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Abstract—Aiming at the analog circuit performance online 

evaluation demand of the largest interval principle and 
underlying geometric structure, two online methods of 
dimension reduction are proposed for analog circuit 
performance evaluation from the angle of feature extraction, 
First, a supervised method of dimension reduction based on 
Fisher’s Linear Discriminant Analysis (LDA) is presented to 
increase the classification distance largely. This method is a 
well-known scheme for feature extraction and dimension 
reduction. However, the incomplete classification will lead to 
great influence on performance evaluation accuracy. Based 

on this, another feature extraction strategy by Locality 
Preserving Projections (LPP) is proposed. LPP should be 
seen as an alternative unsupervised approach to Principal 
Component Analysis (PCA). This method properly obtains a 
local space that best detects the essential manifold structure. 
In this paper, the fault diagnosis can be recognized via the 
Global and Local Preserving based Semi-supervised Support 
Vector Machine (semi-supervised Global LSSVM). The 
experiment takes a typical Sallen-key low-pass circuit as 

diagnosis object. In order to prove the effectiveness of the 
proposed method in this paper, the traditional fault 
diagnosis method based on standard support vector machine 
(SVM) is employed also. The diagnosis speed and accuracy 
are all proved via numerical simulation.  

Keywords-Analog Circuit; Faults Diagnosis; Semi-
supervised; LDA; LPP  

I.  INTRODUCTION  

Analog circuit fault diagnosis and performance 
evaluation are currently the most important blocks in every 

real-world system
[1]

. Under the circumstance of increased 

integration and complexity in large-scale integrated circuit, 
the operation reliability has been improved. However, the 

issues such as availability of the poor fault models , 
component tolerances and circuit nonlinearities are the 

typical bottleneck in the circuit testing leading to slow 
evolution in the fault diagnosis processes

[2]
. The 

requirement of real-world could be hindered if the 

traditional analog circuit  fault  diagnosis methods like 
parameter identification method, expert system, fault  

dictionary et al.
[3] 

are still used. Artificial intelligence like  
wavelet transform, neural network, fuzzy theory and 

support vector machine (SVM) methods are put forward 
with scientific and technological progress to meet realistic 

demands. In this work, wavelet analysis and fuzzy theory 

can be considered as two crucial methodologies in fault 
diagnosis system. Last but not least, SVM outstrips these 

two in modeling. Quite a few studies focus on SVM not 
only in classification application but regression. The 

primary advantage of this approach is that simple structure, 

global optimum and strong generalization ability can be 

exh ibited when solving small sample, nonlinear and high 
dimensional pattern recognition problems. However, this 

method will lead to insufficiency in learning only with 
scarcely labeled samples. Meanwhile, the lack of essential 

information and structure of data will result in great 
influence on the performance evaluation accuracy.  

In order to solve the insufficiency problem above, 
some experts put their eyes on unsupervised learning, 

namely only utilize unlabeled patterns in huge quantities 

and applied them in analog circu it fault  diagnosis research. 
Li et al. [4]presented a novel unsupervised learning 

method for human action categories. This work considers 
diversity of human action categories, and selects multiple 

sets of movements such as skating, walking et al, so it 
reveals the sufficiency of data utilization. However, the 

drawback largely comes from uncertainty. Focusing on 

this issue, Reference [5] proposed a novel method to detect 
which method was proper, unsupervised learning or 

supervised method. The experiment demonstrates that the 
unsupervised learning would not require a laborious 

labeling process, a clear forerunner for practical purposes 
if unknown attacks can be expected. Li et al [6]employed a 

method to choose samples with strong characteristics, and 

thus decreased the unknown attacks in unsupervised 
learning process.  

