro le recognition in video.

where (j,k) are indices in a JxK point window area. For an motion between images can be modeled locally by an af ne
image that contains a target feature, the NCC forms localtransform:

maxima in candidate positions. To increase the speed, be-

fore applying the NCC, we rst detect the region where the

target is most likely to be present. Then we calculate the (2)
NCC between the template and the de ned region, instead _
of the whole frame. The steps of our method are as follows:where , , ,  are the linear af ne parameters, and

,  are the translation parameters. The previous as-
1. Extract a small image, called the template, containing sumption that the image intensities between the source and
just the feature to be detected from a video frame. target are unchanged is likely to fail under a number of cir-
cumstances. To account for intensity variations, an eitplic
2. Subtract the background frame from the source framechange of local contrast and brightness is incorporate into
and detect the region where motions (changes) occur. the af ne model. Speci cally, the initial model takes the

form:
3. Calculate the NCC between the template and the re-

gion de ned in the previous step.

4. Measure candidate region locations and extract the re- (3)
?lon,_where the NCC get the local maxima, as the side \,are  and  are two new (also spatially varying) pa-
ace image. rameters that embody a change in contrast and brightness,

respectively. In order to estimate these parameters, the fo

In our work, the template is a small image containing the lowing quadratic error function is to be minimized:

side view of a person's head. Some results are shown in
Figure 2.

(4)

where , and denotes a small spatial
neighborhood. Since this error function is nonlinear in its
unknowns, it cannot be minimized analytically. To simplify
the minimization, this error function is approximated by us
ing a rst-order truncated Taylor series expansion. It now
takes the form below.

2.2 Side Face Image Registration

The quality of high-resolution images relies on the corect
ness of image alignment between consecutive frames. Thus
motion estimates must be computed to determine pixel dis-
placements between frames. In our work, an elastic regis-
tration algorithm [2] is used for motion estimation of face
pro les. Also, in order to obtain the optimal high-resotlari
image, we design a match statistic to detect and discard im- (5)
ages that are poorly aligned and may degrade the output

quality. Hence, the quality of high-resolution images can

be improved by rejecting such errors. where the scalar and vector are given as:

2.2.1 Local af ne model with Intensity Variations

Denote and as the source and target
images, respectively. The model rst assumes that the im-where are the spatial/temporal derivatives
age intensities between images are conserved, and that thef . Minimization of this error function is accomplished
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Figure 2: Low-resolution side face images extracted frotewus using the normalized cross correlation.
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Figure 3: The reference image (left) and the aligned imaigatjrwith the match statistic S.

by differentiating , setting the result equal to zero and This error function is again minimized by differentiating
solving for . The solution is, with respect to the model parameters, setting the result
equal to zero and solving
(6) Instead is expressed in the following form:
(10)

Intensity variations are typically a signi cant source af e
ror in differential motion estimation. The addition of the
contrast and brightness terms allows us to accurately-regis
ter images in the presence of local intensity variatione Th
model is given another assumption that the model param- ) . R
straint on the contrast/brightness parameters has theladdeis estimated from the current . The initial estimate
benet of avoiding a degenerate solution where a pure is estimated from Equation 6.

brightness modulation is used to describe the mapping be-

tween images. o 2.2.2 Match Statistics
To begin, the error function is augmented as follows:

where is the component-wise average ofover a small
spatial neighborhood, andis an 8x8 diagonal matrix with
diagonal elements , and zero off the diagonal. An iterative

A match statistic indicates how well a transformed im-
(7) age aligns with the reference image. It is used to se-

lect or reject transformations during alignment. If theesiz
where is de ned without the summation: of the reference image is MxN, the mean square error
E between the aligned image and the reference image is

(8)
. So the match statistic of the aligned im-

. ) ages is de ned as
with and as before. The new quadratic error term

embodies the smoothness constraint: (11)

— — 9)

If the value is close to 100%, then the image is well

aligned. A very low value indicates misalignment. How-
where is a positive constant that controls the relative ever, evenimages that are very well aligned typically do not
weight given to the smoothness constraint on parametersachieve 100%. For improving image quality, the method



works most effectively when match values are lower than The receptive eld (in ) of a detector whose output is
100%. the pixel is uniquely de ned by its center

