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Abstract- The paper deals with the problem of fault 

detection in an automobile engine using acoustic signal. The 

objective is to categorize the acoustic signals of engines into 

healthy and faulty state. Acoustic emission signals are 

generated from automobile engines in both healthy and faulty 

conditions. The paper recommends soft computing approach 

for detection of multiple faults in automobile engines which 

includes signal conditioning, signal processing, and analysis 

based on Statistical and Artificial Neural Networks (ANN). 

The faults considered are Air Filter Fault (AF), Spark Plug 

Fault (SP), Insufficient Lubricant Fault (IL), Piston Ring 

Fault (PR), Rich Mixture Fault (RM) and Gudgeon Pin Fault 

(GP) in a two strokes automobile engine. Performance of 

Statistical techniques and ten different types of Artificial 

Neural Networks have been compared on the basis of Average 

Classification Accuracy (ACA) and finally, optimal Artificial 

Neural Network has been designed for the best performance.  

I. INTRODUCTION 

During the last two decades many investigations have 

been made using analytical approaches, based on 

quantitative models. The idea is to generate signals that 

reflect inconsistencies between nominal and faulty system 

operation.  Such signals, termed  as residuals, are usually 

generated using analytical approaches, such as observers 

(Patton  et al 2000, Chen & Patton,1999), parameter 

estimation (Isermann, 1994) or parity equations (Gertler, 

1998) based on analytical (or functional) redundancy [1-

5].  Neural networks have been successfully applied to 

many applications including fault diagnosis of non-linear 

dynamic systems (Wang, Brown & Harris, 1994[6]. MLP 

networks are applied to detect leakages in electro-

hydraulic cylinder drive in a fluid power system (Watton 

& Pham, 1997) [7]. They showed that maintenance 

information can be obtained from the monitored data 

using the neural network instead of a human operator.  

The engine fault diagnosis system using the sound 

emission signal from automobile engine proposed by 

Jain-Da Wu and Chiu – Hong Liu (2008) but the few 

numbers of faults were considered [8].  Huang, et al 

(2008) suggested the Bayesian diagnostic models for fault 

cases with single and multiple symptoms. Particular 

considerations are also given to the determination of prior 

probabilities of root causes, and diagnostic procedure, but 

the proposed diagnostic model is found to be quite 

complex [9]. The detection, isolation and estimation of 

faults that occur in the intake air path of internal 

combustion engines are proposed by 

Matthew A. Franchek and et al (2007). The proposed 

model needed different types of sensors to detect the 

different faults [10]. In the recent years, a lot of 

technological advances have occurred in motor vehicular 

systems, pertaining to improve driving safety and 

comfort. But this entails making vehicular systems more 

and more complex. At the same time, continuous increase 

in road traffic is a major problem in big metropolitan 

cities. There is also a scarcity of skilled mechanics in all 

over the world [11, 12]. It is, therefore, difficult to 

maintain the vehicle in good condition, not only in 

villages and towns but also in metropolitan cities.  

Determination of fault at an incipient stage and repairing 

them before it results into a larger fault is important, 

because it reduces the other damages, repairing cost and 

also the down-time of the engine [13]. The two-stroke 

petrol engine was very popular throughout the 20th 

century in motorcycles and small-engine devices, such as 

chainsaws and outboard motors, and was also used in 

some cars, a few tractors and many ships because of its 

simple design and high power-to-weight ratio and 

resulting low cost [14]. In view of the above mentioned 

facts, the experimentation has been carried out on two 

stroke automobile engine using statistical and ANN based 

classifiers. The experimental results revealed that the 

proposed method can extract the features and classify the 

different faults in an automobile engine. Further 

investigation has been carried out to detect the particular 

fault out of six different types of faults using a single 

sensor.  Fig 1A, Fig 1B, Fig 1C and Fig 1D show the 

faulty parts of two strokes automobile engine. Typical 

Faults in two stroke automobile engines considered for 

fault detection are as under [15]. 

 
Fig 1A: Air Filter                             Fig 1 B: Piston Ring 

 Air filter Fault(AF)  

 Spark Plug  Fault (SP) 

 Rich Mixture Fault (RM) 

 Gudgeon Pin Fault (GP) 

 Insufficient Lubricants Faults (IL) 

 Piston Ring Fault ( PR) 

The effects of these six faults in an automobile engine are 

discussed below.  
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A. Air Filter Fault 

The air filter is connected on the intake system of 

automotive engines as shown in Fig 1A. The function of 

air filter is to provide the clean air to an automobile 

engine. Otherwise, impurity such as dust in the air causes 

a very rapid wear of the engine, particularly of the 

cylinders, pistons and piston rings.  Further, if the dirty 

air enters the crankcase; it contaminates the lubricating 

oil and ultimately damages the bearings and decreases the 

service period of the lubrication system. It is, therefore, 

necessary to have good quality air filter on the intake 

system of automotive engines. 

