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oLz Abstract difficult to obtain. uee
013 . . 067
014 _ o _ In the general optical flow model, it is common to adopt 068
o1 In this paper we present a novel non-rigid optical flow 3 data term consisting of color and gradient constraings (e. e
e algorithm for dense image correspondence and non-rigid Brox and Malik [/]) and an additional smoothness term. o
o1,  mage registration. The algorithm introduces a smooth- However, most previous optical flow formulations only con- -
g essterm based on laplacian cotangent mesh deformationsjder global smoothness and ignore formulations that pre- -,
Such deformation approaches are popular in graphics re- serve local image detail.
019 ; ; : 073
020 search, zartlcurllarly for presfervmg. IO?‘;I detail. InﬁurWO ith Many optical flow techniques concentrate on problems ,,
01 v;/]e |r.1trc_)| uce the C,O”C‘?Pt or th'fa I%W STOOt ness WIth yyhere the scene movement s largely rigid in nature. How- .
0oL r:aswlnl ar hmouvat:pn 0 |mpc;]smghoc_a etal _pr:eservznfl ___ever, there are many problem cases where we would like to
023 The algorithm applies a mtlas LO the |mag(;e with a lresc()ju:!on calculate flow given highly non-rigid global and localimage
024 Ep tr? one \Lefrtex per pixel. This l.JsleSI € ??j ing es de 'nbeqjisplacements over long image sequences. One recent prob- ¢
025 y the mesh faces to er;]su]rce sen|5| i€ localde (_)rm:tlor?s” €lem highlighting this particular case is the alignmentof 3D
o Mween image pairs . The formulation is contained wholly 4y amic facial sequences containing highly non-rigid de-
o |nS|de_ the optical flow opt|m|sat|<_3n, and can pe applied in formations b, 3. The problem requires non-rigidly align- .
028 ?S”a'ghtfo'.’warq manner to a wide range of image track- ing a set of images to a reference - e.g. a neutral facial g,
oo ing and registration prob_lems. We evaluate our approach expression. Each image - referred to as a UV rhipac- o
. on ;iveral datahsets against sev;zral popl_lollar_optlcal f(IjO|W aI; companied by a corresponding 3D mesh, and each mesh has
031 gorlt_lms. We show o;:r approach to provide improved local , gifference vertex topology. Once the UV maps are regis- -
02 etall preservation when registering image Sequences CoNyere tg a reference image (e.g. a neutral expressiongwert ..
iy @ining non-rigidly deforming objects. correspondence can be imposed. The technique is popular g
034 in 3D Morphable Model constructior®] 2]. 038
035 1. Introduction Beeler et al{]] and Bradley et al§] adopt a sllghtly dlf-. 089
036 ferent approach to mesh correspondence. In their solytions 090
037 Many important problems in computer vision require the image displacement is calculated from camera views and 091

038 tracking of non-rigid objects, calculation of dense image then used to deform a reference mesh from an initial frame 092
039 correspondences and the registration of image sequencethrough a 3D sequence. The optical flow provides guides 093

040 containing highly non-rigid deformation. Existing algo- for adjusting pixel positions, and the mesh reduces arefac 094
041 rithms to achieve this include model based tracking],[ by imposing a constraint to precent faces on the mesh from o095
042 dense patch identification and matchify proup-wise im-  becoming inverted or flipped. 096
043 age registration], space-time trackingi[y] and optical Mesh and image deformation research in graphics is an 097
044 flow[13 4, 7]. active area of research][ Such techniques provide flexi- 098
045 Optical flow is an attractive formulation since it pro- ple methods to invoke deformation while preserving some 099

046 vides a dense displacement field between image pairs. Indesired properties such as local geometric detail. As such, 100

047 most standard approaches, assumptions regarding brightit is interesting to also consider such solutions as smooth- 101
048 ness constancy between images and smoothness in motiofess constraints in optical flow calculation, and this forms 102