A match threshold can be speci ed, which means no im- and its shape. The shape is determined by the region of
ages with the nal match statistic falling below this thresh the blurring operator, and by the inverse geometric trans-
old will contribute to the nal output. A perfect matchis formation . Similarly, the center is obtained by
100%. Zero means any image can be accepted. Some align- . An attempt is made to construct a higher res-

ment results are shown in Figure 3. Lo . .
olution image , which approximates as accurately as

] ) ) possible, and surpasses the visual quality of the observed
2.3 High-Resolution Side Face Image Con- imagesin

struction

) i 2.3.2 The Super Resolution Algorithm
Multiframe resolution enhancement seeks to construct a

single high-resolution image from several low-resolution The algorithm for creating higher resolution images is-iter
images. These images must be of the same object, takemtive. Starting with an initial guess  for the high res-
from slightly different angles, but not so much as to change olution image, the imaging process is simulated to obtain
of Super-recalution was st inoduced in 1984 by Taai an 5L Of oW resolution images - corresponding to
uper- ution w. i ucedi y Tsai : .
Huang [3] for multiframe image restoration of band-limited the observe_d |n.put Images : I wgre the correct
signals. In the last two decades, different mathematical ap high resolution image, then the simulated images
proaches have been developed. All of them seek to addresshould be identical to the observed image . The dif-
the question of how to combine irredundantimage informa- forence images are used to improve the ini-

tion in multiple frames. A good overview of existing algo- tja| guess by "backprojecting” each value in the difference
rithms is given by Borman and Stevenson [4] and Park etimages onto its receptive eldin , yielding an improved

al. [5]. In this paper, we use an iterative method proposedhi h resolution image This orocess is repeated itera-
by Irani and Peleg [6][7] to construct high-resolution side tivgel o minimize thge errér functFi)on' P

face images from low-resolution side face images. These y :
low-resolution side face images have been aligned using the
elastic registration algorithm in Section 2.2.

— (13)
2.3.1 The Imaging Model

The imaging process, yielding the observed image sequenc

%he imaging process of atthe iteration is simulated
, Is modeled by: y:

(12) (14)

where denotes a downsampling operator by a factor
, and * is the convolution operator. The iterative update
1. isthe sensed image of the tracked object in the scheme of the high resolution image is expressed by:
frame.

where

2. is a high resolution image of the tracked object in a — (15)
desired reconstruction view. Findingis the objective

of the super-resolution algorithm. . o .
where is the number of low resolution images. is an

3. is the 2-D geometric transformation formto upsampling operator by a factorand is a "backprojec-
determined by the computed 2-D motion parameterstion” kernel, determined by and  as explained below.
of the tracked object in the image plane (not including The averaging process reduces additive noise. The algo-
the decrease in sampling rate betweeand ). is rithm is numerically similar to common iterative methods
assumed to be invertible. for solving sets of linear equations, and therefore has-simi

. . . . lar properties, such as rapid convergence.
4. is a blurring operator, determined by the Point prop P g

Spread Function of the sensor (PSF). When lacking .
knowledge of the sensor's properties, it is assumed to 2.4 Face Pro le Recognition

be a Gaussian. For face prole recognition, we use a curvature-based

5. is an additive noise term. matching approach [8], which does not focus on all du-
cial point extraction and the determination of relatiopshi
6. is a downsampling operator which digitizes and among these ducial points like most of current algorithms
decimates the image into pixels and quantizes the re-do, but attempt to use as much information as a pro le pos-
sulting pixels values. sesses.



2.4.1 Face Pro le Extraction Here, represents the similarity between two
points on face pro les. Since the face pro le is represented
by the curvature of the pro le, is calculated by
Euclidean distance:

The outline of a pro le is treated as a function, which con-
sists of a set of points , including du-
cial points like nasion, pronasale, chin and throat. The fol
lowing is the procedure, which is used to extract the face (19)
pro le contour from the side view images.

