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Abstract 
 

Generally, research of classical image classification algorithms assume that training data and 
testing data are derived from the same domain with the same distribution. Unfortunately, in 
practical applications, this assumption is rarely met. Aiming at the problem, a domain adaption 
image classification approach based on multi-sparse representation is proposed in this paper. 
The existences of intermediate domains are hypothesized between the source and target 
domains. And each intermediate subspace is modeled through online dictionary learning with 
target data updating. On the one hand, the reconstruction error of the target data is guaranteed, 
on the other, the transition from the source domain to the target domain is as smooth as 
possible. An augmented feature representation produced by invariant sparse codes across the 
source, intermediate and target domain dictionaries is employed for across domain recognition. 
Experimental results verify the effectiveness of the proposed algorithm. 
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1. Introduction 

Image classification has been one of the hot topics in the field of computer vision, and plays a 
key role in many applications such as image retrieval[1],image annotation[2],multimedia 
answering[3] and so on. At present, thanks to the diffusion of image acquisition equipment, 
imaging system and mobile Internet technology, numerous images can be easily and quickly 
availed from many channels. However, due to different ways of acquisition, richness forms of 
expression, background of application and so on, leveraging over and across such sources has 
proved challenging. 

In the issues of classic image classification and object recognition [4-6], the training and 
testing images are assumed under the same distribution. The general approach is to select a 
part of images as training data for classification model, while another part of images in the 
dataset as testing data. Namely, the training and testing data are captured from the same image 
dataset, subjecting to the same distribution. Yet in many practical applications, the assumption 
has certain limitation. Due to the influence of illumination, pose, scale transformation, 
occlusion and image resolution, etc. [7], images with the same labels often have large 
intra-class appearance variability  under potential distribution. This phenomenon is also called 
dataset bias or domain shifts. In this case, if the classifier from the training set is directly 
applied to the testing set, the performance will be greatly degraded [8]. Face recognition 
experimental results have confirmed if the model trained by Orientals faces is applied to 
westerners, recognition performance decreased near 40% [9]. Fig. 1 shows an example of 
dataset bias. Although labels of images in the two datasets are computer monitor, appearances 
of the images are obviously different. 
 

         
  Fig. 1. Examples of dataset bias 

 
Therefore, it is significant to investigate how to adapt classification model to testing data 

with different distribution from training data.  Domain adaptation [10] is an effective 
technique addressing thisproblem, which is also considered as a representative method of 
transfer learning [11]. Domain adaptation mainly refers to two related concepts: source 
domain and target domain. The source domain contains abundant supervision data for learning 
classifier and the target domain refers to the dataset assumed to have different distribution 
from the source domain, containing no or few labels. The main objective of domain adaptation 
is to apply classifiers trained in the source domain to the target domain for pursuing better 
performance. According to the availability of labeled data in the target domain, domain 
adaptation methods can be divided into unsupervised domain adaptation where no labeled data 
is contained in the target domain, and semi-supervised domain adaptation where a small 
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amount of labeled data is contained. In the real-world applications, unsupervised domain 
adaptation is more universal and representative. But, it is no doubt more challenging. 

A typically approach of unsupervised domain adaptation methods is to try to find suitable 
representations for reducing distribution difference between the source and the target domains. 
It is well known that real high-dimensional data lies in the low-dimensional manifold of high 
dimensional space, and can be efficiently represented in the low-dimensional 
subspace[12].Thus, subspace representationscan be exploited for modeling the source and 
target domains. Based on sparse representation [13], given an over-complete dictionary, data 
signals in the same subspace can be linearly reconstructed with a small number of atoms or 
bases. In recent years,a  variety of dictionary learning algorithms have been proposed, and in 
those algorithms, the training data is supposed originating from the same domain with the 
same distribution. In domain adaptation image classification, dictionary learning should pay 
more attention on domain shifts. Due to the presence of domain shifts, the testing data does not 
lie in the linear span of training data. If the target data is decomposed by the dictionary learned 
from the source domain, large reconstruction error will be generated. In particular, samples of 
the source and target domains with the same labels do not necessarily have similar sparse 
coding coefficients. All of these factors lead to decrease of classification performance. 
Therefore, it is crucial to leverage the data of target domain in dictionary learning for 
adaptation. 