049 between neighboring pixels are adopted 13. Sun et the central basis of our presented work. 103
050 al [14] adopt a different approach and introduce a method 104
ool to overcome these. cor?stralnts by leamm.g a probabilistic LUV refers to the XY location of a pixel in the image. UV map igth 105
052 quel for f_Iow estimation. However, their approaf:h '€~ graphical term for théexturefor a 3D model. Each UV location mapstoa 106
053 quires training pre-calculated flow ground truths, whiod ar 3D vertex on a corresponding mesh 107
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1.1. Contributions 2.1. Data Term Definition 122}
In this paper we present a novel non-rigid optical flow Following the standard optical flow assumption regard- 164
algorithm for dense image correspondence and non-rigiding brightness constancy, we assume that the color value of 165
image registration. The algorithm introduces a smooth- a pixel is not changed by its displacement through an image 166
ness term based on laplacian cotangent mesh deformatiorsequence. In addition, we also assume a gradient constancy 167
Such deformation approaches are popular in graphics re-assumption. This is added to provide additional stability 163
search, particularly for preserving local detail. In oumivo  where the first assumption (brightness constancy) is vio- 169
we introduce the concept for optical flow smoothness with lated by changes in illumination. Our data term encoding 170
the similar motivation of imposing local detail preseroati these assumptions is therefore formulated as: 171
The algorithm applies a mesh to the image with a resolution 172
up to one vertex per pixel. This uses edge angles defined 173
by the mesh faces to ensure sensible local deformations be- Epata (W) = Z V(L (X +w) = LX) +... (2 174
tween image pairs . The formulation is contained wholly Q 175
inside the optical flow optimisation, and can be applied in U(VIi (X +w) — VI;(X))? 176
a straightforward manner to a wide range of image track- 177
ing and registration problems. We evaluate our approachon We use the increasing concave functidns?) = 178
several data sets against several popular optical flow algo-v/s2? + €2 with ¢ = 0.001 similar to Brox and Malik {] 179
rithms. We show our approach to provide improved local to solve this formation. This results in allowingl mini- 180
detail preservation when registering image sequences conmization. The remaining ter¥ = (8,,4,)” is a spatial 181
taining non-rigidly deforming objects. gradient. 182
Our paper is organized as follows. In the section 2 we . 183
outline our strategy for calculating optical flow displace- 2-2- Global Smoothness Constraint 184
ments between image pairs. In Section 3 we then describe oy first smoothness term is a dense pixel based regu- 185
how we adopt this algorithm in a coarse-to-fine framework. |arizer that penalizes global variation. The objectiveds t 186
Section 4 presents an evaluation of our approach on 12 seproduce a globally smooth optical flow field, and it is de- 187
quences of non-rigidly deforming objects. Section 5 then fined as: 188
draws conclusions and discusses future directions. 189
190
2. Laplacian Mesh Based Optical Flow Ectona(W) = 3 W( Vu 2 + | Vv [2) 3) 101
In this section we present our mesh based optical flow Q 192
approach. In our formulation we consider a pair of con-  \ye a4qain use the robust functinto solve this as in the o
secutive frames in an image sequence. We denote the CUrgata term 194
rent frame byZ;(X) and its successor b (X), where ' 195
X = (z,y)T is a pixel location in the image domafd.  2.3. Laplacian Mesh Smoothness Constraint 196
We define the optical flow displacement betwédgiX ) and _ _ o7
i1 (X) asw;(X) = (u(X), v(X))T. We now m_troduce our prop(_)sed Laplgma_m cotangent 198
In our proposed optical flow approach we use the follow- mesh co_r1§tra|nt._ The aim of this congtralnt is to ac_co_unt 199
ing general formulation: for. non-rigid motion in scene deformathn. Our 'Ferm iIsin- 200
spired by mesh deformation research in graphics, and we 201
introduce its use in optical flow estimation for this first &m 202
EW) = > (Epata(W) + AEciobat (W) + €Erap(W)) (1) in our work. 203
Q Although non-rigid motion is highly nonlinear, the 204
whereE p.:, (W) denotes a data term that contains both movement of pixels in such deformations still often has 205
color and gradient constancy assumptions (see section 2.13trong correlations in local regions. To represent this, we 206

on pixel values betweeh (X) andl; 1 (X). This first term propose a novel sparse smoothness constraint based on a207

is similar to those derived in Brox and Malik][and our Laplacian framework and differential representation. 208
motivation for including these terms is also the same. We assume that the frame is initially covered by a trian- 209

We also introduce two smoothness terms into our for- gular mesh denoted byl = (V, E, F'). We definen as the 210
mulation. Similar to Brox and Malik4] and Horn and  number of verticesl” as the set of vertex coordinatdsas 211
Schunk [L3], our first termE ;.50 (W) controls global flow  the set of edges, ankl as the set of faces. The location of 212
smoothness. Our second term represents the core contribueach vertex is represented using absolute cartesian eoordi 213
tion of our work, i.e. a Laplacian Cotangent mesh constraint nates. The:-th vertex is denoted by, eV'. In this paper we 214
ELaqp(W)). We now outline all three terms in detail. set the distance between adjacent vertices to be 10 pixels as 215
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23 | Input: two images and a triangle mesh | Z(l’
18 1. n-levels Gaussian pyramids are constructed for both the -
images and the mesh. Parameters0
219 . , 273
(pyramid level) andv = 0 (empty flow field) are set
220 o 274
o1 2. The flow field is propagated to leviek 1 -
5 3. The energy function (1) is minimized 276
o3 . ; : _ 4. 1fl#n - 1 thenl : [+ 1 and go to step 2. -
224 | Output: optical flow field 278
225 279
. Figure 1. 1-ring neighbourhood of vertex. Table 1. The overall framework of our method. 250
227 281
228 we found this to give the most stable tracking results in our 282

