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Abstract: A novel fuzzy support vector machine based on unbalanced samples (FSVM-US) is proposed to solve the
high false positive rate problem since the gyroscope output is susceptible to unmanned aerial vehicle (UAV) air-
borne electromagnetic environment and the gyroscope abnormal signal sample is rather rare. Firstly, the standard
deviation of samples projection to normal vector for SVM classifier hyper plane is analyzed. The imbalance feature
expression reflecting the hyper plane shift for the number imbalance between samples and the dispersion imbalance
within samples is derived. At the same time, the denoising factor is designed as the exponential decay function
based on the Euclidean distance between each sample and the class center. Secondly, the imbalance feature expres-
sion and denoising factor are configured into the membership function. Each sample has its own weight denoted the
importance to the classifier. Finally, the classification simulation experiments on the gyroscope fault diagnosis sys-
tem are conducted and FSVM-US is compared with the standard SVM, FSVM, and the four typical class imbal-
ance learning (CIL) methods. The results show that FSVM-US classifier accuracy is 12% higher than that of the
standard SVM. Generally, FSVM-US is superior to the four CIL methods in total performance. Moreover, the
FSVM-US noise tolerance is also 17 % higher than that of the standard SVM.
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0 Introduction

Gyroscope is a key airborne sensor for un-
manned aerial vehicle (UAV )M,
that about 60% flight faults are associated with

It is reported

the gyroscope in an inertial navigation system.
The gyroscope fault brings great risks into the
flight safety of UAV. The main methods for sen-
sor fault diagnosis are based on hardware redun-
dancy, analytical redundancy, signal processing

or artificial intelligence algorithmic tech-

[2-6]

niques Support vector machines (SVM) is

one of the artificial intelligence learning algo-

[7-8]

rithms'™®', and it has been successfully applied to
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many real-world classification problems from va-
rious domains. The gyroscope fault datasets are
far less than the normal datasets. In addition, the
airborne gyroscope output signals are blended
with noise signals or outlier from the UAV air-
borne complex electromagnetic environment where
radio signals, engine working radiation, radar
signals and radio interference signals often exist
synchronously. Although SVM often deals effec-
tively with balanced datasets, it could produce su-
boptimal results when faced imbalanced datasets.
The SVM classification hyper-plane would shift to
the minority (positive) dataset when it is applied

to noises and unbalanced datasets™™. Its classifi-
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cation accuracy greatly drops. and the majority
(negative) dataset is over fitting.

Two main methods are addressed to solve the
unbalanced dataset problem. One is based on the
data preprocessing techniques such as over sam-
pling, under sampling, and synthetic minority
over sampling technique (SMOTE)M 2 The
other is about the algorithmic modifications such
as the kernel function improvement and different
error costs (DEC)M™ ") The SVM classification
performance is enhanced to some degree when the
number of the positive dataset and negative data-
set is changed by resampling techniques, but the
dataset structure and its integrity are damaged.
Resampling techniques are adopted to tackle the
imbalance problem between datasets, while it
takes into few consideration the imbalance and
noise problem within datasets. The fuzzy support
vector machine (FSVM) algorithm is proposed in
this paper to solve the number imbalance between
datasets, dispersion imbalance within datasets,
and noises from the UAV airborne electromagnet-
ic environment when the imbalanced feature
weights and denoising parameters are applied to
the membership function. The gyroscope fault di-
agnosis system on fuzzy SVM for unbalanced

samples is constructed .

1 SVM Algorithms
1.1 Standard SVM

SVM is a kind of classifier developed from
statistical learning theory'™. For a given dataset

{((xrsy1) s (xysy2)sors(xisy) st} where x; €
R” represents an n-dimensional data point, y, €
{—1,+ 1} is a sample label. The goal of the
SVM learning algorithm is to find a separating
hyper plane that separates these datasets into two
classes. According to the Mercer theorem, if the
dataset is linearly separable, the optimal hyper
plane can be transformed into a minimum target
optimization problem as

1 /
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where ¢(z,) is the mapping function from sample

attribute to high-dimensional feature space, & the
slack variable, parameter C the trade-off between
training accuracy and generalization, @ the weight
vector that defines a direction perpendicular to the
hyper plane of the decision function, & the bias
that moves the hyper plane parallel to itself.
When an SVM classifier is trained using an
imbalanced dataset, it can obtain a classification
hyper plane bias toward the minority class. If the
number between two class samples is roughly
equivalent, the classification hyper plane will
shift to the more scattered class. The classifica-
tion hyper plane bias situation for imbalance data-
set is shown in Figs. 1,2, where H is the classifi-
er hyper plane, and H,, H, are the support vec-

tor planes.