face image and obtain a binary image. gaps. It should be small and yet exist just to control non-
diagonal moves. Generally, the penalties should be set to
2. Extract the outline curve of the front of the silhouette less than 1/10th the maximum of the . In our
(the pro le line) as the face pro le contour by extract- method, we use the same constant penalty for both horizon-
ing the leftmost point different from background. tal and vertical gaps. The nal score is the best
) score for the alignment. The smaller is, the higher
3. The 2D curve can be regardeq as 1D funqtlon , the similarity.
where x is a row index and y is a column index of a  Figyre 4 shows the face pro le extracted from a high-
pixel inside a pro le line. resolution image and the absolute values of curvature. Fig-
ure 5 gives an example of dynamic time warping of two face
2.4.2 Curvature Estimation pro les from the same person. From the similarity matrix

in Figure 5, we can see a light stripe (high similarity val-
In our method, the absolute values of curvature are com-es) approximately down the leading diagonal. From the
puted on face pro le contours. Gaussian Itering is applied dynamic programming matrix in Figure 5, we can see the
before curvature is estimated. It aims to eliminate theiabat  |gyest-cost path between the opposite corners visibly fol-
quantization noise introduced during the digitization-pro o5 the light stripe, which overlay the path on the similar-
cess, as well as other types of high frequency noise. Thejty matrix. The least cost is the value in the bottom-right

Gaussian convolution of - and depends bothon,  corner of the dynamic programming matrix. This is the
the signal's variable, and, the Gaussian's standard devia- yajye we would use to compare between different templates
tion. The Gaussian kernel is given by when we are doing classi cation.

— — (16)

3 Experimental Results

Curvature on IS given as. The data is obtained by Sony DCR-VX1000 digital video
camera recorder. We collect 28 video sequences of 14 peo-
a7 ple who are walking outside and presenting a side view to
the camera. The distance between people and the video
camera is about 7 feet. Figure 6 shows some examples of
our data. Each of the persons has two sequences. For 4 of
the subjects, the data was collected on two separate days
and about 1 months apart. Lengths of the sequences range
from 80 to 140, with an average of 100 frames, at 30 frames
per second. The shutter speed is 1/60 and the resolution of
each frame is 720x480.
2.4.3 Pro le Matching Using Dynamic Time Warping In our system, we reconstruct a high-resolution face pro-
le image from 11 low resolution face pro le images. These
low-resolution face pro le images are localized and ex-
tracted from 11 adjacent video frames by the correlation-

ase method. After aligning the other 10 low-resolution
face pro le images with the reference image using the elas-
tic registration algorithm, we apply the super resolutibn a
gorithm to construct a high-resolution face pro le image.
The low-resolution reference image is typically the face

where the rst and second derivatives of X and Y is rep-
resented as , , and ,respectively

Using the curvature value, the ducial points, including
the nasion and throat can be reliably extracted using a fas
and simple method in [8].

A dynamic time warping method is applied to compute the
similarity of two face pro les from nasion to throat. The ab-
solute values of curvature are used to represent the shap
of face pro le contours. The dynamic time warping is an
algorithm to calculate the optimal score and to nd the opti-
mal alignment between two strings. This method is a more
robust distance measure for time series than Euclidean dis

tance. For two strings and , We com- - : .
pute for entirge sequences, whereanges from 1 to pro le image c_:orrespondlng to the middle one among 11
and ranges from 1 to ’is de ned as: consecutive video frames in the sequence. In our work, a

70x70 pixel reference image is rst expanded to a 140x140
pixel image by nearest neighbor or bilinear interpolation
method. The upsampled reference image will simply be a
blurred version of the original, but at the desired higherf re
(18) olution. The goal now is to use the information from the rest
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Figure 4: The extracted face pro le and the absolute valdesivature.
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Figure 5: The similarity matrix (left) and the dynamic pragrming matrix (right).

of the aligned low-resolution images to obtain a more accu- quences for each person as sequence A and sequence B.
rate high-resolution image. The Irani-Peleg method usesFrom each sequence, we construct three high resolution
a point-spread function to model the optical and electronic face pro le images using 33 frames, each of which uses 11
properties of the image capture device used. We tested sevirames. We totally obtain 6 high-resolution images from
eral lters to model the spatially variant point spread func both Sequence A and sequence B. Figure 10 shows these
tion (PSF) of the acquisition system in order to improve ac- six high-resolution images for one person. We test recog-
curacy of the model. In this paper, we use a circular averag-nition performance 6 times using different training images
ing Iter with diameter 4. and testing images. For one half, we use the three high-
The resolution of the original low-resolution face pro- fSOI?“Qn. facde pt)ro le :jmag(;s c;ftﬁacr? pr:erson Ifr?_m sfequence
le images is 70x70 and the resolution of the reconstructed | as training data, and €acn of the nigh-resoiution face pro-
e images from sequence B as the testing data in turn. For

