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SEFRR: Textural Hausdorff Distance for Wider-Range Tolerance
to Pose Variation and Misalignment in 2D Face Recognition

{E#: Sangiang Zhao and Yongsheng Gao
X EID: 0328
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» S. Zhao and Y. Gao, “Significant Jet Point for Facial Image
Representation and Recognition” , The IEEE International
Conference on Image Processing (ICIP), pp.1664-1667, San Diego,
California, USA, October 12 - 15, 2008.
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> This paper addresses two critical but rarely concerned issues in 2D

face recognition: and

> We propose a new (THD), which is a
compound measurement integrating both spatial and textural
features.

» The THD is applied to a (SJP)representation of

face images, where a varied number of shape-driven SJPs are
detected automatically from low-level edge map with rich
information content..

» The comparative experiments conducted on publicly available
FERET and AR face databases demonstrated that the proposed
approach has a considerably wider range of tolerance against both
in-depth head rotation and face misalignment.
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Extract Gabor features

Recognition:
Textural Hausdorff Distance

Extract Gabor features
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24 R. Nevatia and K.R. Babu, "Linear Feature Extraction and Description,"
Computer Graphics and Image Processing, 13(3) 257-269, 1980.

25 M.K. Leung and Y.-H. Yang, "Dynamic Two-Strip Algorithm in Curve
Fitting," Pattern Recognition, 23(1-2): 69-79, 1990.
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#1: 3KBXSignificant Jet Point

» —NSignificant Jet Point(SJP)E X A:

SJIP = (x; J)

» Hix = (x,y) R EMI B4R, JRSREST EAIGaborlE
EHFAE (3814 B IR AL A9 Gabor Jet).
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- SFNEEA (an. 22, ap} OB — {by. b by} A
Z B9 S HTE K B 55 (Hausdorff Distance) E X A:

HD(A, B) = max(d_HD(A, B),d _HD(B, A))

» Hh, d HDABEISHIEXES (directed Hausdorff
distance), HENXA:

d HD(A, B) = maxmin d(a, b) = maxmm |la—b|
acA beB
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25 55 (modified Hausdorff distance(MHD)).

MHD(A, B) = max(d _MHD(A, B),d _MHD(B, A))
» Heh, d MHDABEMHDENXA:
d MHD(A,B) = Z mm | a—b|
aGA
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THD(M, T) = max(d_THD(M, T),d _THD(T, M))
» Heh, d THDREX:

d_THD(M, T)=% > min (d(x} xI)+X(1=S(Y,JT)))
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EFRR: Joint and Implicit Registration for Face Recognition
1E&: Peng Li and Simon. J. D. Prince
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» S. J. D. Prince and J. H. Elder. Probabilistic Linear Discriminant
Analysis for Inferences About Identity. In ICCV, 2007.
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Factor Analysis for Face Recognition across Large Pose Differences.
PAMI, 30(6):970 - 984, 2008.
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> Contemporary face recognition algorithms rely on precise localization of
keypoints (corner of eye, nose etc.).

» Unfortunately, finding keypoints reliably and accurately remains a hard
problem. In this paper we pose

For instance, consider finding the left eye in the
probe image.
> Rather than using a generic eye model, we use a model that is informed
by the appearance of the eye in the gallery image.

» To this end we develop a probabilistic model which combines recognition
and keypoint localization.

> Alternatively we can consider keypoint position as a hidden variable which
we marginalize over in a Bayesian manner.

> We demonstrate that both of these innovations improve performance
relative to conventional methods in both frontal and cross-pose face
recognition.
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SCEFRRE: Implicit Elastic Matching with Random Projections for
Pose-Variant Face Recognition

{£4&: John Wright and Gang Hua
CEID: 0403
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» Moosman, B. Triggs, and F. Jurie. Randomized clustering forests
for building fast and. discriminative visual vocabularie. In Proc.
Neural Information Processing Systems.
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> We present a new approach to robust pose-variant face recognition,
which exhibits excellent generalization ability even across completely
different datasets due to its weak dependence on data.

»> Most face recognition algorithms assume that the face images are very
well-aligned.

» This assumption is often violated in real-life face recognition tasks, in
which face detection and rectification have to be performed automatically
prior to recognition.

> Although great improvements have been made in face alignment recently,
significant pose variations may still occur in the aligned faces.

» We propose to
mitigate this issue.
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First, discriminative local image descriptors are extracted from a dense
set of multiscale image patches.
The descriptors are expanded by their spatial locations.

Each expanded descriptor is quantized by a set of

The location expansion constrains the quantization regions to be localized
not just in feature space but also in image space, allowing us to achieve
an for face images.

Our experiments on challenging face recognition benchmarks demonstrate

the advantages of the proposed approach for handling large pose
variations, as well as its superb generalization ability.
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[28] S. Winder and M. Brown. Learning local image descriptors. In Proc. CVPR,
pages 1 - 8, 2007.
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Algorithm: Tree induction (rptree)

1 NS EREX = {A ... fm}, i = (f,x;,y) € RP+2

w
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15

T EHER AR S E o2 flo2

RBAEERp > D + 2 BEHLIZE:
W ~iiq N(O, diag(a;2 e 0;2, 0x2,052))

EHE—MER ~ uni(1...p)

WEBET « median{(w;, f)|f € X}
RXAMRERISEREFH, « {fl(w;, ) <7}, Xr + X\ XL
WEr; « | X, |diameter?(X,) + | Xr|diameter?(XR)

SRIEE SR NI, )
REAEART Froot(T) « (w*,7*)

AR SRS EETFIX,  (FlwinF) < 72}, X — X\ AL
22 FHIERYA: leftchild (T) < rptree(X))

G FIEYT: rightchild(T) < rptree(Xg)

MHREERT.
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| [ ORL [ Ext YaleB| PIE | MultPIE |

PCA 88.1% 65.4% 62.1% 32.6%
LDA 93.9% 81.3% 89.1% 37.0%
LPP 93.7% 86.4% 89.2% 21.9%
This work | 96.5% 91.4% 94.3% 67.6%

Table 3. Recognition rates across various datasets.

» AXFEBRENZEA RN . BRIEEMNLR

BELBHFHER .
\ [ PIE — ORL | ORL — PIE | PIE — MultiPIE |
PCA 85.0% 55.7% 26.3%
LDA 58.5% 2.3% 85%
LPP 17.0% 69.1% 17.1%
This work | 92.5% 89.7% 67.2%

Table 4. Recognition rates for transfer across datasets.
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Figure 6. Receiver Operating Characteristic for Labeled Faces in
the Wild. “Nowak™ refers to [20]. “Hybrid descriptor based” refers
to [30].
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