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Image Classification via Sparse Representation and
Subspace Alignment

Farimah Sherafati & Jafar Tahmoresnezhad®
Faculty of 1T & Computer Engineering, Urmia University of Technology, Urmia, Iran

Abstract
Image representation is a crucial problem in image processing where there exist many low-level
representations of image, i.e., SIFT, HOG and so on. But there is a missing link across low-level and high-
level semantic representations. In fact, traditional machine learning approaches, e.g., non-negative matrix
factorization, sparse representation and principle component analysis are employed to describe the hidden
semantic information in images, where they assume that the training and test sets are from same
distribution. However, due to the considerable difference across the source and target domains result in
environmental or device parameters, the traditional machine learning algorithms may fail.
Transfer learning is a promising solution to dcal with above problem, where the source and target data
q obey from different distributions. For enhancing the performance of model, transfer learning sends the
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knowledge from the source to target domain. Transfer learning benefits from sample rewcighting of source
data or feature projection of domains to reduce the divergence across domains.

Sparse coding joint with transfer learning has received more attention in many research fields, such as
signal processing and machine learning where it makes the representation more concise and easier to
manipulate. Moreover, sparse coding facilitates an efficient content-based image indexing and retrieval.

In this paper, we propose image classification via Sparse Representation and Subspace Alignment
(SRSA) to dcal with distribution mismatch across domains in low-level image representation. Our approach
is a novel image optimization algorithm based on the combination of instance-based and feature-based
techniques. Under this framework, we reweight the source samples that are relevant to target samples using
sparse representation. Then, we map the source and target data into their respective and independent
subspaces. Moreover, we align the mapped subspaces to reduce the distribution mismatch across domains.
The proposed approach is evaluated on various visual benchmark datasets with 14 experiments.
Comprehensive experiments demonstrate that SRSA outperforms other latest machine learning and domain
adaptation methods with significant difference.

Keywords: Image classification, Visual domains adaptation, Sparse representation, Subspace alignment.
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Algorithm 1. Algorithm of image classification via sparse
representation and subspace alignment (SRSA)

Input: Source data Xs,Target data Xr, Source labels Lg, Subspace

dimension d
Parameter: Regularization parameters p

Output: Predicted target labels L,

1: Repeat until the maximum number of iterations is reached

2: Compute selection matrix A via solving Eq. {5).

1

3: Compute diagonal matrix N = based on A.

1
204 |,
4: END Repeat

5: Return Ly = kNN (X,APsP¢Pr, X1 Pr, Lg)
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(Figure-2): The performance of the subspace matching method.

The source subspace is represented by P, and the target
subspacc is showed by Pr. The source subspace is aligned with

target subspace via X = P.M.
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(Table-2): Optimal parameters for two visual datasets
( office & Caltech, digits), p is the sparsity parameter and K is

the new subspace dimension

SRSA | [ norm | oOrf | ST

54.35 53.95 54.40 | U-M
68.56 66.11 66.44 | M-U
61.46 60.03 60.42 | Avg
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(Table-1): The datasets
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(Figure-3): Sample images from Office & Caltech and digits
datascts
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(Table-3): The cffect of sparsity regularization on the number
of selected samples from the source domain on the digit dataset
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(Figure-4): USPS-MNIST, Caltech-Amazon datasets accuracy
assessment with different values of k parameter
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(Table-4): The necessity of cach paramcter in the algorithm
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(Table-5): Classification accuracy on Office & Caltech dataset

SCA \ . . . DAM \ . \ .
SRSA (2016) SDA (2015) SA (2013) | GFK (2012) (2012) TCA (2011) | PCA (2002) NN Dataset
44.57 45.62 49.69 49.27 41.02 42.69 45.82 36.95 23.7 CA
39.32 40 38.98 40 40.68 34.58 30.51 32.54 25.76 cC_WwW
52.87 47.13 40.13 39.49 38.85 33.12 35.67 38.22 25.48 CD
38.91 39.72 39.54 39.98 40.25 35.35 40.07 34.73 26 A_C
40.68 34.92 30.85 3222 38.98 31.86 35.25 35.59 29.83 AW
37.58 39.49 33.76 33.76 36.31 36.31 34.39 27.39 2548 A D
30.37 31.08 34.73 35.17 30.72 33.84 29.92 26.36 19.86 w_C
32.15 29.96 39.25 39.25 29.75 37.58 28.81 29.35 22.96 W_A
90.45 87.26 75.80 75.16 80.89 80.89 85.99 77.07 59.24 W_D
32.15 30.72 35.89 34.55 30.28 32.41 32.06 29.65 26.27 D C
31.21 31.63 38.73 39.87 32.05 34.34 31.42 32.05 28.5 D A
88.81 84.41 76.95 76.95 75.59 77.63 86.44 75.93 63.39 D_W
e
46.59 45.16 44.52 44,72 42.95 42.55 43.03 39.65 31.37 i
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(Figurc-5): The comparison of the classification accuracy on

Digit dataset using GFK, TCA, SCA and SRSA methods (Best
viewed in color)
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(Figure-6): The comparison of the classification accuracy on Office & Caltech dataset using GFK, TCA, SCA, and SRSA
(Best viewed in color)
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(Table-6): The classification accuracy on Digit datasct
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