high-resolution face pro le image is 140x140. Figure 7 the other half, we use the three high-resolution face pro le
shows some of the low-resolution face pro le images from . ages of each person from sequence B as training data,

adjacentvideo frames and Figure 8 shows the edges of thesgn ; X .
: : .+ and each of the high-resolution face pro le images from se-
face pro le images. Figure 9 shows the reconstructed high quence A as the testing data in turn. There are always 14

resolution face pro le image and its edges. For comparison, people and so 52 images in the training set and 14 images

we resize the low-resolution face pro le images by using bi- for 14 peoole in the testing set. We use 3-nearest neiahbor
linear interpolation. We can see that the reconstructeua-hig peop g set.. +heig
to decide the label for a testing image. The label is the hy-

Irtecs:gLuggnsg?]gti; ri‘;utﬁgté%t;%r itrrr‘%';g’s""t'ggts?rl]‘é“g(;‘é?sagfes'h glothes.is, which gets the most vote based-on the rst three
imilarity distance ranking from low to high. If the num-

high-resolution image are much smoother and more reI'ableber of votes is equal, the label with the smallest distance is

than that of the low-resolution images. In fact, for low- assianed to the testing image. A test imade. which has a
resolution images, we could not even obtain a complete face 9 9 ge. g€,

. : : corresponding image in the database, is said to be correctly
pro le from the edge image. This explains why we need to . L . ;
apply super resolution algorithm to our problem. Using the 'tﬂir}tégg Ir]:i;{igi fgsrlrﬁtca sl?nbeLLsr %Sé'ﬁggd[‘: o-rr?r?ées& Zgogﬁ_
reconstructed high-resolution image, we can extract more 9 9 y P

X . “ments, the recognition result are different. It is so evan fo
[ghaggljeatures from face pro le to perform the recogni the differentimages constructed from the same sequence. It

can be explained by the dynamics of a video, such as while

Recognition performance is used to evaluate the sig-people are moving and their face expressions may change.
ni cance of our method, the quality of extracted features The best recognition rate is 78.6% (3 errors out of 14 per-
and their impact on identi cation. We distinguish two se-
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Figure 6: Four adjacent video frames
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Figure 7: The four low-resolution side face images resizaedding bilinear interpolation.
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Figure 8: The edge images of four low-resolution side faces

Figure 9: The reconstructed high-resolution side face tneldge image.

Table 1: Experimental results using our method

. Training Set
Testing Set Three images from sequence Agrhree images from sequence
Image 1 from sequence A 78.6%
Image 2 from sequence A 78.6%
Image 3 from sequence A 64.3%
Image 1 from sequence H 78.6%
Image 2 from sequence H 71.4%
Image 3 from sequence H 78.6%

B
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Figure 10: The six high-resolution side face images for agrsgn. Each of the images is constructed from 11 frames.

sons) and the worst is 64.3% (5 errors out of 14 persons).[3] R. Tsai and T. Huang, “Multiframe image resoration angtre

On the average, more than 70% people are correctly recog-
nized by face pro le.

The experiments show that our approach for face pro- [4]

le recognition in video is promising. Since face pro les

are sensitive to noise, when people are walking at a dis-
tance from a video camera, the face pro les shown in low- |5
resolution videos are not reliable enough for the recogmiti
task. The constructed high-resolution images have better

quality and more reliable features from a face pro le ob- [6]

tained. So our method is relatively robust in reality under
different conditions. Although the experiments are done on
a small database, our system has potential since it deds wit
real problems in a reasonable way and shows that face pro
le is a useful biometrics.

(8]

4 Conclusions

This paper introduces a practical approach for human recog-
nition based on face pro les from a low-resolution video
sequence. For optimal face pro le recognition, we use both
the spatial and temporal information presented in a number
of consecutive frames to construct high-resolution face pr

le images. Some important issues that concern real-world
applications are addressed in this paper. Experiments on a
number of dynamic video sequences demonstrate the appli-
cability and reliability of our method.
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