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Abstract—This letter presents a novel semisupervised method
for addressing a domain adaptation problem in the classification of
hyperspectral data. To overcome the influence of distribution bias
between the source and target domains, we introduce the domain
transfer multiple-kernel learning to simultaneously minimize the
maximum mean discrepancy criterion and the structural risk
functional of support vector machines. Then, the pairwise binary
classifiers are merged as the multiclass classifier for solving the
classification problem in hyperspectral data. Both bias and nonbias sampling strategies are introduced to evaluate the robustness
of the proposed method against the spectral distribution bias. The
results obtained from real data sets show that the proposed method
can achieve higher classification accuracy even with cross-domain
distribution bias and provide robust solutions with different
labeled and unlabeled data sizes.
Index Terms—Domain adaptation (DA), hyperspectral image
classification, maximum mean discrepancy (MMD), remote
sensing, sample selection bias, support vector machines (SVMs).

I. I NTRODUCTION

H

IGH-spectral-resolution images obtained from hyperspectral sensors offer the potential to improve land cover
classification performance. In practice, only a small fraction of
the training samples within a limited area can be labeled as
ground truth to develop land cover classifiers [1], [2]. However,
between different areas in hyperspectral data, there exists some
shift in the spectral distribution, which can be attributed to the
differences in the local illumination or atmospheric conditions,
in the photological state, in the shadowing effects, etc. Due
to the intraclass variance between the source domain (training
area) and the target domain (testing area), the classifiers learned
based on the sample domain may not fit in the target domain,
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even though large amounts of labeled data are trained in the
source domain. This phenomenon is called the sample selection
bias problem.
The domain adaptation (DA) framework (also known as
transfer learning) is aimed at taking advantage of the available
knowledge on a given source domain to develop a classifier
built on the target domain where a priori information is not
available [3], [4]. In this letter, we focus on the investigation of
learning the kernel function from different areas in hyperspectral images. Recently, active learning [5], [6] has been applied
to learn the data set shift and perform sample queries over the
target domain. To help classify the data obtained from spatially
and temporally different areas, the contextual information in the
classifiers trained from source domain data is also exploited [1].
In addition, several new approaches have been performed using
the data from the source domain and target domain based on the
following: DA support vector machines (SVMs) [7], clustering
technology [8], and maximum a posterior classifiers [9].
Maximum mean discrepancy (MMD) was proposed [10] to
measure the distribution distance across different domains in a
reproducing kernel Hilbert space (RKHS). The MMD criterion
is learned as a kernel matrix and then applied for feature reduction [11]. This technique, called transfer component analysis,
has been introduced for feature extraction in remote sensing
data by Matasci et al. [12] and reveals improvements for DA.
In this letter, we introduce the domain transfer multiple-kernel
learning (DTMKL) to hyperspectral image classification, which
combines the MMD criterion with SVM learning [13], [14]. In
contrast to the two-step approach in [12], DTMKL follows a
unified convex optimization procedure to learn the multiplekernel classifiers by minimizing both the SVM structural risk
function and the distribution mismatch between source and
target domains in one step. Based on the binary DTMKL
classifiers, we adapt the one-against-one approach [15] to solve
the multiclass classification problem in hyperspectral data. To
closely examine the influence of the sample selection bias
problem, we introduce two sampling strategies to simulate
both the nonbias sampling and bias sampling. Comparison
experiments with classic SVM, Laplacian SVM (LapSVM)
[16], [17], simple multiple-kernel learning (SimpleMKL) [18],
transductive multiple-kernel learning (TMKL) [19], [20], and
the proposed method are carried out on two hyperspectral
data sets.
The rest of this letter is outlined as follows. Section II
reviews the framework of DTMKL and the definition of MMD.
Section III presents the multiple-kernel learning for DTMKL
and the solving algorithm. Section IV shows the experimental
results. Finally, Section V gives the conclusions.
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II. DTMKL F RAMEWORK
The DTMKL framework is originally designed to develop a
binary classifier. To resolve the multiclass problem for hyperspectral data, the one-against-one strategy is used to combine
all the binary DTMKL classifiers to output the final decision.
This section describes the formulation of the binary DTMKL
classifier.
ns
be the ns labeled source
Let {X S , Y S } = {(xSi , yiS )}i=1
nT
T
be the nT unlabeled
training data and {X } = {{xTj }}j=1
target testing data, with samples xSi , xTj ∈ Rd ∀i, j and labels
yiS ∈ Ω = {−1, +1}. The data are assumed to be transformed
for better representation. Let the mapping be as follows for both
∗
∗
domains: X S → ψ(X S ) = X S and X T → ψ(X T ) = X T .
The divergence of the two data distributions after transforma∗
∗
tion is expected to be minimized, so that P (X S ) ≈ P (X T ).
DTMKL minimizes the distance of data distribution between
the two domains, as well as the structural risk function of SVM.
The optimization problem can be formulated as