Although the unsupervised learning method is in 
excess of the supervision mechanism on generalization 

performance, it is more difficult to solve interfere problem. 
As is well known, most interference or noise comes from 

the uncertainty. Many researchers put forward methods 
based on semi-supervised learning to realize circuit fault  

diagnosis, namely, a training set consisting of labeled and 

unlabeled patterns. This method balances between 
supervised and unsupervised ideas, and also makes full use 

of the data resource under improved generalization ability. 
Zhang et al. [7] proposed a novel semi-supervised Traffic 

Identification based on Affinity Propagation. The method 
presents the concept of Affinity Propagation which makes 

running efficient and easy to implement 
[8]

. Li et al. [9] 

introduced the average (mean) into semi-supervised 
support vector machines (S3VM), and it achieves the 

biggest interval between mean values of the two classes. 
From the results, it is clear that this method is much more 

efficient than traditional SVM, especially on a relatively  
large data sets (such as more than 1000 samples data 

sets),and the computation speed has improved significantly.  
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Before researchers utilize any classification method, it  

is beneficial to first perform d imension reduction to project 
an image into a low dimensional feature space, owing to 

the consideration of learn-ability and computational 
efficiency. Specifically, learning from examples is 

computationally in-feasible if it has to rely on high-
dimensional representations. Dimension reduction method 

is commonly used in two aspects
[10]

: global geometric 

structure and local information. The global respect such as 
PCA and LDA are frequently-used. Reference [11] 

presents that PCA is an unsupervised method based global 
information and structure; the purpose of this method is to 

find a mapping subspace on the basis of the minimum 
mean square error to best represent original data. On the 

contrary, LDA is a supervised procedure which principle 
also is to find a mapping subspace; this subspace will 

obtain the largest distance between within-class and 

between-class. On the other hand, the local structure would 
be performed in LPP, Lap lacian Eigen-map (LE) and 

Locality Linear Embedding (LLE)
[12]

.Specially, LPP not 
only maintains the geometric structure of data set, but also 

overcomes the defect of other ways in receiving low-
dimensional mapping of new samples

[13]
. 

 The rest of this paper is organized as follows: Section 

2 briefly reviews the princip les of the Global LSSVM fault  
diagnosis system. Section 3 proposes Global LSSVM idea 

and model. Simulation results are presented in section 4, 
some conclusions are given in section 5. 

II. FAULT DIAGNOSIS SYSTEM BASED ON 

GLOBAL LSSVM 

Fault diagnosis system contains five parts as follows: 

 Analog circuit: 1 kHz Sallen-key low-pass filter is 
proposed for experiment. For convenience of 

analysis, all parameters’ settings of in this paper 
are the same as given in literature[14]. 

  Fault feature extraction: It is the most important 
step in pattern recognition. In this paper, LDA and 

LPP are adopted to reduce dimension
[8]

.In addition, 
algorithm is programmed in LSSVM Toolbox of 

MatlabR2010bsoftware and the nodal voltages 

have been simulated by Multisim12.0. 

 Fault pretreatment: In order to obtain good 

classification effect of SVM, the extracted 
voltages from Multisim12.0 software need to have 

pretreatment of normalized [-1, 1]
[15]

. 

 Global LSSVM: Global and local preserving of 

fault  information is concerned for semi-
unsupervised learning algorithm of analog circuit  

faults diagnosis, the within-class scatter of LDA 

combines LPP to fully consider the global and 
local geometric structure between samples. The 

process includes two steps: training stage and 
diagnosis stage. At every stage, samples are all 

come from pretreatment in step (3). 

 Fault diagnosis: Focusing on the single fault of 

analog circuit, the effectiveness of the proposed 
approach is finally illustrated by simulations on 

the Sallen-key low-pass filter circuit 
[16][16]

. 

And the corresponding diagram is shown in Fig. 1: 
 

Tested Circuit

Fault feature extraction

Fault Pretreatment

Training Stage Diagnosis Stage

Global LSSVM

Fault Diagnosis

 
 

Figure 1.   Fault diagnosis system flow diagram 

III. THE FAULT DIAGNOSIS MODEL BASED ON 

GLOBAL LSSVM 

A. SVM theory description  

SVM has been introduced by Vapnik
[17]

for solving 

classification and nonlinear functional estimation problem.  

