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Abstract. The paper deals with the use of Support Vector Machines (SVMs) 
and performance comparisons with Artificial Neural Networks (ANNs) in 
software-based Instrument Fault Accommodation schemes. As an example, a 
real case study on an automotive systems is presented. The ANNs and SVMs 
regression capability are employed to accommodate faults that could occur on 
main sensors involved in the operating engine. The obtained results prove the 
good behaviour of both tools and similar performances have been achieved in 
terms of accuracy. 

1 Introduction 

Modern automatic measurement systems often require a suitable on-line instrument 
diagnosis. In fact, nowadays, the most common process control systems base their 
working on some quantity measurements performed by a suitable set of sensors. Thus, 
instrument fault detection and isolation (IFDI) schemes are required in many 
applications where the correct working of the system plays a fundamental role to 
grant both user/operator safety and efficient process operating [1]-[2].  

Automotive systems belong to these contexts, since in the last decade cars, busses 
and trucks have been equipped with a lot of sensor-based electronic systems devoted 
to grant the passenger safety and comfort (Anti-lock braking system, Anti-spin 
regulation, Electronic stability program, Airbag, air conditioning, and so on), as well 
as to control fuel injection, ignition and pollution emissions of the engines. The 
correct functioning of such systems strongly depends on the accuracy of the collected 
measurements and on both the reliability and the status (faulty-free or faulty) of the 
corresponding sensors. Then, in the last years, as in other critical frameworks 
(aerospace and nuclear plants), automotive environment has widely growing 
employing instrument diagnostic techniques with the aim of improving both the 
vehicle run safety and the engine functioning. 

The basic principles of diagnostic are all based on either physical or analytical 
redundancy, though physical-based redundancy solutions require a double or triple 
number of identical sensors for each measurand. A more suitable approach is based 
on model redundancy, thus reducing costs and dimension [3]. 
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More in detail, an IFDI procedure consists of two main sections: i) fault detection, 
to point out a fault occurred at least on one sensor, ii) fault isolation, to locate the 
previously detected fault, thus identifying the faulty sensor that will give wrong 
information. 

In addition to these instrument diagnostic capabilities, an important improvement 
could be obtained equipping the system with sensor fault accommodation capability 
(IFDIA scheme). In this way, the occurred sensor fault will be overcome, thus 
avoiding the malfunctioning or the stop of the vehicle. As a consequence, the sensor 
fault accommodation activity is a very attractive technique that at the present is rarely 
implemented on the modern vehicles. Moreover, the few actual implementations are 
often based on some very rough models not able to approximate the faulty sensor 
output with suitable accuracy. On the other hand, artificial intelligence techniques 
have been developed for automotive systems and good results were achieved for both 
instrument diagnosis and instrument fault accommodation. In [4]-[5], IFDIA solutions 
employing artificial neural networks (ANNs) are proposed and tested. They provide a 
suitable scheme characterized by very interesting features in terms of promptness, 
sensitivity and accuracy. In particular, they are able to detect, isolate and 
accommodate sensor faults that could occur on the main sensors involved in a FIAT 
1,242 litres Spark Ignition Engine. Starting from such results, and focusing the 
attention on the accommodation section, in this paper, to overcome the sensor faults, 
we test the capability of the Support Vector Machine (SVM) [6]. This is a recently 
introduced technique based on Structural Risk Minimization which can be employed 
both on pattern classification [7] and on regression [8]. After a description of the 
system under analysis (section 2), section 3 provides a brief introduction to the SVM 
for regression (SVR). Section 4 illustrates the system architecture, section 5 describes 
the experimental test bed and finally, section 6 provides a synthesis of the 
experimental results obtained comparing ANN and SVR. 