In view of this, to eliminate the impacts in image classification while training images and 
testing images are captured from different domains, we propose an unsupervised domain 
adaptation method based on multi-sparse representation in this paper. In order to reduce 
distribution difference in the source and target domains, the method supposes existence of 
intermediate domains between the two domains, and subspace representation is utilized to 
model different domains. Online dictionary learning is introduced to model intermediate 
subspaces. Each intermediate domain is represented by a dictionary, and the source and target 
domains can be effectively connected through the intermediate domains. Let 0D  be the initial 
dictionary learned from the source domain. The intermediate domain dictionaries 

1 2, ,..., nD D D  can be sequentially learned by online dictionary learning scheme, where the 
samples in the target domain are regarded as dynamic data sequences. Starting from the source 
domain dictionary 0D , with continuous updating of samples in the target domain, intermediate 
domain dictionaries gradually adapt to the target data. 

The main contributions in this paper are as follows:(a) the source and target domains are 
connected through intermediate domains and domain shifts are effectively mitigated in the 
new spanned data signal space. (b) with the target data updating, each intermediate domain is 
modeled by a dictionary using online dictionary learning.On the one hand, the reconstruction 
error of the target data is guaranteed to be minimal;on the other hand, the transition from the 
source domain to the target domain is as smooth as possible. (c) An augmented feature 
produced by invariant sparse codes across the source, intermediate and target domain 
dictionaries is employed for across domain recognition.  

2. Related Work 
The process of image classification can be briefly summarized as follows: collect training 
images and detect features firstly. Then learn classification model based on the relevant 
criteria such as empirical error minimization.Finally utilize the model for testing images. 
When distribution of the testing data is consistent with the training data, good classification 
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results will be obtained. On the contrary, the poor results will be produced. Domain adaptation 
aims at addressing the problem.  

Based on different stages of image classification process, three different types of domain 
adaptation methods are proposed: instance adaptation [14-15], feature adaptation [16-22] and 
model adaptation [23-24]. In the method of instance adaptation, instances of the source 
domain are weighted resampled for consistent distribution with the target domain. The kind of 
method is intuitive. But, if there arevisible discrepancies between instances of the source and 
target domains, performance of such methods is poor [14]. The model adaptation method 
directly conducts adaptation during training the classifier. A commonly used trick is to 
introduce domain distance constraint in the cost function. Based on this kind idea, Yang et al. 
[23] proposed an adaptative SVM algorithm, while Bruzzone et al. [24] proposed a Domain 
Adaptation SVM algorithm. The difference of source domain and target domain is carefully 
considered and the cost function in the source domain is modified in model training process. 

Recently, many studies focus on the method of feature adaptation. The basic idea of this 
kind of methods is to learn common feature space, where distribution of the source domain and 
the target domain is consistent as soon as possible. The key idea of [16] is to map the source 
data to the target domain by learning a regularized transformation via information theoretic 
metric. In [17], in order toreduce the distribution, all the data of source and target domains is 
projected into a series of intermediate subspaces, while Gong et al. [18] defined an infinite 
number of subspaces based on a kernel method. However, these methods only focus on 
alignment of subspaces’ bases rather than distribution of the projected data. Jhuo et al. [19] 
also pursued projection transform, where the source data is represented by linear combination 
of the target data exploiting low-rank and sparse decomposition. But this method belongs to 
semi-supervised domain adaptation, which relies on labeled data of the target domain for cross 
domain classification. Ni et al. [20] proposed to subspaces through dictionary learning to link 
the source and target domains. But during dictionary learning, the method requires all the 
samples of target domain all at once. Strictly speaking, the method has certain limitation. The 
techniques in [21-22] attempted to shorten the distance across two domains by domain 
similarity measuring by maximum mean discrepancy in the learned feature space. 

