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Abstract—In many traditional machine learning algorithms, a 

major assumption is that the training samples and the test 

samples have the same distribution. However, this assumption 

does not hold in many real applications. In recent years, transfer 

learning has attracted a significant amount of attention to solve 

this problem. In this paper, a novel transfer learning method 

based on clustering analysis and re-sampling is proposed, which 

can correct different types of domain differences and does not 

need to estimate the different distribution directly. The method 

explores the data structure by clustering analysis, and then uses 

the obtained structure information to generate a new training set 

for target learning under a re-sampling strategy. To explore 

more data structure information and be more robust to data sets 

with various shapes and densities, the method introduces the 

fuzzy neighborhood membership degree to improve the 

performance of clustering analysis. It also applies the Gaussian 

kernel function to measure the similarities between samples to 

improve the reliability of the new training samples. The 

proposed method can transfer more useful knowledge from the 

source domain to the target domain. Experimental results on toy 

datasets demonstrate that the proposed method can effectively 

and stably enhance the learning performance. Finally, the 

proposed algorithm is applied to the communication specific 

emitter identification task and the result is also satisfying. 
 
Index Terms—Transfer learning, clustering analysis, density-

based clustering, fuzzy neighborhood, communication specific 

emitter identification 

 

I. INTRODUCTION 

Machine learning technologies have already achieved a 

significant success in many knowledge engineering areas 

and computational fields, most of these technologies 

work under the two common assumptions: 1) the training 

data (source domain) and the test data (target domain) are 

drawn from the identical feature space with underlying 

distribution; 2) there are enough available samples 

building a reliable classification model. However, in 

many real-world applications, these assumptions do not 

hold, which means that the joint distribution  ,P yx  of the 
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data x  and its corresponding label y is different, i.e., the 

source domain distribution  ,SP yx  is not equal to 

 ,TP yx  in the target domain. Besides, collecting enough 

homogeneous labeled data is very expensive and 

sometimes not practically possible. In such cases, transfer 

learning [1]-[4] is truly beneficial, which can effectively 

exploit and transfer the knowledge for target domain 

learning from similar but not identical labeled source 

domain data. Recently, transfer learning has been applied 

in many real world applications, such as text processing 

[5]-[9], image processing [10]-[13], indoor localization 

[14], network identification [15], and automatic control 

[16], etc. 

In terms of “what to transfer”, transfer learning can be 

categorized in three settings: instance transfer learning, 

feature transfer learning, and parameter transfer learning. 

Due to the different distribution between the source 

domain and the target domain, some labeled samples in 

the source domain may not be useful for the target task. 

How to select the ‘right’ samples for the target task is the 

issue that instance transfer learning mainly solves. Based 

on the empirical risk minimization, Zadrozny [17] used 

the estimated    , ,T SP y P yx x  to measure the importance 

of the samples to the target task and proposed to estimate 

the terms  TP x  and  SP x  independently by constructing 

simple classification problems after assuming 

   | = |T SP y P yx x . Huang et al. [18] proposed a kernel 

mean matching algorithm to learn    T SP Px x  directly 

by matching the means of data between the source 

domain and the target domain in a reproducing kernel 

Hilbert space. Sugiyama et al. [19] proposed an algorithm 

known as Kullback-Leibler Importance Estimation 

Procedure to estimate    T SP Px x  based on the 

minimization of the Kullback-Leibler divergence. 

However, it is often neither the case that the 

assumption of    | = |T SP y P yx x  is always appropriate, 

nor easy to estimate    T SP Px x  accurately. Motivated 

from the Bias Reduction via Structure Discovery (BRSD) 

[20] and fuzzy neighborhood membership degree [21], 

we propose a new transfer learning method called TL-

FNDCR (Transfer Learning based on Fuzzy 
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Neighborhood Density Clustering and Re-sampling) 

which does not need to estimate the    , ,T SP y P yx x  and 

can correct different types of domain bias. The method 

extracts the information about the data structure by 

clustering analysis, and then uses the information to 

generate a new training set for the target learning under a 

re-sampling strategy. By introducing a fuzzy 

neighborhood membership degree into the clustering 

analysis, TL-FNDCR can explore more data structure 

information and be more robust to datasets with various 

shapes and densities. To further improve the reliability of 

the new training samples, it also applies the Gaussian 

kernel function to measure the similarities between 

samples. The proposed method can transfer more useful 

knowledge from the source domain to the target domain. 

Validation of the proposed method is performed with toy 

datasets. Results demonstrate that the proposed method 

can more effectively and stably enhance the learning 

performance. Finally, the proposed algorithm is applied 

to the specific emitter identification task and the result is 

also satisfying. 

The rest of the paper is organized as follows: In section 

II, the overviews of the transfer learning framework 

based on clustering analysis and re-sampling are 

reviewed; In section III, a novel transfer learning method 

called TL-FNDCR is proposed; In section IV, extensive 

experiments are performed; Some conclusions and 

possible future work are given in section V. 