2 The System Under Analysis  

The two different tools for the fault accommodation (ANN and SVR) have been 
developed and tested on a FIAT 1,242 litres Spark Ignition Engine, four cylinders. 
The electronic control is based on a speed-density multi-point injection system by 
Magneti Marelli. Among all, the manifold pressure, the crankshaft speed and throttle 
valve angle position sensors provide the basic information concerning engine states 
(i.e. engine load, speed). Thus, the main control actions (i.e. injection time, spark 
advance) are based on computations performed on the data measured with these 
sensors. The air induction process is governed by both stationary and dynamic 
complex thermo-fluid-dynamic phenomena that furnish some close links between the 
pressure inside the intake manifold, the throttle valve opening and the crankshaft 
speed [9]. According to these considerations it emerges clear that throttle position 
(thr), inlet manifold pressure (pman) and crankshaft speed (rpm) sensors assume a 
relevant importance among all sensors available on the engine. As a consequence, in 
this framework, the accommodation of faults that could occur on these sensors is very 
suitable. Sets of experimental data measured on an engine test bench were available 
while the standard New European Driving Cycle (ECE+EUDC) was running. In 
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particular, eight sets of about 1100 real samples were acquired in different fault-free 
operating conditions and spanned in all the nominal range. These samples were used 
to develop and test both the ANN-based and SVR-based procedures able to 
accommodate the faults occurring on sensors that measure the three mentioned 
quantities. 

3 Support Vector Machine for Regression 

In this section we present a brief introduction to SVR. Suppose the training data: 
X={(x1,y1),…,(xl,yl)}⊂ χ x R where xi∈Rd is the input pattern, yi∈R is the target value 
and l is the total number of training samples, randomly and independently generated 
from an unknown function. In ε-SV regression, the goal is to find a function f(x) that 
has at most ε deviation from the actually obtained targets yi. The general form of the 
prediction function is:  

( ) bxwxf += )(,φ  (1) 

where ⋅⋅, is dot product in Ω, i.e. a feature space with a dimension generally 

different from χ such that φ : χ → Ω  and b∈R. Our goal now is to determine w and b 
starting from training data, through the minimization of a functional risk [6]: 
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(2) 

based on the empirical data X. (c(x, y, f(x)) is a cost function that determines how we 
will penalize estimation errors). Since dp(x,y) is unknown it is possible to use X only 
in order to estimate a function f that minimizes R[f]. Formally, we have a convex 
optimization problem: 
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sometimes such a function does not exist or we can tolerate some errors. In the latter 
case one can introduce slack variables ξ, ξ* and the problem formulation becomes: 
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where i=[1,…,l], C is the trade-off between the flatness of f  and the amount of point 
that are tolerated out of the insensitive tube.  

The optimization problem above can be solved more easily in its dual formulation. 
It is possible to construct a Lagrange function from both the objective function (the so 
called primal objective function) and the corresponding constraints, by introducing a 
dual set of variables. After some reduction we obtain the dual optimization problem: 
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The prediction function (1) becomes [11]: 
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The Mercer’s theorem [10] ensures the availability of such functions    k(xi, xj), 
called kernels; some kernels frequently used in SVM applications (both for 
classification and for regression) are: polynomial k(xi, xj)=(< xi, xj>+c)d, Gaussian 
(RBF) k(xi, xj)=exp(-(1/ δ 2)(xi- xj)

2), sigmoid k(xi, xj)=tanh(β < xi, xj> + γ) where c, d, 
δ, β and γ are kernel parameters. 

The computation of b can be done exploiting the so called Karush-Kuhn-Tucker 
(KKT) conditions according to which the product between dual variables and 
constraints has to vanish at the optimal solution point. From b computation it follows 
that only for |f(xi) -yi | ≥ ε the Lagrange multipliers may be non zero, or in other 
words, for all samples inside the ε-tube the αi, αj

* vanish. The examples that come 
with non vanishing coefficients are called Support Vectors. 

4 The System Architecture 

On the basis of previous experiences in the analyzed field ([4], [5]), a suitable 
architecture is proposed to accommodate the faults occurred on pman, rpm and thr 
sensors (hereinafter called respectively x, y and z) one at a time. For both ANN and 
SVR, it is composed of three structure (Ax, Ay, Az) with A={ANN, SVR}, each one 
able to accommodate faults on a specific sensor (x, y, z). Of course, only the ANN or 
SVR which corresponds to the faulty sensor is started one at a time. Each ANN and 
SVR (see Fig. 1) gives the correct value of the corresponding sensor, starting from the 
measured values of the other two sensors. As an example, if a fault has occurred on x, 
Ax provides the accommodated value of the x sensor (xa) on the basis of the 
quantities measured from y and z (faulty-free sensors).  

