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▶ This paper addresses two critical but rarely concerned issues in 2D
face recognition: wider-range tolerance to pose variation and
misalignment.

▶ We propose a new Textural Hausdorff Distance (THD), which is a
compound measurement integrating both spatial and textural
features.

▶ The THD is applied to a Significant Jet Point(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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▶ ��Significant Jet Point(SJP)½Â�µ

SJP = (x ; J)

▶ Ù¥x = (x , y)´�m ��I§J´5ºÝ8���GaborÌ
�A�(�5ã��¥�Gabor Jet).
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Felix Hausdorff (1868 - 1942) �IêÆ[
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▶ éü�:8A = {a1, a2, . . . , am}ÚB = {b1, b2, . . . , bn} §�
�m�Íd�Åål(Hausdorff Distance)½Â�:

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

▶ Ù¥§d_HD�k�Íd�Åål(directed Hausdorff
distance)§Ù½Â�:

d_HD(A,B) = max
a∈A

min
b∈B

d(a, b) = max
a∈A

min
b∈B
∥ a − b ∥

▶ �Ò´é8ÜA¥�z�:¦Ù�8ÜB¥:��áål§
3ù
�áål¥������"
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▶ �©Íd�Åålé�:(ourlier)é¯a"
▶ �éù�¯K§�©A^
ë�©z[14]¥�U?Íd�Å
ål(modified Hausdorff distance(MHD))"

MHD(A,B) = max(d_MHD(A,B), d_MHD(B,A))

▶ Ù¥§d_MHD�k�MHD½Â�:

d_MHD(A,B) = 1
NA

∑
a∈A

min
b∈B
∥ a − b ∥

Ù¥NA = m´8ÜA¥:�ê8"
▶ ù«�²þ��{�ü$é�:(outlier)�¯a5"



♯1: «nÍd�Åål

▶ aqU?Íd�Åål§éuü�k��SJP8
ÜM = {SJPM

1 , SJPM
2 , . . . ,SJPM

P }
ÚT = {SJPT

1 , SJPT
2 , . . . ,SJPT

Q }¤¢«nÍdål½Â�:

THD(M,T ) = max(d_THD(M,T ), d_THD(T ,M))

▶ Ù¥§d_THD�½Â�:

d_THD(M,T ) = 1
P

∑
1≤p≤P

min
1≤q≤Q

(d(xM
p , xT

q )+�(1−S(JM
p , JT

q )))

▶ Ù¥d(x , x
′
) = ∥x − x

′∥´�m �ål§
S½Â�µ

S(J, J
′
) =

∑
j aja

′
j√∑

j a2
j
∑

j a′2
j

ùpa´,:Gabor Jet�Ì�"
▶ Ò´3�målÄ:þ\\
ÛÜ«nål"
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▶ 3FERETêâ¥�õ^�b8Ü�y
é^�Cz�N=Ý

▶ ¢�5U¿Øp§��Ä�ù��{Øb�^��Ý®�ù
�(J�´Uy²�{�k�5"
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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 two questions.

▶ First, is it possible to exploit the gallery image in order to find keypoints
in the probe image? 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.

▶ Second, is it necessary to localize keypoints?
▶ 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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▶ �d·��O
��KÜ£OÚA�:½ �VÇ�."

▶ 1��¯K§½ A�:´Ä´7I�º

▶ ��«�{§·��±ùA�: �w��±ÏL��d��ªm�
z(marginalize)�Û¹Cþ"
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▶ ÄÏL&¢galleryã�53probeã�þÏéA�:º—�©��
Y´�½�"

▶ �©k^ë�©z[16]��{����VÇ�.§�½�é©O
3GalleryÚProbeéA:þJ��A��þ(xg , xp) �±��¦�
áuÓ��<ℳs�VÇ:

Pr(xg , xp∣ℳs) = Pr(x
′ ∣ℳs)

▶ Ù¥x
′

= [xg ; xp]´Géå5���þ"

▶ XJb�galleryã�Úprobeã�áuÓ��<@o¤¦�A�:
�±ÏLeª¦):

t∗p , t∗g = argmax
tp,tg

Pr(x
′ ∣ℳs , tp, tg )Pr(tp, tg )

▶ XJb�ØáuÓ��<§KÚ�¦^üÌã���{�Ó"