II. PRELIMINARY 

Let us represent the samples from the source domain as 

 1 1 2 2( , ),( , ), ,( , )
S S

S S S S S S
S N Ny y yX x x x , where S

ix  is the i-th 

feature vector in the source domain, S
iy  is the 

corresponding label. SN is the number of source domain 

data.  1 2, , ,
T

T T T
T NX x x x  denotes target domain dataset, 

where T
ix  is the i-th feature vector in the target domain, 

TN  is the number of the target domain data. The whole 

dataset is S TX X X , and the sample number is 

S TN N N  . In the problem setting, a lot of labeled data 

in the source domain is available, but there are only 

unlabeled data in the target domain. Formally, the joint 

distribution  ,P yx  of feature vector x  with its label y is 

different, i.e.,    , ,S TP y P yx x . 

Since the training data is hardly consistent with the 

distribution of the test data in the practical application, 

the model learned on the biased training set may be not 

reliable in the target domain. The transfer learning 

algorithm based on clustering analysis and re-sampling 

can generate an unbiased training dataset for target 

learning [20]. Without loss of generality, binary 

classification is taken into account. In Fig. 1, the solid 

points denote labeled training data and the blank points 

denote unlabeled test data, and the squares and the circles 

represent one class respectively. Fig. 1 (a) shows that the 

classification model learned on the initial biased training 

data is not reliable in the target domain (test dataset). In 

Fig. 1 (b), the data structure is explored by clustering 

analysis. Then, a new training dataset is generated based 

on these clusters under a certain strategy shown in Fig. 1 

(c). In the end, a much more reliable model is learned, as 

shown in Fig. 1 (d). 

 
Fig. 1. Intuition of transfer learning based on clustering and re-sampling 

In Fig. 1(c), the samples inside each cluster are very 

similar in their distribution if there are a few samples in 

each cluster. Here, we assume a selection variable t  and 

the event = 1t  denotes that a labeled sample  , yx  is 

selected into the training set. Then, we have two 

probability variables:  =1| ,P t yx  is the probability of the 

event = 1t  happening on  , yx ,  =1P t  is the probability 

of the event = 1t  on the whole data set. After clustering 

on X , CN  clusters are obtained, i.e., 
1

CN

i
i

C


 X  and 

i j
i j

C C


 . If we select samples evenly from each 

cluster under the same percentage 1P , then we have 

    1=1| , =1iP t C y P t P  . Then, 
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Consequently,  
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=1, ,
=1| , =1

,

P t y
P t y P t P

P y
  

X
X

X
. In 

other words, the selection variable t  is a random 

variable completely independent from both the feature 

vectors X  and the true class label y . Thus, intuitively, 

we can conclude that the data sets sampled evenly from 

each of these clusters should not have any samples of 

selection bias. Then, the obtained new training dataset is 

consistent with the distribution of the whole dataset. 
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III. METHODOLOGY 

A. Data Structure Discovery by Fuzzy Neighborhood 

Density based Clustering 

In the framework of transfer learning based on 

clustering and re-sampling as introduced in section II, a 

clustering algorithm is run on the total dataset X  to 

explore the intrinsic structure of the data. Any clustering 

method could be used as long as it is appropriate for 

exploring the intrinsic structure of the data. The density 

based clustering algorithm called DBSCAN (Density 

Based Spatial Clustering of Application with Noise) is 

widely used as it can find the oddly-shaped cluster 

without knowing the number of clusters. The main idea 

of DBSCAN is: starting from a certain core point and 

expanding the density-reachable areas until maximization, 

the resulting region is a new cluster where there are only 

core points and border points and these points are 

density-connected with each other. How to find the core 

points in the whole dataset is crucial to the performance 

of DBSCAN. In DBSCAN, a data ix  is called a core 

point if 

   ,i i j

j

Card M MinPts x x x               (2) 

is satisfied.  iCard x  is the cardinality of the 

neighborhood set of ix  and MinPts is a threshold. MinPts 

can be evaluated based on the mean of  Card x  in the 

whole dataset. Significantly,  ,i jM x x  is the membership 

degree of jx  to the neighborhood set of ix . 

  
 1 ,

,
0

i j

i j

d Eps
M

otherwise

 
 


x x
x x                 (3) 

where  ,i jd x x  represents the distance between point ix  

and point jx , Eps is the neighborhood radius which can 

be estimated through labeled samples [20]. If jx  is in the 

neighborhood set of ix ,  , 1i jM x x ; otherwise 0. 

1

 ,i jd x x

 ,i jM x x

Eps 1,i jd x x  2,i jd x x
 

Fig. 2. Crisp neighborhood membership degree 

The neighborhood relation determined above is called 

crisp neighborhood membership degree, which means 

that  ,i jM x x  is equal to 1 or 0 only depending on 

whether jx  is in the Eps-neighborhood of ix  or not (Fig. 

2). According to the above definitions, we can see the 

drawbacks of the crisp neighborhood membership degree 

in (3): 

1) It cannot distinguish the difference between the 

samples in a certain neighborhood set. If regarding 

 ,i jM x x  as jx ’s contribution to prompting ix  being a 

core point, we can see that all the points in the Eps-

neighborhood make the same contribution without 

considering the difference of their distances to ix . 