B. Spark Plug 

A spark plug is an electrical device that fits into the 

cylinder head of some internal combustion engines and 

ignites compressed petrol by means of an electric spark. 

Spark plugs have an insulated centre electrode which is 

connected by a heavily insulated wire to an ignition coil 

circuit on the outside, forming, with a grounded terminal 

on the base of the plug, a spark gap inside the cylinder. 

As the electrons flow from the coil, a voltage difference 

is developed between the centre electrode and side 

electrode. No current can flow because the fuel and air in 

the gap is insulator, but as the voltage rises further, it 

begins to change the structure of the gases between the 

electrodes. Once the voltage exceeds the dielectric 

strength of the gases, the gases become ionized. The 

ionized gas becomes a conductor and allows electrons to 

flow across the gap. Spark plugs usually require voltage 

in excess of 20,000 volts to 'fire' properly.  
 

Fig 1C: Gudgeon Pin             Fig 1D: Spark Plug 
 

C.  Normal Spark Plug 

Combustion deposits are slight and not heavy enough 

to cause any negative effect on engine performance.  

Brown to greyish tan colour of the spark plug and 

minimal amount of electrode erosion clearly indicate that 

the plug is in the correct heat range and has been 

operating in a "healthy" engine. 

D. Inappropriate Plug Gap 

Inappropriate plug gap is developed because of routine 

damage like mechanical damage caused by a foreign 

object that has accidentally entered in the combustion 

chamber  and that rough materials accumulating on the 

side electrode may melt to bridge the gap when the 

engine is suddenly put under a heavy load. Furthermore, 

because of the inappropriate plug gap, the voltage 

required to fire the plug gets approximately doubled and 

will continue to increase with additional miles of travel. 

Even at higher voltage requirements, as much as 100% 

above normal, when the engine is quickly accelerated, 

poor engine performance and a loss in fuel economy are 

qualities of a worn out or spoiled spark plug.  The Fig 1D 

shows the position of spark plug inside the cylinder head. 

E. Insufficient Lubricants Fault 

A lubricant is a substance introduced to reduce friction 

between moving surfaces. It may also have the function 

of transporting foreign particles. A good lubricant 

possesses the following characteristics: 

 High boiling point. 

 Low freezing point. 

 High   viscosity index.                       

 Corrosion prevention. 

 High resistance to oxygen.                  

One of the single largest applications of lubricants, in 
the form of motor oil is protecting the internal 
combustion engine of motor vehicles and powered 
equipment.  

F.   Rich Mixture Fault 

Excessively rich or excessively lean mixtures decrease 

temperatures and combustion speed. Excess fuel, as in 

rich mixture, cools the engine somewhat, but the effect of 

unburnt fuel as a coolant is generally overrated. The 

cooling is mainly due to other effects, like lower 

combustion speed. These are two very different 

conditions, as a lean mixture burns relatively slowly, and 

a rich mixture burns faster. It is indeed a key factor in 

ignition timing.  

G. Piston Ring Fault 

There exist two types of piston rings: oil control rings 

and compression rings as shown in Fig 1B. Basically, the 

oil control rings keep oil OUT of the combustion 

chamber and compression rings keep the air/fuel mixture 

IN the combustion chamber. The piston slides up and 

down the cylinder. There is a small amount of clearance 

between the piston and the cylinder wall. The piston 

might be a fairly loosely fitted in the cylinder. If it were a 

tight fit, it would expand as it got hot and might stick 

tight in the cylinder. If a piston sticks, it could cause 

serious damage to the engine. On the other hand, if there 

is too much clearance between the piston and cylinder 

walls, then the combustion will be much less effective in 

delivering power. 

H. Gudgeon Pin Fault 

Extended gap in Gudgeon pin bearing is shown in Fig 

1C. When Gudgeon pins get damaged, it affects the 

performance of the engine and the vehicle will waste a lot 

of power. The Gudgeon pin can be fixed in the piston 

with the small end of the connecting rod forming the 
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bearing.  To prevent damage to cylinder walls, the 

Gudgeon pins of an engine must be located against axial 

movement to avoid unprotected contact in the case of a 

mishap. The Fault Detection (FD) system is proposed to 

detect the above six different faults  in two strokes 

automobile engine using statistical and neural network 

classifiers as explained in subsequent sections. 

