Person Re-identification by Salience Matching
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Matching based on Salience: Learned Human Salience
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» Hidden Salience label:

= {i}, e {01} 1P ={17 |15 € {0,1}}
» Matching score: z = {z,, k}r=1.23.4
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>  Misalignment is caused by variations of viewpoints and poses, which B o ?:’1
commonly exist in person re-identification. ' ) ) 5 5
» Some local patches are more distinctive and reliable when matching two P(sz- =1 xp@-)P(lpf. 1 %;)a k=1,
persons. (e 2B Ps = a:;;ﬁ)P(zg_ =0|x), k=2 (b) CUHK Campus dataset
» Images of the same person captured from different camera views have some Cpik\Lp;» Lpl) = P14 = AN p ng — Bf L =23 : : :
Invariance property on their spatial distribution on salience. ( " %jf) ( e m%@')’ ’ Learned Weighting Parameters:
P(l,, =0 |z, )P, =0]x;), k=4 '
Final Formulation:
» A probabilistic distribution of salience is reliably estimated with our approach. A B . B
»  We formulate person re-identification as a salience matching problem. A ( b, 2 ) - W (I)(X X5 P) = Z wpz,cb xpi’xp%)’
»  Salience matching and patch matching are tightly integrated into a unified ) _
structural RankSVM learning framework. » Weighting parameters: wp, = [{Qp, kjr=1,2,34; 15p; kJr=1,2,34].
» Matching feature: ¢(z;, ,z,) Mpia Op2 Op3 Opia Bpa Bz Bz Bpia
“ A B A A B B\ - {ap, k}r=1,2,3,4 correspond to the first four terms of matching features based on
3($pw$;é)P(lm — %i)P(l%; 1 %é) salience matching with visual similarity, and {g3,, «}x=1,2,3,4 correspond to the last
Algorithm 1 Compute human salience. s(z;, };g}é VP(I5 =1z} )P([%; — xfé) four terms only depending on salience matching.
A A A
Input: image x* and a reference image set R = S(xif w%)P(lE ) xif)P(l%; - $§) Comparison with Sate-of-the-Arts:
(xB? p=1,...,N,} Slapay) = | s a) Pl = 0wy Pl =0]z,) lep - '
Output: salience probability map P(Zﬁ;ﬁ;’i =1 xﬁb";) P(l, = 1|, )P(Ly =1 zy)) c taset -
1: for each patch 2% € X do Pl =1 xﬁ;)P(lf: = %’3)
2:  compute XNN(a:ﬁ;”ﬁfl) with Eq. (1) P =0 xi)P(lﬁ =1 :ci)
3 compute score(xqy® ) with Eq. (2) _ Pl = xﬁ;)P(li — xé) _

4:  compute P(I4% =1 | 2/5%) with Eq. (3)

5: end for e JRANKING by Partial Order

| » Task - finding a good ranking:
Step 1: construct nearest-neighbor patch set
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Step 2: compute k-NN distances as salience score A"“’, x5V p“Y) — <I>(XA"“’, x B0t pu ) E | e % 2
Auy _ g (X Au . L L ST ST, ) g | o 1seeveroe ] 8 O e T T e o |
SCO?"GE( m ’n,) — k( NN( ))a ( ) < B.v <A, u <A, u = 5 20.00% LMNN-R || = I VIR el — < ~10.33% L1-norm
ES .| ——16.14%aPRDC H 20/, ,g:j%,fiif —%-- 9.90% SDALF |
Step 3: convert to salience probabilit B _ e 2631% 6800 Y =" e
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e m’” e "’ > Solution — sorting gallery by{w™®(x**, x5"; p**)}, in descending order. Rank Rank
(b) CUHK Campus dataset
(a) VIPeR dataset