However, this setting may not be appropriate. Intuitively, 

the closer it comes between jx  and ix , the more 

contribution of jx  to ix  it should be. 

2) It cannot show the detail information of the 

neighborhood structure. Fig. 3 shows two central points 

1ix  and 2ix  which have the same number of neighbors 

within Eps radius but different neighborhood distribution. 

The solid line circle represents the border of Eps-

neighborhood. The cardinalities of the neighborhood set 

of 1ix  and 2ix  are the same according to (2)-(3). However, 

it is obvious that their neighborhood structures are quite 

different. The crisp neighborhood membership degree 

cannot reflect this difference which means that some 

useful data structure information is neglected. And this 

information may be useful for learning. 

1ix

jx
kx

Eps

Eps2

Eps1

 

2ix

Eps

 

(a)  point xi1 (b)  point xi2 

Fig. 3. Neighborhood membership degree of different data distribution 

3) It has poor robustness to the parameter Eps and bad 

adaptability to the data with various shapes and densities. 

Additionally, let us investigate points jx  and kx  in Fig. 3 

(a) where jx  is in the neighborhood of 1ix  but kx  is 

outside. Even though the two points are both close to the 

border, their neighborhood membership degree to 1ix  is 

completely different according to (3), i.e.,  1, 1i jM x x  

but  1, 0i kM x x . A little change in Eps may lead to very 

different consequences. For example, taking Eps1 instead 

of Eps, the  1iCard x  will increase dramatically from 10 

to 20. On the contrary, if Eps is replaced by Eps2, the 

 1iCard x  will decrease from 10 to 1, which may make 

1ix  from a core point to a non-core point. In other words, 

the crisp neighborhood membership degree is over 

sensitive to the parameter Eps, which makes the whole 

learning process badly adapt to the data with various 

shapes and densities. As the optimal Eps is difficult to 

obtain in the practical application, we can not guarantee 

the good learning performance. 

As the performance of the clustering algorithm is 

significant for data structure exploration, the proposed 
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TL-FNDCR can overcome the drawbacks of the crisp 

neighborhood membership degree and explore more 

useful information for target learning by using a fuzzy 

neighborhood membership degree
 

[21]. Equation (4) 

gives a linear type of fuzzy neighborhood membership 

degree. 

  
 

 
,

1 ,
,

0

i j

i j
i j

d
d Eps

M Eps

otherwise



  

 



x x
x x

x x  (4) 

where the parameter   ( 0  ) is used to control the 

sensitivity of membership degree to distance. In order to 

set the membership degree value  ,i jM x x  in the range 

[0, 1],   is given as follows. 

  01 m    (5) 

where  0 0,1m   is a certain value, representing the 

neighborhood membership degree of the points just on 

the Eps-neighborhood border. 

In (4) and (5), we can observe the following properties 

of the linear fuzzy neighborhood membership degree: 

1) In the neighborhood, the neighborhood membership 

degree of points with different distance would be 

extremely different. If the point is closer to the center 

point, its membership degree is larger. The fuzzy 

neighborhood can accurately distinguish the difference of 

data in the neighborhood set. 

2) According to (4),  2iCard x  becomes larger than 

 1iCard x , rather than equal (Fig. 3). In other words, the 

linear fuzzy membership degree could carry more 

information about the data neighborhood structure. 

3) If 0m  approaches 0, the membership degree of the 

points close to the neighborhood border all tend to 0 no 

matter whether the points are in the neighborhood set or 

not (Fig. 4). Then, the density of the central point will not 

change dramatically along with the small change of Eps 

(Fig. 3(a)). Fuzzy neighborhood membership degree 

could improve the poor robustness of the crisp case. 

 ,i jd x x 1,i jd x x  2,i jd x x

1

Eps

0m

 2,i jM x x

 1,i jM x x

 ,i jM x x

 
Fig. 4. Linear fuzzy neighborhood membership degree 

Considering the possible nonlinear relationship in the 

feature space, the linear fuzzy neighborhood membership 

degree will not be very appropriate. Thus, another 

important fuzzy neighborhood membership degree called 

exponential fuzzy neighborhood membership degree is 

given below. 

 
 

 
2

,
exp ,

,

0

i j

i j

i j

d
d Eps

M Eps

otherwise



        
      



x x
x x

x x (6) 

where   is given as follows 

 0ln m                                      (7) 

where  0 0,1m   is also the neighborhood membership 

degree of the points just on the Eps-neighborhood border. 

Similar to the radial basis function, the exponential 

fuzzy neighborhood membership degree can effectively 

deal with high-dimensional nonlinear data owing to its 

ability of mapping the data into infinite dimensional 

space. Fig. 5 shows the exponential fuzzy neighborhood 

membership degree. 

1

 ,i jd x xEps

0m

 2,i jd x x 1,i jd x x

 ,i jM x x

 1,i jM x x

 2,i jM x x

 
Fig. 5. Exponential fuzzy neighborhood membership degree 

When 0 =1m , the fuzzy neighborhood membership 

degrees defined in (4) and (6) are degenerated to (3). The 

fuzzy neighborhood membership degree is the 

generalization of the crisp case and the latter is just a 

special case of the former. 