 
[k, f ] = arg min Φ Distk (X S, X T ) +μSVMk,f (X S ) (1)

where Φ(.) is any monotonic increasing function and μ > 0 is a
weight parameter to balance the difference of data distribution
from the two domains and the structural risk functional SVM
for labeled samples. The kernel function k and the SVM
decision function f can be learned in one optimization problem.
Divergence Term: The first term in (1) is used to measure
the mismatch of data distribution between the source and target
domains. The MMD, proposed by Borgwardt et al. [10], is often
used as an indicator for calculating the distribution distance in
the RKHS, namely
2

nS
nT
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ψ xSi −
ψ xTi  . (2)
DistK (X S, X T ) = 

 nS
nT i=1
i=1
By virtue of the well-known kernel trick, the distance in (2)
can be rewritten as
DistK (X S , X T ) = tr(KL)

(3)

where

K=

KS,S
KT,S

KS,T
KT,T

∈ R(nS +nT )×(nS +nT )

(4)

with KS,S , KT,T , KS,T , and KT,S being the kernel matrices
[of elements Ki,j = ψ(xi ) ψ(xj )] obtained from the data of the
source domain, target domain, and cross-domains, respectively,
and L = [Lij ] with Lij = 1/n2S if xi , xj ∈ XS , Lij = 1/n2T if
xi , xj ∈ XT , and Lij = −1/nS nT if otherwise.
Discriminative Term: The objective of the second term in
(1) is to minimize the structural risk function of SVM for better
classification performance in the target domain. SVM is usually
solved by its dual problem that is in the form of the quadratic
programming problem. Let α = [α1 , . . . , αn ] be a vector of the
dual variables αi for each labeled sample, y = [y1 , . . . , yn ] be
the label vector, and KS,S = [k(xi , xj )] ∈ RnS ×nS be the kernel matrix of labeled samples with k(xi , xj ) = ψ(xi ) ψ(xj ).

Summing up the two terms simultaneously, we obtain the
following saddle-point minimax problem:


1
(5)
min Φ(tr(KL))+μ max α 1− (α◦y) KS,S (α◦y
α∈A
K≥0
2
where A = {α ∈ RnS |C1 ≥ α ≥ 0, α y = 0} is the feasible
set of α, with C being the regularization parameter for SVM.
The elementwise product vector between two vectors α and β
is represented as α ◦ β.
III. M ULTIPLE -K ERNEL L EARNING IN DTMKL
A. Objective Function Formulation
The standard SVM builds a learning model using only a
single kernel and fixed kernel parameters. The disadvantage is
that it lacks the generalization capability of dealing with multidimensional data. Recent research [19]–[21] has revealed that
multiple-kernel learning can provide a more flexible framework
to mine the information more effectively. In this letter, in order
to simplify the kernel learning and facilitate the usage of the
existing SVM solver, the kernel function k is assumed as a
linear combination of a set of M base kernel functions {km },
M
i.e., k = M
m=1 dm km , where dm ≥ 0 and
m=1 dm = 1.
The two kernel matrices are changed to multiple-kernel verS,S
S,S
= M
sion: K = M
m=1 dm Km and K
m=1 dm Km , where
nS ×nS
∈
R
are
the mth
Km ∈ R(nS +nT )×(nS +nT ) and KS,S
m
base kernel matrices defined for both domains and for the
labeled patterns, respectively. The Φ function in (5) is defined
as Φ(x) = 12 (x)2 , which is strictly convex and can help to
accelerate the convergence speed in kernel learning. Applying
the kernel trick, the optimization problem can be simplified as
follows:
⎛
⎞
2
M