Given a training data set of m points  
1

,
m

i i i
x y


 with 

input data n

ix  R and output data
iy R ; The i-th element 

of a vector x  is denoted by
ix , then one feature 

vector
ix with label +1 belongs to class 1, and the other one 

with label -1 belongs to class 2. The quadratic optimization 

problem of SVM can be transformed as follows 
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It’s difficult to solve a quadratic programming (QP) 

problem. Then, the constrained optimization problem is 
solved via Lagrangian mult ipliers under the Karush–

Kuhn–Tucker (KKT) condition 
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where 
i denotes Lagrange multiplier. 

The decision function for the optimal hyperplane is 

addressed as follows 

 
* *

=1

( ) sgn{ ( , ) }
n

i i i
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f x y x x b 
 

(3) 

B. Manifold regularization based SVM combined with 
LPP (MR-LPP) 

The traditional regularization based SVM
[18]

has been 
widely used in pattern recognition. Through the research 
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about regularization, this approach tends  to smoothness of 

classification function, and not concerned about sample 
information implicitly. Therefore, the geometric structure 

and informat ion of samples has not been fully applied. 
Reference [19] introduces the view of manifo ld learning 

method to traditional regularizat ion method, so the 
manifold-regularization framework is addressed as follows  

   
2 2

1

1
min , ,

k

l

i i i A IK If H
i

V x y f x f f
l
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where
2

K
f is proposed to control complexity of controller,  

2

I
f reflects inner manifold structure of samples. 

According to (5), combined with LPP, the original 
optimization problem can be defined by 
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where X consists of  labled data numbered l and unlabeled 

data numbered u . w denotes normal vector of  hyperplane. 

C. MR-LPP combined with LDA (semi-supervised 

Global LSSVM) 

From (6), regularization formula T Tw wXLX only 

represents local manifold structure, then this section will 

add global manifold structure to MR-LPP framework. 
Meanwhile several parameters need to be introduced 

before applying the algorithm. Lap lace matrix
wL of 

adjacency graph G is proposed for nonlinear analog circuit  

process
[20]

. Meanwhile, the matrix o f within class 

scatter
wS is transformed into the form of the graph  

Laplace. 

Labeled set:
 1{ ,..., }lx xD

 
where n

ix  R denotes input value of sample , they 

respectively belongs to two different categories ( , )C C 
, 

the sample subset
kD which size is

kl belongs to class k . 

The authority matrix W denotes k -neighbor adjacency 

graph G . 

1

0

i j

kij

if x and x both belong to class k
l

otherwise
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Given the normal vector wof classification decision, 

then
T

ww wS  denotes within class scatter. 
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where
wS denotes matrix of within class scatter, 

ku denotes 

mean value 

 T

w l w lS  X L X
 

(10) 

 
Equation(10) denotes Laplace matrix o f g raph 

corresponding to
wS .

 
where

w  L I W  , I denotes matrix with one. 

Unlabeled set:  1= ,...,l l ux x F . 

where  1 1,..., , ,...,l u l l l ux x x x  X includes labeled and 

unlabeled samples. Among others,
 

T

ww wS denotes 

within -class scatter corresponding to labeled 

sample l , L from literature[21]denotes Laplace matrix of 

adjacency graph corresponding to data set 
l uX . 

Nonlinear Ker - GLSSVM method for the original 

optimization problem can be transformed by: 
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where (, )K denotes Mercer - kernel function. 

For illustrative purpose, the nonlinear Ker-GLSSVM 

flow chart can be expressed as: 
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Figure 2.   Nonlinear Ker-GLSSVM flow chart  
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IV. EXPERIMENT 

A. Diagnostic Circuit and Fault Type 

Experiment adopts an normal analog circuit Sallen-key  

low-pass filter as the diagnostic object shown in Fig. 3. 

+

_

R1 R2

R3

R4

C2

C1

A

Vi
Vo

1

2

 

(R1= R2=15.8 k  , R3=10 k  , R4=17.8 k  , 

C1=C2=10nF ) 
Figure 3. 1 kHz Sallen-key low-pass filter 

A Sallen-key low-pass filter circuit showed in Fig. 3 is 

used as the exemplary  circuit. The nominal value of each 
component is also labeled in Fig. 3.Operation circuit  

consists of four resistances R1, R2, R3, R4; two 
capacitances C1, C2 and amplifier A. This analog circuit 

adopts RC network with positive feedback structure to 
perform low-pass filter. The (+) and (-) represents the 

parametric variation in the component value +50% and -

50% respectively. If the parameter perturbation of each 
element is beyond its tolerance range, it is thought to be 

faulty. For the convenience of analysis 
[22]

, only considers 
single soft faults from part of the capacitance and 

resistance which can be divided into two modes: (+) or (-) 
represents the fault value is upward bias or downward bias 

the component normal value. Total fault set can be defined 
as shown in Tab.1. 