Fig. 1 Bias situation for the number imbalance

Fig. 2 Bias situation for the dispersion imbalance
1.2 Fuzzy SVM algorithm

Fuzzy technology is applied to SVM to re-
duce the effect of noise samples (or outliers) on
SVM classification™'*).

each sample during the SVM training, each sam-

According to the effect of

ple is given a different membership value. As-
suming that each sample (x;, y;) is assigned a
membership value s;, the parameter S={(x, .y, ,
5105 (x50 ¥5583) 52y (x5 y:»5,)) forms a fuzzy
training set. After a nonlinear transformation ¢:
R"—H is defined, input space can be transformed
into high dimensional Hilbert space H, x—>¢(x).

The problem of the optimal hyper plane for FS-
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VM model is deformed into the following optimi-

zation problems

: +CZ[:.S,EI)
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w.bo
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where the membership s, (i =1, 2, «=-, ) repre-
sents the degree of training points (x;,y;,s;) be-
longing to a certain class. The larger the value of
s; is, the less likely the corresponding samples are

misclassified; and vice versa.

2 Fuzzy Membership Function Con-
struction

The key of FSVM-US design is the construc-
tion of membership function. According to the
working environment of the gyroscope, the de-
sign of membership function should solve two
problems. Omne is to suppress the disturbance of
noise and outlier in the class, and the other is to
inhibit the imbalance of samples size and disper-
sion which affects the classification hyper plane
shift. A membership function is represented by

st =m" f(x)
{s, =m f(x;)

denotes the membership of the positive

3

where s,
class (also called the fault samples), s; the mem-
bership of the negative class (also called the nor-

mal samples). m™, m~

represent the uniform
weight of positive class and negative class sam-
ples, respectively, which reflect the class sample
size and dispersion imbalance characteristics.
f(x;) € (0,1) is the denoising fuzzy function that
describes the importance of samples. Obviously,
the membership function takes the interference of
noise and outliers into account, as well as the
classification hyper plane shift for the imbalance
between or within class samples.

2.1 Imbalanced feature weight

Dispersion can be represented by the stand-
ard deviation of projection to @ vector direction of
classification hyper plane, the standard deviation
of the positive class and the negative class sam-

ples point are

o =Vo'YX 0w, =Vo'YX o

+
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€]
where ¥ ", ¥ are the covariance matrixs of the
positive and negative classes in high-dimensional
Hilbert space, respectively; and ¢(x) is a kernel
function to substitute the dot product of mapping
function. After initial training, SVM can obtain
the vector @ of the classifier hyper plane. [,/
are the numbers of the positive class samples and
negative class samples, respectively. To correct
the offset caused by the different number of sam-
ples, the positive samples should be assigned
higher weights than the negative ones. The
weight is set inversely proportional to the number

of samples.
T Z—; (5)

Besides, due to the classification bias toward
the larger dispersion class, the larger dispersion
class should have a higher weight. The weights of

the dispersion imbalance within class can be set as
+

mo o (6)

m o
Finally the imbalanced feature weight is de-

signed as
i - - —
m - =m,m =m e F.G+ D)

Q

2.2 Denoising factor design

Denoising factor reflects the importance of
sample within class. Assuming o, and o, are the
centers of two class samples shown in Fig. 3, re-
spectively, obviously the sample x, and x, are
away from their respective class center for noise
properties. To reduce this noise interference, FS-
VM algorithm assigns a less weight for samples
away from their center.

The Euclidean distance between samples and

the class center is written as

Ezézx, ®)

1

di= |z —z|> (9
Then denoising factor can be calculated by

the exponential decay function
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Fig. 3 SVM classifier of noise pollution dataset

N 2
S = T e Cad (10)

3 Gyroscope Fault Diagnosis System
3.1 Gyroscope signal feature extraction

Pitch angle output sample data are from the
gyroscope in a certain UAV real flight with the
signal sampling period of 20 ms. The main fault
types of gyroscope include complete fault, con-
stant bias fault, drift fault and periodic interfer-
ence fault. The three-layer db4 wavelet method is
used to decompose signal samples, and the corre-
sponding frequency band energy as a feature vec-
tor is obtained.

3.2 Imbalance classification algorithm evaluation

criteria

Generally, the accuracy rate of minority class
samples as fault event attracts more attention in
practice. The classifier generalization perform-
ance evaluation criteria for imbalanced dataset
mainly take geometric means (g-means) metric
and F-measure. A slightly improved g-means cri-
teria is adopted in this paper since g-means crite-
ria is used for the binary classification events.
The gyroscope fault detection classification be-
longs to multi-classifier events. To reflect the im-
balanced data classification, the four fault abnor-
mal samples are regarded as a positive class. The
confusion matrix of the dataset is shown in

Table 1.