B. Re-Sampling by Considering Label Reliability and 

Data Representativeness 

After the clustering analysis on the whole dataset X , 

we obtain CN  clusters:  1 2, , ,
CNC C C . The number of 

samples in kC  is 
kCN . In the step of re-sampling, a new 

training dataset for the target learning is evenly sampled 

from every cluster under the same proportion. The 

proportion is usually taken as the ratio of the number of 

samples in the source domain to that in the whole dataset, 

i.e., SN N . The re-sampling strategy considers the label 

reliability and representativeness comprehensively. 

Firstly, the label reliability of the sample ix  is defined 

as 

  
21

argmax exp
4S

j S

S
i i jRl



 
   

 x X

x x x  (8) 

where parameter   controls the radial range of the 

Gaussian kernel function and is generally fixed as the 

mean distance between samples in the whole data set. If 

ix  is labeled, it has the highest label reliability (i.e., 

  1iRl x ) as its nearest labeled neighbor is itself, e.g., 

the labeled source domain samples 1
S

x , 2
S

x , 3
S

x  and 4
S

x  

in Fig. 6. This is reasonable because they already have 
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the correct class labels. If ix  is unlabeled, it is given the 

same label as its nearest labeled neighbor’s, e.g., the 

unlabeled target domain samples 1
T

x  and 2
T

x  have the 

same label with 1
S

x ’s and 4
S

x ’s respectively in Fig. 6. 

kc

1

S
x

2

S
x

3

S
x

4

S
x

1

T
x

2

T
x

kC

 
Fig. 6. Re-sampling strategy for selecting new training set 

In the kth cluster kC , a certain number of samples 

(more than 
kC SN N N ) with highest label reliability are 

selected. Then, the 
kC SN N N  samples with highest data 

representativeness are chosen from them. The data 

representativeness  iRp x  is defined as 

  
21

exp
4

i i kRp


 
   

 
x x c  (9) 

where 
1

1
Ck

k

N

k l

lCN 

 c x  is the center of the cluster kC . The 

parameter   is also fixed as the mean distance between 

samples in the whole dataset. As shown in Fig. 6, 3
S

x  has 

the highest data representativeness in kC  because it is 

most close to the cluster center and can best represent the 
cluster. 

Finally, the 
kC SN N N  selected samples are added into 

the new training set AX . After the re-sampling processing 

is conducted in every cluster, the new training set AX  is 

formed. 

In (8)-(9), 
21

exp
4

i k


 
  
 

x c  is essentially a kind of 

similarity metric, which is also similar to the Gaussian 

kernel function. It is well known that Gaussian kernel 

function has large coverage and can deal with the 

nonlinear high-dimensional data. Thus, we can expect a 

high reliability of the new training samples according 

 iRl x and  iRp x  even when the feature space is 

nonlinear and high dimensional. 

The flow chart of TL-FNDCR is summarized in the 

Algorithm 1. 

Algorithm 1 A summary of TL-FNDCR algorithm 

Input: The labeled source domain data set SX  and unlabeled 

target domain data set TX . 

Initial: Initialize the new training data set A X . 

Structure discovery: Clustering analysis on S TX X X  by 

the fuzzy neighborhood density clustering with (4) or (6), 

then CN  clusters  1 2, , ,
CNC C C  are obtained. 

Re-sampling: For each  1 2, , ,
Ci NC C C C , select a subset 

iAX  from iC under the re-sampling strategy. Then, add 

iAX  into AX . 

Output: The new training dataset AX  for target domain 

learning. 

IV. EXPERIMENTS AND DISCUSSIONS 

A. Performance Comparisons on UCI Data Sets 

In this section, a set of experiments on UCI datasets is 

provided to evaluate the performance of the proposed 

algorithm. Fig. 7 shows the flow chart of data processing 

with TL-FNDCR. In order to demonstrate the “goodness” 

of the proposed method with different base classifiers, 

five different base classifiers are used respectively: C4.5, 

Naive Bayes, NNge, Logistic Regression, and SVM. For 

short, we call TL-FNDCR with linear fuzzy 

neighborhood membership degree and exponential fuzzy 

neighborhood membership degree as TL-Linear and TL-

Exp respectively. 

New Training 

Data

Target 

Domain

Source 

Domain

Fuzzy 

Neighborhood 

Clustering

Re-Sampling

Base 

Classifier

Classification

 
Fig. 7. The flow chart of data processing with TL-FNDCR 

Fourteen UCI datasets are used in the experiments. To 

use a dataset for the purpose of transfer learning, we need 

to create two sets, used as the source and target domains 

respectively. Here, bootstrap sampling [22] is applied to 

randomly select the two datasets from the whole dataset. 

Information on these data sets is tabulated in Table I, 

where the Source/Target represents the number of labeled 

source domain data against that of unlabeled target 

domain data. 