3. Proposed Method 
Sparse representation and dictionary learning have been widely applied in many applications 
of computer vision and receive remarkable success especially in the task of image 
classification. The method of image classification based on sparse representation can be 
simply described as the following procedure. Given a proper over-complete dictionary, images 
are encoded by sparse coding technique and the sparse coding coefficients are leveraged as 
feature representations for final classification. Thus, it can be seen that the learned dictionary 
determines the performance to a large extent. In order to reduce distribution difference of the 
source and target domains, robust dictionary learning and online dictionary learning are 
utilized for feature representation in the proposed method. 

3.1 Robust Dictionary Learning 
In sparse representation, the general framework of traditional dictionary learning can be 
abstracted as the following objective function minimization: 

                                         
2

2 1,{ } 1
min

i

N

i i iD i
D x D

α
α λ α

=

= − +∑                                        (1) 
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Here 1 2[ , ,..., ]NX x x x=  and 1 2[ , ,..., ]NA α α α= are reconstructed data signal and 

corresponding sparse coding coefficients respectively. 2

2i ix Dα− is reconstruction error 
term, and D is the learned dictionary. Each reconstructed data signal can be linearly 
decomposed by a small number of bases in D with corresponding coding coefficients iα . The 
optimization in Eq. (1) is not convex for D  and A  simultaneously, but it is convex for D  
when A  is fixed and vice versa. 

Conventional dictionary learning methods employ 2


-norm for measuring the 
reconstruction error. However, in terms of robustness, choosing 1



-norm instead of 2


-norm 
is more effective. Wagner et al. [25] proposed a robust face recognition algorithm using 

1


-norm for measuring the reconstruction error.Experimental results show that when the face 
is partially occluded, good recognition is still achieved. Similarly, Zhao et al. [26] argued it is 
more effective modeling the reconstruction error by a heavy-tailed iid-Laplacian distribution, 
which is known to handle outliers better. Therefore, it will enhance the robustness to noise and 
large outliers while measuring the reconstruction error using 1



-norm. The problem of Eq. (1) 
can be reformed as the following optimization: 
                                               1 1,

min
D A

D X DA Aλ= − +                                               （2） 

X  is a matrix consisting of training data as the column vectors and A  is coefficient 
matrix built with the same manner. 1

A  denotes the 1


-norm of A , which sums up the 
absolute values of entries in A . The optimization in Eq. (2) is also not jointly convex for D  
and A . A commonly used method in dictionary learning is to optimize D  and A  iteratively 
and alternately with each other frozen. The two steps are called as robust sparse coding and 
robust dictionary update respectively. 

1) Robust sparse coding 
The robust sparse coding step optimizes the following objective function for solving coding 

coefficients assuming the dictionary being fixed: 
                                              1 1

min
A

A X DA Aλ= − +                                              （3） 

In the process of solving the problem, the reconstructed samples ix  (columns of X ) are 
assumed to be independent from each other. So, Eq. (3) can be further broken into the 
following i  independent subproblems: 

                                      1 1
min 1,...,

i
i i i ix D i N

α
α α λ α= − + =                               （4） 

2) Robust dictionary update 
With the coefficient matrix being constant and discarding the second term in Eq. (2), the 

dictionary is updated as follows: 
                       

                            1
min

D
D X DA= −                                                     （5） 

Similarly, the atoms in D are independent from each other and thus can be updated 
separately. 

                                       1
min 1,...,

k

k
k kd

d X d k Kα= − =                                         （6） 

kd  is the k-th atom of D  and kα  is the k-th row corresponding to kd . Because most of the 
coding coefficients are not exactly zero but very close to, the columns of X whose coding 
coefficients larger than a given small threshold are chosen for calculating, which is beneficial 
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to updating speed and over-fitting avoiding. Besides, kd is also normalized to avoid arbitrary 
small values. Zhao et al. [26] also identify with the strategy that updating kd  involving (8) at 
the same time will speed up the convergence rat of the formula (6). So, Eq. (7) and Eq. (8) are 
iteratively optimized until the convergence on kd is reached. 