II. SYSTEM OVERVIEW 

The block diagram of the system and the experimental 

setup is shown in Fig 3 and Fig 4, respectively. The major 

components of a two-stroke engine are as follows. 

 Cylinder: A cylindrical vessel in which a piston makes 

an up and down motion. 

 Piston: A cylindrical component making an up and 

down movement in the cylinder. 

 Combustion Chamber: A portion above the cylinder in 

which the combustion of the fuel-air mixture takes place. 

  Intake and exhaust ports: An intake port allows the 

fresh fuel-air mixture to enter the combustion chamber 

and an exhaust port discharges the products of 

combustion. 

 Crankshaft: A shaft which converts the reciprocating 

motion of the piston into a rotary motion. 

 Connection rod: A rod which connects the piston with 

the crankshaft. 

 Spark Plug: An ignition-source located at the cylinder 

head that is used to initiate the combustion process 
The block diagram consists of an automobile engine 

along with the microphone, signal recording, signal 
conditioning and signal processing system. The 
microphone is used as a sensor to detect the sound 
variations from the engine as shown in Fig 2. The MP3 
sound recorder is employed to record the sound variations 
at different healthy and faulty conditions of an 
automobile engine.  Initially, the engine is started in 
healthy condition and sound variations are recorded for 
different speed and gear positions and the same process is 
repeated for different faulty condition. 
 

 
Fig 2: Acoustic Signal Recording System 

 
 

Fig 3: Block Diagram of the System 

The engine specifications of Two Strokes Engine are as 

under: 

Peak power: 8.0 hp at 5500 rpm 

Peak torque:  1.35 Kg-m at 3500 rpm 

Engine Type: 5-port single cylinder, 2-stroke  

Transmission: 4-speed gear box 

Compression ratio: 6-10 

Operating cycle: Two-stroke spark ignition 

Engine: 150 cc engine 

Engine Type:  Single cylinder, four-stroke 

Gear Box: 5- Speed Gear 

Compression Ratio: 8.8: 1 

Maximum Torque: 7.95 Nm, @ 5000 RPM 

Cylinder Bore: 50.0 mm 

The detailed analysis is carried out using algorithm 

developed in MALAB as given in section 3. The 

specifications of Microphone and sound recording system 

are given in Table1. 

Table 1: Specifications of Microphone & MP3 Sound 

Recorder 

Microphone Specifications MP3 Recorder 

Specifications 

Frequency: 20Hz-20KHz 

Output Impedance : ≤ 680Ω 

SNR  : 58 db 

Sensitivity:   -47db±2db 

Operating Voltage: 1-10V 

DC 

Frequency : 20 Hz to 20 kHz 

Format : MP3 

Sampling Rate: 22.05 kHz 

Signal Format:  WAV 

 

 
 

Fig 4: Experimental Setup 
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For thorough analysis signal is split into 32 frames, with 

each frame containing of 1000 samples in it. The features 

of each frame have been extracted using MATLAB. The 

extracted seven features are Mean, Mode, Energy, 

Maximum Value, Minimum Value, Standard Deviation 

and Variance. 

 
Fig 5: Signal Plot for Healthy and Faulty Signal 

The size of each feature matrix signal will be 32 x 20 x 

8 with 7 inputs and one categorical output.  After 

combining all six faults and healthy signal the size of 

feature matrix will be 4480 x 8 with seven inputs and one 

symbolic output. The symbolic output has been translated 

into seven output channels for seven different classes of 

faults, where each output channel represents one type 

(class) of fault. Thus, the actual size of the feature matrix 

turns out to be 4480 x 14. The extracted features are 

plotted as shown in fig 6. It is observed from the scatter 

plot that the faults are not linearly separable. Therefore 

the statistical and ANN classifier are employed to classify 

the faults as discuss in the following sections.   

 
Fig 6: Scatter Plot for Healthy and Faulty Parameter 

III. CLASSIFICATION USING STATISTICAL 

METHOD 

The Statistical analysis is carried out for each engine 

using XLSTAT. The classification and regression tree has 

been employed to classify the faults [11]. The feature 

matrix comprising of 4480 rows with 7 inputs and one 

symbolic output has been applied as an input to statistical 

classifiers. The performance of statistical classifier using 

CHAID Pearson, CHAID Likelihood, EX- CHAID 

Pearson, EX- CHAID Likelihood, C&RT Gini, C&RT 

Towing and QUEST has been observed.  For two stroke 

engine, the performance of CHAID Pearson and EX- 

CHAID Pearson is found to be better than the other 

classifiers as shown in Table 2. The statistical analysis is 

further analyzed for CHAID Pearson, EX-CHAID 

Pearson for tree depth varying from 5 to 10, the 

performance is as shown in Table 3 and Table 4, 

respectively. It is learned that the classification accuracy 

is increased with increase in tree depth. As the result of 

Statistical Analysis is not observed encouraging, ANN 

based classifiers have been investigated for further 

analysis as discussed in following section. 

IV. CLASSIFICATION USING ANN 

Subsequent analysis is continued using different 

configuration of Artificial Neural Networks such as 

Multilayer Perceptron (MLP), Generalized Feed forward 

(GFF), Modular Neural Network        (MNN), Jorden & 

Elman Network (JEN), Radial Basis Function (RBF), Self 

Organizing Feature Map (SOFM), Principal Component 

Analysis        (PCA), Time Lagged Recurrent Network 

(TLRN), Recurrent Network (RN) and Support Vector 

Machine (SVM)[12]. Though, many authors do not 

consider SVM as a neural network, it is included in the 

category of ANN. The percentage Classification 

Accuracy has been observed for all ten types of ANN. 

The feature matrix consists of 4480 rows with 7 inputs 

such as: Mean, Mode, Energy, Maximum Value, and 

Minimum Value, Standard Deviation and Variance and 

one symbolic output which are applied as an input to the 

ANN. The input layer of the ANN contains seven neurons 

pertaining to seven inputs. Output is categorical, which 

represents a type of fault or healthy condition of an 

engine. As there are six different types of faults and one 

healthy condition. The number of neurons in the output 

layer should be seven (Six neurons corresponding to six 

different faults and one neuron to indicate healthy 

condition). Three data-partitions namely, Training, Cross 

Validation (CV) and Testing were used with different 

tagging orders. The first 50 % samples (1:2240) are used 

for training, the second 25 % samples (2241: 3360) are 

used for cross validation and third 25 % samples 

(3361:4480) are used for testing of the classifier. Each 

ANN is retrained three times with different random 

initialization of connection weights and biases in order to 

ensure true learning and generalization. The performance 

of all ten types of ANN classifier has been observed for 

an automobile engine as shown in Table 5. It is observed 

that the performance of classifiers MLP NN (7-35-40-7) 

and SVM NN is found to be better amongst ten neural 

network classifiers used for the analysis. Further, 

performance of MLP NN has been observed for one and 

two hidden layers in subsequent sections. 
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Table 5: Performance of ANN Classifier 

 

 

 

 

 

 

 

 

 

 

 

 

 

A. One-HL-MLP NN classifier for two stroke engine 

The comprehensive analysis of single hidden MLP NN is 

continued by varying the Epochs, Processing Elements 

(PEs), Learning Rule (LR) and Transfer Function (TF). 

The feature matrix comprising of 4480 records was split 

into three parts in the ratio 2:1:1. First part of data was 

used for training the network, second used for cross 

validation and the third part used for testing the network. 

The process was repeated by varying hidden layer PEs 

from 5 to 100 for default supervised learning epochs set 

to 1000.  The MLP was further refined by changing the 

number of Epochs, different variants of back propagation 

Learning Rule Algorithms such as STEP, Momentum 

(MOM), Conjugate Gradient (CG), Levenberg Marquardt 

(LMQ), Quick Propagation (QP) and Delta-Bar-Delta 

(DBD). The performance of one hidden layer MLP NN is 

shown in Fig 7A and Fig 7B.  It is found that the 

Maximum Average Classification Accuracy (ACA) is 

observed for PE equal to 90 and Epochs equal to 4100.  

