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ABSTRACT 

A number of non-invasive fault detection and diagnosis (FDD) techniques have been researched 

and have proven to have worked well in classifying faults in internal combustion engines (ICE) and 

other mechanical and electrical systems. These techniques are an integral step to creating more 

robust and accurate methods of determining where or how a fault has or will occur in such systems. 

These FDD techniques have the potential to not only save time avoiding a teardown of a costly 

machine, but could potentially add another layer of safety in detecting and diagnosing a fault much 

earlier than was possible before. 

Looking at the previous research methods and the systems they used to acquire this data, it is a 

natural progression to try and make a system which is able to encapsulate all of these ideologies 

into one inexpensive module capable of integrating itself into the advanced set of FDD.  This thesis 

follows along with the development of a new wireless sensor that is developed specifically for the 

use in FDD for ICE and other mechanical systems. A new set of software and firmware is created for 

the system to be able to be incorporated into previously designed algorithms.  

After creating and manufacturing the sensor it is put to the test by incorporating it into several 

Artificial Neural Networks (ANN) and comparing the results to previous experiments done with 

previous research equipment. Using vibration data acquired from a running engine to train a neural 

network, the wireless sensor was able to perform equally as well as its expensive counter parts. It 

proved to have the ability to achieve 100% accuracy in classifying specific engine faults. The 

performance of three ANN training algorithms, Levenberg-Marquardt (LM), extended Kalman Filter 

(EKF), and Smooth Variable Structure filter (SVSF), were tested and compared. Adding to the 

feasibility of a standalone system the wireless sensor was tested in a live environment as a method 

of instant ICE fault detection.  
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1  INTRODUCTION 

Some of the earliest built 4-stroke internal combustion engines were called hit-and-miss engines. If 

we refer to the original patent filed in 1909, instead of being able to continuously fire the single 

cylinder of the engine, it would only occasionally get proper combustion to occur; this is because 

the rate of combustion was reliant on what RPM was set to.  The majority of the time each cycle 

would purposely misfire due to the disconnect of the sparkplug and it would rely on the stored 

energy of the large flywheel to keep it going until it slowed below the desired RPM in which the 

cylinder would fire once again [1]. The engine would be in either of two states, misfire or 

combustion, and the former being the more common during proper use – It would purposefully 

miss more than combust. By today’s standards, even a single misfire on a modern engine would be 

considered unacceptable or faulty. Every cycle must have complete combustion. As we continue to 

increase the complexity of the modern engine to improve performance and efficiency, that same 

complexity is expected to also increase reliability. How can we achieve an increasing level of 

reliability, when there is an increase in mechanisms and control systems in which problems can 

occur?  

There is a need for developing new, more versatile methods of fault detection, and even more-so 

fault diagnosis in the internal combustion engine.  There are several examples of new research 

proposing advanced non-invasive fault detection and diagnosis techniques. Vulli et al. showed it 

was possible to classify engine faults using a standard engine knock sensor acting as a single axis 

accelerometer [2]. Barelli et al. demonstrated the ability to determine anomalies in cylinder 

pressure solely based on acoustic and vibration of a diesel engine [3]. Ahmed used external 

vibrational data of an internal combustion engine to show faults dealing with more mechanical type 

failures [4]. This research is based on and will be a continuation of the research done by Feng [5] 
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which was continuation of work done by Haqshenas [6] and Ahmed [4]. Its focus is detecting and 

identifying misfiring cylinders on an internal combustion engine using artificial neural networks.  

The research will be taken to the next level by designing and implementing a device specifically 

tailored for research. Further, this wireless sensor device will be expandable to other methods of 

FDD also currently being studied. By creating a portable modular sensor system that can be used in 

fault detection and diagnoses in many different fields, we can bring testing from out of the lab, and 

directly into the hands of the manufacturer.   

1.1 MOTIVATION 
 

At some point all of the research that has gone into proving the usefulness of ANN in FDD must 

make way to be used in the real world; in this case the real world being a manufacturing setting. In 

order to continue the research done by Feng [5] the plan is to develop a device and implement the 

previously tested algorithms.  Also, the device will be used to show the possibility of live instant 

diagnosis of a running ICE which is something that has gone untested.  

Often the first concern of new technology in any industry is the factor of whether or not it has been 

proven to work, and the second being affordability or cost. Now that there are a number of methods 

proving the worthiness of neural networks and their ability to identify faults in mechanical systems, 

it is time to move on to the second concern, which is making an affordable FDD system. With most 

experiments, they often involve precise and accurate, yet expensive equipment. For example, the 

hardware used by Vulli et al. [2] was a system called RedLine-ACAP for their data acquisition, while 

Barelli et al [3] just used a standard oscilloscope. These systems are not designed specifically for 

this type of measurement and can require a lot of setup time and customization to get the system 

ready for fault identification. In order to make these advanced methods of fault detection more 

appealing to the right market the system needs to be: 
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- Small and portable. 

- Inexpensive. 

- Require little training for use. 

 At this time there are no products or devices that are applicable with neural network based fault 

detection. However, there are a number of reasons why manufacturers of electric motors and 

internal combustion engines would want simpler methods of identifying specific faults in their 

products. This will be discussed in detail later in this thesis. Since manufacturers are always looking 

to streamline and improve their methods of fault identification in the assembly line as well as their 

customers, there is a market for such a product. Because of this it is worth the effort to investigate 

the possibility of a low cost sensor tailored specifically for such a system.     

1.2 IMPORTANCE OF VEHICLE RELIABILITY 
 

When we think about the modern automobile, we think of it more than just convenience, it is a 

necessity. The vehicle has been designed to get its passengers or cargo from point A to point B as 

quickly and as safely as possible; and reliability is a factor in both of those cases.  Starting in the 

early 1900s reliability was still an important concern, mostly due to the lack of trust in new 

technology. In order to gain consumer trust in the automobile, reliability contest were held to prove 

their worthiness [7].  
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Figure 1.1: Worlds First Automotive Reliability Competition in 1884 [8] 

Although there were only a few vehicles available to show up for the contest, it was still important 

to come out on top. Today, auto manufacturers are no longer holding reliability contests. Fast 

forward 100 years finding that with “Lemon Laws” and costly recalls, there is no greater reason to 

be aware of the consequences of a faulty design.  The importance of a good reputation is noted by 

Rhee [9] who shows that there can be penalties from the consumers based on the severity of the 

recalls.  

1.3 SCOPE 
 

Before beginning the initial stages of development, it is important to have a number of 

predetermined parameters that are desired in the final design of the sensor. These parameters will 

assist in the design process and allow a clear and concise goal when it comes to the necessities of 

the device and its uses. The following requirements help define and discuss the parameters of the 

sensor and its system: 
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I. The device can be catered to specific tests and equipment in the future, ergo expandable. 

However, the base level device and the one used for this project will be able to collect the 

following sensor data: 

a. 3 Axis accelerometer data at 13kHz 

b. Sample human audio range frequencies (20 Hz – 15 kHz) in order to detect faults 

also heard by the operator of the vehicle. 

c. Measure temperature of sensor location. 

II. In order to create a modular system where many sensors can be used at once, the sensors 

will be wireless and battery operated. The lack of external wires will allow for a sealed 

system to be used in harsh environments. An added benefit to the wireless system is that it 

will allow a simple and quick installation when needing to test an electric motor or ICE for 

faults.  