Since different temporal dynamics of the involved measured quantities suggest to 
takes into account their time evolutions, in order to verify if the performance of the 
whole system are related to the availability of past samples, we have submitted to the 
prediction system the samples measured not only at the same instant k in which we 
want to evaluate the expected value of the sensor output, but also at instant k-1, 
k-2, ..., k-d, (d = delay) with d=0,1,…,5 (for the sake of readability in section 5 we are 
only reported results for d=0,3,5) . For example xa(k), that is the accommodated value 
if a fault has occurred at k instant on x, is generally expressed as: 

))(),...,1(),(),(),...,1(),(()( kzdkzdkzkydkydkyfkxa +−−+−−=  (7) 

that becomes ))(),(()( kzkyfkxa =  for d = 0. 
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Fig. 1. The accommodation structure with A={ANN, SVR} 

 

As a consequence, the dimension of each input vector (obtained in (7) with both y 
and z) of function f is 2(d+1). With similar architectures, the accommodated values 
for y and z (respectively ya and za) were obtained. 

5 Experimental Results 

As said in the previous section, the input data were organized in eight different sets of 
about 1100 samples. A preliminary pre-processing was carried out to constraint the 
input data in the range [0, 1]. Therefore, the samples were normalized by using: 
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where i = x or y or z  (the uppercase versions represents the normalized value), and 
min(i) and max(i) are the lower and upper limit, of the measured signals during typical 
engine work cycle. The k-fold cross validation technique (with k = 8) has been 
adopted in order to reduce the dependency from a particular data set (data set is 
training, validation, test set triple). 

The prediction performance has been evaluated by using the mean absolute error 
(MAE) of the normalized data in the test set. Let MAEj is the mean error evaluated on 
the j-th fold (containing Nk-fold sample), with j=1,…,k;  as a global performance index 
we have adopted MAEmean: 
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characterized by its standard deviation σMAE and by σMAE% defined as: 

mean

MAE
MAE MAE

σσ 100% =  (10) 

The smaller the values of MAE, the closer are the predicted output to the actual 
values.  

As for the ANNs, Multi Layer Perceptron schemes were adopted. All of them 
constituted of one input layer, one hidden layer, and one output layer. The activation 
function implemented in the hidden and output layers are, respectively, hyperbolic  
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tangent sigmoid transfer function and natural logarithm sigmoid transfer function. 
Several architectures were developed in terms of number of inputs, (spacing from 2 up 
to 12, depending on the delay chosen for the two input quantities), and number of 
hidden nodes (5, 10, 15 and 20). Matlab environment was adopted during the training 
and test phases. The learning sets are made of about 8800 samples acquired in different 
fault-free engine working conditions and the eight sets were so split: 6 as  training set, 1 
as validation set, 1 as test set. A Levenberg Marquardt back-propagation algorithm 
running on training set was used and validation set based early stopping was adopted. 

The SVM module have been implemented by means of LIBSVM tool [11] (ver. 
2.7) in Matlab environment. In the experimental phase [12], cross validation 
technique has been adopted to select the best kernel among Polynomial, RBF, and 
sigmoid. In this way, the RBF function has been chosen as the kernel function of SVR 
with parameters C (see (5)) and δ  (see the end of section 3). The optimal association 
(δ, C) for each couple (d, I) (with d=[0,3,5] and I={X,Y,Z}) has been identified. After 
the training phase the RBF kernel obtained in the previous step has been tested with k-
fold cross validation technique.  

  

Fig. 2. An example of reconstruction: Ya is 
rpm accommodated (dashed and solid line are 
used for SVR and ANN respectively) 

Fig. 3. Residuals (Absolute Error) relative to 
Ya reported in Fig. 2 (in the same time 
window) 

 

As an example, in Fig. 2 and 3, the time evolutions of the actual value Y and of the 
Ya predicted by ANN and SVR, together with the corresponding absolute errors for a 
time window of the first test fold are reported. We can observe a similar behavior 
between the actual values and the predicted ones. Similar results were also achieved 
for the other test folds and in the prediction of the other quantities x and z. Later on, 
some synthetic performance indices, necessary to characterize quantitatively the 
systems, are reported. 

