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Sparse Representation Based Face Recognition Algorithm
YANG Rong-gen'? REN Ming-wu' YANG Jing-yu'
(School of Computer Science, Nanjing University of Science and Technology, Nanjing 210094, China)!
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Abstract We analyzed the mathematic essence of sparse representation, sparse regularized signal decomposition., Stu-
died a sparse representation algorithm of orthogonal matching pursuit. Using the matrix Cholesky decomposition, we rea-
lized the OMP algorithm a fast version. We cast the recognition problem as one of classifying among multiple linear re-
gression models and developed a new framework from sparse signal representation. We viewed a test sample as the linear
combination of training samples. We conducted experiments on face recognition to verify the efficacy of the proposed al-
gorithm.
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1. Input: Dictionary A,signal y,target sparsity K or target error e
2. Output; Sparse representation x
3. Init:Set I =0, r:=y, x:=0

4. while(stopping criterion not met) do

A
5. k:=arg mkax!dlrl

6. L=(,M
7. xri=(ApTty
8. r:=y—Aur;
9. end while
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%2 OMP-Cholesky

1, Input; Dictionary A, signal y, target sparsity K or target error e
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2. Output; Sparse representation x

3:Init:Set 1. =0, L:=[1], r:i=y, £:=0, o :=ATy, n.=1
4, while(stopping criterion not met) do

5. 2:=arg mflxla[r{

6. if n>>1 then

7. w; =solve for w{Lw=ATa}}
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9, endif
0. L=b
11.  zy:=solve for c{LLTc=4q;}
12. ri=y—Aix;
13. n:=n+1
14. end while
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1. Input:a matrix of training samples
A=[A1,Az, -, AL JE R™*" for k classes,a test sample
y€& R™ , sparsity threshold T.



2. Normalize the columns of A to have unit 12-norm.,
3. Solve the problem below via OMP-cholesky algorithm

A
z=argmin| | y—Ax| |3 subject to | | x| [o<XT

4. Find the index index of 2 corresponding to max(JAc)
5. Output;identity(y) =[ index/n; |
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