III. The housing must incorporate a system that makes it simple and easy to mount either on an 

internal combustion engine or an electric motor. Multiple housings are a possibility 

depending on the equipment and its requirements.  

IV. In order to obtain accurate and simultaneous readings from multiple sensors over wireless 

communication, a method for synchronizing the individual devices is required. When using 

a wireless protocol such as Wifi, there is the possibility for slight variances in time between 

packet transmissions. These small variances could potentially cause out of sync readings 

between sensors that affect the data. A solution must be found to eliminate this issue. 

V. The sensors are meant to be inexpensive while still retaining the accuracy in fault detection 

as a much more expensive system. A limit of $500 per sensor in the prototype stage has 

been the target. This decision is derived on the fact that a single 1-axis accelerometer used 

in the experiment prior – the CTC AC240-D - costs more and it is only a single part of the 

equipment needed. 
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1.4 CONTRIBUTIONS  
 

The following are the contributions of my research: 

I. Developed and prototyped a wireless sensor capable of replicating previously successful 

FDD results done by Feng [5]. 

II. Developed firmware to run on the wireless sensor to communicate with MATLAB or similar 

software. 

III. Designed and prototyped a housing to easily mount the sensor on the test subject, encase 

the battery, and allow for wireless charging. 

IV. Used both accelerometer and audio data from an internal combustion engine to train a 

neural network for fault detection and diagnosis.  

V. Proposed design revisions for next stage of development. 

1.5 OUTLINE 
 

This thesis includes 9 chapters and is organized as follows. Chapter 2 is a review that discusses 

previous research on ANN and FDD techniques in the automotive field.  It also gives a brief 

introduction to how neural networks work and perform. It discusses a variety of training 

algorithms that will be used including, LM, EKF, and SVSF based training. Chapter 3 goes over the 

ANN methodology in the way they are able to detect and diagnose faults. Chapter 4 presents the 

design of the wireless sensor which forms the basis of this thesis. Chapter 5 talks directly about the 

software and firmware development, and how they work together to create a FDD system. Chapter 

6 covers the experimental setup and provides a discussion on how to develop firmware for a 

system that requires a running engine. Chapter 7 goes over all of the results for the neural network 

strategies that are tested, and how well they perform. The live engine testing is also introduced 
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followed by a discussion on its performance. Chapter 8 is the conclusion on the feasibility of our 

inexpensive wireless sensor for FDD applications. This chapter also presents ideas for the 

continuation and further development of both the wireless sensor and the FDD algorithms in 

question. 

2 REVIEW OF NEURAL NETWORKS AND NON-INVASIVE FAULT 

DETECTION 

2.1 NON-INVASIVE INTERNAL COMBUSTION ENGINE FDD 
 

The modern internal combustion engine or ICE is comprised of a large number of mechanical and 

electrical systems.  

 

Figure 2.1: Figure of ICE Mechanical Systems [10] 

Figure 2.1 shows the typical parts of a V8 ICE. The rotating components consist of the crankshaft, 

cams, and coolant pump, while the linear moving parts are the pistons, valves, rockers and rods. In 
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normal operation these mechanical parts should be balanced and together will create a crank angle 

relative vibration signature.  

To ensure the upmost reliability from the ICE, the vehicle contains on board computers that are 

able to monitor a series of sensors mounted on the engine [11]. The majority of the sensors are 

actively monitoring different parameters that also control the fuel and ignition system of the 

engine; they serve as a dual purpose. The problem with the current sensors is that they are only 

able to detect a fault after it has happened, and generally the severity of the fault that can be 

detected is on the lower end of the spectrum. A quick look at the available OBD port fault codes 

shows that many of the faults listed are specifically designed and detected by a single sensor. They 

are also only reporting a fault in that sensor. The electrical systems are not able to identify the 

source of the error, nor are they able to detect potential mechanical failures. A number of research 

documents have looked to alternate methods of fault detection, as well as methods of identifying 

the source of the fault.  

Barreli et al. worked on a non-invasive method of measuring engine performance using acoustic 

and vibration sensors. They discovered that the data measured was strictly related to the pressure 

inside of the cylinder head, based on the engine load and combustion frequency, [3]. The fact that 

there was a relation to the cylinder pressure and the acoustic and vibration data suggests that a 

non-invasive method of determining combustion quality was possible. Identifying an irregularity 

such as a misfire could be done without measuring the internal pressures of the cylinder. In their 

work, they did not consider identifying individual cylinder faults. 

Vulli et al. investigated using a knock sensor, which is a type of piezo vibration sensor used for 

specific frequencies, to identify multiple sources of excitation in the engine. The excitations include 

valve impacts, injector pulses, and knocking [2]. They mention using wavelet transform, and short 

term Short-time Fourier transform (STFT), and ultimately decided to use STFT because of its 
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simplicity.  Using the engine vibration data, their method was able to identify different sources 

causing ICE vibration using a single  accelerometer.  

2.2 NEURAL NETWORKS AND FDD 
 

Neural networks and their ability to classify large datasets make them a good candidate when it 

comes to fault detection and diagnosis of complex mechanical systems. The automobile happens to 

be a system with several of individual mechanical sub-systems all working together to  create a safe 

and reliable vehicle.  There have been a number of studies done that combine the parallel 

computing power of the ANN with the need for complex automotive FDD; here is review of a 

representative sample.  

Wu [12] investigated a method of FDD on an engine using Wavelet Packet Transform (WPT) in 

combination with a neural network. The research attempted to identify 5 different engine fault 

states and 1 healthy state. The faulty states were as follows: Cam-shaft sensor fault, intake manifold 

leakage, electronic control thermal (ECT) sensor fault, one cylinder misfiring, and 2 cylinders 

misfiring. The WPT was used as a means of feature extraction which in turn were then used in 

training the neural network. The system was able to identify the engine condition with accuracy of 

over 95% on average for the various engine states [12].  

Earlier research by Wu [13] suggested the potential in doing FDD using probability neural 

networks (PNN). Feature extraction was done with an adaptive order tracking technique in which it 

would take the sound emission from the rotating assembly and combined it with information of the 

shaft rotation of the engine. The PNN was a feed-forward three layer ANN using supervised 

learning. The PNN was compared to back-propagation (BP) and a radial basis function (RBF) neural 

network to order their performance. All three neural networks were able to give comparable 

results. However, the PNN had required very little time to train the network. It is mentioned that 
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the PNN is able to obtain the architecture information from the input data, which avoids the need 

for the initial trial and error most ANN deal with [13]. Finally Wu [14] once again was investigating 

neural networks as a FDD technique, this time with discrete wavelet transform (DWT). The work 

concluded that DWT and ANN technology could be used for detecting and classifying ICE fault 

conditions.  

A neural network strategy using the Smooth Variable Structure Filter (SVSF) was proposed by 

Ahmed [4] and was tested using the application of fault detection of a Ford diesel engine. This 

method was created for training a MLP ANN as a type of feedforward training algorithm.  

 

Figure 2.2: Validation Confusion Matrix of SVSF Based ANN for ICE [4] 

The research covered three states of the engine, healthy, or baseline, piston chirp, and a faulty 

bearing, shown above in figure. Similarly to this research the data was measured using an 

accelerometer mounted on the ICE.  The ANN using the SVSF method of training achieved a 

classification accuracy of 96.7%, and outperformed networks trained with both the Extended 

Kalman Filter (EKF) and Levenberg-Marquardt (LM) strategies [4].  

