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Combination of Transferable Classification with
Multi-source Domain Adaptation Based on
Evidential Reasoning

Zhun-ga Liu, Lin-qing Huang, Kuang Zhou, and Thierry Denceux

Abstract—In applications of domain adaptation, there may
exist multiple source domains, which can provide more or
less complementary knowledge for pattern classification in the
target domain. In order to improve the classification accuracy,
a decision-level combination method is proposed for the multi-
source domain adaptation based on evidential reasoning. The
classification results obtained from different source domains
usually have different reliabilities/weights, which are calculated
according to the domain-consistency. So the multiple classification
results are discounted by the corresponding weights under belief
functions framework, and then Dempster’s rule is employed to
combine these discounted results. In order to reduce errors, a
neighborhood-based cautious decision making rule is developed
to make the class decision depending on the combination result.
The object is assigned to a singleton class if its neighborhoods
can be (almost) correctly classified. Otherwise, it is cautiously
committed to the disjunction of several possible classes. By
doing this, we can well characterize the partial imprecision of
classification, and reduce the error risk as well. A unified utility
value is defined here to reflect the benefit of such classification.
This cautious decision-making rule can achieve the maximum
unified utility value, because partial imprecision is considered
better than an error. Several real data sets are used to test
the performance of proposed method, and the experimental
results show that our new method can efficiently improve the
classification accuracy with respect to other related combination
methods.

Index Terms—Evidential reasoning, belief functions, domain
adaptation, evidence theory, pattern classification, cautious deci-
sion making.

I. INTRODUCTION

In pattern classification, when there are not enough labeled
training patterns in the target domain, traditional machine
learning methods cannot build a reliable model. If there are
abundant labeled patterns in the source domains that are
related to the target domain but with different distributions
or feature spaces, these patterns are expected to help classify
objects in the target domain. Domain adaptation, as a special
setting of transfer learning, aims to transfer knowledge in
the source domain [1-3] to the target domain for improving
the classification performance. The major issue of domain
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adaptation is how to reduce the distribution difference between
the source and target domains.

Existing works can be summarized into two main categories:
1) instance re-weighting [4], which reuses samples in the
source domain by some weighting techniques; 2) distribution
match [5], which utilizes good feature representation to reduce
the difference of distributions between domains and preserve
important properties of original data. We mainly focus on
distribution match in this work. Transfer Component Analysis
(TCA) recently introduced by Pan et al. [5] consists in learning
some transfer components and extracting new features of both
domains to make the distributions close to each other. Wang et
al. [6] come up with Stratified Transfer Learning (STL) con-
sidering conditional probability distribution match to obtain a
new feature representation. The Joint Distribution Adaptation
(JDA) [7] matches both marginal and conditional probability
distributions and extracts a robust feature representation to
reduce the difference between the source and target domains.
Some methods considering new conditions based on matching
marginal and conditional distributions have been proposed to
achieve the best possible performance. A method called Visual
Domain Adaptation (VDA) [8] takes into account not only
the marginal and conditional probability distributions but also
domain invariant clusters. Transfer Joint Matching (TJIM) [9]
reduces the difference of domains by jointly matching the
distribution and re-weighting the instances. Balanced Distribu-
tion Adaptation (BDA) [10] considers both the importance of
the marginal and conditional distribution discrepancies when
minimizing the distribution distance between domains, and
Weighted Balanced Distribution Adaptation (W-BDA) [10] for
imbalance issues in classification is also proposed. Subspace
Distribution Alignment (SDA) [11] as an extension of Sub-
space Alignment (SA) [12] employs subspace structure and
feature alignment to obtain one robust feature representation.
Sun et al. propose CORrelation ALignment (CORAL) [13]
to minimize domain difference by aligning the second-order
statistics of the source and target distributions. The Joint
Geometrical and Statistical Alignment (JGSA) method [14]
reduces the difference between domains both statistically and
geometrically.

The previous methods mentioned above only consider one
source domain. In applications, there may exist multiple source
domains, and it has been an open problem [15-17] how to
efficiently take advantage of the complementary knowledge
among different source domains. For example, TrAdaBoost
[18] is developed based on a different strategy compared
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with AdaBoost [19]. It trains the base classifier using the
weighted patterns in the source and target domains. At each
iteration, the weights update for correctly classified patterns
in the target domain is the same as that of AdaBoost, but the
update is completely opposite for wrongly categorized patterns
in the source domain. The MultiSource-TrAdBoost [20, 21]
method is developed for solving the classification problem
with multiple source domains. At every round of iteration,
MultiSource-TrAdaBoost selects the individual classifier with
minimum errors in these source domains as a base classifier.

The different source domains usually provide some comple-
mentary knowledge for the classification of objects (patterns)
in the target domain. The fusion of such complementary
knowledge is very important to improve the classification
accuracy. In the MultiSource-TrAdaBoost method, the best
individual classifier is selected without taking into account the
complementary knowledge among multiple source domains.
In this paper, we propose a new method called combination
of transferable classification (CTC) with multi-source domain
adaptation, which can take fully advantage of the comple-
mentary knowledge from multi-source domains to pursue the
good classification performance. The main contributions of
this work mainly lie in two parts: a new weighted combination
method proposed for classification with multi-source domain,
and a cautious decision making rule developed to reduce
errors. They are briefly introduced as below:

1) A weighted decision-level combination method is pro-
posed for dealing with multiple classification results produced
by different source domains based on domain adaption tech-
niques. When there exist multiple source domains in transfer
leaning, the domain adaption technique is conducted for each
source domain and target domain. Then multiple classification
results can be obtained according to these multiple source
domains for the object in target domain. There generally
exist more or less complementary knowledge among these
classification results. Evidential reasoning, which is good at
managing the uncertain information, is employed here to
combine these classification results. Because the classifiers
learnt by using the data in different source domains can have
different abilities on classification of objects in the target
domain, we propose to estimate the weights of the classifiers
depending on the distribution distances between the source
and target domains. Then, these classification results are dis-
counted with corresponding weights before the combination.

2) In the decision making phase, we develop a cautious
decision making rule to reduce errors. It allows us to commit
the object not only to singleton classes but also to the
disjunction of several possible classes based on the K-nearest
neighbors technique. In applications, some objects are hard to
classify because of the insufficient attribute information, and
such objects can be committed to the disjunction of classes.
In this way, we can efficiently reduce errors in uncertain cases
by properly modeling the partial imprecision.

This new CTC method is quite different from the traditional
classifier fusion methods that work with different training data
sets. In these traditional methods, the classifier can be directly
learnt using each training data set, and the multiple classifiers
are combined to obtain the classification results. In the new

CTC method, the patterns in the source and target domains
are represented in the same feature spaces but are assumed
to be drawn from different distributions. In order to improve
the classification accuracy, the domain adaptation technique
must be employed here to transform these patterns into a new
common feature space in which the distributions are as close as
possible. Then the labeled patterns from each source domain
can be used to learn a classifier for classifying the objects
in target domain. When there exist multi-source domains, we
propose to estimate the weights of the classification results
(w.r.t. multi-source domains) based on a new measure of
distribution distance (domain consistency). After that, the
classification results discounted with the weights are combined
by evidential reasoning method.

This paper is organized as follows. In section II, basic
information about transfer learning and evidential reasoning
is briefly introduced. The weighted combination method and
cautious decision making rule are proposed in section III. The
experimental applications are reported in section IV. Section
V concludes this paper.

II. BACKGROUND KNOWLEDGE

Transfer learning has been successfully applied to solve
the pattern classification problem with few labeled or without
labeled patterns. In applications, multiple source domains are
often available. The fusion of complementary knowledge in
these multiple source domains can efficiently improve the clas-
sification accuracy. Evidential reasoning (ER), as an effective
tool to represent and combine uncertain information will be
employed here to combine multi-source information. In this
section, we will briefly introduce some basic concepts and
notations for transfer learning and evidential reasoning.

A. Brief Introduction to Transfer Learning

Transfer learning aims to use the knowledge in the source
domain to improve the classification performance in the target
domain. It has been successfully applied in many applications,
e.g., cross-domain image classification [22], image clustering
[23], remote sensing image classification [24], indoor WiFi
localization [4] and so on.

In transfer learning, there are two important concepts: do-
main and fask. Domain D has two components: a feature space
X and a marginal probability distribution P(X). Similarly,
task 7 consists of two elements: a label space ) and a
prediction function f(-). This function is used to predict the
corresponding label, f(x), of one query object x. The domain
and task are denoted by D = {X, P(X)}and T ={Y, f (1)},
where X is the set of patterns x, and Y is the set of
corresponding label y, ie., X = {wy, 22, - ,x,} € X
and Y = {y1,92, - ,yn} € V. We take an image classi-
fication task with SURF feature! as an example to explain
the meanings of these notations: X and ) are the image
feature space and object class space, respectively; x; is one
feature vector (pattern), and y; is the corresponding label, i.e.,
(x;,y;) is an image pattern pair; X is the set of all image

ISURF feature means the image feature extracted by SURF algorithm.
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feature vectors (patterns), and P(X) stands for probability
distribution. The domain and task with few or without labeled
patterns is denoted by target domain Dr and target task 7,
while the related domain and task are described as source
domain Dg and source task Tg. After introducing the concepts
and notations for domain and task, the definition of transfer
learning is described as follows.