                                 1
min 1,..., , 1,...,

i
k

i i i k
k kd

d x d i N k Kα= − = =                               （7） 

                               1
min 1,..., , 1,...,

k
j

k k
j j k jx d j M k K

α
α α= − = =                             （8） 

3.2 Online Dictionary Learning 
In traditional dictionary learning methods, all the training samples will be employed 
in each iteration, which methods are also called batch dictionary learning. However, in some 
specific applications involving large scale data and dynamic data such as video sequences or 
target tracking and so on, with data size growing, it is obviously not suitable to learn dictionary 
through traditional dictionary learning methods such as K-SVD. Pointing at this problem, 
online dictionary learning (ODL) method [27] is proposed, where the signals are processed 
one at a time or in mini-batches for online updating. 

Being similar to batch dictionary learning methods, ODL also involves two steps: sparse 
coding and dictionary updating. The sparse coding problem with fixed dictionary is 
an 1


-regularized linear least-squares problem. In ODL, the decomposition tα  of tx  is 
computed over the dictionary 1tD −  obtained at the previous iteration.  

      2
1 2 1

1arg min( )
2K

t t t
R

x D
α

α α λ α−
∈

= − +                                         （9）
 

During the dictionary updating step, with the coefficients being constant, the dictionary is 
updated by minimizing the objective function of Eq. (10): 

 
2

2 1
1

1 1arg min ( )
2

t

t i i i
i

D C

D x D
t

α λ α
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∈

= − +∑                                 （10） 

Choose 1tD − obtained at the previous iteration as beginning, and the dictionary tD  is 
updated by block coordinate descent algorithm. The above formula can be further expressed 
as: 

    
1 1arg min (D DA ) (D )

2
T T

t t tD C
D Tr Tr B

t∈

 = − 
 

                                  （11） 

3.3 Domain Adaptation Base on Multi-sparse Coding 
Although images with the same labels can be highly diversified, they also share lots of 
similarity and correlation due to the homogeneity. Therefore, in the paper, in order to reduce 
distribution difference of the source and target domains, the proposed method supposes 
existence of intermediate domains between the two domains, and subspace representation is 
utilized to model different domains. Each intermediate domain is represented by a dictionary 
using online dictionary learning. An augmented feature produced by invariant sparse codes 
across the source, intermediate and target domain dictionaries is employed for across domain 
recognition. 
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Let Sn NSX R ×∈  and Tn NTX R ×∈  be the samples from the source domain S and target 
domain T , where n  is the dimension of data. SN  and TN  are number of samples in the 
source and target domains respectively. The proposed approach can be summarized in 
Algorithm 1. 
 
Algorithm 1: Domain adaptation image classification based on multi-sparse coding 
Input: samples of the source domain SX and target domain TX , parameter η  ( for BoVW 
representation), λ ; 
Output : the augmented feature vector for across domain recognition; 
Step 1: Extract feature of samples 1 2{ , ,..., }

S

S S S S
NX x x x=  from the source domain and learn 

dictionary D  through robust dictionary learning; 
Step 2: Decompose the source and target data with dictionary D  based on sparse coding, the 
BoVW vectors with fixed length of the source and target data denoted as 

1 2{ , ,..., }
S

S S S
BoVW BoVW BoVWNx x x  and 1 2{ , ,..., }

T

T T T
BoVW BoVW BoVWNx x x  respectively; 

Step 3: Learn initial dictionary 0D  in BoVW vectors of the source domain using traditional 
dictionary learning method such as K-SVD; 
Step 4: For each 1 2{ , ,..., }

T

T T T
BoVW BoVW BoVWNx x x  in the target domain, update 0D using equation 

(10) and get the next intermediate dictionary 1{ } TN
k kD = ; 

Step 5: Decompose the BoVW vectors of target data with 0D : 
2

0 12
min 1,...,

i

T
i BoVWi i i Tx D i N

α
α α λ α= − + =，  

iα is the sparse coding coefficient. The target data T
BoVWix  is represented as the augmented 

feature vector of 0 1[( ) , ( ) ,..., ( ) ]
T

T T T T
i i N iD D Dα α α , which is employed for cross domain 

recognition after dimension reduction such as PCA.  