 

 
TABLE I.   FAULT TYPE, CODE AND VALUE 

Fault Type  R2(+) R2(-) R3(+) R3(-) C1(+) C1(-) C2(+) C2(-) 

Fault Code  F1 F2 F3 F4 F5 F6 F7 F8 

Fault Value  47.4k 7.11k 30k 4.5k 30nF 4.5nF 30nF 4.5nF 

 

B. Numerical experiments 

In this part, researchers conducted experiments with a 

total of 60 datasets: 20 datasets for training and 40 for test. 

For convenience of analysis, all datasets were normalized 
to be in [-1, 1] from normalization and all settings of 

parameters in  this paper are the same as that given in 
literature[22]. Additionally, researchers utilize LSSVM 

Toolbox to help programming in the platform of Matlab 
R2010b software. The nodal voltages have been simulated 

by Multisim12.0. During simulation process , when fault 
components in mode(+), its value is 3.0 times of nominal 

while fault components in mode (-) is 0.45 times of 

nominal value. The tolerance of any resistance and 
capacitance is assumed as 50 % of nominal value. 

Applying sine excitation signal of 20V, 1.0 kHz and 
according to topology of the circuit, two testing nodes are 

applied, which are numbered nodes 1and 2. 
To validate the effectiveness of the proposed semi-

supervised Global LSSVM in this paper, the traditional 

fault diagnosis method based on SVM proposed in 
literature [23]is also employed for the comparison purpose 

while the analog circuit fault diagnosis is on. In this 
section, test data number is 40. In the process ion, it 

contains two data sets, plus sign and hollow circle 
respectively represent two different categories. 

Classification performs in the two-dimensional plane
[24]

, so 

the separating hyperplane is a line. Fig. 5 shows that 
classification effect is better than that of  Fig. 4. 

-1

-1

-1

-1

1

1

1

1

X
1

X
2

LS-SVM
=25,

2
=1.5

RBF , with 2 different classes

 

 

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8
-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

Classifier

class 1

class 2

 
Figure 4.   Classification of SVM 
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Figure 5.   Classification of Global LSSVM 

 

Experimental results above only have shown the 

diagnosis effect between two different categories, the 
computational time between semi-supervised Global 
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LSSVM and traditional SVM is revealed in Tab.2. It is 

obviously that the proposed s trategy is very satisfied not 
only the time respond ability but also the fault diagnosis 

accuracy[25]. 

Given corresponding contrast in speed and accuracy of 

two methods in the process of operation: 

TABLE II.  COMPARISON BETWEEN SVM AND SEMI-SUPERVISED GLOBAL LSSVM 

Evaluation Algorithm  
Evaluation Indexes 

Training Testing Class Accuracy Computational Speed 

SVM 20 40  2 78.45% 98.36% 

Semi-supervised Global LSSVM 20 40  2 75.25% 99.86% 

 

V. CONCLUSIONS 

In this paper, two novel online dimensionality 

reductions LDA and LPP are proposed in traditional SVM 
to find underlying geometric structures between samples 

and increase the sufficiency of learning. LDA is capable of 

obtaining the largest distance of global geometric s tructure 
between within-class and between-class but local structure 

is largely  ignored; the proposal LPP is proved to achieve 
local geometric structure. Simulation results have shown 

that semi-supervised Global LSSVM is an attractive 
solution to balancing the geometric structure and 

sufficiency of learning. In engineering practice, 
considering the high operation rate and evaluation 

precision, this strategy is worth to be applied and 

developed. In addition, this approach is proven to be 
valuable in the diagnosis of mult i-faults in analog circuit, 

which will be the future research problem.  
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