Definition [25]: Given a source domain Dg and source task
Ts, a target domain Dy and target task 7, transfer learning
aims to use the knowledge in Dg and Tg to help improve the
learning of prediction function fr(-) in Dr, where Dg # Dr
or Ts # Tr.

From the domain perspective, there are two cases of Dg #

Dr as
{ Xs # X7, P(Xs) # P(X7)

Xs = Xr, P(Xs) # P(Xr). (1

The first case with different feature spaces is referred to
heterogeneous transfer learning, and the second is called ho-
mogeneous transfer learning or domain adaptation. For details,
one can refer to papers [25-28].

In this work, we mainly focus on the classification problem
in the second case, i.e., domain adaptation. The distribution of
patterns in the source domain (training data) is different from
that of objects in the target domain (test data), i.e., training and
test data do not satisfy independent and identically distributed
(i.i.d.) assumption. The classification performance on test data
could be poor if directly using the training data. The influence
of distribution is shown in Fig. 1. It seems not very reasonable
to directly use labeled data in the source domain to classify
the data in the target domain. The distribution match should be
done before the classification procedure to make distributions
of the source and target domains close to each other.
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Fig. 1. Patterns in the source and target domains with different distributions.

B. Basics of Evidential Reasoning

Evidential reasoning (ER), also known as evidence theory,
Dempster-Shafer theory (DST) or belief functions (BFs) was
proposed by Dempster [29] and developed by Shafer [30]. It
is widely used in real applications [31], such as classification
[32, 33], clustering [34], information fusion [35, 36], decision
making [37-41], etc.

Let Q = {wy,wa, - ,w.} be a finite set of mutually exclu-
sive and exhaustive hypotheses about some problem domain,
and the (2 is called the frame of discernment [42]. In pattern
classification, the element w; can be considered as the i-th

category in a c-class classification problem, and 2 is the label
space. The power-set denoted by 2 is the set of all subsets of
), and the cardinality of power-set is 2‘Q|, e.g., if the frame of
discernment is = {w,wy, w3}, then || = 3, 21°l = 8 and
29 = {Q]v {wl}a {w2}7 {W3}, {wl,WQ}a {w17w3}a {WQa W3}, Q}

The Basic belief assignment (BBA) also called mass function
m(-) is a mapping from 2 to [0, 1]. Tt satisfies the condition:

{ > m(A)=1
2

where m(A) measures the belief that one is willing to commit
exactly to A, and not to any of its subsets. If m(A4) > 0, A is
a focal element. In pattern classification, if A is a single class
w;, m(A) represents the support degree of object associated
to class w;. If A is a set of classes (e.g., A = {w;,w;}),
m(A) is used to reflect the imprecise (partial ignorance)
degree among classes w; and w;. The quantity m({2) stands
for the total ignorance degree, and it plays a neutral role in
the combination. The belief function Bel(-) and plausibility
function PI(-) are also defined in [30] to represent the upper
and lower of probability associated with BBA, respectively.

Dempster’s rule (called DS rule for short) for combining
two pieces of evidence is defined by

> my(B)ma(C)

BNC=A|B,Ce2%

1- >

BNC=0|B,Ce2?

my D ma(A) =

my(B)mo(C)’ ®)

and m () = 0. The conflict between two pieces of evidence
is defined by

BNC=0|B,Ce2"?

mq (B)maz(C). 4)

k1o =

The DS rule is associative, and the combination order has no
influence on the final combination result of multiple (more
than two) pieces of evidence.

III. PATTERN CLASSIFICATION VIA COMBINING
INFORMATION IN DIFFERENT SOURCE DOMAINS

In this section, we will present the proposed method for the
combination of transferable classification (CTC) with multi-
source domain adaptation. Let us assume there exist n source
domains Dg,,7 =1, -+ ,n with many labeled patterns and
one target domain Dr without labeled objects. The source
and target domains are represented in the same feature space
but are drawn from different probability distributions. This
situation is formalized by

{ XNy, = =Xs, =Xy
P(Xs,) # - # P(Xs,) # P(Xr).

In the existing domain adaptation methods [5-10], a map-
ping matrix is usually learnt to map the patterns in the
source domain and the objects in the target domain into
a new common feature space in which the distributions of
the source and target domains become close to each other.
Labeled patterns from the source domain are regarded as
training data to learn a classifier, which can be employed

(&)
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to classify the query objects in the common space. Each
source domain can produce one piece of evidence about the
classification for the object in the target domain. The different
source domains generally provide more or less complementary
knowledge for classifying an object, and the classification
performance can be efficiently improved via the combination
of these classification results. Nevertheless, the reliability of
classification results (soft outputs) usually vary across different
source domains. Evidential reasoning is a suitable formalism
to deal with such uncertain information; it serves as a basis
for the new weighted evidence combination method proposed
here to combine multiple classification results.

A. Weighted Combination of Multiple Classification Results

In the combination of multiple classification results, it is
important to properly determine the weight of each result
for achieving the best possible classification performance. In
applications, the consistency between the source and target
domains has significant influence on the classification result.
If the distribution of the source domain is very consistent with
that of the target domain, this source domain will be very
useful for improving the classification performance on query
objects in the target domain. However, the source domain
cannot provide important information for classifying objects
in the target domain when its distribution is quite distinct from
that of the target domain. So we will attempt to estimate the
reliability of each classification result according to the domain-
consistency between the source and target domains.

There exist many metric methods to estimate the distribution
difference. In some applications, the probability distribution
function (PDF) of data in different domains is hard to ob-
tain. The PDF-based metric methods like Kullback-Leibler
(KL) divergence or Jensen-Shannon (JS) divergence cannot
be directly applied in such case. The .A-distance proposed by
Ben-David et al. in [28] has been widely used to measure
distribution difference [43, 44], and it works well when the
PDF is not available. So it is employed here to measure
domain-consistency (distribution distance).

In the A-distance method, the patterns from the source
and target domains are annotated with pseudo labels (domain
labels). The pseudo labels of patterns that have different real
class labels in the source domain are all annotated by O,
whereas the labels become 1 when the objects come from
the target domain. The two labels (i.e., 0, 1) do not represent
the real class categories, and we call them domain labels for
convenience. Such annotation considered as the benchmark is
mainly used to reflect where the patterns come from (e.g.,
the source domain or the target domain) for calculating the
domain-consistency. Then a classifier’ can be learnt using
these annotated patterns to distinguish whether the patterns
are from the source or target domains. If the classification
loss is big, it indicates that the patterns in the source and target
domains are hard to distinguish, and the domain-consistency
should be high. If the classification accuracy is high, it means
the source and target domains are well separated, and the

2This metric criterion [28] requires that the classifier is linear, e.g., Support
Vector Machine (SVM) with liner kernel.

domain-consistency should be low. This is illustrated in Fig.
2. When the two distributions are close to each other, it is
difficult to distinguish whether patterns are from the source or
target domains. Nevertheless, the patterns are easily classified
into the source and target domains if the distributions are quite
separate. Formally, we denote e(C) the average loss (i.e., error
rate) of a linear classifier C discriminating the two domains
Ds and Dr. The A-distance is defined by

d(Ds, Dr) = 2(1 — 2¢(C)). (6)

The theoretical derivation of this metric method is given
in [28]. In applications, it achieves the biggest value (i.e.,
2) when distributions of the source and target domains are
completely different. If the distributions are the same, the
average classification loss (error rate) for the source and
target domain is 0.5, i.e., ¢ = 0.5. Thus, the A-distance
value is equal to O according to Eq. (6) in such case. So
distance value lies in the interval [0,2] in practice. This
distance value varies with different linear classifiers, whereas
the tendency of domain-consistency is similar. For instance,it
is assumed that there exist two source domain Dg,, Dg, and
one target domain Dp. Please note S; and S; represent the
indexes of the two different source domains. When a Linear
Discriminant Analysis (LDA) classifier is employed, one gets
d(Dg,,Dr) > d(Ds,,Dr), and a similar result can be also
obtained using other linear classifiers, e.g., SVM with linear
kernel. Now we will see how to exactly estimate the domain-
consistency based on .A-distance.

(a) close distribution (b) quite different distribution

Fig. 2. The difference of patterns in the source and target domains with close
distributions and quite different distributions.

The patterns in n source domains are denoted by Dg, =

{(xglaygl)};)vzlla"' ’DSn = {(w5n7y1§n)};]nv:1’ and the ob-
jects in the target domain are given by Dp = {wg}évgl,

where NN; and Np are the number of patterns in the i-th
source and target domains, and {yfi}]]gvil are correspond-
ing real class labels of patterns in the i-th source domain.
The patterns in the i-th source domain and objects in the
target domain with domain labels are, respectively, denoted
by Dgl = {(:cg,gf) [1)\/:1-1 and [):,“1 = {(a:qT,gqu) éV:Tl, where
{u5: }I])V;'1 =0 and {gqu}éV:Tl = 1 are domain labels.
The new labeled data set can be obtained by merging these
data sets as DggT = [)g U DI, A linear classifier C is
learnt based on these labeled patterns to distinguish whether
patterns are from the i-th source domain or the target domain.

The average classification loss of the merged data set using
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classifier C is

N;+Nr
1
e = — ) — s = 1.---
& (C) N, T Ny ]E:l |C(x;) — gl coeon (7

where (x;,7;) a pattern of the merged data set l~)7S”iT, and
C(xz;) € {0,1}. The distribution distance between the i-th
source and target domains is

ds.7(Ds,, Dr) =2(1 —26,(C)),i=1,---,n.  (8)

The above distribution distance represents the consistency
of the i-th source and target domains before distribution
match. After matching via domain adaptation techniques, the
distributions will become close, but these patterns still do not
satisfy i.i.d., assumption. There may exist some differences
between domains. The distribution distance after matching
should also be taken into account in reliability evaluation. It
is estimated in the similar way as above.