229 experiments (see Section 4). neighborhoods. The main reason for this is that by con- 233

230 Considering a small mesh region, each vertekas a 1- straining local edge angles_— embedd_ed in the cotangent 284
231 ring neighbourhood, denoted, ,.,, as shown in Figure. formulation — the term penallzes Io_cal dlsplacements_ which 2gs5
232 The relationship between, andv; on thei-th frame canbe =~ M3y cause overlap with other pixels. Our experiments 256
233 represented as follows: in Section 4 ha\_/e shqwn that thl_s constraint I_e:?\ds to_the 287
234 better preservation of image detail given non-rigid motion 233
235 changes. 289
1 1
236 O = T Z —(COtOékj + Cotﬁkj)(vk — Vj) (4) 290
237 | AVoronoi | jeN(k) 2 291
ig whereN (i) = {j | (k, j)eE}, ax; ands, are the two 3. Optical Flow Framework 222
240 1ngles opposite the ed%j :h\'/kh_ Vj'.d| AVOTO"OS | is 4 In the previous section we outlined our optical flow strat- 294
241 the Voronoi region area af, which provides errorbounds egy given a pair of frames. In this section we describe our 295
242 and robustness against different dimensionsla,,. _The overall framework in relation to a coarse-to-fine optimiza- 29
243 | Avoronoi | fOr the A,.,,, atvy, can be calculated using tion strategy. 297
ijg 1 Table 1 gives an overview of our framework. In order 223
46 | AY onoi |= 3 Z (cotay; + cotBr;) | Vi —Vv; [ (5)  handle large-displacement flow between images, we use a 200
e jeN (k) coarse—Fo—fine framework. Our algorithm takes two frames 201
48 In a planar region, the vectay, represents the motion and a triangle me;h as input. In this paper our m(_esh is over- .
40 trend ofv, towards a{ new position. We assume that the layed ove_rthe entl_re image snrface_. Each verte>§|n the mesh 203
250 flow motionw* andw’ will behave in a similar way to the has 6 adjacent_nelghbors n |t§ L-ring sunound!ngs. Every 304
- vertex displacements at positions andv;. We define the vert_ex has. a d|stan<_:e of 10 pixels frpm its honzlontal and 205
- displacementas— (4., 5,)7, wheres is]rnovementinthe vertical gdjacent nelghb_ors. As prewou;ly mentioned, we o,
- hori L Ty . . g found this value to provide the most satisfactory results in 207
orizontal direction and,, movement in the vertical direc our evaluation (see Section 4)
254 tion. We therefore describe displacement in terms of flow ' 308
255 vectors as follows: In order to minimize the energy function (1), we follow 309
256 the coarse-to-fine strategy outlined ij.[ We construct an 310
257 1 1 n-level image pyramid for both input images, and perform 311
258 0= Z(f Z §(cotakj + cotfrj)... (6) the same step for the mesh. We use a down sampling factor 312
259 keV | Avorono | jeN (k) 0.75 and perform 12 warping steps on each pyramid level 313
260 (W* — wi)) using bicubic interpolation. We apply the global smooth- 314
261 ness constraink ;.. to each level of the pyramid setting 315
262 Based on this formulation, we define out Laplacian A to 0.85. The laplacian constrait;, is only applied 316
263 smoothness constraint as: on the bottom two (highest resolution) levels of the pyra- 317
264 mid, settinge to a value of 0.9. This is because the mesh 318
265 5 5 is defined on the highest level image, and since the ver- 319
266 Erap(W) = Z V(| Ve |7+ Vo, %) (@) tex number is fixed, down-sampling the mesh can result in 320
267 " more vertices than pixels. This pyramid is equivalent to the 321
268 In our formulation, the mesh constraint helps preserve Euler-Lagrange equations and we solve these using Conju- 322
269 local detail by minimising the angle differences in local gate gradientsin a similar manner to Brox and Mafik [ 323
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4. Results in detail preservation for our proposed approach is that our 378
. . . . . Laplacian smoothness term is providing a more robust con- 379
In this section we describe experiments evaluation OUr toint on the movement of local pixel regions. In Brox and 380
Laplacian based optical flow algorithm aggipst existing ap- palik [4] and Horn and Shunki[] the smoothness term is 381
proaches. We use three data sets consisting of 12 Ima‘g%Iobal, and does not directly consider local pixel deforma- 82
sequences obtained from Salzmann etld] pnd Garg et tions. 383
al [7]. Data from Salzmann et al consists of 6 video se- 384
guences between 68 and 271 frames, and 2 motion captur Optical Flow Field Computed Direction 385
sequences of 54 and 103 frames respectively. The motior : . 386
capture sequences contain non-rigid objects with reflectiv k 387
markers captured using a Vicon optical motion capture sys- | 388
tem. In order to use this data, we added a synthetic tex- fione rome 389
ture to the 3D marker positions and rendered the deforming \ . S T, S 390
image sequence in 2D. Data from Garg et al consists of 4 Hoem 391
Zzggrer‘:]r]i?lzso%?ggtso frames long, also containing non rIgIdIyFigure 2. Fo_r evaluation the optice_ll flow field is computeddach igi