4. Experimental Results and Analysis 
In this section, we evaluate the proposed approach on the Office&Caltech[18] and Bing 
Caltech-256 datasets[28], which are frequently used datasets for visual domain adaptation 
methods. 

4.1 Results on Office&Caltech Dataset 
Following the work of [18], the dataset of Caltech-256 is involved in the Office dataset and a 
modified version of the dataset is build, where the Caltech-256 is treaded as an independent 
domain. The Office dataset contains three independent domains: Amazon, dSLR and Webcam 
subsets, where different types and quantities of office supplies such as keyboard, printer, 
bookcase, telephone, and mobile phone and so on are provided. The images of Amazon 
domain are downloaded from the www.amazon.com shopping site, where the commodity 
images are obtained with a moderate resolution and good imaging condition. Images of the 
dSLR domain are captured by a digital SLR camera in realistic natural lighting conditions with 
high resolution and low noise level, while images of the Webcam domain are captured by a 
Web camera with low resolution and high noise level. Each domain consists of 31 categories, 
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and 2790, 423 and 795 images are contained in Amazon, dSLR and Webcam respectively. Fig. 
2 shows example images from Amazon, dSLR, Webcam and Caltech domains. For fair 
comparisons with other methods, we follow the similar experiment protocols as the previous 
work [16] did. All images preprocessed into gray scale are adjusted to the same size and 
64-dimensional SURF features are extracted at interest point locations. With the robust 
dictionary trained from a subset of Amazon images, all the images are represented as the 
BoVW features with 300-bin histograms. 
 

 

（a） Amazon                                                            （b） dSLR 

 

     （c） Webcam                                                 （d） Caltech-256 
Fig. 2. Example images of the Office&Caltech 

 
Images in the source and target domains are represented based on multi-sparse coding in our 

approach. In this process, the dictionary needs be over-completed for sparsity of coding 
coefficients. Because of scarcity of dSLR and high similarity with Webcam, the dSLR domain 
is not considered. So, the Caltech, Amazon and Webcam domains are employed in this 
experiment, namely six different pairs of combination, where one is regarded as the source and 
the other as the target. The proposed method is compared with 
BoVW&1-NN[18]、NBNN[29]、PCAT[18]、DA-NBNN[30]、SGF[17] and GFK[18]. The 
former two methods are traditional image classification methods, where the data of source 
domain and target domains is regarded as a whole without considering the distribution 
differences, while the others are state-of-the-art domain adaptation methods. 

In order to describe domain adaptation of different combinations conveniently, the 
following intuitive representation such as A C→  is used, where A  and C are the first letters 
of Amazon and Caltech, and the training samples from Amazon are employed as the source 
while the testing samples from Caltech are employed as the target. Randomly select 20 labeled 
images per category from the source domain and 16 images per category from the target 
domain. Following the common benchmarking procedures, we repeat the experimental 
process for 5 times by randomly choosing training images and testing images. The average 
per-class classification accuracy of each time is recorded and the mean accuracy and its 
standard deviation are taken as the indices for comparison. Especially, in the two pairs 
experiment of C A→ andC W→ , length of the initial dictionary trained from the source 
domain is 800 while in other pairs is 600. 