TABEL I: EXPERIMENTAL UCI DATA SETS 

Dataset Attribute Class Source/Target 

SatImage 37 6 180/6255 

Iris 4 3 20/130 

Letter 17 26 300/19700 

Wine 13 3 15/163 

ColonTumor 2000 2 15/47 
Diabetes 8 2 80/688 

Glass 9 7 20/194 
Haberman 3 2 30/276 

Mfeat 649 10 60/1940 

Wdbc 30 2 30/539 
Sonar 60 2 20/188 

Spambase 57 2 25/4580 
Vehicle 18 4 84/762 

WaveForm 40 3 75/4925 

 

The classification accuracy of the proposed methods 

compared with the Baseline and BRSD under five 

different base classifiers is recorded in Table II to Table 

VI respectively. The Baseline means that using labeled 

source domain samples as training data for target domain 

learning directly without any knowledge transfer 

processing. BRSD [20] is a learning method under the 
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same framework in section II, which uses DBSCAN for 

clustering analysis and Manhattan distance to measure the 

similarities between samples. Regardless of the base 

classifiers, there is only one parameter need to be fixed 

empirically in our method (i.e., 0m ) and no parameter in 

Baseline and BRSD. The 0m  parameter is empirically 

fixed as 0 and 0.01 for TL-Linear and TL-Exp 

respectively. The parameters in every base classifier are 

set the default values as in Weka [23]. For each dataset, 

the highest accuracy is highlighted in bold. 

In Table II to Table VI, TL-FNDCR (both TL-Linear 

and TL-Exp) can effectively improve classification 

accuracy in most cases. The performance improvement 

owes the better data structure exploration of TL-FNDCR. 

As the Baseline method uses source domain data directly 

without considering the difference between domains, its 

classification results are always not good. Moreover, the 

accuracy of TL-Exp appears higher than that of TL-

Linear. If the classification results of each algorithm are 

averaged across all the data sets and base classifiers, it 

can be found that the average improvement of TL-Exp is 

as high as 9.48% compared with BRSD, while TL-Linear 

also has an improvement of 6.43%. It proves that TL-

FNDCR can effectively improve the learning 

performance. 