For distribution match of the source and target domains,
there already exist many methods, e.g., TCA [5], JDA [7], TIM
[9], BDA [10], to obtain a mapping matrix for transforming
the patterns in the source and target domains into a common
new feature space to make distributions drawn close. For
example, in TCA [5], the dimensionality reduction technique
can learn a transformed feature representation by minimizing
the reconstruction error of the input data. Let us consider the
input data matrix X = [z, &2, -, x,] € R™*™, where X
is the set of patterns in the source and target domains, and
n = ns + ny. The reconstruction error of transformed patterns
in the source and target domains by mapping is defined by

1 Ns+ne
||—ZAT91:Z— — Y ATzl =tr(ATXMX"A)
=1 ne j=ns+1
9)

where 1

o T X € Dg

Mij =< i %ix; € Dr

ﬁ,otherwme

In Eq. (9), A denotes the mapping matrix, which is used
to map the patterns in the source and target domains into a
common new feature space. The value of A can be found in
[5]. The distributions between domains become close under
the new feature representation A’ X.

The complementary knowledge among the source domains
is very helpful for improving the combination result to achieve
the good classification performance. If all the source domains
and the target domain are matched, some complementary
information from individual source domain could be lost. In
order to preserve the diversity (complementary knowledge) as
much as possible, the distributions are matched between each
source domain and the target domain. Original patterns in the
i-th source and target domains are mapped into a low dimen-
sionality feature space by the mapping matrix A; to make the
distributions close to each other. The new representation of
these patterns are

{ 25 = A, - m&sz...

7Ni77;:15"'an
77i*A Ty, q

aNTai:]-a"'v (19)

These patterns in the ¢-th source and target domains af-

ter matching are denoted by DT = {(&3",75)})%, and

15512 = {(i‘?l gy g—1- Similarly, these data sets are merged

as Dg'p. = D U Dy, The average classification loss is
1 N;+Nr
6i(C) = ——— C(®k)—ukl,i=1,---,n (11

where (&y,9r) is a pattern in the new data set bgth
The distribution distance between the ¢-th source and target
domains after matching is calculated by

ds,7(Ds,,Dr) =2(1 —2¢;(C)),i=1,--- ,n (12)

The distribution distance cfng estimated by Eq. (8) before
matching reflects the original difference between the i-th
source and target domains. This distance will be large when
distributions of the ¢-th source and target domains are quite
different. When this distance is small, it implies that a lot of
useful knowledge can be mined from the ¢-th source domain
for classifying objects in the target domain. The distribution
distance CZSiT estimated by Eq. (12) generally becomes smaller
than JSiT, since the domain adaptation algorithm aims to
minimize the distribution distance between the i-th source
and target domains. When czgiT is small, it means that the
distributions are very close to each other in the new feature
space. However, the mapping matrix transfers patterns by
force, and the overfitting problem may happen. Consequently,
the distance ds T sometimes is very small even if dg,r is
quite large. In such case, the distance dng is not completely
credible to reveal the classification ability of the ¢-th source
domain. So both the distribution distances before and after
matching should be taken into account. We use the geometric
mean value to integrate them as

ds,7 =/ ds,r - ds,T

Because both dg,p and dg,p lie in [0,2], the range of
the geometric mean value dg,r will be also in [0, 2]. If the
i-th integrated distribution distance is large compared with
others, it indicates that the distribution of the i-th source
domain is quite different from that of the target domain,
and the reliability of classification result obtained by the
auxiliary of this source domain will not be high. Thus, a
large distance will lead to a small weighting factor of the
corresponding classification result. The classification result
produced by the source domain with minimum distribution
distance to the target domain will be considered with the
biggest weighting factor (i.e., 1). The relative weighting factor
for each classification result can be determined based on the
integrated distribution distance by

13)

Bi = S R S (14)
max (/Bh e aﬁn)
where B
Bi=e T i=1,- n
In Eq. (14), the coefficient B; lies in the interval [e=2, €%, and

the 8 value is in (0, 1] after normalization.
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Once the weighting factors are obtained, the classification
results represented by basic belief assignments (BBA) are
discounted as follows:

{ ing(A) = B; - mi(A), A € 2% A4 Q

mi(Q) =1—Bi + Bi - mi() i=1

n.
5)

The discounted BBA’s also satisfy the condition as Eq. (2),

i.e., the sum of the discounted BBA’s is equal to 1; the proof

is given as bellow.

S,

Proof:
> om(A) = Y Bim(A)+1- 8+ Bim(Q)
Ae2e A€22 A#£Q
=1-8i+p > m(A)
AEQQ
and m(()) = 0.

One can see that the mass assigned to each focal element is
proportionally transferred to €2 by the given weighting factor
B;. Thus, the small weighting factor will cause the big belief
of ignorance. If 3; = 1, it means that this BBA is completely
reliable, and the BBA remains the same after discounting as
m(A) = m(A). If B; = 0, it means that this BBA is not
reliable at all, and the discounted BBA becomes m(2) = 1
and m(A) = 0, A # Q. This total ignorance plays a neutral
role in the combination as m @© m; = m; (& being the DS
combination operator), and it has no influence on the fusion.

These n discounted classification results can be combined
using DS fusion rule as Eq. (3) by

m=1m; @& O my. (16)

The object in the target domain will be classified according to
this combination result.

B. Cautious Decision Making

The class decision of the object in the target domain is made
depending on the combination of multiple classification results
provided by different source domains. For the traditional hard
decision making support, the object is generally assigned to the
class with maximum mass of belief (probability). In contrast,
when the combination result is not very reliable, the hard class
decision will be with high risk of error.

Many methods have been developed to make decisions
with uncertainty, e.g., fuzzy sets [45], belief functions [39],
interval number [46] and so on. In applications, it is usually
considered that the partial imprecision should be better than
an error, since the imprecision can be clarified with other
(costly) techniques, but errors may cause serious damage.
There already exist some rules [47—49] to assign an object to
the set of classes. Maximum Expected Utility (MEU) principle
in terms of the utility of decision is widely used to make
decision with uncertainty [50-52]. Nevertheless, the utility
matrix is hard to obtain in some applications. So we want
to develop an alternative cautious decision making method
based on K nearest neighbors to improve pattern classification
performance. It allows us to commit the patterns not only to

the singleton class but also to the disjunction of several classes
for the pattern hard to correctly classify?.

The normal base classifiers usually work within the proba-
bility framework. So the classifier output is represented by a
simple Bayesian BBA, and the combination result of classifiers
will contain singleton classes and one extra total ignorant class
brought in the discounting procedure. The pignistic probability
BetP(-) [53] of the singleton classes transferred from the
combination result is computed by

BetP (w;) = m (w;) + %m Q),i=1,---,c (17

The cautious decision is able to reduce the errors at the
price of partial imprecision (i.e., some patterns difficult to
distinguish are committed to the disjunction of several classes),
but it is not a good solution when this cautious decision
making generates a high imprecise rate. A unified utility value
U reflecting the benefit of classification is defined to balance
the error and imprecision.

Let us consider a pattern x; with real label w is classified
to A based on cautious decision making, and A may contain
a singleton class or several classes. If {w} N A = (), this class
decision is an error, and the utility value is 0. If {w} = A, this
is a correct decision, and the utility value is 1. If {w} € A and
|A| > 2, it means that the real label is included in the cautious
decision, which consists of several classes. The cardinality
of set A denoted by |A| reflects the imprecision degree of
decision. The larger the |A|, the higher the imprecision. The
utility value should be small when |A| is large and vice versa.
The utility value is defined as (I%I)a’ where « is a coefficient
to control the influence of |A| on utility value.

The utility value should be bigger than random selection of
one singleton class from A but smaller than correct classifica-
tion, i.e., ﬁ < U < 1. So the coefficient o must lie in (0, 1),
and it can be tuned according to contextual applications. If
the error cost is rather large in applications, it indicates that
the utility value of imprecision is big, and then the « should
be small. The utility value generally expressed by a common
formula for the class decision of a pattern x; is

We want to pursue the maximum utility value for one pattern
in cautious decision making. Now we will see how to make the
cautious decision for each pattern. After combining multiple
classification results obtained from different source domain,
the combined classification result of one object a:7T is denoted
by m(w|a:f) ‘

The data in n source domains are merged as one data set

(18)

n
(i.e., U Dg,), and we can match the distributions of this new
i=1
data set with the data in the target domain by traditional ways
for the classification task. The patterns of the merged data set
in the new low feature space are regarded as training patterns
to learn a classifier. The soft outputs of a classifier for these

n
training patterns mg ,g=1,--- 5" N; in the merged data set
i=1

3We mainly consider the disjunction of two classes here, because the pattern
is usually hard to classify among a few (e.g., two) classes in real applications.
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are represented by the probabilities P (w|:c§ ). For each object
m;f to classify over the frame of Q = {wi,wa, - ,w}, its
combined classification result denoted by m(w|x]) can be
transformed to pignistic probability by Eq. (17) as P (w|z]).
Then we find the K nearest neighbors of P (w|z!)* from

n
Pwlzg).g =1, 3 N
1=

The K nearest neighbors of P (w|z!) with real labels

are given by Pj(w|zy),k = 1,---, K, and we can easily
obtain the utility value for the classification of these neighbors.
Because Pj(w|ay),k =1,---, K are close to P (w|z]), and

the classification result P;(w|z;) can provide important prior
knowledge for the classification of object :I:JT