The performances of the proposed method as well as several other methods are shown in 
Table 1, where the black bold font parts of each column denote the highest classification 
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accuracy in each domain couple. For the six pairs of source and target domains, it can be 
clearly seen that the methods based on domain adaptation are superior to the traditional 
methods in each group and the proposed method achieves the best performance except 
C A→ 、 A W→ and W A→ . The method of BoVW&1-NN achieves the worst 
performance in each domain couple, where the Euclidean distance is utilized for the 1-NN 
classifier. It is not able to reflect the true image-to-image distance between high dimension 
BoVW representations using Euclidean distance. NBNN is obviously superior to 
BoVW&1-NN, where the image-to-class distance avoiding quantization errors is used for 
classification decision. In particular, NBNN achieves better performance than GFC in domain 
couples of C A→  and W A→ . It also confirms that in the image-to-class setting the domain 
shift is intrinsically smaller, which provides good generalization for NBNN. Based on NBNN, 
the domain adaptation NBNN (DA-NBNN) is proposed, which iteratively learns a class metric 
for a large margin separation among classes.  In the method of PCAT, all the features are 
directly projected into the PCA subspace learned from the target domain, but this practice is 
too blunt, which greatly degrades the performance. The Sampling Geodesic Flow (SGF) 
approach employs intermediate subspaces to model domain shifts while the GFK extends SGF 
by leveraging the Geodesic Flow Kernel. The main idea of our method is similar to SGF and 
GFK, both of which assume the existence of intermediate subspaces between the source and 
target domains. From Table 1, we can see that GFK indeed outperforms SGF. Because of the 
smaller reconstruction error of the target data, our method provides better results than SGF and 
GFK (apart from A W→ ). Especially in the experiment of A C→ , compared with GFK, the 
classification accuracy is improved by about 6.1%. 

 
Table 1. Classification accuracy of cross domain 

Methods C A→  C W→  A C→  A W→  W C→  W A→  

BoVW&1-NN 20.9±3.0 18.4±3.8 20.3±2.2 21.0±3.6 16.8±1.1 16.1±1.5 

NBNN 41.0±3.0 28.4±3.7 31.3±1.3 31.8±2.2 26.8±1.0 37.4±1.2 

PCAT 32.8±0.7 27.7±0.4 30.7±0.5 29.8±0.7 23.5±0.4 28.1±0.5 

DA-NBNN 56.4±3.4 33.4±2.6 40.1±3.7 36.6±2.9 32.3±3.1 41.6±4.1 

SGF 36.8±0.5 31.7±0.4 35.3±0.5 31.0±0.7 21.7±0.4 35.5±0.7 

GFK 40.4±0.7 32.5±6.8 34.2±1.5 37.0±5.1 27.1±1.2 31.5±0.5 

Our method 44.7±0.3 35.1±0.8 40.3±0.5 36.5±0.9 33.1±0.4 38.2±0.5 

 
Given a single target domain and multiple source domains, identifying which is the best one 

for training classifier for the target data directly determines the final recognition. Obviously, 
the source domain closely related to the target is the best candidate. Gong et al. [18] proposes 
the concept of Rank of Domain (ROD), which is a measurement to a certain extent for domain 
shifts between different domains. It deems that the source domain with smaller ROD value can 
be well adapted to the target domain, which provides guidance for the selection of multiple 
source domains.  

Similarly, in order to measure the similarity between the source and target domains, Ni et al. 
[20] puts forward the concept of Quantificaiton of Domain Shift (QDS). The QDS between the 
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source and target domains is defined as , ,
1 ( )
2 S T T SQDS Q Q= + , where 

, 0
T

S T K F
Q D D= and , 0

T
T S K F

Q D D= .The ,S TQ characterizes the amount of shifts from the 
source to the target domain by measuring similarity between the source domain dictionary 

0D and the target domain dictionary KD . By reversing the role of source and target domain, 

,T SQ characterizes the amount of shifts from the target to the source domain. Similarity to [20], 
the intermediate subspaces are also modeled by dictionary learning in our method. Since 
updating the initial dictionary trained from the source domain with continuous incensement of 
the target data, the final dictionary achieved by online dictionary learning can represent the 
target data in terms of reconstruction error. Hence, the QDS is also employed for measuring 
domain shifts and verifying the effectiveness of the above experiments.  