TABLE II: CLASSIFICATION ACCURACY WITH C4.5 

Dataset Baseline BRSD TL-Linear TL-Exp 

SatImage 0.44 0.67 0.79 0.79 

iris 0.61 0.83 0.94 0.95 

Letter 0.08 0.50 0.51 0.54 

Wine 0.30 0.81 0.88 0.88 

ColonTumor 0.40 0.57 0.57 0.72 

Diabetes 0.66 0.71 0.76 0.77 

Glass 0.47 0.58 0.60 0.60 

Haberman 0.20 0.77 0.80 0.79 

Mfeat 0.17 0.68 0.82 0.82 

Wdbc 0.90 0.82 0.91 0.91 

Sonar 0.46 0.60 0.69 0.70 

Spambase 0.78 0.80 0.83 0.85 

Vehicle 0.31 0.48 0.60 0.65 

WaveForm 0.55 0.69 0.74 0.73 

TABLE III: CLASSIFICATION ACCURACY WITH NAIVE BAYES 

Dataset Baseline BRSD TL-Linear TL-Exp 

SatImage 0.33 0.71 0.8 0.8 

iris 0.61 0.95 0.92 0.92 

Letter 0.06 0.54 0.55 0.55 

Wine 0.22 0.95 0.92 0.91 

ColonTumor 0.57 0.57 0.57 0.74 

Diabetes 0.70 0.69 0.74 0.75 

Glass 0.10 0.45 0.52 0.52 

Haberman 0.20 0.77 0.81 0.81 

Mfeat 0.08 0.69 0.67 0.67 

Wdbc 0.91 0.91 0.91 0.92 

Sonar 0.50 0.69 0.72 0.75 

Spambase 0.85 0.84 0.87 0.87 

Vehicle 0.29 0.51 0.50 0.49 

WaveForm 0.59 0.80 0.82 0.82 

TABLE IV: CLASSIFICATION ACCURACY WITH NNge 

Dataset Baseline BRSD TL-Linear TL-Exp 

SatImage 0.42 0.68 0.81 0.81 

iris 0.62 0.95 0.94 0.94 

Letter 0.09 0.55 0.59 0.62 

Wine 0.53 0.90 0.87 0.87 

ColonTumor 0.64 0.62 0.62 0.83 

Diabetes 0.68 0.74 0.77 0.77 

Glass 0.08 0.41 0.51 0.51 

Haberman 0.20 0.64 0.77 0.77 

Mfeat 0.12 0.70 0.70 0.70 

Wdbc 0.91 0.91 0.92 0.93 

Sonar 0.50 0.54 0.60 0.69 

Spambase 0.78 0.72 0.85 0.83 

Vehicle 0.30 0.44 0.53 0.55 

WaveForm 0.50 0.76 0.80 0.80 

TABLE V: CLASSIFICATION ACCURACY WITH LOGISTIC REGRESSION 

Dataset Baseline BRSD TL-Linear TL-Exp 

SatImage 0.45 0.72 0.73 0.73 

iris 0.62 0.96 0.95 0.95 

Letter 0.12 0.61 0.54 0.58 

Wine 0.38 0.83 0.96 0.96 

ColonTumor 0.55 0.57 0.60 0.83 

Diabetes 0.7 0.73 0.76 0.77 

Glass 0.14 0.47 0.60 0.60 

Haberman 0.2 0.77 0.80 0.80 

Mfeat 0.33 0.87 0.89 0.89 

Wdbc 0.87 0.88 0.93 0.95 

Sonar 0.46 0.65 0.75 0.75 

Spambase 0.80 0.85 0.80 0.81 

Vehicle 0.42 0.63 0.69 0.69 

WaveForm 0.59 0.85 0.75 0.79 

TABLE VI: CLASSIFICATION ACCURACY WITH SVM 

Dataset Baseline BRSD TL-Linear TL-Exp 

SatImage 0.22 0.25 0.26 0.26 

iris 0.62 0.97 0.98 0.98 

Letter 0.05 0.40 0.49 0.51 

Wine 0.22 0.50 0.41 0.45 

ColonTumor 0.57 0.57 0.57 0.57 

Diabetes 0.63 0.66 0.67 0.67 

Glass 0.07 0.43 0.43 0.43 

Haberman 0.20 0.73 0.81 0.81 

Mfeat 0.08 0.13 0.17 0.16 

Wdbc 0.62 0.62 0.64 0.64 

Sonar 0.50 0.50 0.53 0.57 

Spambase 0.60 0.60 0.65 0.69 

Vehicle 0.19 0.22 0.23 0.23 

WaveForm 0.51 0.84 0.85 0.85 
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Fig. 8. Impact of m0 on the algorithm performance 
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B. Analysis for the Algorithm 

In the clustering analysis processing of TL-FNDCR, 

the parameter 0m  is crucial to the property of the fuzzy 

neighborhood membership degree ((4) to (7)). For further 

studying the performance of the proposed algorithm, the 

influence of 0m  on the algorithm performance is 

considered. Here, the classification results of base 

classifier C4.5 on Spambase dataset with different values 

of 0m  are shown in Fig. 8. 0m  is tuned in the range [10
-10
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Fig. 9. Linear fuzzy neighborhood membership degree of different m0 
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Fig. 10. Exponential fuzzy neighborhood membership degree of 

different m0 

Fig. 8 clearly shows that the performance of TL-

FNDCR is affected by the setting of the parameter 0m . 

Since Baseline and BRSD do not have a 0m  parameter, 

their performance does not depend on it. The 

classification accuracy of TL-Linear becomes stable as 

0m  approaches 0 while that of TL-Exp fluctuates 

throughout. It is can be explained by the different 

properties of their fuzzy neighborhood membership 

degree. In the linear case (Fig. 9), the neighborhood 

membership degree tends to be the same when 0m  

approaches 0. However, in the exponential setting (Fig. 

10), the neighborhood membership degree is obviously 

different from each other no matter the variations of 0m . 

When 0m  takes a very small value (e.g., -10
0 =10m ), there 

is a large region in the Eps-neighborhood where the 

neighborhood membership degree approximates to 0 as 

well. That is, a much smaller value for 0m  does not only 

change the properties of the fuzzy neighborhood 

membership degree but also reduces the actual value of 

Eps. According to the above analysis, in the TL-Exp 

setting, the value of 0m  should not be too small and can 

be fixed in the range [10
-3

, 10
-1

]. On the contrary, for TL-

Linear, the value of 0m  can be simply taken as 0. 

C. Application to Communication Specific Emitter 

Identification 

Communication specific emitter identification is 

widely used in applications such as spectrum 

management, cognitive radio, network intrusion detection, 

intelligence gathering, etc. This system discerns wire-less 

radio emitters of interest only based on the external signal 

feature measurements. However, in the practical 

application, the feature of the emitter signal is always 

changing along with different operation modes, different 

times and other conditions. It is difficult to make sure that 

the training data collected previously are suitable for the 

current target task. Here, the proposed transfer learning 

algorithm based on TL-FNDCR is applied to this 

application. 
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Fig. 11. Radio emitter signal and extracted features 

Digital radios with the same type and same modulation 

mode are selected as the specific emitters, whose 

transmitting signal bandwidth is 25 KHz. The signal is 
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sampled at the sampling frequency of 204.8 KHz under 

different conditions, e.g., different work frequencies 

(160MHz or 410MHz), different speakers (speaker 1, 

speaker 2 or speaker 3), and different receive distances 

(short distance with direct wave or long distance without 

direct wave). After the raw data of emitter signal are 

obtained, feature extraction is conducted. The extracted 

features include the widely adopted emitter feature such 

as envelope box dimension, envelope information 

dimension, Lempel-Ziv complexity, high-order spectrum, 

and Hilbert spectrum. Fig. 11 shows the instantaneous 

envelope and extracted features of one radio emitter’s 

signal. 

To validate the performance of transfer learning, we 

select data sets under various conditions as source 

domain and target domain. Information on these data sets 

are tabulated in Table VII.  