▶ 5¿:½ �8I¼êdü$Ï^�A�:�.Ø�C�
��z
áuÓ�<�VÇ"
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A galleryã�B probeã�C gallery¥��:�©ÙD üÕ¦
^probeã��OÑ���:©ÙE Ú\
gallery&E��O��
�:©Ù"Ê(:��O�©Ù¥%§�i:´ý¢ �"
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▶ O\galleryã��&Eé3probeã�þ½ A�:´kOÃ
�"

▶ þãmodel1¦^üÌprobeã�§model2¥\\
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▶ @oéu�éA�:éA�A�¦�áuÓ��<�VÇ
�:

Pr(xp, xg ) =
∫ ∫

Pr(x
′ ∣ℳs , tp, tg )Pr(tp, tg )dtpdtg

▶ A�xÚ �t´�'�§�©¥t�k�©Ù´ÏLÃóI
½�Ôö8ÜþÚO���"

▶ �©��{Ò´\\��:þáuÓ�<�VÇ"
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▶ ÏLeã�¡<òã�þ�¢��±wÑ(wª�)½ A�:¿
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��.§Ò�±C¤�«ØI�wª�OA�:�ª^�<ò£
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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 a multiscale local descriptor-based face representation 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 random projection trees.
▶ The final face representation is a histogram of the quantized descriptors.
▶ 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 implicit elastic matching 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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�400��A��þ"
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[28] S. Winder and M. Brown. Learning local image descriptors. In Proc. CVPR,
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▶ ä�z��!:vL«���Å�A��þÚ��K�"
▶ z��Ñ\�A��þ�ªÑ¬á���ä��f!:þ"

▶ z��f!:����Bin§Ñ\<òÒ�þz¤����
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▶ 8I)¤���Åä�¤�Ü�T1 . . .Tk"

▶ z��äÕá�)¤§äk(½����Ý"

▶ é�Åäþ�z�!:v)¤���Å�þwv ∈ ℝD+2 Ú�
�K��i ← median{⟨wi , f̃ ⟩∣f̃ ∈ X}"

▶ �ÅÝKwvl����É5�pd¥æ8"
wv ∼ N (0, dialog [�−2

f ID×D , �
−2
x I2×2])

▶ Ù¥�−2
f = traceΣ̂(f )§�−2

x = traceΣ̂(x , y)"Σ̂´��Ôö8
Üþ�²����!

▶ ÀJù«©Ù�Óéf̃?1­#\�§kÏu²ïA�Ú�
m ��m��'X"

▶ ÏL48��ª3Ôö8Üþ)¤ÝKä"
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Algorithm: Tree induction (rptree)

1 Ñ\:O2A��þX = {f̃1 . . . f̃m} , f̃i = (fi , xi , yi ) ∈ ℝD+2

2 O�A�Ú�I����2
fÚ�

2
x

3 �ì©Ù)¤p ≥ D + 2��ÅÝK:
W ∼iid N (0, diag(�−2

f . . . �−2
f , �−2

x , �−2
x ))

4 ­Ekg:

5 æ���ÝKi ∼ uni(1 . . . p)

6 O�K��i ← median{⟨wi , f̃ ⟩∣f ∈ X}
7 ^ù�K�y©�mfäXL ← {f̃ ∣⟨wi , f̃ ⟩ < �i},XR ← X ∖ XL

8 O�ri ← ∣XL∣diameter2(XL) + ∣XR ∣diameter2(XR)

9 endÌ�(å

10 ÀJ¦�r���(w∗, �∗)

11 ^Ù���!:root(T )← (w∗, �∗)

12 ^�!:y©�mfä:XL ← {f̃ ∣⟨wi , f̃ ⟩ < �∗},XR ← X ∖ XL

13 é�fä48:leftchild(T )← rptree(XL)

14 émfä48:rightchild(T )← rptree(XR)

15 ÑÑ�ª(JT .
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▶ meã:Bin�ê8"
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▶ z�ÌGalleryÚProbeã�Ñ�±L«�����ãh"
▶ z��A�f�±á\k�Bin¥(k�ä)"
▶ �©¥uyæ^�­éAu_�©�ªÇ(ë�©z[19]¥¡
�TF-IDF�ª)�\�ℓ1 − norm5Ýþ��ãål'�Ð"

▶ ,X = {Xi}�¤kÔö8Ü¥�<ò§hi�éAXi�þz�
�ã§ålÝþ�äN½Â�:

d(h1, h2) =
∑

j wj ∣h1(j)− h2(j)∣

wj = log ∣X ∣
∣Xm:hm(j)∕=0∣

▶ IDF\��g´´§XJ��bin3éõ<òã�¥ÑÑy

§@o¦��­ATü$"Ï�¦��OUåØr"
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