1
min ⎝
dm K m L
+ μ max J(d)⎠
(6)
tr
α∈A
d∈D
2
m=1
where
1
J(d) = α 1 − (α ◦ y)
2


M



dm KS,S
m

(α ◦ y)

m=1

and D = {d|d ≥ 0, d 1 = 1} is the feasible set of d.
B. Optimization Algorithm
Solving (6) is a saddle-point minimax problem. Let pm =
tr(Km L) and p = [p1 , . . . , pM ] ; then, (6) can be transformed as
1
min h(d) = min d pp d + μ max J(d).
α∈A
d∈D
d∈D 2

(7)

The different variables (α and d) can be updated iteratively
to obtain the global optimization solution. With a fixed d, a
standard SVM solution is used to solve the dual problem to
maximize J(d). When SVM parameter α is held constant, (7)
can be updated using second-order Newton method to obtain
the kernel weight vector d. The initialization value for d is often
set to 1/M .
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TABLE I
DATA S ETS U SED IN THE E XPERIMENTS

2
k(xi , xj ) = 1/(λ xi − x√
+ 1)], and inverse distance kerj
nel [i.e., k(xi , xj ) = 1/( λ xi − xj + 1)]. For each kind of
kernel, the λ has four possible values {2−1 , 2−2 , 2−3 , 2−4 }.
The selection of base kernel types and parameters is based
on practical experiments by testing various combinations of
kernels. All the experiments are done on a 2.53-GHz Core 2
CPU with 8-GB RAM.

B. Sampling Strategies for Performance Validation

Fig. 1. Pseudocolor image, ground truth map, and DTMKL classification
map for hyperspectral data. The green rectangles in the pseudocolor images
represent the source domain area. (a) WDC data set. (b) PC data set.

IV. E XPERIMENTS AND R ESULTS
A. Experimental Setup
Two hyperspectral data sets were used in our experiments.
The first hyperspectral data set, shown in Fig. 1(a), is an image
of 1280 × 307 pixels taken over the Washington DC (WDC)
mall by the HYperspectral Digital Imagery Collection Experiment sensor. The five land cover classes—which are confined in
the source domain area (green rectangle in the figure)—chosen
are as follows: roof, street, path, grass, and trees. The second
data set, shown in Fig. 1(b), is a 1.3-m-spatial-resolution hyperspectral image acquired by the ROSIS-03 optical sensor over
the city center of Pavia [Pavia center (PC)]. The image contains
1096 × 715 pixels. The five land cover classes—which exist
in the source domain area—considered are as follows: water,
trees, meadow, soil, and tiles.
The results of the proposed method were compared with
those of the classic SVM, LapSVM, SimpleMKL, and TMKL
methods. To analyze the influence of multiple kernels in
DTMKL, a single-kernel version for domain transfer (noted
as DT-SK-SVM) was also compared, which selects one fixed
kernel that minimizes the objective function (5). For the
classic SVM and LapSVM, we use a Gaussian kernel [i.e.,
k(xi , xj ) = exp(−λ xi − xj 2 )] as the default kernel. A grid
search has been run to get the optimal SVM parameters using a tenfold cross-validation, with C ∈ {0.5, 1, 2, 4} and λ ∈
{0.0625, 0.125, 0.25, 0.5}. For the other four methods, we add
three other
√ types of kernels: Laplacian kernel [i.e., k(xi , xj ) =
exp(− λ xi − xj )], inverse square distance kernel [i.e.,