100 samples of each class are randomly chosen from 

‘Target’ in Table VII as test set to evaluate the 

performance of learned hypothesis. One source domain is 

firstly selected from Table VII, then 100 r  samples of 

each class are randomly selected from the determined 

source domain for the experiment. The proportion 

parameter r is tuned in the range [0.05, 0.1, 0.2, 0.3, 0.4, 

0.5, 0.6, 0.7, 0.8, 0.9]. C4.5 and Naïve Bayes are used as 

base classifier respectively. The experiments are repeated 

for 20 times with different source domain data and target 

domain data. The average accurate rates are recorded in 

Table VIII to Table XI. 

TABLE VII: EXPERIMENTAL RADIO EMITTER DATA 

Domains Work frequency Speaker Receive distance 

Target 160MHz Speaker 1 long distance 

Source 1 410MHz Speaker 1 long distance 

Source 2 160MHz Speaker 2 long distance 

Source 3 160MHz Speaker 3 long distance 

Source 4 160MHz Speaker 1 short distance 

 

TABLE VIII: CLASSIFICATION ACCURACY WHEN SOURCE DATA COMES FROM SOURCE 1 

r 
C4.5 Naive Bayes 

Baseline BRSD TL-Linear TL-Exp Baseline BRSD TL-Linear TL-Exp 

0.05 0.4425 0.6195 0.7100 0.7225 0.4680 0.6505 0.7905 0.7905 

0.1 0.4355 0.5740 0.6860 0.6860 0.4680 0.6515 0.7480 0.7715 

0.2 0.3820 0.6905 0.8560 0.8510 0.4050 0.7230 0.7865 0.7855 

0.3 0.4250 0.7980 0.8795 0.8405 0.4730 0.8050 0.8245 0.8245 

0.4 0.4590 0.7280 0.8825 0.8700 0.4700 0.6925 0.8620 0.8660 

0.5 0.4160 0.6685 0.8725 0.8725 0.4185 0.6270 0.7775 0.8195 

0.6 0.4525 0.5470 0.8175 0.8205 0.4735 0.5630 0.7955 0.7955 

0.7 0.3035 0.5990 0.8475 0.8475 0.4515 0.6920 0.7965 0.8040 

0.8 0.4830 0.5305 0.8070 0.8050 0.4985 0.5600 0.7185 0.7345 

0.9 0.4615 0.5295 0.8870 0.8930 0.4615 0.5225 0.8260 0.8260 

Ave. 0.4261 0.6285 0.8246 0.8209 0.4588 0.6487 0.7926 0.8018 

TABLE IX: CLASSIFICATION ACCURACY WHEN SOURCE DATA COMES FROM SOURCE 2 

r 
C4.5 Naive Bayes 

Baseline BRSD TL-Linear TL-Exp Baseline BRSD TL-Linear TL-Exp 

0.05 0.5373 0.6700 0.7235 0.7530 0.5310 0.6913 0.7560 0.7595 

0.1 0.6048 0.7113 0.8115 0.8415 0.5468 0.7310 0.8740 0.8730 

0.2 0.6050 0.7013 0.7985 0.8235 0.6030 0.6983 0.7635 0.7830 

0.3 0.6263 0.700 0.7885 0.8005 0.5760 0.6703 0.7650 0.7700 

0.4 0.6400 0.7840 0.8800 0.8850 0.6095 0.7738 0.9450 0.9450 

0.5 0.5523 0.6188 0.7430 0.7610 0.5733 0.5955 0.7180 0.7335 

0.6 0.5878 0.6585 0.7140 0.7225 0.5838 0.6393 0.7730 0.7730 

0.7 0.6053 0.6063 0.7640 0.7435 0.5753 0.6355 0.7200 0.7200 

0.8 0.5948 0.6620 0.7960 0.7960 0.6365 0.7000 0.7515 0.7565 

0.9 0.5470 0.6153 0.7555 0.7600 0.5720 0.6128 0.7610 0.7605 

Ave. 0.5901 0.6728 0.7775 0.7887 0.5807 0.6748 0.7827 0.7874 

TABLE X: CLASSIFICATION ACCURACY WHEN SOURCE DATA COMES FROM SOURCE 3 

r 
C4.5 Naive Bayes 

Baseline BRSD TL-Linear TL-Exp Baseline BRSD TL-Linear TL-Exp 

0.05 0.5990 0.6743 0.7840 0.7865 0.6085 0.7340 0.8595 0.8625 

0.1 0.6600 0.6895 0.7245 0.7550 0.6240 0.7565 0.8090 0.8055 

0.2 0.6813 0.7625 0.8985 0.8870 0.6245 0.7668 0.8065 0.8055 
0.3 0.7045 0.7788 0.8340 0.8315 0.6343 0.7055 0.8345 0.8360 