  

Fig 7A: ACA for 1HL MLP-NN 

  
Fig 7B: MSE for 1HL MLP NN 

 

1HL MLP with reverse tagging order in which Maximum 

ACA  obtained for 1HL MLP at PE equal to 45 and for 2 

HL MLP L1 PE equal to 40 and L2 PE equal to  45. The 

Average Classification Accuracy is found to be nearly 

same for both forward and reverse tagging order.  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 7C: 1HL MLP with Reverse Tagging 

B. Two hidden layer MLP NN classifier for two 

stroke engine 

The two hidden layer MLP was retrained three times 

with different random weight initializations by feature 

matrix as an input to the neural network. Total dataset of 

size 4480 x 8 was divided into three partitions in the ratio 

2:1:1.  First part is used as training, second as cross 

validation and third as testing dataset. As the number of 

hidden layers in a neural network increases, the 

complexity of computation is also seen to increase.  Here, 

the network is designed by maintaining Hidden layer #1 

(L1) PE fixed to 5 and by varying Hidden layer #2 (L2) 

PE from 5 to 100 in steps of 5.  The maximum ACA is 

obtained for Epochs equal to 4100 for 1HL MLP. Then 

step-by-step, the L1 PE was also varied from 5 to 100 in 

steps of 5 with varying simultaneously the L2 PEs. After 

training the network three times with each set of PEs, the 

network was tested for test, cross validation and training 

dataset. 

 
Fig 8 A Transfer Function Vs ACA for MLP 

 

 
 

ANN 
%  ACA for two Stroke Engine 

Test CV Training 

MLP 94.38474 94.66995 97.35761 

GFF 91.85029 92.1579 94.08542 

MNN 90.61682 91.25747 94.84375 

JEN 88.99437 89.61069 93.98324 

SOFM 91.82685 93.6714 94.6862 

TLRN 77.35093 76.57056 82.62689 

PCA 91.09804 93.9433 94.07634 

RN 72.13725 71.76931 69.15831 

RBF 84.88235 82.62952 82.63668 

SVM 95.51961 93.92815 96.01961 
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Fig 8 B Learning Rule Vs ACA for MLP 

 

Fig 9A: ACA for 2 HL MLP L1 PE 35, L2 PE 50 

 
 

Fig 9B: MSE for 2 HL MLP L1 PE 35, L2 PE 50 

Further, the network was also refined by varying the 

Epochs from 100 to 5000 for obtaining the best 

classification accuracy. The performance of 2 hidden 

layers MLP is shown in Fig 9A and Fig 9 B. It is also 

noticed that L1 PE is 35 whereas L2 PE is 50 with 

transfer function -TANH-AXON, Learning Rule – Error 

back-propagation with Momentum and Epochs-2500. The 

comparison details of 1HL MLP and 2HL MLP are also 

depicted in Bar Chart of Fig 8A and Fig 8B. The optimal 

parameters for one and two hidden layer MLP are also 

shown in Table 6A and Table 6B. The Classification 

Accuracy of 2H-Layer MLP is found to be more than 1H-

Layer MLP.  

C. Design of Support Vector Machine Classifier 

As it is observed from the performance comparison of 

different ANN classifiers, the performance of SVM 

classifier is found to be superior to all other classifiers; 

therefore, the exhaustive analysis is carried out for SVM 

classifier for two strokes automobile engines [16]. The 

Kernel Adatron algorithm is specifically used for Support 

Vector Machine classifier. The dataset of 4480 x 8 

records was divided into three parts in the ratio 2:1:1, first 

part of data was used for training the network, second 

part used for cross validation and the third part used for 

testing the network. The SVM is trained and tested by 

varying the Epochs from 10 to 200. The performance of 

SVM for two stroke engine is shown in Fig 10A and Fig 

10B. The Classification Accuracy is found to be 

Maximum at Epochs equal to 95 at which MSE is found 

to be Minimum. 

 
Fig 10 A: Performance of SVM in ACA 

 

Fig 10 B: Performance of SVM in MSE 

V. CONCLUSION 

In this paper, a fault detection technique using recorded 

sound signals has been proposed for Multiple Fault 

Detection in a two stroke, Hero Honda Passion four 

stroke and Maruti Suzuki Alto Automobile Engines. Fault 

detection has been carried out only for six different faults. 

The main advantage of this system is its simplicity, low 

cost and compactness requiring a single sensor system. 

From the meticulous analysis using statistical and ANN 

based classifiers, it is learned that ANN classifiers are 

more appropriate for fault diagnosis. The comparative 

analysis of 10 different Artificial Neural Networks 

reveals that the classification Accuracy of MLP and SVM 

are found to be greater amongst the group of ANNs used 

for the analysis. Also, the classification accuracy of two 

hidden layer-MLP is found to be greater than that of one 

hidden layer MLP. It is also shown that the 2HL MLP 

NN and SVM NN can be used as  reasonable classifier 

for multiple fault detection in a two stroke, four strokes 

automobile engine. However, SVM NN classifier is seen 

to be more appropriate classifier for two strokes 

Automobile Engines as its classification accuracy is much 

higher than all other classifiers.   
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