We will consider two cases for making the class decision
of the K neighbors. In the first case, the patterns are directly
classified to the singleton class with maximum probability,
whereas the patterns are committed to the disjunction of
two classes with top two probabilities in the second case. If
the sum of the utility value for the classification of the K
neighbors in the first case is bigger than that of the second
case, it indicates that the hard decision generally produces
better performance than that of the imprecise decision, and
we will directly classify the object to the singleton class with
maximum probability. If the sum of the utility value in the first
case is smaller than that of the second case, it means that hard
classification of these patterns likely causes high error risk, and
the imprecise decision is preferred. Then we will cautiously
assign the object to the disjunction of two classes in order
to reduce the errors. In the calculation of the sum of utility
values w.rt. the K neighbors, the neighbors are considered
with different weights in order to reduce the influence of
the choice of K number on decision making. The bigger the
distance between the neighbor Pj(w|z}) and P (w|x]), the
smaller weight for the utility value of the class decision on
the k-th neighbor. The neighbor far from the classification
result of the object is assigned a small weight, and it has little
influence on the decision making. Thus, this method is robust
to the choice of K, and it is convenient for the applications.
The class decision for one object w]T is given by

T {wa}, Z;[]S({wa}) > H]‘S({meb})
) = - - 19
fol=;) { {wa ) U5 ({wa) < W ({wanwn)) )
with
7S K o a EY|S
Uy ({wa}) = > em %" - U({wr Hey)
) k=1 K (20)
U (fwarwn}) = Y e b - U{wh, wh}af)
k=1
and
dj = |P(wlz]) — Pj(wl@})|| . k=1,--- \ K @D
where w, and w; are the classes of object w;f with top

two pignistic probabilities computed by BetP(-); wf and

4The pignistic probability transformation is employed here for convenience
of finding the K close neighbors of the object from training data, because the
classifier output for the training data in source domain is usually represented
by a probability distribution.

wh are the two most possible classes for k-th neighbor;

U{wi}axy) and U ({w}, wh}|2y) are utility value of the k-th
nearest neighbor with decision wi and {w},w5}; U ({wa})
and U ({wa,wp}) are weighted sum of utility values of K
nearest neighbors based on two different decision strategies;
e~%* is a weight to reduce influence of the tuning of K
number; P(w|a:jT) and Pj(w|zy) are probabilities belonging
to different classes of object x] and pattern xy; dj is
Euclidean distance between P (w|;ch) and its k-th nearest
neighbor P;(w|xy ). Thus, the cautious decision result of every
pattern is captured. We define the average utility value U of
all objects in the target domain to measure the classification
performance with cautious decision making rule as

Nt
Uy = - >_utseta])ie): @)
j=
Obviously, the average utility value will be reduced to the
normal accuracy rate if each pattern is classified into the
singleton class by hard decision.
The pseudo-code of the whole method is given in Algorithm
1 to clearly illustrate how to implement the proposed method.

C. Discussion on Parameter Tuning

Two important parameters, i.e., X number of nearest neigh-
bors and utility coefficient «, are involved in the proposed
method. The K neighbors in Eq. (19) are used for cautious
decision making. The neighbor far from the object will be
given a small weight, and the neighbor far away plays a small
role in decision making. So the choice of K has small influ-
ence on the decision result, as will be shown experimentally in
Section IV. Coefficient o € (0, 1) in Eq. (18) is used to control
the utility value of imprecision; the tuning of this parameter
mainly depends on the actual applications. If the error cost
is considered rather big, the imprecision is much preferable
to errors. Then « should be small to make the utility value
big for the partially imprecise decision. By doing this, we can
efficiently reduce errors. Coefficient o should be big when
the error cost is relatively small and the specific decision is
necessary. The exact value of « can be determined according
to the experiences of experts (end users).

IV. EXPERIMENTS
A. Data Sets

We selected four widely used benchmark data sets Of-
fice+Caltech10, PIE, Office-31 and VLSC with multiple do-
mains to validate the effectiveness of the proposed method.
These data sets® have been considered as benchmarks to test
domain adaptation techniques in [5, 7, 9, 10]. There are
four different domains in Office+Caltech10, i.e., Amazon (A,
images downloaded from Amazon), Caltech (C, images down-
loaded from google), DSLR (D, high-resolution images ob-
tained by a digital SLR camera), Webcam (W, low-resolution
images obtained by a web camera), and each domain has 10
real-world categories images. PIE consists of five domains,

5They can be downloaded from http://transferlearning.xyz.
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Algorithm 1 :Combination of Transferable Classification

Input:
Data:
The labeled patterns in n source domains:
Ds, ={(=;",y5" )02y, . Ds, = {(z5", yp™) 1o
and the unlabeled objects in the target domain:
Dr = {zg} éV:Tr
Parameters:
a: Coefficient of utility value.
K: Number of nearest neighbors for decision making.
1: Compute the distribution distance before matching by Eqs. (7)
and (8).
2: Match the distributions in traditional ways.
3: Calculate the distribution distance after matching by Eqgs. (11)
and (12).
4: Estimate the weighting factors by Eq. (14).
5: Obtain n pieces of evidence about the classification results of
object with the auxiliary of n source domains.
6: Discount these classification results with the corresponding
weighting factors by Eq. (15).
7: for ¢ =1 to Ny do
8:  Combine the n discounted classification results by DS fusion
rule as Eq. (16).
9:  Transform the combination result in the form of BBA to
pignistic probability by Eq. (17).
10:  Find K nearest neighbors of combined results for cautious
decision making.
11:  Compute the sum of utility value of K nearest neighbors with
hard and cautious decision by Eq. (20).
12:  Make the final decision by comparing with the above sum of
utility value as Eq. (19).
13: end for
14: Compute the average utility value by Eq. (22) and save the final
class decisions.
Output:
Class decision results.

i.e., PIE_COS5 (PIE1, left pose), PIE_CO07 (PIE2, upward pose),
PIE_C09 (PIE3, downward pose), PIE_C27 (PIE4, frontal
pose), PIE_C29 (PIES, right pose), and every domain has
68 individual face images. Office-31 contains of 3 different
domains, i.e., Amazon (A), DSLR (D), Webcam (W), and
3,973 images with 31 classes. VLSC includes four domains,
i.e., VOC2007 (V), LabelMe (L), SUNO9 (S) and Caltech (C)
and 10,729 pictures with five classes. The basic information
of the data sets is shown in Table 1.

B. Domain Adaptation Approaches and Classifier Fusion
Methods

We have used some state-of-the-art basic domain adaptation
methods to match the source and target domains. These
method are briefly introduced here. Transfer Component Anal-
ysis (TCA) [5] adopts the marginal distribution discrepancy us-
ing Maximum Mean Discrepancy (MMD) to discover new rep-
resentations. Joint Distribution Adaptation (JDA) [7] matches
both the marginal and conditional distributions to learn a
robust feature space. Transfer Joint Matching (TJM) [9] reuses
some similar patterns and discovers new representation for
transferring knowledge. Balanced Distribution Adaptation and
Weighted Balanced Distribution Adaptation (BDA, WBDA)
[10] consider the importance of marginal and conditional
distributions, and imbalance issue respectively. The other two

TABLE I
BASIC INFORMATION OF THE BENCHMARK DATA SETS

Data set Domain Feature Sample Class
Amazon (A) 800 958 10
N Caltech (C) 800 1123 10
Office+Caltech10 DSLR (D) 300 157 10
Webcam (W) 800 295 10
PIE_CO5 (PIE1) 1024 3332 68
PIE_CO07 (PIE2) 1024 1629 68
PIE PIE_CO09 (PIE3) 1024 1632 68
PIE_C27 (PIE4) 1024 3329 68
PIE_C29 (PIES) 1024 1632 68
Amazon (A) 800 2715 31
Office-31 DSLR (D) 800 482 31
Webcam (W) 800 776 31
VOC2007 (V) 4096 3376 5
LabelMe (L) 4096 2656 5
VLSC SUNO9 (S) 4096 3282 5
Caltech101 (C) 4096 1415 5

domain adaption methods as Geodesic Flow Kernel (GFK) [3]
and CORrelation ALignment (CORAL) [13] are also included
for comparison.

The k-Nearest Neighbor (k-NN) classifier is often used in
these domain adaptation methods for classification task [7, 9],
and it is also employed as base classifier in our experiments.
In this work, we mainly focus on how to develop an efficient
combination method with a given base classifier. We do not
put emphasis on the selection of base classifier. The choice of
the optimal k value in k-NN classifier is out of the scope of
this work. We take k = 5 in k-NN base classifier. We found
that the classification performance of SNN is good in general.
Moreover, this k& value is not big, and thus the computation
burden for seeking the k nearest neighbors is not very heavy.
Our proposed method is compared with other methods using
the same base classifier (i.e., k-NN, k = 5) for fair comparison
in the experiments. The influence of parameter tuning of &
(k € {5,...,15}) on the classification performance of the
proposed method will be tested in the sequel. In order to
evaluate the performance of regular classification approaches,
the regular classifiers k-NN and SVM with liner kernel built
by the labeled data in the source domain are directly applied
to classify the query patterns in the target domain.

Several often-used classifier fusion methods including Ma-
jority Vote (MV) method, Weighted Majority Vote (WMYV)
method, Average Fusion (AF) method, Weighted Average
Fusion (WAF) method and DS combination rule have been
used for comparison with the proposed Weighted DS (WDS)
combination method. The weights of classification results in
WMV and WAF are determined as in the proposed WDS
method. In MV and WMV, the object is assigned to the class
with the maximum voting score. In AF and WAF, the mean and
weighted mean of multiple classiﬁcation results are, respec-

tively, calculated by m = 1 Z m; and m = 1 Z w;m;,

n being the number of piecesl_olf evidence. The DS 1method
is used to directly combine the classification results by Eq.
(3). In the proposed WDS method, the multiple classification
results are discounted with corresponding weights using Eq.
(15) before the combination by Eq. (3).
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C. Implementation Details

In this experiment, we selected one domain of the bench-
mark data set as the target domain, and the rest is considered
as the source domains. The classification performance of the
proposed method and other comparative methods are evalu-
ated based on these classical domain adaptation methods as
TCA, JDA, TIM, BDA and W-BDA for cross-domain image
classification task, i.e., C - A, D - AL W — A, ---,
A —- W, C —- W, D - W and PIE2—PIEl, PIE3—PIEI,
PIE4—PIEl, PIE5—PIE1, --., PIE1—PIES5, PIE2—PIES,
PIE3—PIES, PIE4—PIES, etc. The classification accuracy6 R
and average utility value ¢/ (w.r.t. cautious decision making
rule) for different methods are shown in Tables II-XII. The
meaning of acronyms (corresponding to different methods) in
Tables II-XIII are explained in detail as follows.

Experiments without combining multi-source domains:

e SVM/E-NN: Traditional (regular) classification models
(i.e., SVM, k-NN) built by labeled data in the source
domain were directly used to classify query patterns in
the target domain.

o GFK/CORAL/TCA/JDA/TIM/BDA/W-BDA: These clas-
sical domain adaptation approaches were employed to
reduce the distribution difference between source and
target domains, and then the base classifier k-NN was
used to classify query patterns in the target domain.

Experiments for the combination of multi-source domains:

e MV/AF/DS: The query patterns in target domain were
directly classified by the base classifier k-NN using
the labeled patterns in source domain without domain
adaption, and the combination methods MV/AF/DS were
used to combine the multiple classification results.

o Combined Multiple Source Domain (CMSD): The mul-
tiple source domains were considered as one combined
source domain, and the query patterns in target domain
were directly classified by the base classifier k-NN using
the labeled patterns in the combined source domain.

o TCA/IDA/TIM/BDA/WBDA+CMSD: The domain adap-
tion techniques TCA/JDA/TIM/BDA/WBDA were ap-
plied to match distribution between the combined source
domain and the target domain. Then the query patterns
were classified by the base classifier k-NN.

o TCA/IDA/TIM/BDA/WBDA+MV/WMV/AF/WAF/DS
/WDS: The domain adaption techniques as
TCA/JDA/TIM/BDA/WBDA were operated between
each source domain and target domain before the
classification of query patterns by k-NN. Then the
multiple classification results produced by different
source domains were combined by the methods of MV,
WMV, AF, WAF, DS and WDS.

Experiments for the combination of multi-source domains

joint with cautious decision making rule:

o TCA/IDA/TIM/BDA/WBDA+AFC/DSC/WDSC:  The
query patterns were classified based on the combination
of multi-source domains after the domain adaption by

6The accuracy can be computed by %,Where N and T is the number of
correctly classified patterns and total patterns.

TCA/JDA/TIM/BDA/WBDA. Then the cautious class
decision was made according to the combination results
of AF/DS/WDS.

We have considered two cases for classifier fusion in
experiments. In Case 1, the classifiers were directly learnt
using the labeled patterns in each source domain without
matching distribution for the classification of query patterns
in the target domain. The classification accuracies denoted
by Rmv, Rar, Rps, Rcmsp was reported in Tables II-
XII. In Case 2, the domain adaption techniques were imple-
mented for matching distribution at first, and then the classifier
was learnt in the new feature space to classify the query
patterns. The classification results yielded by the classifier
are combined finally. The accuracies are denoted by R 445,
where A and B, respectively, stand for domain adaptation
techniques as TCA/JIDA/TIM/BDA/WBDA and combination
methods as MV/WMV/AF/WAF/DS/WDS. These mentioned
classifier fusion methods (e.g., MV, AF and DS) were applied
to combine the classifiers in both cases for comparison.

The hyper parameters in domain adaptation techniques were
all determined in the same manner as previous references [5,
7,9, 10], i.e., the iteration number 7" = 10, balance parameter
¢ = 0.4 and regularization parameter A = 1, and the linear
kernel employed as well.

In the decision phase, the new cautious decision making rule
can be applied joint with the proposed weighted combination
method (WDS) as well as other combination methods (e.g.,
AF, DS). The K number of nearest neighbors and utility co-
efficient «v are tuning parameters involved in cautious decision
making rule. The value of o should be determined according
to the error cost in actual application. The bigger the error
cost, the smaller the value of a. It is considered av = 0.6
as default value here. For fair comparison, we reported the
average utility values with variance (mean+variance) of the
cautious decision making result by WDS method and other
methods (e.g., AF, DS) with K ranging from 5 to 15 in Tables
II-XII denoted by Uarc, Upsc and Uwpsc. The maximum
accuracy’ and average utility value are marked in bold for
convenience. We also tested the influence of parameter tuning
on the performance of cautious decision making rule. The
average utility value curves of the proposed method with the
different K number of nearest neighbors as K € {5,...,15}
and the different utility coefficients v € [0.1, 1] are shown in
Figs. 4 and 5.

The k-NN was employed as the base classifier in the
experiments. In order to test the influence of tuning of &
on the classification performance of our proposed weighted
combination method (WDS) and other comparative methods,
we have shown the classification results of these methods with
different k£ values ranging from 5 to 15 in Fig. 3, and the mean
classification accuracy with variance is reported in Table XIII.

"The accuracy is calculated based on the traditional hard decision making
criteria that the pattern is directly assigned to the class with maximum
probability. There is no tuning parameter involved in such hard decision
making way. So we just report the classification accuracy without variance
for different methods with the given base classifier (i.e., k-NN).
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TABLE I

CLASSIFICATION PERFORMANCE OF DIFFERENT FUSION METHODS BASED ON JDA IN OFFICE+CALTECH10 DATA SETS

Task  Rsym Re-xy Rowsp Rav. Rar Rps Rork Roorar Ropa Ropascmsp Rupanav Ropaswav Ropatar Ropaswar Uipatarc Ropasps Uipaspsc Rpaswps  Upatwosc
C=-A 3053 2276 4102 2015 4593
D—A 2985 2662 2432 2610 29.12 2891 3205 3069 3267 4178 40.08 45.30 44.15 46.66 45.2840.08 4415 46.21+0.03 46.76 49.48+0.05
W—A 2954 2265 3184 2620 3977
A-=C 4408 2404 4025 2306  41.05
D—=C 2850 2609 2404 2663 2609 2280 30.10 3206 29.12 44.61 3776 40.69 42.56 4452 43214002 4337 44.01+0.02 4575 46.60+0.04
W=C 2651 18.08 3072 2573 3197
A-D 4013 2357 3660 3075 4204
C-D 4522 2484 3758 2611 3694 3376 4140 2675  49.68 73.85 58.60 73.25 7.1 80.25 77731017 7452 77.1240.04 80.25 82.5740.05
W=D 6282 4459 7790 7325 79.62
AW 3966 2712 40.00 2610  38.64
C-oW 4237 2610 2949 3220 3932 3525 4068  19.66  46.10 62.71 52.24 68.47 61.69 66.10 62.38+0.83 6203  63.91+0.10 70.51 72.57+0.12
D-W 6542 4373 0441 6356  68.81
Average 4039 2752 2885 2776 3287 30.18 4025 3316 4545 55.74 4117 56.92 56.53 59.38 57.15 56.01 57.60 60.84 62.59
TABLE III
CLASSIFICATION PERFORMANCE OF DIFFERENT FUSION METHODS BASED ON TCA IN OFFICE+CALTECH10 DATA SETS
Rsvu Ri-xx Rowsp Rawv Rar Rps Rork Reorar Rrea Rrcasowsp Rreaswv Rrcaswmv Rroasar Rrcarwar Urcasarc Rreasps Urcaspse  Rreaswps  Urcarwose
C=»A 3053 2276 4102 2015 4791
D—A 2958 2662 2432 2610 29.12 2891 3205 3069 2088 46.35 33.51 4123 36.95 40.92 40.75+027 3800 39.1540.03 4520 48.7210.12
W=A 2954 2265 31.84 2620 3330
A-C 4408 2404 4025 2306 4141
D-C 2850 2609 2404 2663 2609 2280 30.10 3200 27.16 43.19 313 40.61 41.23 4283 43.60+0.72 4265  43.33£0.01 4346 45.8910.03
W=C 2651 18.08 3072 2573 3179
A-D 4013 2357 3660 3075 3694
C=D 4522 2484 3158 2611 3694 3376 4140 2675 49.68 70.06 59.87 73.89 7107 80.89 77181184 7389 7544014 79.62 82.96+0.31
W=D 6282 4459 7790 7325 8133
A-W 3966 2712 4000 2610 40.00
C-oW 4237 2610 2949 3220 39.32 3525 4068 1966  45.08 5729 52.88 64.41 63.39 65.76 64.29+0.97  61.69  64.40+0.06 7220 74.26+0.18
D-W 6542 4373 6441 6356 6746
Average 4039 2752 2885 2776 3287 3018 4025 3316 4357 5422 45.84 55.04 54.66 57.60 56.55 54.06 5542 60.21 62.75
TABLE IV
CLASSIFICATION PERFORMANCE OF DIFFERENT FUSION METHODS BASED ON TJM IN OFFICE+CALTECH10 DATA SETS
Task  Rsvu Re-xy Rowsp Ruv Rar Ros Rorx Roorar Romt Romscwsp Rrovewv Repwwny Repoar Rongwar Urnsare Roneps Urpnpse Rravswnps Uriugwose
C—=A 3053 2276 402 2015 4655
D—A 2958 2662 2432 2610 2912 2891 3205 3069 2933 4129 37.06 42.69 42,69 45.62 44.90£007 4207 4351£0.05 48.12 51.09£0.02
W—=A 2954 2265 3184 2620 3549
A-C 4408 2404 4025 2306 4221
D-C 2850 2609 2404 2663 2609 2280 30.0 3206  30.10 44,08 37.85 41.50 43.01 4497 4350£0.52 4443 44.6610.01 4539 47.0240.01
W=C 2651 1808 3072 2573 3188
A-D 4013 2357 36.60 3075 4076
C=D 2484 4522 3758 2601 3694 3376 4140 2675 4841 7261 6497 75.16 7643 7 77.5240.11 7516 75.83+0.12 81.53 83.92+0.42
W=D 4459 6282 790 7325 8025
A=W 3966 2712 4000 2610 39.66
C=W 4237 2610 2949 3220 3932 3525 4068 1966 4949 63.39 54.58 6542 63.72 63.14 66.15£0.58 6169  65.34+0.15 71.53 74.19+0.02
D-W 6542 4373 6441 6356 6780
Average 4039 2752 2885 2776 3287 308 4025 3316 4516 58.84 43.62 56.19 5646 59.11 58.16 55.84 57.02 61.62 64.13
TABLE V
CLASSIFICATION PERFORMANCE OF DIFFERENT FUSION METHODS BASED ON BDA IN OFFICE+CALTECH10 DATA SETS
Rsvu Re-xy Rowsp Rawv Rar Rps Rork Reorar Repa Rppascumsp Repaswv Repaswamv Repasar Repaswar  Uspasarc Repasps Uspaspsc  Reparwps  Uspapwosc
C=A 3053 2276 4102 2015 4760
D-A 2985 2662 2432 2610 29.12 2891 3205 3069 33712 43.02 4040 46.24 4374 4426 45812017 4280  43.96+0.07 48.64 50.19+0.03
W—A 2954 2264 31.84 2620 3883
A-C 4408 2404 4025 2306 4123
D-C 2850 2609 2404 2663 2609 2280 3010 3206  32.68 40.46 37.85 41.14 38.56 41.05 39.68£0.62 3963 39.73+0.01 4292 44.81+0.03
W-C 2651 18.08 3072 2573 3081
A-D 4013 2357 3660 3075 40.76
C=D 4522 2484 3158 26101 3694 3376 4140 2675 5414 71.34 61.15 75.80 73.89 80.25 75424122 7506 75.75+0.07 8217 83.50+0.20
W=D 6282 4459 7790 7325 8344
A-W 3966 2712 4000 2610 40.00
CoW 4237 2610 2949 3220 3932 3525 4068 1966  49.83 63.73 5627 71.53 66.10 7390 66.86+0.24 6339 64.94£0.10 75.25 75.69+0.21
D-W 6542 4373 6441 6356 7458
Average 4039 2752 2885 2776 3287 30.8 4025 3316 4730 55.89 4892 58.68 55.57 59.87 56.94 5525 5592 62.25 63.57
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TABLE VI
CLASSIFICATION PERFORMANCE OF DIFFERENT FUSION METHODS BASED ON JDA IN PIE DATA SETS

Task  Royy Re-wv Rowsp Rav Rar Rps Rerk Reoran Ripa Ripatomsp Ropasmv Ropaswmv Ropasar Ripaswar Uipatarc Rypasps Umatpse  Ripatwps  Uipatwpsc
PIE2—PIEL 3051  41.63 4735 429 3490
PIE3—PIEl 2153 4327 3357 414 5153
PIEASPEL 4133 6163 6194 5071 5694 5592 G140 6008 65.92 6143 65.85 7051 70.61 71.83£0.02 6847  68.64£0.02 7092 71.23+0.02
PIES—PIEl 3408  42.14 3030 4112 3755
PIEI-PIE2 2979 2417 3854 41T M43
PIE3—PIE2 2729  46.04 5208 5667 4583
PIEASPIEY 5521 6208 7292 9.7 67.08 66.46 BB Bt 7188 7042 60.00 69.79 7292 75.00 72.774£0.08 6875  69.05+0.00 7625 76.26+0.02
PIES—PIE2  25.62 3396 3042 3500 3479
PIEI-PIE3 3771 2792 4146 3771 4583
PIE2—PIE3 4208  54.58 6458 6083 47171
9 1 L
PIEAPIES 5979 7396 7625 7229 7521 7333 07 T4 .S 80.00 69.58 7129 7171 78.96 7835+0.16 7171 77.8120.02 8146 81.60+0.01
PIES—PIE3  29.17 4125 3458 4521 3375
PIEI—PIE4 4071 2071 204 2010 6357
PIE2—PIE4 5327  59.93 6439 6153 6245
PIEAPIES 4143 5673 6786 6031 66.02 67.65 602 6L 646 77.04 7643 78.08 7321 7449 78.94+0.02 77196 78.18+0.01 7878 78.73+0.01
PIES—PIE4 3561  47.55 3653 4327 4418
PIEI-PIES 2271 1229 30.21 2042 36.88
PIE2—PIE5 2333 29.38 3583 3417 3083
. ) N
PIE3PIES 2058 4000 5604 4354 46,67 40.00 09 008 958 5542 53.75 51.88 60.42 61.04 60.52£0.05 59719 60.51+0.01 59.79 60.24+0.01
PIE4—PIES 3875 5042 4188 5396 5479
Average 3598 3624 6700 5720 6238 60.67 4468 4749  49.64 69.76 64.24 68.58 797 7202 73.28 70.54 70.84 344 73.61
TABLE VII

CLASSIFICATION PERFORMANCE OF DIFFERENT FUSION METHODS BASED ON TCA IN PIE DATA SETS
Tk Rgvm Re-wv Rewsp Ruv Rar Rps Rork Reoran Rrea Rrcatcmsp Rreasmv Rrcaswwmv Rreasar Rreaswar Urcatarc Rrcatps Urcazpse  Rrcaswns  Urcatwosc
PIE2—-PIEl 3051  41.63 4735 429  39.69
PIE3—PIEl 2153 4327 3357 4124 4990
PIEASPIEL 4133 6163 61.94 5071 56.94 5592 14 Q0 6806 66.43 64.29 69.59 7143 71.33 72.21£0.01 70.00 70.31£0.01 72.65 72.761+0.01
PIES—PIEl 3408 42.14 3031 4112 3765
PIEI-PIE2 2979  24.17 3854 3417 4479
PIE3—PIE2 2729  46.04 5208 5667 4771

)
PIEASPIE? 5521 62.08 7292 5917 67.08 66.46 155 B4 67 73.54 67.08 71.50 79.17 80.83 77.38+0.11 76.04 76.03+0.00 81.67 81.69+0.04
PIES—PIE2  25.62  33.96 3042 3500 4208
PIEI-PIE3 3771  27.92 4146 3171 49.58
PIE2—PIE3 4208  54.58 6458 6083 5250

) ) )
PIEASPIES 5979 73.96 7625 7229 7521 7333 07 54 8000 81.67 72.50 79.58 80.42 81.87 79.9740.04 7171 78.03+0.02 83.33 83.64+0.03
PIES—PIE3 2971  41.25 3458 4521 KIN)
PIEI-PIE4 4071 2071 404 2010 5735
PIE2—PIE4 5327  59.93 6439 6153  64.08
PIE3PIES 4143 5673 6786 60.31 66.02 67.65 %0 6B 659 71.86 74.69 7541 8143 81.73 81.36+0.01 79.18 79.16+0.00 74.80 75.1240.01
PIES—PIE4 3561  47.55 3653 4327 4500
PIEI-PIES 2271  12.29 3021 2042 3354
PIE2—PIES 2333  29.38 3583 3417 3521 .
PIE3PIES 2958 40.00 56.04 4354 46.67 40.00 09 0B 8333 54.58 51.67 59.58 59.58 59.58 59.68£0.04 5938  59.27+0.00 60.83 60.83+0.01
PIE4—PIES 3875 5042 4188 5396  58.13
Average 3598 3624 6700 5720 6238 60.67 4468 4749 5145 70.82 66.05 7241 7441 75.07 74.12 7246 72.56 74.66 74.81

D. Performance Analysis

In Tables II-XIII, we can see that the performance of
regular classification methods (i.e., SVM, k-NN) is poor
with respect to the domain adaptation algorithms and the
proposed combination method. Meanwhile, we also find that
the classification accuracy of CMSD and other classifier fusion
methods in Case 1 (i.e., MV, AF, DS) is not so high as those
of other combination methods joint with domain adaption
techniques. This is because the labeled training patterns in
the source domain and test patterns in the target domain are
drawn from quite different distributions, and the classifiers
learnt using the labeled patterns in source domain are not very
effective for dealing with query patterns in target domain. It
indicates that the distribution difference affects the classifi-
cation performance a lot, and the implementation of domain
adaption technique is very important to reduce the distribution
difference for achieving high classification accuracy.

The classification accuracy of the majority voting meth-

ods as TCA/JIDA/TIM/BDA/WBDA+MYV usually lies between
the maximum and minimum of accuracy of the multiple
individuals, while the performance of the average fusion
methods as TCA/JDA/TIM/BDA/WBDA+AF are close to that
of majority voting method. In the DS combination method
with TCA/JIDA/TIM/BDA/WBDA, the multiple classification
results derived from different source domains are considered
as equal weight in the combination, and this cannot well
reflect the different reliabilities of these results. The proposed
Weighted DS combination method joint with domain adaption
technique as TCA/JDA/TIM/BDA/WBDA+WDS usually pro-
duces significantly higher accuracy than other methods in most
cases. This is because the proposed WDS method can fully
take advantage of the complementary information provides by
multiple source domains, and it can also effectively control the
influence of different classification results using the weights
calculated depending on the distribution distance between each
source and target domain. If data distribution of one source



IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS

TABLE VIII
CLASSIFICATION PERFORMANCE OF DIFFERENT FUSION METHODS BASED ON TJM IN PIE DATA SETS

Tk Rsvu Ri-xy Rowsp Rwv Rar Rops Rork Roomar Rrm Rrogomsp Rrmewv Romswwy Reoar Roniwar Urnsarc Ronigps Urnspse Rrswos Unniswose
PIE2-PIEL 3051  41.63 4735 4296 4990
PIE3—PIEl 2153 4327 3351 4124 4969 R
PEASPIEL 4133 6163 6194 5071 5694 5592 a1 0K 1 7375 65.31 72.86 76.33 76.43 75824009 7398 74214001 76.53 76.87+0.010
PIES—PIEl 3408  42.14 3031 4112 3949
PIEI-PIE2 2979 2417 3854 3417 5979
PIE3—-PIE2 2729  46.04 5208 5667 52.08
) )
PEASPIEL 5521 6208 7.9 59.17 6708 6646 nE B 50 85.62 76.67 8542 88.96 88.96 86.86+0.09 8396  84.08+0.01 90.00 90.11+0.01
PIES—PIE2  25.62 3396 3042 3500 3125
PIEI-PIE3 3771 2192 4146 3171 5907
PIE2—-PIE3 4208 5458 64.58 6083  67.29
)

PEASPIES 5079 T3%6 7625 7229 7521 7333 00 B 60 85.83 80.63 84.17 84.58 85.00 84204005 8333 83.4740.01 86.88 86.90+0.01
PIES—PIE3  29.17 4125 3458 4521 4667
PIEI-PIE4 4071 2071 204 210 7439
PIE2-PIE4 5327 5993 0439 6153 7816 .
PEISPES 43 5673 6786 60.31 6602 6765 60 6B 60 8274 83.37 85.10 84.53 84.80 85.2910.12 8582 85.8910.01 85.92 86.81+0.01
PIES—PIE4 3561 4755 36.53 4327 5173
PIEI-PIES 2271 1229 3020 2042 5042
PIE2—-PIES 2333 2938 3583 MI1T 4N
PEISPIES 2058 4000 56.04 4354 4667 40.00 D 6042 66.25 65.21 69.37 69.58 70.88£0.05 7021 70.47£0.01 64.79 65.4110.00
PIE4—PIES 3875 5042 4188 5396 6417

Average 3598 3624 6700 5720 6238 60.67 4468 4749 5921 7167 7445 78.55 8132 80.95 81.01 79.46 79.62 80.82 81.22

TABLE IX
CLASSIFICATION PERFORMANCE OF DIFFERENT FUSION METHODS BASED ON BDA IN PIE DATA SETS
Tk Rsvu Ri-xy Rowsp Rwv Rar Ros Rork Reomar Repa Rppasowsp  Repaswv Repaswwv Rppatar Repaswar  Uspatarc  Repasps  Uspaspsc  Rppaswos Uspaiwpsc
PIE2—PIEl 3051  41.63 4735 4296 4010
PIE3—PIEl 2153 4327 3351 414 4888
PEASPEL 4B 6163 61.94 5071 5694 5592 01 006 694 70.51 64.29 63.57 70.71 70.51 70.64£0.04 7020 70.19£0.01 .33 71.39+0.01
PIES—PIEl 3408  42.14 3030 4112 3959
PIEI-PIE2 2979 2417 84 31T M3
PIE3—PIE2 2729  46.04 5208 5667 4396
)
PEASPIEY 5521 6208 7292 59.17 6708 6646 nE B BB 7358 57.50 70.00 7021 7125 70.30£0.06 6171 68.33+0.01 a1 74.69+0.03
PIES—PIE2 2562 3396 3042 3500 2604
PIEI-PIE3 3771 2192 4146 3171 4708
PIE2—-PIE3 4208  54.58 64.58 6083 49.79
PEASPIES 5079 T3%6 7625 7229 7521 7333 052 T8 BT 80.63 69.37 7833 79.17 80.21 7820£011 7625 76.19+0.01 §2.29 82.53+0.04
PIES—PIE3 2917 3396 3458 4520 3192
PIEI-PIE4 4071 2071 4204 2010 6051
PIE2—PIE4 5327  59.93 0439 6153 6531
) )

PEISPES 443 5673 6786 6031 6602 67.65 60 6B 64 71.35 73.67 7135 8235 §2.86 82374005 7908 79.22+0.01 79.29 79.96+0.01
PIES—PIE4 3561  47.55 36.53 4327 4102
PIEI-PIES 2271 1229 3021 2042 3646
PIE2—-PIES 2333 29.38 3583 41T 2562 .
PIEISPIES 2058 4000 56.04 4354 4667 4000 09 08 3% 57.08 A 56.04 61.67 62.50 59634023 5979 59.90+0.01 61.88 62.38+0.02
PIEA—PIES 3875 5042 4188 5396 5458

Average 3898 3624 6700 5720 6238 6067 4468 4749 4896 71.83 63.51 69.06 8 1347 72.03 70.61 70.77 7379 7419

TABLE X
CLASSIFICATION PERFORMANCE OF DIFFERENT FUSION METHODS BASED ON WBDA IN OFFICE-CALTECH 10 DATA SETS

Tk Rsw Ri-ww Rowsp Rwv Rar Ros Rork Roora Rwepa Rwepasowsp Rwspanwv Rwspaswsv  Rwspasar Rweparwar Uwspararc Rwspasps Uwepaosc Rwspaswns Uwspaswose
C=A 3053 27 4.0 2015 823

D-A 2085 2662 243 2610 2902 2891 3205 3069 3288 4823 KN 46.24 4154 4426 45.06£0.16 4102 42374005 4854 50.26+0.06
WA 2954 2065 31842020 3820

A-C 408 404 4025 2306 4167

D-C 2850 2609 2404 2663 2609 2280 3010 3206 3348 43.63 38.02 4114 40.07 4105 40.96+0.03 4061 41.1940.02 4452 45.40+0.03
W=C 2651 1808 072 2573 3010

A=D 4003 2357 3660 3075 382

C-D 4522 484 318 2611 3694 3376 4140 2675 5350 T34 9.4 7580 75.16 8025 75.77+037 75.16 75.690.09 79.62 83.50+0.55
W=D 6282 4459 790 1325 8280
A=W 3966 2712 4000 2610 4237
CoW 437 2010 2949 3220 3932 3525 4068 1966 4034 58.64 51.86 753 6746 7390 67.27+0.90 66.10 67.1540.02 7559 75.65+0.08
D-W 654 873 644l 6356 744
Average 4039 2752 2885 2776 3287 3018 4025 3316 4633 5546 a2 58.68 56.05 59.86 .13 $5n 53.99 62.38 63.61
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TABLE XI
CLASSIFICATION PERFORMANCE OF DIFFERENT FUSION METHODS BASED ON TCA IN OFFICE-31 DATA SETS

Task  Rgvm Ri-xn Remsp Rmv Rar Rps Rerk Reorar Rrea Rrcatomsp Rroasmv  Rroaswmv Rrcasar Rroaswar Urcagarc Rroasps Urcaspsc  Rroatwps  Urcaswpse
D—A 2451 2245 24.76 2597 19.78
2 2

WoA 3201 2706 27.06 2294 2464 24.88 3006 3896 3835 37.99 28.16 31.89 3211 38.59 36.15+1.09 3131 32414038 39.44 41.27+0.15
A=D 2792 1883 24.07 2597 37.66

WoD 4T3 5065 55.19 2403 3377 3377 5714 040 5074 57.53 421 5844 56.42 51.19 60.43+0.10 57.14 60.11£0.06 61.04 63.26£0.45
A=W 4596 2170 33.62 3532 4681