Porteiro et al. [15] researched a method of fault detection in a diesel engine using only vibration 

and exhaust temperatures in combination of an ANN. They mounted 7 accelerometers to the engine 
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which would account for 3 in the x axis, 3 in the y axis, and a single in the z access. Accelerometers 

were taking measurements at a 5 kHz sample rate. This data was feeding a multi-layer perceptron 

network with Back Propagation (BP) training methods and a sigmoid transfer function. The method 

of FDD was able to correctly classify different causes of failure: shaft imbalance, clogged intake, 

cylinder leak and cylinder misfiring [15] with decent results. It is noted that their system was able 

to classify the individual misfires to 100% certainty.   

An earlier mention of neural networks in fault detection was from Borras et al. [16]. It proposes the 

idea of using Wavelet Transform (WT) in a neural network system. The strategy that was proposed 

would detect faults in power systems. The benefits of moving away from Fast Fourier Transform 

(FFT) and using WT analysis for electrical signals were mentioned and were discussed. A Learning 

Vector Quantization (LQV) neural network was used to automatically classify different electrical 

disturbances. The conclusion was that the neural network was able to classify eight different typical 

electrical disturbances in a power system [16]. 

Feng [5] tested various methods of training ANN to detect and identify misfires in an ICE. The 

experiment involved the use of a AC240 [17] accelerometers to collect vibrational data from a 

running ICE.  The data was collected and transformed from time domain to Crank Angle Domain 

(CAD), and then to Fast Fourier transform (FFT) and Wavelet Transform (WT). Three ANN training 

methods were proposed for comparison, Levenberg-Marquardt (LM), the Extended Kalman filter 

(EKF), and the Smooth Variable Structured Filter (SVSF). The validity of each ANN was tested with 

each individual dataset type and the results were compared for their efficiency and accuracy.  
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Table 2-1: Summary of the ANN FDD results. [5] 

In Table 2-1 the results of Feng’s research are shown. Both multi-layer perceptron (MLP) and 

Radial Basis Function (RBF) ANN were tested in combination with the training methods and data 

types mentioned earlier. Using SVSF training methods WT was able to achieve a success rate of 

100% in both RBF and MLP ANNs.  When looking at Table 2-1 it is noted that only MLP was tested 

for all three of the datasets, CAD, FT, and WT. This research will focus on MLP networks in 

continuation of Feng’s work. 

2.3 NEURAL NETWORKS AND TRAINING ALGORITHMS 
 

This section will discuss the Multi-Layer Perceptron (MLP) neural network and the various training 

methods that were used with our proposed wireless sensor. The Levenberg-Marquardt (LM), 

Extended Kalman Filter (EKF), and Smooth Variable Structure Filter (SVSF), are reviewed and 

discussed in the context  of training the ANN.  

2.3.1 MULTI-LAYER PERCEPTRON NEURAL NETWORK 
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The multi-layer perceptron is the conceptual core of all of the FDD techniques that will be discussed 

in this thesis. The following information was derived from the works of Haykin [18] in which he 

describes in great detail the methodology of the MLP ANN.  

Figure 2.3 shows the generalized structure of an MLP ANN. Examining the figure, one can notice a 

number of interconnected layers, each of which are constructed from individual neurons, also 

called nodes. In the specific example below there is one input layer (left), two hidden layers 

(center), and one output layer (right).  Each node is directly connected to every single node in the 

former and latter layers.  

 

Figure 2.3: Diagram of an MLP ANN [18] 

It is important to note that each of the hidden layer nodes operate exactly the same as the output 

layer nodes. They are labelled hidden because their values are rarely if ever important, as long as 

the correct output is achieved. The end of the chain of information automatically becomes the 

output. Each node is given a “weight” which modulates the output of the other connect nodes.  

These weights are considered an input signal for each sequential node moving forward through the 

network. The input signal is what is known as the “function signals”, which are the signals that 

propagate forward through each neuron.  
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Figure 2.4: Function and Error Signal Propagation [18] 

These signals are only able to travel in one direction. The opposite of the “function signal” is what is 

known as the “error signal”. The purpose of the error signal is to directly affect and change the 

weights of each neuron to correct for the error of the system, and it moves through the system by 

back-propagation. These methods of training a feed-forward neural network with Back-

Propagation (BP) and state estimation are discussed in the following sections. 

2.3.2 LEVENBERG-MARQUARDT 
 

The Levenberg-Marquardt (LM) is a second-order optimization technique used as a supervised 

learning technique for changing the weights of individual neurons. It was devised from a 

compromise between two algorithms designed for least-squares estimation of non-linear 

parameters, Levenberg [19], and Marquardt [20]. This compromise allows a combination of 

Netwon’s method (which has the ability to rapidly converge near a local or global minimum but 

with the possibility of diverging) and Gradient descent (which guarantees convergence due to a 

step size parameter but, as a result has a fixed maximum convergence speed). The LM algorithm is 

noted as one of the most widely used optimization algorithms because it outperforms simple 

gradient descent and other conjugate gradient methods [21].  
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The Levenberg-Marquardt method of a second-order function  ( ), the optimum adjustment    

can be defined by: 

    ,     -    ( 2-1) 

 

where   is the gradient vector,   is its Hessian,   is the identity matrix and   is a regularizing 

parameter that will cause the sum matrix ,     - to be indefinitely positive throughout the 

computation.  

Now if we consider a multi-layer perception network with a single output neuron, training is the 

method of reducing the error, or the minimization of the cost function: 
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with * ( )  ( )+   
  being the training sample and  ( ( )  )  referring to the approximating 

function. This method will form new synaptic weights within the weight vector  . We can define 

the gradient and the Hessian of the error to be: 
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And by substituting    into each of the previous equations, the desired weight adjustments can be 

calculated at each iteration of the LM algorithm; this can be achieved using back-propagation. To 

decrease the computational complexity of the Hessian, the second term on the right can be dropped 

creating an approximation: 
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which is recognized as the out product of the partial derivative, averaged over the training sample. 

It is referred to as the outer-product approximation of the Hessian. The approximate version of the 

LM algorithm is well designed for nonlinear least-squares estimation problems.  

The   regularization parameter’s value effectively selects which method, Newton’s or gradient 

descent, will be most active in the outcome of the algorithm. As a result, it is important to ensure 

that    is only large enough to keep the sum matrix ,     - as a positive value. An effective method 

for choosing a value of     is described in Press et al. [22].  

 

 

2.3.3 SMOOTH VARIABLE STRUCTURE FILTER 
 

The smooth variable structure filter was originally proposed by Habibi [23]. It is capable of 

managing both linear and non-linear systems.  
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Figure 2.5: Concept of SVSF State Estimation [23] 

  In , we can see the state estimation changing its trajectory in order to accurately portray the true 

system state. The estimated trajectory is forced towards the true state trajectory until it reaches 

what is labelled the existence subspace [23]. The SVSF gain is a switching force which drives the 

estimated state to within the existence subspace. The switching action forces the estimated state 

trajectory to converge in the direction of the system state trajectory. The estimates then remain 

within the existence subspace.  

 

Figure 2.6: Structure of SVSF [24] 

 shows the convergence of the estimated states by using the SVSF. SVSF is a predictor-corrector 

estimator which is based on the sliding mode concept. Taking a non-linear system and a linear 
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measurement equation, the following calculations show the process of the SVSF estimation 

strategy.  

First calculate the predicted state estimates  ̂      with: 

  ̂       ̂( ̂      ) ( 2-8 ) 

 

and using the predicted state estimate, the predicted measurements,  ̂      and error vector, 

         can be calculated using: 

  ̂        ̂      ( 2-9 ) 

And: 

                ̂      ( 2-10 ) 

The requirements to calculate the SVSF gain as shown in , it is a function of the priori,           and 

posteriori,          measurement error vectors,    that is a smoothing boundary layer, a positive 

contant      , and the linear measurement matrix  . 

     
       (|        |   

  (|      |   
)     (

        

 
) ( 2-11 ) 

The SVSF gain is used to correct the state estimate according to: 

  ̂         ̂          
     ( 2-12 ) 

which allows the measurement estimate,  ̂        and error,             to be determined as: 

  ̂          ̂        ( 2-13 ) 

                   ̂        ( 2-14 ) 

The process is iteratively repeated for each consecutive state measurement. It is considered to be 

stable and converging on the existing subspace if: 
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 |    |   
 |        |   

 ( 2-15 ) 

The SVSF results in a state estimate that converges by being confined by the bounds of the existence 

subspace. The bounds of the existence subspace force the estimate states, as a result of the SVSF 

gain, to switch back and forth across the true state trajectory. The estimation process is robust and 

stable to modelling uncertainties as a result of the switching effect the SVSF gain has on the state 

estimation.  

The ability to train ANNs using SVSF was described and shown in the work by Ahmed [4]. As 

mentioned earlier, the process of training an ANN involves the manipulation of the individual 

weights between each connecting node in the network. The SVSF can be used to create an 

estimation for the network weights by formulating the network as a filtering problem [4]. The 

following shows the technique in which the ANN is trained using SVSF as described by Feng [5]. 

Assuming there is a training set *     + where    denotes the inputs and    denotes the outputs, an 

MLP neural network can be represented by: 

             ( 2-25 ) 

And: 

      (     )     ( 2-26 ) 

where the vector    contains the weights and biases between the nodes,     is the measurement 

functions while the zero-mean white Gaussian noise is represented by    and   . 

This training method assumes the MLP network only has one hidden layer. If the dimension of the 

input layer is  , and the dimension of the hidden layer and output layer is   and   respectively, the 

relationship between the input and output is: 



20 
 

 

    *∑ (∑        

 

   

)      

 

   

+            ( 2-27 ) 

where the weight connecting the   input node and the   hidden node is represented by  (     ) and 

the weight connecting the   hidden node and the   output node is represented by  (     ). 

The following is a series of steps that make up the procedure in which SVSF-MLP networks are 

trained: 

Step 1: Initial weight randomization.  

The initial weights between each node are generated using a random value between -1, 1. This is a 

standard procedure in most ANN in order create the initial error. Without random initialization of 

the weights there would be no way to determine how the weights affect the output.  

Step2: Calculate the predicted (a-posteriori) weight estimates  ̂(   )   with: 

  ̂(   )     ̂( )   ( 2-28 ) 

 

Step 3: Find the Jacobian matrix of             , measurement function by: 
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    being the total number of connected node weights which can be found with: 

    (   )  (   )  ( 2-30 ) 

Step 4: Calculation of the estimated network output  ̂      using: 
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  ̂                   ̂(   )   ( 2-31 ) 

Step 5: Calculation of the measurement error        . 

The error can be calculated since the training data contains both the inputs and the desired outputs. 

Outputs can be compared with the given output based on the network weights. The error can be 

found using: 

             ̂      ( 2-32 ) 

Step 6: SVSF gain Calculation 

The SVSF gain includes both the priori and posteriori measurement errors,          and         the 

smoothing boundary layer widths,  , the SVSF convergence rate,  , and the linear measurement 

matrix             . 

                   (|        |   |      |)    (
        

 
) ( 2-33 ) 

 

 

Step 7: Calculation of new state estimates,  ̂(   )     

  ̂         ̂           ( 2-34 ) 

Step 8: Calculation of the a-posteriori output estimate and error: 

  ̂                     ̂        ( 2-35 ) 

and: 

                 ̂        ( 2-36 ) 

Step 9: Calculation of the mean square error (MSE). 
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The MSE is an adjustable value determined by the user. It can be used to determine the 

performance and training time of the ANN. Lower MSE potentially gives a more accurate network, 

but also could take a very long time to train. If the training has not achieved the MSE the training 

data is shuffled and the process returns to Step 3. If the ANN has reached the desired MSE 

threshold, the network has effectively been trained and the process stops. 

2.3.4 EXTENDED KALMAN FILTER 
 

The Kalman filter is a very widely used if not the most used tool for state estimation [4]. Its 

estimation method is applicable to  linear systems subject to white noise. The Kalman filter is able 

to be extended to work on non-linear systems using an approximation and a process called 

linearization. This is possible by trying to linearize the system around the most recent time interval 

state estimate. 

Consider a system has an input defined as *          +.  It has a nonlinear state vectorial function 

as   (  ), a nonlinear measurement vectorial function stated as   (  ). Linearization of the 

nonlinear vectorial functions can be done by: 

 
      

   ( )

  
⌉
   ̂     

 ( 2-16 ) 

And: 

 
    

   ( )

  
⌉
   ̂      

 ( 2-17 ) 

In which the values   ( ̂   ) and   ( ̂     ) can be obtained by exchanging the filtered state 

estimate  ̂    and predicted state estimate  ̂      for the state in the original nonlinear vectorial 

functions.  The rest of the EKF process can be broken down into the following equations.  
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The state estimate  ̂      can be predicted in the nonlinear system model: 

  ̂       ( ̂      ) ( 2-18 ) 

and the state error covariance matrix        can be found: 

                
     ( 2-19 ) 

The measurement error, known as innovation,  ̃    can be found based on the non-linear 

measurement model  : 

  ̃          ( ̂     ) ( 2-20 ) 

and the covariance matrix of the innovation,      is found by: 

                     
       ( 2-21 ) 

Since the system linearized the current state estimate, Kalman filter is no longer optimum, the near 

optimal KF gain,      can be calculated with: 

                
     

   ( 2-22 ) 

and the gain is used with the predicted state estimate and the error to update the state estimate: 

  ̂         ̂           ̃    ( 2-23 ) 

Now is it possible to update the state error covariance matrix with: 

          (          )       ( 2-24 ) 

Since the EKF is based on the standard Kalman filter, it is a simple and broadly understood method, 

which makes it trusted and easy to implement in a number of cases. However, knowledge of the 

Jacobians of the state space model is required. In some cases computation of the Jacobian matrix is 

not desirable due to the processing demand.  
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With regards to training an ANN with EKF, it tackles the problem in a similar way to SVSF by again 

treating the network as a filtering problem [4]. This is done by assuming the MLP network can be 

represented by a nonlinear discrete-time state space [25].   

The system equation can be represented as: 

             ( 2-17 ) 

and the measurement equation is represented as: 

      (     )     ( 2-18 ) 

with a covariance described by: 

 ,    
 -         ( 2-19 ) 

The ANN is demonstrated as a stationary system with a zero mean, white noise,   . The system 

state is represented by the ANN weights and biases,   . The measurement equation is a way of 

relating the ANN output or target,   , to the inputs and weights,    and   , respectively.   , the 

nonlinear function represents the measurement function which is nonlinear. Another zero mean, 

white noise,   , is added to the target. The covariance of    is shown as: 

 ,    
 -         ( 2-20 ) 

As described with SVSF, each time interval of the stationary system, the EKF updates the weights 

and biases of the ANN to adjust for the correct output. Similarly the EKF is applied by linearizing the 

ANN from the latest state estimate. EKF can be much more powerful than that of first-order 

gradient decent algorithms and has similar performance to that of second-order training methods 

[4]. 
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3 FAULT DETECTION AND DIAGNOSIS USING AN ANN 

METHODOLOGY 

Continuing on the works of that of Feng [5] this section describes the methodology of the programs 

created for collecting, processing, and using the data to perform FDD analysis with ANNs. This 

chapter is primarily focused on showing the process of said programs made by Feng [5], as well as 

explaining how the data is collected and processed so that it is suitable for use with the ANNs. The 

processing of the data includes linking the inputs and outputs, averaging the isolated data, signal 

processing and data conversion. This chapter provides an overview of FDD programs, and the 

adaptations and changes of these programs to work with the wireless sensor are outlined and 

discussed in a later chapter. 

3.1 DATA PROCESSING 
 

When the data is collected from the accelerometer it is recorded as a stream of raw ADC values 

represented in the time domain. A common process for diagnosing rotating systems is to convert 

the time based samples into angle based samples according to the angle of   rotation of the system. 

In the case of an ICE this angle is based on the part of an engine which is called the crank, and 

therefore is considered the crank angle domain (CAD), which was mentioned in Chapter 2. The 

following figure shows the steps applied to each set of data which is later used to train the neural 

networks.  
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Figure 3.1 - Breakdown of the data processing 

After the raw data is converted into the crank angle domain you can see in Figure 3.1 that it is first 

averaged, and from there the averaged data is used to create both the Wavelet transform, and the 

Fourier transform. Each dataset is now suitable for the ANN training. The  steps involved in 

processing in the data are as follows. 

3.1.1 AVERAGING CAD DATA 
 

In order to eliminate the possibilities of erroneous data or outliers, each engine cycle that is 

collected is averaged with data from 0 consecutive cycles. These averages are considered a running 

average.  

 

Figure 3.2 - Running Averaged CAD Data 
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The program operates using a simple recursive method in MATLAB which takes the set of CAD data 

and creates a new set with the same number of cycles, which has now been averaged. This is shown 

in Figure 3.2. The running-averaged CAD data is used to convert to both WT and FFT, and itself is 

used as its own set of training data for the FDD ANN.  

3.1.2 WAVELET AND FOURIER TRANSFORM CONVERSION 
 

After converting  the data from time to CAD domain, it is divide into two datasets for testing and 

training of FDD methods using the wavelet and the Fourier transforms. Referring back to Figure 3.1, 

it is important to note that although each dataset is created from the CAD dataset, they are each 

their own individual sets of data to be used congruently with the ANN. The Fourier transform was 

produced by using the fast Fourier transform fft() [26] function within MATLAB.  

 

Figure 3.3: Example of FFT conversion code in MATLAB 

load(current_file);  

            data_fft = fft(data_avg); 

            data_fft = real(data_fft);  
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This program  computes the discrete Fourier transform (DFT) of the data by using the FFT 

algorithm. Figure 3.3 shows an example of MATLAB code for producing the FFT, where load brings 

in the current dataset file, and real isolates only the real values of the FFT.  

In order to compute the wavelet analysis on the running-averaged CAD datasets the MATLAB 

function maximum overlap discrete wavelet transform - modwt() [27]was used in combination with 

multiresolution analysis of modwt – modwtmra() [28]. 

  

 

Figure 3.4 - Example of WT conversion code in MATLAB 

Figure 3.4 shows an example of creating the WT data in MATLAB. Both figures data_avg represents 

the CAD that was produced and averaged earlier. The specific settings used for this experiment are 

noted in Chapter 8 section of the thesis, where the results of the data in presented. 

3.2 USING ANN FOR FDD 
 

In order to train the neural networks, the data needs to include both sensors measurements and the 

known state of the system when those measurements were collected. The sensor measurements 

are known as the “Input” data, and the system state would be considered the “Output” of the ANN. 

The way the ANN is trained is by using single engine cycles (input) with a known output (fault).  

Before each ICE sample is collected, a known engine state is created in the form of either a misfire 

on a specific cylinder, or a healthy condition where no faults have been induced.  

  //data_avg is the average CAD data 

        wt = modwt(data_avg,wavelet_type,wavelet_level);  

        mra = modwtmra(wt, wavelet_type); 

        data_wt = mra; 
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Figure 3.5 - Merging sensor data with fault data 

The idea of training the neural network for FDD is to allow it to create a set of parameters, in this 

case the weights of the nodes, to create the correct output when the output is unknown to the user. 

Figure 3.5 shows that when the data is imported into the neural network it will be supplying two 

separate arrays of information, the sensor data and the fault condition. These arrays will then be 

linked to each other by the position of the information within the array. The ANN knows that the 

first value of the sensor reading array corresponds to the first value of the fault condition array, and 

so on.  As the ANN performs iterations of the data, changing the weights to achieve the correct 

outputs, it will be randomly selecting data points within the supplied arrays to test the performance 

of the system. When the optimum performance of the ANN is achieved, tested by means of the MSE 

or error gradient, the process ends leaving a trained ANN.  
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Figure 3.6 - Using a Trained ANN 

The difference between training a neural network and using one for FDD is shown in Figure 3.6. 

The collected data and the known fault condition will assist with training the network. It will not be 

used to identify faults at this point. Once a network has been trained, however, it will now be able to 

produce an output of any new data that is collected directly from the engine. When the engine is in 

an unknown state, the sensor data can be fed into the ANN and it will produce an engine condition 

that is created based on the inputs that were given. This is the basis for using an ANN to do FDD and 

its capabilities will be shown in Chapter 8.  
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4  SENSOR HARDWARE DESIGN 

This chapter covers the work done by Feng [5] including methods of data collection, hardware 

specifications, component choices, and design – both electrical and mechanical. Here, a  wireless 

sensor is proposed as an element of a diagnostic system that is capable of diagnosing a wide range 

of faults in ICE, some of which previously required disassembly of a mechanical system.  

 

An objective of this research it to replicate the sensory system in the form of a portable, battery 

operated, wireless sensory bundle that is capable of being  attached to a mechanical system within 

minutes. The sensory bundle is to be used in conjunction with FDD strategies based on ANN in 

order to provide FDD feedback to an operator. By using the specifications of previous data 

collection techniques, the goal is to create a similar sensory bundle and demonstrate it as a tool that 

will achieve simplicity in implementation, while making it much more competitive in cost relative 

to the previous systems.  

4.1 CURRENT FDD DATA ACQUISITION METHODS 
 

In order to run the experiments and determine whether or not there is plausibility in using neural 

networks and vibrational data to diagnose engine faults, there needed to be a way to collect that 

data. Feng [5] used a method which involved a system called dSpace – shown in Figure 5.1. It is 

mentioned that dSpace is capable of collecting samples from 16 16-bit ADC channels at a rate of 20 

kHz. In order for the system to collect the data from the accelerometers – which were mounted on 

the engine, each had to be provided with a current source and the signal of the sensor conditioned 

to 0-5V.  
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In order to make a comparable vibration sensing function, the above mentioned specifications for 

the accelerometers were used for developing the portable low cost sensory system proposed in this 

research.    

 

Figure 4.1: dSpace MicroAutoBox 

 

Figure 4.2: Accelerometers Mounted on Engine for dSpace 
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Figure 4.2 shows the mounting location of the accelerometers, which are then connected to the 

dSpace system. 

The Accelerometer being used with dSpace is the AC240-1D. It is a high speed single axis analog 

accelerometer with a very high resonate frequency of 34 kHz, and a measurement resolution of 

100g/mV [17].   

 

Figure 4.3: AC240-1D Accelerometer [17] 

The current method of testing requires a number of accelerometers permanently mounted to the 

ICE. Each accelerometer requires its own power supply, shown below in , and a cable to connect it 

to the dSpace logging system. This gives somewhat of an idea of the wires and components required 

to simply setup and run FDD on the ICE.  

 

Figure 4.4: Model PS01 Current Supply [29] 
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The emphasis of the complexity of the dSpace system is important to note. The purpose of this 

research is to create a system that gets away from the high cost and complexity; to create a tool that 

is simple to use and setup.  

The proposed sensor is aimed to be less expensive than a single AC240 sensor and smaller than a 

single power supply, but be just as operational. Looking at the specifications of these components, it 

can help gather and build requirements for the wireless sensor. The benefits of cost savings, 

simplicity, and overall size of the wireless sensor can also have a much clearer guideline by 

knowing exactly what was used prior. 

4.2 HARDWARE REQUIREMENTS AND DIAGRAM 
 

In order to create a device that is capable of collecting the appropriate data to do FDD on an ICE, a 

set of requirements need to be specified to ensure that the component selection will be adequate. 

The expectations of the sensor will be determined by observing which information was found to be 

most useful in the previous experiments reported by Feng [5]. Earlier, while discussing Feng’s 

methods of collecting vibrational data from ICE and electric motors, it was mentioned that dSpace 

had a sampling rate of 20 kHz..  With a microcontroller, these speeds seem trivial when it comes to 

collecting data. However, a microcontroller is not very functional when it comes to multiple 

processes running parallel to each other; and since it will be burdened with the task of capturing 

multiple streams of data, this could present a challenge. Instead of having multiple locations of 

single axis accelerometers, the device will contain a single 3-axis accelerometer. The 3-axis stream 

of data provided by the accelerometer will give a more detailed description of the engine’s 

movement than that of a single axis. When working with microcontrollers, the speed of the data 

lines is often the limiting factor when it comes to a digital sensor such as an accelerometer. Most 

inexpensive accelerometers, ones we would be looking to use for this hardware, are generally only 
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able to provide up to a 5kHz sample rate before the buffer contained within the accelerometer 

overflows. The overflow happens when more accelerometer data is coming in than is able to be 

read by the microcontroller. In order to gain the sample speed required, 20kHz, and allow it to be 

expanded further in future designs an analog accelerometer is desirable for its limitless sample 

speed. The microcontroller is able to sample the analog-to-digital (ADC) channels much faster than 

if it was collecting data digitally from the accelerometer. In order to have the analog accelerometer 

and an amplifying circuit connected to a microphone, one of the requirements of the 

microcontroller is that it will have at least 4 ADC ports to accommodate for the accelerometer and 

microphone analog channels.  

There is an endless battle currently going on in the tech industry; that is the battle with the copper 

wire. Wires get in the way, look unappealing, and they can be constraining when it comes to 

portable systems. Apart from wanting to decrease the overall footprint of the FDD testing devices 

for simplicity and cost, another strategy for reducing the complexity and size is to eliminate the 

need for external power and wiring. To comply with this standard the device must be battery 

powered and be able to communicate wirelessly with a host computer or technician. There are a 

number of methods for wireless communication: Bluetooth, Wi-Fi, and Non-regulated RF (433 MHz, 

915 MHz); and all of which have their pros and cons. Bluetooth is great for localized low power 

devices, but falls short when needing something long range. It is also ideal for devices, such as 

computer peripherals, which are only slave devices [30]. Wi-Fi requires more power but can handle 

more complex communication such as hosting a webpage. Another positive feature of Wi-Fi is any 

device that is connected to the same network or basic service set (BSS) can communicate between 

each other [30], e.g. all devices on one network can easily communicate using a standard protocol. 

  Even though the wireless sensor operates on a battery, it does not mean it will always be entirely 

free of cables. The battery will lose its charge and require a method to charge. Since the wireless 
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sensor will need to be sealed and free from contaminates, having any external charging ports will 

not be ideal. In order to avoid these external charging ports, the system will be fitted with the 

ability for inductive charging. This will ensure the device can stay charged and continue to keep a 

sealed protective housing.  The following is a breakdown of the requirements: 

- Reprogrammable microcontroller with minimum 4 ADC channels 

- Wireless communication 

- At least 1 axis accelerometer data collection 20kHz 

- Audio data collection in human audible range 

- Battery powered 

- Enclosure protecting internal circuits from elements 

- Wireless charging to avoid external wires 

These requirements are discussed further and suitable components will be chosen to design and 

build the wireless sensor. 

4.3 HARDWARE DIAGRAM 
 

As part of the design process, it is important to layout all of the hardware that will be used, and how 

each piece will individually be connected. There are currently no consumer available analog and 

audio wireless sensors available on the market. Most available circuit boards use digital 

accelerometers which are only capable of a sampling frequency of 5KHz and a lower resolution. In 

terms of a product to bring to market, this will be the first of its kind. The first iteration of the 

wireless sensor is shown  below: 
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Figure 4.5: Hardware Diagram of the Sensor 

This sensory system has been tailored to the specific task of collecting audio and accelerometer 

data. Future versions will be expandable to allow for varying arrays of sensors, at the users or 

manufacturer’s request. The following list corresponds to the number beside each name in the 

boxes above shown in Figure 4.5: 

1) TI CC3200 Microcontroller – This is the central brain of the system which is able to be 

programmed with custom firmware to perform the tasks needed for data collection. 

2) The 3-Axis Accelerometer is a sensor capable of collecting 3 simultaneous directions of 

movement which is output as an analog signal and collected by the microcontroller(1). 

3) The amplifier takes the microphone (4) signal and amplifies it to a higher voltage. This is a 

requirement for the microcontroller (1) to be able to read the signal.  

4) The microphone is a sensor that takes the audible frequency and transforms it into a small 

analog voltage which is fed into the amplifier (4). 



38 
 

5) The induction charger system is used to allow wireless power to recharge the battery (9). It 

creates a 5V power supply which will be sent to the lithium polymer battery charge 

controller (8). 

6) Temperature sensor is just a simple circuit comprised of a thermistor and a voltage divider. 

An analog voltage is created which changes with respect to the thermistor’s temperature. 

This voltage is collected by an analog channel of the microcontroller (1). 

7) The Wi-Fi is built into the micro-controller (CC3200) (1)  However, an external antenna 

circuit is required and will constrain the design of the board, therefore, it is important to be 

noted.  

8) The charge controller is capable of taking a voltage and regulating an output current and 

voltage suitable for safely charging the lithium polymer battery (9). The input voltage 

comes from the inductive charger (5). 

9) A secondary lithium polymer battery is used as the power source for the microcontroller (1) 

as well as all of the other components.   

Section 5.3 continues to go into further detail about each component, their specifications, and how 

they will be an integral part of the system. 

4.4 COMPONENTS 
 

The component selection is based on the requirements mentioned previously in the beginning of 

this chapter. This section will identify which key components were selected and the reasoning for 

that selection. It will also provide the important specifications of the components.  
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4.4.1 TEXAS INSTRUMENTS - CC3200MOD 
 

Out of all of the possible microcontrollers available, the one that was chosen for this project is the 

CC3200 made by Texas Instruments (TI); more specifically the module or “MOD” version of the 

MCu. The “MOD” in the name means that all of the components needed to make the microcontroller 

properly run such as the crystals, capacitors, and resistors, are all on board a small pre-made PCB 

capable of being soldered onto the board that will be designed. There are a number of benefits to 

using a MOD component when it comes to prototyping, the major one being that their specific 

optimum layout has already been designed and it will be more likely to work without conforming to 

very specific standards of the component’s layout. When it comes to some microcontrollers, there 

are a few that can be picky about their layout and arrangement of components to the extent that  

they may not work if you do not follow the design, components, and assembly perfectly. Since the 

assembly of this device will be done by hand and have some variances due to human interaction, it 

is safer to use the module to avoid any of these issues. 

 

Figure 4.6: CC3200MOD module. [31] 

The CC3200 – shown above in Figure 4.6 - was chosen because of its built-in abilities to handle the 

TCP/IP stack, and it’s built in Wi-Fi capabilities [31]. The module can essentially be turned into its 

own webserver accessible over any browser or software. This has a number of benefits: 
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- The device can connect to any existing router and be accessed from anywhere on that 

network. 

- High-speed file transfer when using it for testing. 

- Simplifies and speeds up the development time when it comes to creating a method of 

communication between the pre-existing FDD algorithms and the sensor. 

By creating a device that is wireless network ready, it can be easily incorporated into any facilities 

that have pre-existing networks.  

The CC3200 is fit with four 12-bit ADC channels each capable of 62.5KSPS with a max voltage input 

of 1.8V [31]. The wireless sensor will be using all four of these ADC channels to collect data.  Ideally 

we would want the ADC channels able to handle up to 3.3V, as most analog components are 

designed for such voltages. However, for constant current applications such as an accelerometer, it 

requires only a few extra resistors to make them compatible. A voltage divider will be added to the 

output of the accelerometer to account for these specification differences.  

4.4.2 MEASUREMENT SPECIALTIES 832M1 ACCELEROMETER  
 

At the time of developing the board, the main concern of being able to replicate the dSpace FDD 

testing, was being able to find a somewhat inexpensive accelerometer capable of handling fast 

sample rates. There are a large number of digital accelerometers to choose from, but when getting 

in the >5 kHz range, they decrease their sampling resolution to compensate for the increase in 

speed. Because of this fact, the option to choose an analog accelerometer was obvious. This choice 

narrowed the part selection option down substantially. The 832M1 accelerometer proved to be the 

best fit. Again, at the time of developing the board, which took place much earlier than the first 

stage of testing, it was decided that if the wireless sensor was capable of sampling at a rate of 6 kHz, 

it would be a good proof of concept for the idea of a portable modular FDD system.  
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Figure 4.3 : 832M1 Accelerometer [32] 

The 832M1 accelerometer – shown in Figure 4.3  - is capable of measuring 3 axis of acceleration, 

and for the model that was chosen, a maximum amplitude of +-25g. It has a sensitivity of 50mV/g 

and a frequency response of +-2db from 2 to 6000Hz [32].  Since the microcontroller has a 12-bit 

ADC that operates from 0-1.5V and the accelerometer operates from 0-3.3V a simple voltage divider 

will be needed to avoid damage to the microcontroller ADC channels and to also get the full range 

from the accelerometer.  With the simple equation: 

      

          (         )
 
        

     
 

Enter in the known values: 

      

        
 
      

      
 

Using the CC3200 microcontroller and the 832M1 accelerometer and solving the above equation it 

is noted that it will have a resolution of approximately 135.5Bits/g measured.  

4.4.3 INVENSENSE ADMP401 MICROPHONE AND AMPLIFIER 
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The audio testing in the previous experimental setups had used just a regular off the shelf 

microphone mounted close the test subject. No testing has previously been done with a circuit 

board mounted microphone. There are two main factors in selecting a suitable microphone for this 

design. The first is that it needs to be able to capture the human audible range (~20Hz to ~15 kHz) 

and second, have a small footprint on the circuit board in order to conserve space. The ADMP401 

microphone is a small component that has both of these requirements. An added benefit is that it 

already has a breakout board available, which makes for easy testing before committing to the 

board design.  

 

Figure 4.4 : InvenSense INMP401 [33] 

In order to use the microphone with the microcontrollers ADC channel, there needs to be a way to 

amplify the signal, otherwise the voltage would be too low to read. An operational amplifier is 

mentioned in the datasheet as a method of amplifying the analog signal.  

 

Figure 4.7: OpAmp Circuit for Microphone [34] 
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In Figure 4.7, the choice for the “AMP component for this configuration is a commonly used OPA344 

opamp.  

4.4.4 INDUCTIVE CHARGING UNIT 
 

The wireless sensor is designed to be a close system. It will be used in environments that are not 

suitable for exposed circuitry. Since the housing will fully encapsulate the battery and electronics, 

there will need to be a way to keep the secondary LiPo battery charged up for continuous use. In 

order to avoid having the user constantly open the case to access the battery system, an inductive 

charging system will be implemented. 

 

Figure 4.8: Wireless Charging Module [35] 

A hobby grade off the shelf unit was discovered on the website SeeedStudio. According to the 

website, the inductive charging unit is capable of producing 600mA of current at 5V [35]. This is 

well suited for the wireless sensor as the battery will not require more than 500mA in order to 

charge. When the receiving coil is properly centered over the transmitting coil the system is able to 

operate at about 1cm in distance. This distance gives the required room to charge though the casing 

for the wireless sensor. 
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4.5 MICROCONTROLLER I/O 
 

The microcontroller has a number of different inputs and outputs or I/O available for use in the 

circuit. This section will go over a few of the I/O, which are shown in Figure 4.9 below, that will be 

required for use of the wireless sensor.  

 

Figure 4.9: CC3200MOD Pin Guide [31] 

4.5.1 INTERRUPTS 
 

An interrupt is a pin that is assigned to a specific task written in the program. Only certain pins on 

the microcontroller can be used as an interrupt. An interrupt is triggered when the assigned pin 

changes state in some form or another. This state change can be chosen within the program and 

consist of either going from HIGH state to LOW state, LOW to HIGH, or even just noticing any 

change. The purpose of an interrupt is to stop any part of the program that is currently running and 

immediately jump to the part of the code that is assigned to that interrupt. The CC3200 has 

exceptionally high performance when it comes to the speed that an interrupt is triggered [31]. 
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In the case of the wireless sensor, the interrupt will act as the part of the system that will allow the 

ICE to trigger the starting and stopping of the recording of data. The interrupt is a crucial aspect to 

the design, as it will allow the data to be very closely synced during post fitting of the data. 

  

4.6 CYLINDER IDENTIFICATION SENSOR SIGNAL CONDITIONING BOARD 
 

When using a fast sampling rate to measure acceleration and audio data independently of each 

other, one must consider how the data will sync up in order to do any sort of comparable analysis 

between them later on. This becomes especially true when working with a wireless system. A 

wireless system is always going to be susceptible to packet loss and in turn, delays, because of those 

losses. The delays come from the retransmission of the packets [36]. Because of this, consistent 

high speed wireless streaming of data, such as what would be collected from the ICE, would be very 

difficult. Another issue when it comes to wireless transmissions is the unknown time of the exact 

moment the sensor actually received the packet and is told to start recording. With the 

unpredictability of the time the packet was received, it leaves vulnerability when it comes to 

synchronization of the data later during experimentation.   

In order to ensure the data would be collected uniformly and accurately for each cycle 

measurement, a method to determine an exact start and stop time for the wireless sensor must be 

created. Fortunately, for the ICE, Feng [5] was already using a method to identify individual engine 

cycles. On the engine that will be used for the data collection and experimentation, there is a sensor 

known as a Cylinder Identification (CID) sensor. It works on the basis of inductance and creates a 

positive and negative pulse for each cam rotation.  
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Figure 4.10: Voltage from Inductance Sensor [37] 

An example of the voltage created by the CID sensor is shown in Figure 4.10. The output of the CID 

sensor can vary from each manufacturer.  The signal shown above is the actual voltage of the sensor 

as the engine is rotating over time. As the CID sensor approaches the magnet, a voltage is created 

thus showing the current orientation of the engine. 
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Figure 4.11: Example Accelerometer and CID sensor Data from dSpace [5] 

In Figure 4.11 we can see that dSpace is able to use one of the analog channels to identify the 

beginning of the engine cycle using the CID sensor. However, since the microcontroller has a limited 

supply of ADC channels, and an interrupt would benefit the system, a digital I/O pin is selected 

instead. In order to trigger an interrupt event on the microcontroller, there is a certain threshold of 

voltage and ramp time that must be followed when tied to an interrupt pin. Unfortunately, after 

testing it was proven that the raw voltage output from the CID sensor is not enough to incite an 

interrupt event on the CC3200, and therefore a separate board must be created. It is a very simple 

yet necessary board that was created for the sole purpose of making an extremely accurate starting 

system for the wireless sensor.  
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Figure 4.12: Schmitt Trigger for Conditioning CID Signal 

In order to condition the signal to be suitable for the CC3200, a simple Schmitt trigger circuit was 

designed in KiCad, this is shown above. The op. amp that was used in this circuit is the very 

common UA741.  

 

Figure 4.13: KiCad CID Conditioner Board Design 
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Figure 4.14: Completed and Populated CID Conditioning Board 

The board was modeled in KiCad seen in Figure 4.13 and ordered from a company called OSHpark, 

which specializes in low quantity yet high quality circuit boards. A completed board can be seen in 

Figure 4.14. The board design allows for one end of the board to connect to the CID sensor, while 

the other connects to the microcontroller. It is given power via the microcontroller’s battery.  

 

Figure 4.15: Simulating Op Amp Circuit [38] 

Figure 4.15 is showing a simulation of the circuit that was designed for the CID sensor. This was to 

ensure the signal would be correct for the microcontroller and not exceed any of the voltage 

limitations of the CC3200. Once the board was complete it was tested on the engine using an 

oscilloscope to once again confirm the voltage output would be suitable to trigger an interrupt on 

the CC3200. An incorrect voltage could damage the system.  
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4.7 PRINTED CIRCUIT BOARD DESIGN 
 

The main body of the wireless sensor will be comprised of a printed circuit board which will also be 

connecting the onboard sensors. Now that the hardware for the wireless sensor has been looked 

over, selected, and discussed, the design process can now begin. The combination of hardware; 

analog accelerometer, audio, and a wireless microcontroller as a data acquisition device is a new 

idea and will be an interesting product for the area of FDD. When designing a circuit board, there 

are two separate design files required; the schematic and the board layout. This chapter contains 

the design of the schematic, which shows the connected components, and the board layout which 

shows the actual components. The board layout is the Computer Aided Design (CAD) reference to 

the tangible Printed Circuit Board (PCB) that will be sent off to be manufactured by a PCB supplier. 

The software chosen to do the design is called EagleCAD [39]. 

4.7.1 SCHEMATIC 
 

When beginning a new board design the first step is to make sure you have all of the components 

that are needed, available within the program. Since a number of components, such as the 

CC3200MOD were not available in Eagle already, they had to be created. 
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Figure 4.16: CC3200MOD Symbol 

The creation process involves going through the datasheet, finding the pin-out of the device, and 

making a symbol correlating those pins, which will later be used to connect components together. 

Figure 4.16 shows the symbol that was created for the CC3200MOD. 

 

Figure 4.17: CC3200MOD Component 

Once the symbol is created, the footprint also needs to be created in order to use it in the PCB 

design layout. The footprint of the CC3200MOD based on the design specifications of the datasheet 

is shown above in Figure 4.17. The red pads are the areas on the PCB that will have exposed copper 
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on the PCB, which will allow for later soldering of the component. These two steps were also done 

for a number of other components, such as the accelerometer and the microphone, as they are not 

common parts to the Eagle program. Other parts such as the resistors, capacitors, and small 

common packages were all available for use. 

Building the schematic is a trivial process once all of the components have been made. It is as 

simple as finding and adding the components, and connecting them to the correct pins on the 

microcontroller using “wires”. Each component will have a recommended component list and board 

layout, which will have to be added as well. The completed schematic is shown in Figure 4.18 on the 

following page: 



53 
 

 

Figure 4.18: Wireless Sensor Completed Schematic 
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The completed schematic has the individual components isolated in separate areas so it is easier to 

comprehend where each part should be assigned. The same parts connected here will be setup to 

connect in the board layout window of the program. 

4.7.2 PCB LAYOUT 
 

Knowing that the schematic is completed with zero errors is an important part of the design. To 

change the configuration once the layout design has started can be quite a setback. However, there 

are some changes to the schematic that can make designing the PCB easier. When the components 

are loaded into the program, it is not yet clear where each component is going to be placed. It is a 

game of trial and error to try to create the cleanest layout with the least overlapping signal wires. 

Sometimes it is beneficial to change certain I/Os in the schematic to allow for a cleaner PCB design. 

For example, if you have a component that only requires a digital I/O pin, then almost any pin on 

the CC3200 can be used. The connection can be assigned to a pin on the opposite side of the 

module; one can simply switch the pin in the schematic to a mirroring pin.  Figure 4.19 below 

shows the completed circuit board design: 

 

Figure 4.19: Completed Circuit Board Design 
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The board has a silkscreen labelling system for addressing each component and where they should 

be placed. This is essential for any projects where the placing of components and soldering will be 

done by hand.  

 

Figure 4.20: PCB Labelled Areas 

In Figure 4.20 each area labelled relates to the follow functions of the board: 

1. Accelerometer 
2. Temperature Sensor and External ADC 
3. Microphone and Amplifier 
4. CC3200 Microcontroller 
5. Display LEDs 
6. Battery and Voltage Regulator 
7. