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Abstract fore, successful video-based face recognition must be able

to classify faces with a range of image plane and 3-D ori-
This paper presents a novel method to model and recog-entations. In addition, a good recognition method should
nize human faces in video sequences. Each registered perbe robust to misalignment errors introduced by inaccura-
son is represented by a low-dimensional appearance man-ies from the tracking module. Meanwhile, partial occlu-
ifold in the ambient image space. The complex nonlinear sion poses another serious challenge, and this is likely to
appearance manifold expressed as a collection of subsetgccur at some instants in unconstrained applications such
(named pose manifolds), and the connectivity among themas vision-based human computer interaction.
Each pose manifold is approximated by an affine plane. To o, the other hand, recognition in video offers the oppor-
construct this representation, exemplars are sampled fromy ity 10 integrate information temporally across the dide
videos, and these exemplars are clustered witi-@eans  ggquence, which may help to increase the recognition rates.
algorithm; each cluster is represented as a plane computedgr framework exploits temporal coherence in the follow-
through principal component analysis (PCA). The connec- ing ways. First, our proposed appearance model is com-
tivity between the pose manifolds encodes the transitionposed of a collection of pose manifolds, and a matrix of
probability between images in each of the pose manifold i ansition probabilities to connect them. The transition
and is learned from a training video sequences. A maxi- yropapilities among the pose manifolds are learned from
mum a posteriori formulation is presented for face recog- {raining videos each one characterizes the probability of
nition in test video sequences by integrating the likelthoo moving from one pose to another pose between any two
that the input image comes from a particular pose manifold ¢onsecytive frames. We use the transition probability to im
and the transition probability to this pose manifold frone th plicitly infer the appropriate pose for each incoming video
previous frame. To recognize faces with partial occlusion, frame, and then integrate this information by Bayes’ rule to
we introduce a weight mask into the process. Extensive & perform face recognition. Therefore, our method effedyive
periments demonstrate that the proposed algorithm outper—captures the dynamics of pose changes and thereby exploits
forms existin_g frame-based face recognition methods with,o temporal information in a video sequence for recogni-
temporal voting schemes. tion. Second, we use consecutive frames to define a mask
whose elements represent the probability that a pixel cor-
responds to an occlusion. The mask is iteratively updated
by analyzing the difference between the observed image at
reach time instance and the reconstructed image predicted

1 Introduction

Face recognition has long been an active area of researc _
and numerous algorithms have been proposed over thd/©M Previous frame.

years. However, most research has been focused on rec- We have implemented the proposed method and evalu-
ognizing faces from a single image. Face recognition usingated it with numerous experiments. The experimental re-
video presents various Cha”enges and Opportunities_ Typ.SUltS show that our method is effective in reCOgniZing faces
ica”y’ recognition using image sequences is done usingin videos Containing Iarge variation of head motion as well
a two-stage system: a tracking module and a recognitionas partial occlusions.

module. Given a video frame, a tracking module takes an  This paper is organized as follows. We briefly summa-
estimate of the object’s location in the previous frame and rize the related literature which motivates this work in Sec
returns a subimage in the current frame that contains thetion 2. In Section 3, we detail and contrast our algorithms
object. A recognition module then operates on the subim-with other existing work. Numerous experiments on a large
age, perhaps integrating information/decisions fromiearl and rather difficult data set are presented in Section 4. We
frames. In avideo, head pose may vary significantly. There-conclude with remarks and future work in Section 5.



2 Related Work something advocated in several prior works [3, 1, 19], and
both learn the relationships among these models [13, 20,

Most of the research work in the literature concentrates21, 25]. However in this paper, we consider propagating
on representation and classification methods for recogniz-the probabilistic likelihood of the linear models through
ing faces in still and oftentimes single images [4, 24, 30]. the transition matrix (i.e., utilizing temporal informati)
Although there exist numerous face recognition algorithms 0 recognize human identity. Furthermore, we exploit the
operating on image sequences, they typically use temporajnformation learned in the local models and transition ma-
voting to improve identification rates [12, 26, 28]. We also 1rix to infer missing data in recognizing partially occlutie
note that there exist several algorithms that aim to extractfaces.
2-D or 3-D face structure from video sequences for recog-
nition and animation [5, 14, 6, 7, 8, 9, 29, 11, 23]. However — .
these methods requi[re meticulous procedures ]to build 2-D3 Probabilistic Appear ance M anifold
or 3-D models, and do not fully exploit temporal informa-
tion for recognition.

Among the few attempts aiming to truly utilize temporal
information for face recognition in image sequences rather
than simple voting, Li et al. presented a method to con-

Consider a recognition problem witN' objects where the
images of an object are acquired by varying the viewpoint.
It is well understood that the set of images of an object
under varying viewing conditions can be treated as a low-
§dimensional manifold in the image space as demonstrated
. . . in parametric appearance manifold work [19] or view-based
T e USSP apoach 2] T ecogniion sk s s
priate shape model for tracking and recognition. However forward If the appearance maquMk fpr each indwvidual
. N . 'k is known: for a test imagé, the identityk* can be deter-
it does not fully ta.ke advantage of coheren_ce information ined by finding the manifold,, with minimal “distance”
between consecutive frames except for a weighted tempora ol ie
voting scheme to fit model parameters. Zhou and Chellappa ™ "' "~
[31] proposed a generic framework to track and recognize
human faces simultaneously by adding an identity variable
to the state vector in the sequential importance sampling
method. They then marginalize over all state vectors to
yield an estimate of the posterior probability of the idgnti
variable. Though this probabilistic approach aims to inte-
grate motion and identity information over time, it never-
theless considers only identity consistency in temporal do
main and thus may not work well when the target s partially
occluded. Furthermore, it is not clear how one can extend
this work to deal with large 3-D pose variation. Krueger
and Zhou [15] applied an on-line version of radial basis
functions to select representative face images as exemplar
from training videos, and in turn this facilitates trackad
recognition tasks. The state vector in this method consists
of affine parameters as well as an identity variable, and the
state transition probability is learned from affine tramsfo
mations of exemplars from training videos in a way similar
to [27]. Since only 2-D affine transformations are consid-
ered, this model is effective in capturing small 2-D motion
but may not deal well with large 3-D pose variation or oc- Figure 1: Appearance manifold. A complex and nonlinear man-
clusion. ifold can be approximated as the union of several simplee pos
Recently, Li et al. [17] applied piecewise linear mod- manifolds; here, each pose manifold is represented by a PCA

. . . plane.
els to capture local motion and a transition matrix among
these models to describe nonlinear global dynamics. They
applied the learned local linear models and their dynamic
transitions to synthesize new motion video such as chore-
ography. Our work bears some resemblance to their method 1 1
in the sense that both methods utilize local linear models, p(kll) =+ exp(gd%(ﬂ My)). (2)

k' = argmkin dy (I, My,). Q)

Here, dy denotes thd.?2—Hausdorff distance between
the imagel and M. Letxz € M denote a point on a
manifold M;, wheredim (M) < dim(I). Given a point
x € M, let the corresponding reconstructed face image be
denotedl, wheredim(I) = dim(I,). If z* is the point
on M;, at minimal L? distance tol, thendg (I, M;) =
d(I,z*) whered(-,-) denotes thel.? distance. Alterna-
tively, * can be regarded as the result of some nonlinear
projection ofl onto Mj,.

Probabilistically, Equation 1 is the result of defining the
conditional probability(k|I) as



whereA is a normalization term, and for a given imafe

k* = arg max p(k|I). 3)

In order to implement this recognition scheme, one must
be able to estimate the projected pairite My, and then
the image to model distancéy (I, My), can be computed
for a givenI and for eachM}. However, such distances
can be computed accurately onlyAf; is known exactly.

In our case M}, is usually not known and can only be ap-
proximated with samples. The main part of our algorithm is
to provide a probabilistic framework for estimating and
dy(x*,1). Note that if we define the conditional probabil- Figure 2: Difficulty of frame-based recognition: The twoidol

ity pas, (/) to be the probability that among points df,, curves denote two different appearance manifolds, and Mg
i h‘;s the smallest2-distance ta. then It is difficult to reach a decision on the identity from franige_s
x* ]

to framel, because these frames have smallédistance to ap-
pearance manifoldd/4 than M. However, by looking at the
dp (I, My) = / d(@, Dpar, (x| I)da, (4) sequence of images_g . .. I;1s, it is apparent that the sequence
M has most likely originated from appearance manifblg .

and Equation 1 is equivalent to

L — argmin/ d(z, Dpas, (x| 1)dz. (5) The above equation shows that the expected distan_ce
ko J d(I, M}) can be also treated as the average expected dis-

The abovementioned formulation shows thiat( 1, M) tance betv_veeni and each pose manifom’”._ 'T‘ addition, .
can be viewed as the expected distance between a singléh's_ eq_uatlon_transforms the mtegrgl to a finite summation
image framel and a complex appearance manifaig,.  WNich 'Sf feasible to gqmp?te nurr_1der|cally.

Clearly, if M}, were fully known or well-approximated (e.g., For ace recognition from video seguences, we can
described by some algebraic equations), then, (x|I) exploit temporal cohergnce betweezn consecutive image
could be treated as & function at the set of points with fr_ames. As s_hown_ n F|ggre 2, the _horm may occa-
minimal distance td. When sufficiently many samples are Sionally be misleading during recognition. But if we con-
drawn fromM;,, the expected distanc# 7, M; ) will be a sider previous frames in an image sequence rather than just
good approximation of the true distance. The reason is that®"®: then thgf S|§t of closefst po'mvll”” rt]rlacle a Clérvg, odn b
pur, (z/I) in the integrand of Equation 4 will approach a & POS€ maniold. In our framework, this is embodied by

delta function with its “energy” concentrated on the set of the termp(C_ l|~’? n Equatlon 6. In Section 3.1, we will
points with minimal distance té. In our case}My, at best, apply Bayesian inference to incorporate temporal informa-

is approximated through a sparse set of samples, and so wiOn 0 provide a better estimation o{C*'|I), and thus

will model pyy, (/1) with a Gaussian distribution. dg (I, M}) to achieve better recognition performance.
Since the appearance manifdld, is complex and non- ‘

linear, it is reasonable to decompask, into a collection 3.1  Computing p(CF|I;)

of m simpler disjoint manifoldsp, = C*' U ... U CF™

whereC** is called a pose manifold. Each pose manifold is

further approximated by an affine plane computed through

principal component analysis (called a PCA plane). We de-

fine the conditional probability(C*!|I) for 1 < i < m

as the probability that’** contains a point with minimal

distance td. Sincepas, (z|1) = Y. | p(C*|Dpew: (2| 1),

For recognition from a video sequence, we need to esti-
matep(CFi|1,) for eachi at timet. To incorporate tem-
poral information,p(C¥|I;) should be taken as the joint
conditional probabilityp(CF*|I;, Ip.s—1) where Io.;—; de-
notes the frames from the beginning up to time 1. We
further assumé,; and/y.;_; are independent giveﬁfi, as
well asCF andly.;_; are independent givefi/*’ ;. Using

we have, Bayes'’ rule we have the following recursive formulation:
du(l,My) = /Mk d(@, Dpa, (z1Ddz PCE L, Io—1) = & p(L|CY T )p(CF o)
(el / dp (2, pers (| 1)dx = ap(LICH) Y p(CFIC L Tow-1)p(CEL Toie)
=1 Cki j:1
= > p(C*[D)du(I,C*). (6) = a p(LICF) Y p(CFIC )p(C2 | T 1 T4 —2)(7)
i=1 j=1



whereq is a normalization term to ensure a proper proba-  Second, for eacl$;; we obtain a linear approximation

bility distribution. of the underlying subset’** c M; by computing a PCA
The temporal dynamics of the video sequence is cap-planeLy; of fixed dimension for the images ifi,;. Since

tured by thetransition probabilitybetween the manifolds, the PCA planes approximate appearance manifblctheir

p(CF|CF ). Note thatp(CF|C}7,) is the probability of  dimension is the intrinsic dimension 81, and therefore all

x; € CF givenz,_; € C*. For two consecutive frames PCA planed.; have the same dimension.

I,y and I;, because of temporal coherency, we expect Finally, the transition probability(C*?|C*7) is defined

that their projected points;_; andz; should have small by counting theactualtransitions between differeist; ob-

geodesic distance ol (See Figure 2). That is the tran- served in the image sequence:

sition probabilityp(C¥'|CF7 ) is related implicitly to the

eodesic distance betweéfi: andC*J . N 1 <
geodesic d v pCHICN) = 5 3 0lg-1 € Ski)d(Iy € Sij) - (8)

q=2

P (Ck2 | Ck3 whered(I, € Si;) = 1if I, € Si; and otherwise it i9).
The normalizing constamt;; ensures that
> p(CHCh) =1. 9)
j=1

where we sep(C*!|C*?) to a constank. A graphic repre-
sentation of a transition matrix witlh = 5 learned from a
training video is depicted in Figure 4.