. . . . adjacent pair of frames. A frame is then warped back to trerref
Optical flow evaluation on non-rigid sequences is an ence by concatenating flow fields. 394
area which has received little attention, unlike evaluatio 395
on rigid scenes using e.g. the Middlebury datasé}.[We 396
therefore derive what we believe to be a fair comparison of . 397
the performance of our method using a data set of non—rigid5' Conclusions 398
movement compiled from several recent papers investigat- | this paper we have presented a novel optical flow for-  3%°
ing non-rigid motion. In order to evaluate the performance ,jation that imposes a Laplacian mesh based smoothness “°°
of our aIgoriFhm_we use a concatenative alignment strategy.qnstraint. The additional term focuses on preserving lo- 401
overV|eW(_ed in Figure2. We calculate the forward flow be- image deformations and performs particularly well on 492
twe_en pairs of image frgmes, and _then use this flow to align image sequences containing non-rigidly deforming objects  “°°
an image back to the first frame in the sequence. Imagesye nave compared our approach to several popular optical “%*
from frame/; are therefore aligned to the first frame by con-  fjo\y formulations and demonstrated its ability to betterpre ~ 49°
catenating the consecutive flow fields. We perform this for g e |ocal image detail. 406
each sequence using our Laplacian flow and also the opti- |, oy evaluations we have identified some remaining is-  “°’
cal flow algorithms of Brox and Malik4] and Horn and g 65 relating to improving flow accuracy over long periods.  “%%
Schunk [L3]. After alignment, we then calculate the Mu- 15 forms our direction for future work. The problemis %%
tual Information (MI)_ betwgen the first frame in the image partially due to occlusions forming in the sequences. This 410
sequence and the aligned image. . leaves large scope for investigating the application of-add ~ “**
_Figures3, 4, 5 and 6 give visual comparisons of the  {jong| robustness terms in flow formulations, or some other 412
alignment methods. Figuigshows the mutual information  ¢oiure based stability measure for long sequences. 413
between a registered image and the image in the first frame 414
of the sequence. The accompanying video also shows redReferences 415
istration examples for all of the 12 video sequences. 416
Figure7 clearly shows improved mutual information for  [1] T. Beeler, F. Hahn, D. Bradley, B. Bickel, P. A. Beardsley =~ 417
our method between registered images and the firstimagein ~ C. Gotsman, R. W. Sumner, and M. H. Gross. High-quality 413
the sequence. This is supported by the visual comparisons passive faciallperformance .capture using anchor frames. 49
in Figures3, 4, 5 and6. The results show improved detail ACM Transactions on Graphics (proceedings of ACM SIG- 5
preservation in all sequences, as well as improved bound- . \(/BRI;'?‘PH) 3(;(4_;_):\7/5‘ 201'01\1 habl del for th Sesi 421
ary preservation particularly in the more highly deforming [l of 30??&12022AC.M ?I'trt:;-sacr:i]cc))rzz ;] érzohigs (Orrgcizzilinr: ssgf 422
scenes (e.g. Figurg). Figures4 and 6 show reasonable ACM SIGGRAPH)pages 187194 19%3 P 9 423
global registration for both our method and Brox and Ma- 3] D. Bradley, W, Heidrich, T. Popa r;md A .Sheffer High-res 424
lik. However, a close examination shows improved detail olution D assive facial p]erflorman,ce Captlu ACM Transac- 425
preservation in our approach. This is also supported (and is tions on Graphics (proceedings of ACM SIGGRAPbges 426
visually clearer) by results in our supporting video. 41:1-41:10, 20101 427
As would be expected, mutual information reduces for 4] T. Brox and J. Malik. Large displacement optical flow: De- 428
frames further from the reference. This is due to accumu- scriptor matching in variational motion estimationEEE 429
lating optical flow error as well as occlusions that appear as Transactions on Pattern Analysis and Machine Intelligence 430
the sequence progresses. One rationale for the improvement  33:500-513, 20111, 2, 3, 4 431
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