The value of QDS reflects the similarity of two domains, where a higher value indicates 
higher consistency. Normally, the QDS value is positive correlation with recognition rate of 
the target data, providing an option for the optimal source domain with least domain shift. 
Table 2 shows the QDS value of different pairs of Caltech/Amazon/Webcam, where the 
symbol of NA represents the null value. Each column and row listed in Table 2 indicates the 
target and source domains respectively. For example, in the first column, when Caltech is 
treated as the target domain, the QDS value of Amazon is larger than that of Webcam. Thus 
compared with Webcam, Amazon can be well adapted to the target domain for training 
classifier, which is also consistent with the experimental results in Table 1. The classification 
accuracy of A C→  and W C→  in our method are 40.3% and 33.1% respectively. In other 
words, when Caltech is treated as the target data, Amazon is the best choice for the source data. 
While choosing Webcam as the target domain, it can be seen that Amazon has a larger QDS 
value than Caltech, which indicates high similarity and adaptability between Webcam and 
Amazon. The experimental results in Table 1 also confirm the conclusion, when Webcam is 
severed as the target domain, the accuracy in A W→  is 1.4% higher than that inC W→ . 

 
Table 2. QDS Value of cross domains 

Domains Caltech Amazon Webcam 
Caltech NA 12.65 10.12 
Amazon 12.65 NA 10.93 
Webcam  10.12 10.93 NA 

 
Gong et al. [18] study the adaptation of multiple source domains to the single target domain, 

namely choosing the most suitable source domain for the target domain. 
However, in practical applications, the samples to be recognized with unpredictability and 
complexity are more common. Therefore, the adaptation from the single source domain to 
multiple target domains is also considered in the proposed method. For conveniently 
comparing and analyzing experimental results, part of the target data comes from the source 
domain. The following representation of ( , )A C W→  is used in the section, where 
A (Amazon) denotes the source domain, the combination of C (Caltech) and W (Webcam) 

denoting the target domain. Following the above setup, we carry on the experiment. 
In particular, when the target data is derived from two domains, eight samples are randomly 
selected from each domain. 
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From Amazon, Caltech and Webcam, one of them is chosen as the source domain and the 
target data is obtained from the source domain or the other two domains. The experimental 
results are shown in Fig.  3, where Amazon, Caltech and Webcam are considered as the source 
domain respectively. When the source data and the target data are derived from the same 
dataset, such as A A→ 、C C→ and W W→ , the issue is transformed to the traditional 
image classification or in-domain problem , which does not contain any operation of domain 
adaptation. In these instances, good results are achieved in NBNN, which is consistent with 
the theoretical analysis. When the target data comes from multiple domains, our method 
possesses some advantages, specifically in the domain pairs of ( , )A C W→ , ( , )C A W→ and 

( , )W C A→ .It also can be seen that our method improves over SGF and GFK with a 
significant gain in accuracy. Although the target data is derived from multiple domains, the 
distribution difference is mitigated in a shared feature space in our method. Therefore, the 
augmented feature is more robust and effective for across domain recognition. While partial 
data of the target domain originates from the source domain such as ( , )C A C→ , compared 
with other domain adaptation methods, our method is more adaptive and achieves the highest 
accuracy. 
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（a）Amazon severing as the source domain 
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（b）Caltech severing as the source domain 
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（c）Webcam severing as the source domain 

Fig. 3. Performance comparison of multiple source domains in Office&Caltech 
 

4.2 Results on Caltech-256 & Bing Caltech-256 Dataset  
In order to better study the image classification of domain adaptation, according to category 
labels of Caltech-256, Bergamo et al. [28] build Bing Caltech-256 dataset including 120924 
images by leveraging the Bing image search engine on the Internet. Due to ambiguity of the 
text keywords and diversity of the Internet images, the dataset is more challenging. Fig. 4 
shows example images from Bing Caltech-256 and Caltech-256 domains. Based on 
suggestions of Bergamo, the Caltech-256 dataset is regarded as target domain while the source 
data comes from the Bing Caltech-256 dataset. In the experiment, all images of the source and 
target domains are preprocessed into gray scale and the max side of each image is resized to 
300 pixels. The dense SIFT descriptors normalized with 2