With C** and its linear approximatiofi;; defined, we
can define how(I|C*?) can be calculated. We can com-
pute thel? distancesly,; = dp (I, Lg;) from I to eachLy;.

Figure 3: Dynamics among pose manifolds. The dynamics amongwe treatd,; as an estimate of the true distance fréno
the pose manifolds are learned from training videos which de Ccki, i.e.dy(l, C’”) = dy (I, L). p(Ilcki) is defined as
scribes the probability of moving from one manifold to aresth
at any time instance.

pIICM) = - exp(s——sd

2
- o5 ozt (10)

. . . H - m -1 32
3.2 Learning Manifoldsand Dynamics with Ap; = 3770 exp(gyzdi;)-
Notice that we use a non-compact subspaggto ap-

For each persok, we collect at least one video sequence proximate a compact pose manifa@ltf’. The infinite extent

containingl consecutive images;, = {I1,---,[;}. We of Lj; might be better captured by the underlying Gaussian,
further assume that each training image is a fair sampleand similar work has been done by Moghaddam et al.[18].
drawn from the appearance manifdld,. There are three  However, our experiment shows that the recognition result
steps in the algorithm. We first partition these samples into using this more elaborate algorithm is no better than the one

m disjoint subset$.5;, - - - , S,, }. For each collectiorby;, proposed in the paper. This can be explained by the fact
we can consider it as containing points drawn from some that although the linear subspaces are non-compact, the tes
pose manifold”** of M}, and from the images iS};, we images will almost always be drawn from a compact sub-
constructa linear approximation to thé? of the true mani-  set of the image space. This effect makes the subspaces
fold M. After alltheC* have been computed, we estimate functionally compact in our algorithm. In other words, the
the transition probabilities(C**|C*7) for i # ;. subspaces behave as they only have finite extent.

In the first step, we apply & -means clustering algo-
rithm to the set of images in the video sequences. We ini-
tializem seeds by finding: frames from the training videos
with the largestZ? distance to each other. Then the general Given an imagd from a video sequence, we compute for
K-means algorithm is used to assign images taithelus- each persoft the distancely (I, M}) using the Equation
ters. As our goal in performing clustering is to approximate 6. Note thatp(C*i|I) has a temporal dependency, and it
the data set rather than to derive semantically meaningfulis computed recursively using Equation 7. Once all the
cluster centers, it is worth noting that the resulting @dost  dy (I, M) have been computed, the posterigi|l) is
are no worse than twice what the optimal center would be if computed by Equation 2 with appropriateand the human
they could be easily found [10]. identity is decided by Equation 5.

3.3 Face Recognition from Video



when computingl i (Mg, I;). We introduce an image mask
W, which defines the probability that a pixel is occluded,
whereW has the same dimension as imageand its el-
ements are initialized with &, i.e., assuming there is no
occlusion at the first frame and no pixel is downweighted.
Thedy (Mg, It) is then replaced by the weighted distance
dp (M., Wy. x I) where .x denote element-by-element
multiplication. Let the weighted projection &¥;. « I; on
M~ bex*, the maskV; is updated in each framig by the
estimate at a previous fram&;_; by

(Ip» — L) % (I — 1)) (11)

in the first iteration. Alternatively}¥, can be iteratively
updated based on the") andi(? (i.e., the reconstructed
image based th(l) andd g (M., Wt(l). x 1p))

Figure 4: Graphic representation of a transition matrixried Wt(“rl) = exp( 1 5 (fg(f*) —I). x (fg(f*) -L)) (12)
from a training video. In this example, the appearance rokhif *a
is approximated by, pose subspaces. The reconstructed center
image of each pose subspace is shown at the top raw and column

The transition probability matrix is drawn by thex 5 block dia-

gram. The brighter block means a higher transition profigbit

is easy to see that the frontal pose (pose 1) has higher plibpab
to change to other poses; the right pose (pose 2) has almmst ze
probability to directly change to the left pose (pose 3).

— 'l|
It is also worth mentioning that the proposed framework

exploits the temporal coherence in the appearance of con-

secutive face images by integrating the manifold transitio

at the previous and current time instance. For face recog-

nition with varying pose, our method ensures that the tran- Figure 5: Top row: (left) an unoccluded face image, (ceraa®-
sitions between pose manifolds do not occur arbitrarily but constructed image using corresponding pose manifold, et
rather in a constrained order. For example the appearance corresponding mask). Bottom row: (left) a face image abyti

of one person’s face cannot change immediately from left occluded by one hand, (center) a reconstructed image using-c
profile to right profile in two consecutive frames, but rather sponding pose manifold, and (right) an updated mask.

it must pass through some intermediate pose or orientation

(See Figure 6). This process can also be considered as Both the appearance manifold and mask information at
putting a first order Markov process or finite state machine previous frames are utilized to estimate the current occlu-
over a piecewise linear structure. In contrast, simple tem-sion mask in the equations above. We first perform the
poral voting scheme has been commonly adopted in mostweighted projection to find a reconstructed image using the
video-based face recognition methods [16] [26]. corresponding pose manifold and iteratively estimate the
occlusion areas in the current frame. Once we get an up-
dated mask¥; in frame I, by Equation 11, we evaluate
Equation 6 for face recognition by replacinlg (CF, I,)
Similar to our formulation exploiting temporal informatio ~ with dH(C[”', Wi x I).

for recognition, the same approach can be easily extendedto Figure 5 shows an example where a face is partially oc-
deal with partial occlusion of a face by considering the pre- cluded by an object (lower left). The reconstructed im-
vious frame as prior information. The original formulation age using the corresponding pose manifold is shown in the
for dy (CF', I,) treats every pixel in imagé, with equal lower center. The updated mask is shown in the lower right
weight assuming that there is no occlusion anywhere in thewhere the values have been thresholded — a dark pixel de-
image sequence. If we knew which pixels correspondednotes a probability of occlusion. Note that the updated mask
to occlusions, we would put lower weights on those pixels matches the occluded region reasonably well. Note also that

until the difference betweeWt(i and Wt(i_l) is below a
"threshold value at thath iteration.

3.4 Recognizing Partially Occluded Faces



the mask predicts that several pixels are occluded thoughin We evaluated the proposed algorithm on two sets of
fact they are not. This is caused by the disagreement bewvideos: one without any occlusion and one with partial oc-
tween the input image and the reconstructed image. Neverclusion. The overall recognition rate in the experiments is
theless, the regions that matter most for recognition ¢he. defined by the number frames where the identity is correctly
central face region and the occluded region) are weightedrecognized divided by the number of frames in all the test
appropriately. Our experimental results, presented in thevideos.

next section, also demonstrate that the mask scheme is ef-

fective in recognizing partially occluded faces. 41 Number of Linear PCA Planes

4 Experimentsand Results o4
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:* e Figure 7: Recognition rate vs. number of piecewise lineaAPC
planes of our method. It shows that the proposed methodhsrrat

robust to parameter selection (i.e., the number of posefoidsi
used in approximating appearance manifold.)

Figure 6: Sample gallery videos used in the experimentse Mt
pose variation changed is rather large in this data set.

We performed numerous experiments and compared We first evaluate the proposed algorithm in the test set
the proposed algorithm with other methods in the con- without occlusion, and analyze the number of PCA planes
text of video-based recognition. Since there is no stan-required to construct appearance manifolds yielding good
dard database that contains large 2-D and 3-D head rotatioriecognition results. Figure 7 demonstrate that the average
for video-based face recognition, we collected a setiof  recognition rate does not change much when the number of
videos 0f20 different people for experiments (This data set PCA planes is varied from 5 to 30. The results suggest that
will be made available to the vision community in the near the appearance manifold can be effectively approximated
future.). Each individual in our database has at least twowith a small number of PCA planes. The proposed algo-
videos where each person moves in a different combinationrithm performs well over a reasonably large range which
of 2-D and 3-D rotation, expression, and speed. Each videoshows that one can easily pick an appropriate number of
was recorded in an indoor environment and each one lastedCA planes. Obviously, a smaller number of PCA planes is
for at least 20 seconds (with 30 color framesdf x 480 preferable for computational efficiency reasons. However,
pixels per second). Some cropped frames from the videosthe recognition rate drops significantly and quickly when
are shown in Figure 6. A variant of the eigen-subspace the number of manifolds is rather small (fewer than five for
tracker [2] was used to locate the face, and the results werdhis data set). This is consistent with the claim that the ap-
inspected by humans. Each image was then downsample@earance manifold is nonlinear and complex.
to 19 x 19 pixels for computational efficiency.

To reduce the effect of misalignment caused by the 4.2 Transition Matrix P(ckz|ckj)
tracker, we added small 2-D perturbations including trans-
lation (within 2 pixels in all directions), and scaling (\ih In this set of experiments, we demonstrate that the tran-
a scale from 0.9 to 1.1), to enlarge the training sets beforesition matrix, P(C*|C*7), in the proposed method cap-
applying the proposed probabilistic algorithm. ture the image dynamics sufficiently to improve recogni-



| COMPARISON OFTEMPORAL STRATEGIES |

Temporal Strategy Accuracy (%)

Proposed Method 92.1
Temporal Voting 86.3
Uniform Trans. 85.5

Table 1: Recognition results using various temporal sjiateon
a test set of videos without occlusion.

tion rates. Using the set of videos without occlusion, we
compared our method with two different strategies, tempo-
ral voting and a uniform transition probability scheme. All

training videos in the proposed algorithm. For the Ensem-
ble of LPCA method, we used the same 30 PCA planes con-
structed in the proposed method but did not use the learned
transition matrix. This method is, in spirit, similar to the
view-based Eigenface method [22]. The dimensionality of
Fisherface method is set to 19 (i.e., the number of classes
minus 1) and the dimensionality for other methods is empir-
ically set to 30. Though it may not seem to be fair to com-
pare video-based and frame-based recognition algorithms,
these baseline experiments suggest that frame-based meth-
ods may not work well in an unconstrained environment
where there are large pose changes. For the test videos
without occlusion, the Ensemble of LPCA method performs
better than classic linear models (Eigenface and Fisherfac

three methods used the same number of manifolds for eachmethods) because an image sequence usually contain 2-D

personm = 5; they differ in their way of utilizing tempo-

ral information. The temporal voting scheme, commonly
used in recognition methods is based on multiple frames,
makes an identity decision by taking votes of the results of
the previousf frames. In this case, 30 frames were used.
The uniform transition scheme simply sets all the entries of
transition matrix tol, which means that no temporal dy-
namics are learned or utilized in the recognition process.

and 3-D rotations, which can not be effectively approxi-
mated by a global linear model. These results also show
that the use of image dynamics by our method greatly helps
face recognition in video. Except for the proposed method,
all other methods performed poorly on the test videos where
some faces were partially occluded. This result shows that
appearance coherence between consecutive frames helps in
predicting occlusions and in turn facilitates the recagnit

The experimental results, shown in Table 1, demonstrateprocess.

that our method outperforms others by a significant mar-
gin. In other words, learning transition probabilities argo
the pose manifolds does facilitate recognition which canno
be achieved by method using no dynamics information or a
simple temporal voting scheme with a large window size.

4.3 Comparison with Single Frame Algo-
rithms and the effect of occlusion

| COMPARISON OFRECOGNITIONMETHODS |

Method Accuracy (%)
Videos w/o | Videos with
occlusion occlusion
Proposed Method 95.1 93.3
Ensemble of LPCA 82.2 20.9
Eigenface 75.51 28.37
Fisherface 75.42 20.47

Table 2: Recognition results using different methods. Tdwe r
sults are based on the average recognition rates achievedchy
method.

For completeness, we compared our method with sev-

eral frame-based face recognition algorithms in the liter-

5 Conclusion and Future Work

We have presented a novel framework for video-based face
recognition. The proposed method builds an appearance
manifold which is approximated by piecewise linear sub-
spaces and the dynamics among them embodied in a transi-
tion matrix learned from an image sequence. It is worth
noticing that the image sequences considered in this pa-
per contains large 2-D and 3-D rotations as well as partial
occlusions. These situations might occur in many vision-
based human-computer interaction or surveillance applica
tions. As experimentally demonstrated, our method approx-
imates nonlinear appearance manifold well and achieves
good recognition rates in video-based face recognition.
Though the proposed model handles large motions well, it
is nevertheless sensitive to large illumination changed, a
our future work will address this.
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