For the sake of a global performance rating, the number of products needed by 
ANN or SVR during the prediction phase, have been evaluated. Let N = 2(d+1) the 
dimension of inputs for both ANN and SVR, nSV the number of support vectors (for 
SVR), nhn the number of neurons in the hidden layer (for ANN) we have about P = 
(N+2)nSV products for SVR and P=N(Nhl+2)+1 products for ANN. 
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Table 1. Optimal SVR (δ, C) parameters for 
each d,I selected 

 X Y Z 

0 (0 .125, 2048) (8.0, 2048) (0.125, 2.0) 
3 (2, 2048) (8, 128) (0.125, 0.031) d 
5 (0.125, 32) (8, 8) (0.125, 0.125)  

Table 2. Results on test set for X 

d N MAE σ MAE σ MAE  % P ε MAE σ MAE σ MAE  % L

0 5 2.397 0.1 4.1 15 0.200 8.243 0.3 3.7 98
10 2.215 0.1 4.0 25 0.100 5.267 0.1 2.5 1207

15 2.296 0.1 4.4 35 0.050 3.429 0.1 4.1 4350
20 2.155 0.1 4.6 45 0.005 3.225 0.3 8.3 20888

5 2.451 0.2 6.1 57 0.200 8.583 0.3 3.7 149
10 2.173 0.1 5.7 97 0.100 3.928 0.1 2.5 818

15 2.072 0.1 4.6 137 0.050 2.765 0.1 4.1 4757
20 5.857 3.9 66.2 177 0.005 2.246 0.3 8.3 41110
5 2.372 0.1 3.9 85 0.200 8.117 0.2 1.9 235
10 5.553 3.0 54.3 145 0.100 3.983 0.1 3.4 1062

15 1.914 0.1 3.3 205 0.050 2.553 0.1 2.5 5080
20 1.907 0.1 6.0 265 0.005 3.709 0.1 4.7 28501

3

5

ANN SVM

 

 

Table 3. Results on test set for Y 

δ N MAE σ MAE σ MAE  % P ε MAE σ MAE σ MAE  % L

5 7.229 0.4 5.9 15 0.200 9.100 0.188 2.071 1417

10 6.734 0.3 4.6 25 0.100 7.008 0.156 2.231 5016

15 6.366 0.3 4.9 35 0.050 6.432 0.194 3.017 9693
20 6.208 0.3 5.6 45 0.005 6.398 0.204 3.185 22563

5 5.681 0.2 3.1 57 0.200 8.351 0.799 9.566 1503

10 5.486 0.5 8.3 97 0.100 5.606 0.634 11.304 5495

15 4.994 0.3 6.2 137 0.050 7.050 0.259 3.667 12736

20 4.798 0.4 7.8 177 0.005 4.278 0.558 13.042 41876

5 5.348 0.3 5.8 85 0.200 10.163 0.539 5.300 1843

10 4.956 0.4 7.3 145 0.100 5.350 0.234 4.367 6773

15 4.465 0.3 6.9 205 0.050 4.175 0.188 4.514 15143
20 9.012 4.1 45.2 265 0.005 3.746 0.188 5.021 53250

3

0

5

SVMANN

 

Table 4. Results on test set for Z 

d N MAE σ MAE σ MAE  % P ε MAE σ MAE σ MAE  % L

5 0.962 0.0 4.2 15 0.200 5.174 0.152 2.934 12
10 0.962 0.0 4.2 25 0.100 4.862 0.136 2.805 44

15 1.064 0.1 11.1 35 0.050 2.457 0.106 4.331 662

20 0.910 0.0 5.3 45 0.005 1.771 0.056 3.173 17459
5 0.946 0.1 5.6 57 0.200 4.487 0.193 4.297 19

10 1.994 1.2 60.194 97 0.100 3.187 0.070 2.182 65

15 0.817 0.0 4.8 137 0.050 2.142 0.064 3.009 560

20 3.327 1.7 49.8 177 0.005 1.517 0.027 1.799 16093

5 3.430 1.7 48.1 85 0.200 5.172 0.074 1.998 27

10 0.868 0.1 9.6 145 0.100 3.247 0.073 2.305 84
15 4.602 1.8 39.5 205 0.050 2.205 0.057 3.052 528

20 0.794 0.1 7.2 265 0.005 0.768 0.028 2.174 15774

SVM

5

3

ANN

0

 
 

The obtained performance are showed in Tab. 2-4, where: δ is the RBF kernel 
parameter, C is an SVR training parameter, d=delay, N=Nhl for ANN, MAE= MAEmean 

defined in (9), ε is the maximum absolute error accepted in training phase for SVR 
and finally P is the number of products for the prediction phase above defined. 

The experimental results show that in terms of MAEmean the SVR performance 
overcome the ANN for Y and Z sensors, whereas on X ANN furnishes better 
performance than SVR. Moreover, if we observe the σMAE and σMAE% trend we can 
see that the SVR behaviour is characterized by a smoothness that we can not observe 
for the ANN. The worst case for ANN takes place on X sensor: σMAE%=66.2% when 
d=3 and Nhl=20 while for SVR takes place for Y sensor: σMAE%=13.0% when 
ε=0.005 and d=3 (on the same sensor for ANN σMAE% = 45.2%). 

On the other hand, in order to obtain comparable performance with ANN the 
number of Support Vector (nSV ) utilized by SVR in prediction phase is very large. 
For example to accommodate the Y sensor values with a MAE equal to 3.746, with 
SVR must be evaluated 53250 products. A smaller amount of products (205) are 
necessary with ANN to obtain a MAE equal to 4.465. 

6 Conclusion 

In this paper, the use of SVR compared with ANN in instrument fault accommodation 
scheme is verified. As a final results we have obtained that SVR has a comparable or 
better behavior with respect to ANN in terms of accuracy but not in terms of 
computational load. Used data set come from acquisition carried out on an engine test 
bench. Better performance for SVR are expected when greater generalization 
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capabilities are required such as in real vehicle runs where the regression task 
becomes more challenging since measured quantity dynamics depend on both vehicle 
inertia and very different drive conditions. 

References 

1. Dorr R., Kratz F., Ragot J., Loisy F., Germain J. L.:Detection isolation and identification 
of sensor faults in nuclear power plants. IEEE Trans. Contr. Syst. Technol, vol. 5, no. 1. 
(1997). 42-60 

2. Chen J., Patton R. J., Liu J. P.: Detecting incipient sensor faults in flight control systems. 
Proc. Third IEEE Conf. Control Applications. Glasgow, U.K. (Aug. 1994). 871-876. 

3. Betta G., Pietrosanto A.: Instrument fault detection and isolation: state of the art and new 
research trends. IEEE Transaction on Instrument and Measurement, vol. 49. (Feb. 2000) 
100–107 

4. Capriglione D., Liguori C., Pietrosanto A., Pianese C.: On-line sensor fault detection, 
isolation and accommodation in automotive engines. Instrumentation and Measurement, 
IEEE Transaction on, Vol. 52, Issue 4.(August 2003) 1182-1189 

5. Capriglione D., Liguori C., A. Pietrosanto.: Real-time implementation of IFDIA scheme in 
automotive system. Proceedings of the 21-th IEEE Instrumentation and Measurement 
Technology Conference, Vol. 3. (May 2004) 1667-1672 

6. Vapnik V.N., Lerner A.: Estimation of Dependences Based on Empirical Data.  Springer-
Verlag. Berlin. (1982) & Data Mining. Menlo Park, CA. (1995) 

7. Scholkopf B., Burges C., Vapnik V.: Extracting support data for a given task. In Proc. First 
Conf. Knowledge Discover. 

8. Muller R., Smola J.A., Scholkopf B.: Prediction time series with support vector machine in 
Proc Int. Conf Artificial Neural Networks. (1997) 999 

9. Heywood J.B.: Internal Combustion Engine Fundamental. MC Graw Hill. (1988) 
10. Mercer J. Functions of positive and negative type and their connection with the theory of 

integral equations. Philos. Trans. Roy. Soc. London, A 209: London. (1909). 
11. Chang C.C., Lin C.J.: LIBSVM: a library for support vector machines. Software available 

at http://www.csie.ntu.edu.tw/~cjlin/libsvm (2001) 
12. Smola J.A., Scholkopf B.: A tutorial on support vector regression. Royal Holloway 

College. London U.K. NueroCOLT Tech. Rep. London. (1998) 


	Introduction
	The System Under Analysis
	Support Vector Machine for Regression
	The System Architecture
	Experimental Results
	Conclusion
	References