In traditional evaluation experiments, the whole image is
considered as both the source and target areas so that, from a
statistical point of view, there is no distribution bias between
the source and target domains. In this traditional case, we
consider the random sampling strategy over the whole image
to be “nonbias sampling.”
To investigate the influence of the sample selection bias problem, we adopt, for comparison, a second sampling strategy—
“bias sampling.” In the second case, a segment of the
hyperspectral image, represented by the area within the green
rectangles in the pseudocolor images in Fig. 1, is designated the
source domain area; the remainder of the image is designated
the target domain area. The pixels within the green rectangles,
i.e., the source domain, are considered to be labeled samples
and are sampled for training data; the pixels outside the
green rectangles, i.e., the target domain, are considered to be
unlabeled samples and are sampled to help training and used
for validation data.
To compare the results more fairly, we set the numbers of
training and testing samples equal in both the two strategies.
Table I summarizes the following three properties of the data
sets: the number of samples (#samples), the number of spectral
bands (#bands), and the number of classes (#classes). In the
experiment in Section IV-C, the training and testing data are
sampled in ratio of 50% for every class. In the experiment in
Section IV-D, we varied the rate of both labeled and unlabeled
samples independently in the set {10%, 30%, 50%, 70%, 90%,
100%} for the classification robustness validation. To reliably
evaluate the performance of the different methods, all the results are averaged over five different randomly selected training
and validation data sets for each experiment.
C. Classification Performance Assessment
The classification accuracies and the kappa statistics of the
proposed method and the other five methods are summarized in
Table II with the maximum values in every row in bold. Under
the nonbias sampling strategy, we can see that SimpleMKL,
TMKL, and DTMKL outperform the other methods in terms of
overall accuracy (OA). The bias is artificially removed by the
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TABLE II
OA AND K APPA R ESULTS W ITH D IFFERENT M ETHODS AND S AMPLING S TRATEGIES ON WDC AND PC DATA S ETS

Fig. 2. Weight proportion values of different kernels and μ sensitive analysis
for the (top row) WDC data set and (bottom row) PC data set.

first sampling strategy. Thus, all the three methods can achieve
excellent classification accuracies. However, the unreasonable
assumption (no bias) is often invalid in practice. When the training data sampling is constrained within the source domain area
under the bias sampling strategy, the classification accuracies
of all the classifiers obviously decrease due to the bias sample
selection problem. DTMKL performs the best among the six
methods under the bias sampling strategy. For the WDC data
set, DTMKL has gains of +2.6%, +2.3%, and +1.0% over
SVM, TMKL, and SimpleMKL, respectively. For the PC data
set, DTMKL has gains of +1.2%, +1.0%, and +0.9% over DTSK-SVM, LapSVM, and SimpleMKL, respectively. DTMKL
learns the kernel matrix to map different domain data “closer”
in the RHKS by utilizing the unlabeled data in the target
domain. In the same table, we report the standard deviation of
OA exhibited by each classification method. Low sensitivity is
obtained by the DTMKL and SimpleMKL classifiers compared
with those achieved by the other semisupervised methods like
LapSVM and TMKL.
For insight of the importance of different kernels in DTMKL,
we exhibit in Fig. 2 the weight proportion of all used kernels.
We observe that the inverse distance kernel and inverse square
distance kernel have higher weights than the other kernels. The
facts demonstrate that the two kernel types have more capacity
to match the data distribution of the two domains as well as
minimize the structural risk of SVM.

Fig. 3. Results for the (top row) WDC data set and (bottom row) PC data
set. OA over the validation set as a function of the ratio of labeled samples
using different methods is presented in the left side. Kappa statistic surface is
presented in the right side.

We also investigate the performance variation of DTMKL
with respect to the different balance parameters μ ∈ [0.1, 10],
in which we set the regularization parameter C = 2 or 4. As
shown in Fig. 2, the classification accuracy decreases when μ
is too large or too small. DTMKL obtains the best performance
when μ is set between 0.5 and 1.5. In that range, the classification accuracy is not sensitive to the parameter μ.
D. Evaluate the Robustness to Different Sizes of Labeled and
Unlabeled Data
The validation results of the six methods with different
labeled sample sizes are presented in Fig. 3. The corresponding DTMKL classification maps are shown in Fig. 1.
Several conclusions can be drawn from the experimental results. First, DTMKL classifiers produce better classification results than SVM and SimpleMKL in all cases. Second, this gain
is particularly noticeable when only a low number of labeled
samples are available. This phenomenon can be explained that
the unlabeled data play a more important role when the labeled
data are not adequate. Third, the classification accuracy of the
proposed method increases as the percentage of labeled samples
increases. The kappa statistic surface shown in the right side of
Fig. 3 also confirms, in general terms, the importance of the
labeled information in this problem.
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V. C ONCLUSION
The distribution bias between source domain and target
domains often leads to poor classification performance of hyperspectral images. DTMKL is an effective framework to solve
the cross-domain classification problem for hyperspectral data.
The results show that the proposed method using DTMKL can
effectively improve the classification by learning cross-domain
knowledge and is robust to different sizes of training data.
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