-norm are sampled from each 
image with a step length of 8 pixels in 16×16 pixel patches. Following the first step of the 
proposed method, decomposed by the robust dictionary learned from Bing Caltech-256, 
images of the source and target domains are represented as BoVW feature representations with 
1500 dimensions. On the basis of this representation, the K-SVD algorithm is employed for 
the initial dictionary 0D with the size of 4000 in the source domain. 

In the proposed method, intermediate subspace dictionaries are gained with the target data 
updating by means of online dictionary learning. In the process, samples of the target domain 
are considered as a dynamic data sequence. With continuous updating of the target data, the 
each intermediate domain dictionary needs to be saved. In image classification and recognition 
task of small scale, updating the previous dictionary with a single sample of the target domain 
is acceptable. Nevertheless, in the large-scale dataset, increased computation and memory 
consumption are resulted in with data size growing. 
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(a) Bing Caltech-256                                       (b) Caltech-256 
Fig. 4. Example images of the Caltech-256 & Bing Caltech-256 

 
One of the effective ways to resolve the problem is to update the previous dictionary with 

mini-batch samples instead of a single sample, as shown in online dictionary learning [27] and 
online robust dictionary learning [31]. In order to reduce computation and memory 
consumption, the same trick is used in the experiment. The influence of size of mini-batch 
samples for dictionary updating on classification accuracy is also studied, which is shown in 
Fig.  5. From the experimental results, it can be seen that the impact of mini-batch size ( p ) on 
the accuracy is relatively small. When p is increased from 10 to 100, the classification 
accuracy is reduced by 1.29%. Balancing the running speed and accuracy, the value of p is set 
to 30 in follow-up experiment.  
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Fig. 5. Influence of mini-batch size for dictionary updating on classification accuracy 

 
Fig.  6 shows experimental results of the proposed method and some other classification 

methods. It is obviously that the domain adaptation methods outperform traditional methods 
such as BoVW&1-NN and NBNN, where the source and target domains are considered 
undifferentiated. The experiment results further strengthen effectiveness of domain adaptation 
for image classification, while the training data and testing data have different distribution. 
Our method outperforms DA-NBNN, but be inferior to RDALR. In RDALR, the low-rank and 
sparse decomposition is utilized for connecting the source and target domains. However, 
RDALR is a semi-supervised domain adaptation method, which requires labeled samples in 
the target domain, and the classification accuracy of RDALR is significantly improved with 
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increasement of number of labeled target data. In terms of classification accuracy, our method 
is less than RDALR. However, in semi-supervised domain adaptation method, it is an 
exceedingly laborious work to collect labels for target data in practical applications. As an 
unsupervised domain adaptation, our method is more applicable. 
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Fig. 6. Classification accuracy of different methods 

5. Conclusion 
In the process of image classification, if the classifier learned from training data is directly 
applied to the testing data without considering the difference of distribution, the accuracy of 
image classification will be greatly degraded. Aiming at this problem, a domain adaptation 
image classification method based on multi-sparse representation is proposed in the paper. In 
order to effectively connect the source domain and the target domain, the existence of 
intermediate domains is hypothesized between the two domains. Moreover, the intermediate 
domain subspaces are modeled by online dictionary learning method with continuous updating 
of the target data. On the one hand, it ensures that the reconstruction error of the target data is 
the smallest, and on the other, the connection between the source and target domains is as 
smooth as possible. A shared feature space is built through the source, intermediate and target 
domains, where the data distribution shift is mitigated. The augmented feature representation 
with more robustness is employed for across domain recognition. Experimental results show 
that, when the training data and testing data are derived from different domains, the proposed 
method achieves good performance. 
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