)
DoW 4936 48.09 4638 2936 3149 3447 005 38 6298 64.47 44.68 59.57 65.11 66.81 6791+£1.02 6426  67.01£0.08 67.66 69.03£0.05
Average 39.10 3146 4288 2544 2997 31.04 3580 3326 4422 59.99 3835 49.97 5143 5440 54.83 50.90 53.18 56.05 57.85
TABLE XII
CLASSIFICATION PERFORMANCE OF DIFFERENT FUSION METHODS BASED ON TCA IN VLSC DATA SETS

Task  Rgvm Ri-xw Romsp Ruv Rar Rps  Rork  Rcorar Rroa Rrcatomsp  Rroasmv Rroaswmv Rrcatar Rroaswar  Urcatarc  Rrcasps  Urcatpsc Rrcaswns  Urcaswose
L=V 4264 2442 4042 3507 4829

S=V 5542 2164 3730 2689 3611 3952 4591 3744 5706 65.08 58.69 63.60 64.78 66.67 64.87+0.06 63.75 65.04+0.04 65.68 65.82+0.28
C=V o 2303 54.09 4155 5201 4814

V=L 5558 50.28 47.83 50.47 55.58

S—L 5123 4783 5274 4860 S51.06 S144 4405 3970  50.66 54.63 5217 53.69 56.71 54.81 59.92£047 5274 55.20£0.17 56.71 59.69+0.31
CoL 4730 4841 2514 5180 3478

VoS 5453 5453 5050 5180  59.28

L—=S 3904 2921 3496 4115 4417 4187 3266 3453 3741 56.69 45.61 53.24 49.50 56.40 53.9240.21 4964 50.74£0.15 59.71 61.76+0.14
C-S 1784 4201 21.51 4216  29.64

V=C 7107  Sld6 7441 6384 7983

L-C 3227 1683 3102 2267 2823 3644 2726 2225 59.25 80.84 7147 78.58 71.89 80.53 74.26+0.26 75.38 74.83£0.10 81.22 81.00+0.07
S-C 3853 2156 3424 3228 6481
Average  44.05 3781 3901 3483 3989 4232 4096 3846 5206 64.31 58.49 62.28 62.22 64.60 63.25 60.38 61.45 65.83 67.05

domain is quite different from that of target domain, it means
this source domain cannot provide a lot of useful knowledge
for the classification of query patterns, and the the corre-
sponding classification result represented by evidence should
be discounted by a small weight before the combination. The
experimental results also prove that it is desirable to discount
evidence based on the domain-consistency between the source
and target domains.

We find the classification accuracy with individual source
domain quite vary in a few cases. In such extreme cases, the
classification results with very low accuracy may have harmful
influence on the combination, but it is hard to completely
eliminate this negative influence only by tuning the weighting
factor. So the accuracy of combined result is lower than
the maximum accuracy of individual results in such case.
Nevertheless, the proposed Weighted DS combination method
still produces higher accuracy than the other combination
methods in general.

For decision making support, we find the average utility
value of cautious decision making rule is usually higher than
the traditional hard decision making rule using BetP(-), i.e.,
TCA/JDA/TIM/BDA/WBDA+WDS. This is because some
patterns difficult to clearly distinguish are assigned to the
disjunction of two possible classes by the cautious decision.
The utility value of an imprecise decision is bigger than
that of an error. Therefore, the cautious decision making rule
can efficiently reduce errors by properly modeling the partial
imprecision. Moreover, we can see that the variance with
different numbers of neighbors is very small, because the
neighbors far from the classification result of an object play
a minor role in decision making. It means that the choice of
K has a small influence on the decision making performance,
and the proposed method is robust to the choice of K value.
This is an interesting property for applications. Overall, the

proposed method Weighted DS combination method jointly
working with the cautious decision making usually captures
the highest average utility value. It shows that the proposed
method generally outperforms the other methods. If we want
to further improve the classification accuracy, some more prior
or training information or other techniques should be used to
deal with these patterns hard to specifically classify.

In this experiment, k-NN is employed as the base classifier,
and the selection of £ remains an open problem. We have
tested the influence of tuning of & € {5,...,15} on the
classification performance. The classification accuracy curves
of some combination methods (i.e., CMSD, MV, WMV, AF,
WAF, DS and WDS) with different k& values are shown in
Fig. 3, and the mean classification accuracy with variance are
reported in Table XIII. In Fig. 3, one can see the accuracy
of the proposed method and the others varies with different
k values, but the accuracy of our proposed WDS method
does not change too much. Moreover, WDS method generally
produces higher accuracy than other methods with different &
values in most cases.

E. Influence of Parameter Tuning

Two parameters o« and K are involved in the proposed
cautious decision making. We validate the influence of the
parameters on the classification performance using several
benchmarks on JDA. The average utility value with respect
to o and K are shown in Figs. 4-5. For parameter «, one can
see that the average utility value gets smaller when the value
of « increases. This is because Am{w}\ is smaller than one in
Eq. (18), and the bigger « Value ylelc{s a small utility value.
The choice of o mainly depends on the error cost in actual
applications. If the error cost is high, the partial imprecision
will be considered much better than error, and a small « value
is preferred. For parameter K, we can see the average utility



IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS 14
TABLE XIII
CLASSIFICATION ACCURACY (MEAN + VARIANCE) OF DIVERSE FUSION METHODS BASED ON TCA IN VLSC DATA SETS WITH DIFFERENT k& VALUES
Task  Rp-nn Remsp Ruv Rar Rps RcoraL Rrca  Rrcayomsp  Rrcasmv Rrcapwmy Rreatar Rrcaswar Rreatps Rroatwops
L=V 2340+1.72 35.36+0.87 44.83+4.25
S—V  27.39+0.14 37.9442.04 27.93+£2.13 39.90+3.12 44.7446.93 37.88+£0.37 55.59+048  61.55+0.54  55.69+4.50 60.3943.93  62.5242.16 64.34£1.74  62.34+£1.97 63.34+£1.85
C—V  53.55£0.22 53.94£1.15 4537+£2.97
V=L 52.59+1.02 52.59+£143 57.74£1.32
S—L 46454047 54294107 48271049 50.7840.22 51.54+0.71 35.04+4.03 50.66+0.28 5549+1.82  53.36+£1.76  55.70£0.93  55.11£0.50 57.48+0.71 53.63+049 58.74+1.47
C—L  48.05+0.26 51.81£0.27  36.40+1.75
V=S SLI1+5.01 50.75£1.84  56.29+1.50
L-S 29.01+1.03 3536+2.62 41.49+026 43.56+0.14 43.30+£0.30 34.91+0.75 38.1840.58 57.68+£0.36  43.65£1.72  52.65+£0.65 47.63£1.65 55.50+0.46 46.28+225 58.85+0.34
C—S  424240.12 42.83£0.22  26.79+£2.29
V-=C  48.11£3.08 60.32+4.61  75.88+1.79
L—C 19434245 32.12+524 2273+0.71 3437177 40.04+1.67 23.73£1.53 48.70+£2.65 74.48+0.16  65.29+4.58 73.30+10.61 71.12+2.86 76.18+1.18 65.96+4.18  78.18+9.00
S—=C  20.60£0.17 31.89+0.28  52.08+3.95

Accuracy (%)
Accuracy (%)

6 7 8 9 10 n
The value of k

2 3 14 s

(b) The target domain is L

Accuracy (%)

12 13 14 s s e 7 8 8 10 11 12 13 4 15
The value of k

ERRECRE
The value of k

(c) The target domain is S (d) The target domain is C

Fig. 3. Classification accuracy of different methods based on TCA and k-NN
classifier with tuning of k values.

value is not sensitive to K. Since the influence of distance
from the query object to the neighbors has been considered in
the proposed cautious decision rule, and the neighbor far from
object will play a small role in computing the utility value. So
the performance of the cautious decision making rule is robust
to the tuning of K, which is convenient for applications.

4 os o8 07 o8 o095 1 %1 o0z 03 o0s o0s 06 07 o8 o9
The value of o The value of

(c) Office-31 (d) VLSC

Fig. 4. Average utility value of different TCA-based methods with tuning of
a.

s 10 11z 13 s s s e 7 8 9 10 11 1z 13 1 15
The value of K The value of K

(a) Office+Caltech10

(c) Office-31 (d) VLSC

Fig. 5. Average utility value of different TCA-based methods with tuning of
K.

V. CONCLUSION

A decision-level combination method for multi-source do-
main adaptation based on evidential reasoning has been pro-
posed to improve the classification accuracy in the target
domain. The classification results (soft outputs) obtained by
the auxiliary of different source domains usually can provide
complementary knowledge in different quality to the target
domain for pattern classification. The distribution distance
between the source and target domains is employed to evaluate
the reliability/weight of corresponding classification results.
The larger the distance, the smaller the weight. This weight is
used to discount the corresponding classification results, and
the discounted results are combined by Dempster’s rule. In
order to further reduce the error rate, a cautious decision rule
committing the objects hard to classify to the disjunction of
several classes is presented. This rule can significantly reduce
the error rate by properly modeling the partial imprecision of
classification. Real data sets have been used in the experimen-
tal application to test the performance of the proposed method
compared with other related fusion methods. The experimental
results show that our method considering multiple source
domains generally produces higher accuracy than that of any
individual source domains, and the proposed Weighted DS
fusion method outperforms the traditional DS fusion method,
Average Fusion method and Majority Vote method. These
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results demonstrate the effectiveness of the new method. In
some applications, the source and target domains may have
different class labels. In the future work, we will attempt to
solve such challenging and interesting transfer classification
problem via the combination of multiple source domains with
different label spaces.
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