0.4 0.6793 0.7158 0.7595 0.7595 0.6965 0.7223 0.7355 0.7495 

0.5 0.6838 0.7780 0.8265 0.8460 0.6915 0.7755 0.8545 0.8545 

0.6 0.6743 0.7048 0.8105 0.8095 0.6678 0.6848 0.7835 0.7900 

0.7 0.6795 0.7485 0.8035 0.8240 0.6905 0.7250 0.7935 0.8095 
0.8 0.6665 0.7765 0.8560 0.8575 0.7065 0.7165 0.8340 0.8445 

0.9 0.7220 0.7785 0.8305 0.8340 0.7675 0.7430 0.8435 0.8765 

Ave. 0.6750 0.7407 0.8128 0.8191 0.6712 0.733 0.8154 0.8234 
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TABLE XI: CLASSIFICATION ACCURACY WHEN SOURCE DATA COMES FROM SOURCE 4 

r 
C4.5 Naive Bayes 

Baseline BRSD TL-Linear TL-Exp Baseline BRSD TL-Linear TL-Exp 

0.05 0.5000 0.5000 0.6400 0.6475 0.4400 0.5000 0.7425 0.7425 

0.1 0.4753 0.5055 0.6220 0.6050 0.4605 0.5143 0.6460 0.6400 

0.2 0.5000 0.5103 0.7300 0.7300 0.5060 0.533 0.7095 0.7095 

0.3 0.5048 0.5283 0.7730 0.7730 0.4780 0.4795 0.6720 0.6830 
0.4 0.5000 0.5013 0.7225 0.7225 0.4925 0.4890 0.7315 0.7265 

0.5 0.5248 0.5250 0.6930 0.6930 0.4718 0.4555 0.5775 0.5770 

0.6 0.5248 0.5000 0.6770 0.6765 0.4823 0.4840 0.5765 0.5725 

0.7 0.5000 0.5000 0.5870 0.6115 0.4793 0.4998 0.4925 0.4985 

0.8 0.5248 0.5250 0.6240 0.6240 0.4880 0.4850 0.5945 0.5910 
0.9 0.5000 0.5003 0.5615 0.5545 0.4698 0.4730 0.5805 0.5805 

Ave. 0.5055 0.5096 0.6630 0.6638 0.4768 0.4913 0.6323 0.6321 

 

It can be seen that the TL-FNDCR has achieved higher 

accuracies compared with Baseline and BRSD. The 

highest classification accuracy of TL-FNDCR can be as 

high as 94.5%. All of these experimental results validate 

that our method is more suitable for communication 

specific emitter identification task, where the data is 

always heterogeneous under different conditions. 

Compared with Source 4, the classification results of the 

first three source domains are better. The reason can be 

concluded that the difference of data sets is bigger when 

receive distance is varying. 

Fig. 12 gives the average accuracies over all base 

classifiers and source domains. Ignoring the difference of 

base classifiers and source domains, the performances of 

TL-Linear and TL-Exp still have evident improvements. 

Obviously, the performance of TL-Exp is still slightly 

better than that of TL-Exp. In addition, it is can be found 

that the accurate rates do not always increase and even 

decreases along with the increasing of the number of the 

source domain samples. Here, a probable interpretation is 

that the useful information from the source domain to 

target domain is finite due to the domain bias. When the 

amount of source domain data is large enough, the source 

domain could not offer more extra useful information 

further but gives rise to disturbance to the target learning 

conversely. 

0 0.2 0.4 0.6 0.8 1
0.50

0.55

0.60

0.65

0.70

0.75

0.80

r

A
cc

u
ra

cy

 

 

Baseline

BRSD

TL-Linear

TL-Exp

 
Fig. 12. Classification accuracy of different ratio of training samples 

The experiment about the impact of parameter 0m  is 

also conducted here. As shown in Fig. 13, the accuracy of 

TL-Linear becomes stable as 0m  approaches 0 while that 

of TL-Exp fluctuates throughout. TL-Linear has the best 
results when 0m  approaches 0, while TL-Exp can get the 

best performance when 0m  in the range [10
-3

, 10
-1

]. The 

results are generally consistent with the conclusions in 
section IV.B. 
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Fig. 13. Impact of m0 on the algorithm performance 

V. CONCLUSIONS 

In this paper, a transfer learning algorithm called TL-

FNDCR is proposed. TL-FNDCR can correct different 

types of domain differences and does not need to estimate 

the different distribution directly. With the introduction 

of the fuzzy neighborhood membership degree, TL-

FNDCR is more robust to datasets with various shapes 

and densities and could explore more data structure 

information. Besides, the Gaussian kernel function is also 

applied to measure the similarities between samples to 

improve the reliability of the new training samples. 

Finally, the method can select much more suitable 

training data for the target domain learning. Extensive 

experiments on public data sets are carried out to evaluate 

the performance of the proposed method. For further 

showing the practicality, the proposed algorithm is 

applied to the task of communication specific emitter 

identification and the result is also satisfying. 

TL-FNDCR can naturally explore the data structure for 

transfer learning, so it effectively reduces the bias across 

domains and significantly increases the learning 

performance. However, there is still much work to do in 

some aspects for further improvement of TL-FNDCR, 

e.g., the more effective estimation of Eps and the more 

reliable re-sampling strategy. 
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