Table 1 Confusion matrix of dataset
Predicted label True False
Positive class TP FP
Negative class TN FN

In Table 1, TP, FP denote the correctly

classified and misclassified numbers for positive
samples, respectively. Likewise, TN, FN are de-
fined for negative samples. The classification ac-
curacy rate for positive samples is

TP
4 = TP+ FN) (b

The classification accuracy rate for negative

samples is defined as

_ TN
(TN + FP

Moreover, the geometric average is

Qg means = A/ ACC pos X ACC g (13)

3.3 Simulation

) 12

ACC qeg

Classification program of SVM is compiled
on Libsvm-weights-3.17 toolbox developed by Dr.
Lin. The dataset imbalanced ratio is 5 with 400
sets of normal samples to 80 sets of each kind gy-
roscope fault sample. The kernel function in the
experiment is Gaussian radial basis function £(x;,
x;) =exp(— vy || x; —x; [|*) , and grid searching
method and cross-validation method are synthe-
sized to select the optimal kernel parameter y and
penalty parameter C. The two-parameter optimi-

zation process is shown in Fig. 4.

Best: C=45.254 8,7 =90.509 7, acc=90.555 6%

Fig. 4 Parameter optimization process of grid search-

ing method and cross-validation method

Standard SVM, FSVM and FSVM-US
experiments

The classifier experiment of FSVM-US is
conducted. Compared with standard SVM (SVC)
and FSVM, the results are shown in Fig. 5.

From Fig. 5, the performance of FSVM-US
classifier is generally better than those of tradi-
tional FSVM and SVM, whose fault diagnostic
accuracy rates are 81. 4% and 86. 4%, respec-
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Fig. 5 Experimental results of three diagnostic ma-

chines on unbalanced samples

tively. Highly unbalanced samples result in clas-
sifier hyper plane bias toward the minority class,
and the minority class has a high misclassification
loss. The fault diagnostic accuracy rate of FSVM-
US reaches 91. 5%, 5% higher than that of the
standard FSVM, and 10% higher than that of
SVM approximately. The geometric average on
FSVM-US is up to 93. 2%, increases by appoxi-
mately 5. 6% and 4. 7% relative to the standard
SVM and FSVM, respectively.
results indicate that the FSVM-US can increase

The experiment

the diagnosis accuracy and weaken the classifier
shift influence resulted from unbalanced dataset
effectively.
3. 3.2 Experiment on five-class imbalanced
learning algorithms

The above experimental results show that
the FSVM-US is superior to the standard SVM
and traditional FSVM. With respect to the algo-
rithms specially dealing with the unbalanced
problem in Introduction, the advantage of FSVM-
US is still not sure. Hence, several typical unbal-
anced learning algorithms, such as under sam-
pling, over sampling, SMOTE and DEC, are
compared with the algorithm proposed in this pa-
per. The comparison results are shown in Fig. 6.

In Fig. 6, the five-class imbalanced learning
algorithms obviously increase the classifier accu-
racy rate for fault samples compared with the
standard SVM. The geometric average on FSVM-
US algorithms is still 2% higher than the best
one, SMOTE methods, and much higher than
other class imbalanced learning algorithms.
3.3.3 FSVM-US noise tolerance capability ex-
periment
capability of

To verify noise tolerance

100
Hacc,, acc,, B a,mem
95
X N 7 L
\Q 90 (H
3 N
85 H ; | |

0 1
Under Over SMOTE DEC FSVM-US
Diagnostic model

Fig. 6  Experimental results of five-class imbalanced

learning

FSVM-US, one adds Gaussian white noise whose
amplitude mean is 0, variance is 0. 5 to signal
samples of gyroscope. Different attenuation coef-
ficient 8 in denoising fuzzy function is given as
{0,0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8,
0.9, 1}. The results are shown in Fig. 7.

Fig. 7 FSVM-US diagnosis results with different g

Fig. 7 demonstrates that different attenuation
coefficient has great influences on the diagnostic
accuracy of the algorithm. When g is equivalent
to 0.7, the FSVM-US performance is optimum.
The gyroscope fault diagnosis experiment is per-
formed on SVM, FSVM and FSVM-US under the
condition of f=0.7.

From Fig. 8, the diagnostic accuracy of standard
SVM is the worst, i. e. 72.3% when noises are add-
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Fig. 8 Results of three diagnosis models under noise

condition
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ed to the imbalanced samples, it is reduced by
10% relative to the one without noise. Luckily,
the accuracies of the traditional FSVM and FS-
VM-US are 87.5% and 89. 2%, only reduced by
1%—4%, compared with those in the situation

without noise.

4 Conclusions

The classification accuracy of the traditional
SVM is decreased because it is susceptible to the
influence of noise pollution and unbalanced sam-
ples. FSVM-US algorithm is similar to most ex-
isting algorithms in considering of the sensitivity
of classifier hyper plane to the quantity imbalance
between negative and positive class samples. Mo-
reover, it also considers the sensitivity to the dis-
persion imbalance with the same class samples,
as well as the one to the noise pollution in trained
samples. The experiment results show that the
FSVM-US classification accuracy is improved ob-
viously, and the proposed algorithm has strong
robustness. Its fault accuracy performance has
many advantages in general.

Theoretically, the gyroscope fault diagnosis
system based on FSVM-US can sharply reduce
the risk of UAV flight safety. The work on FS-
VM-US algorithm will be transplanted to hard-
ware platform for the further investigation on its

engineering practice.
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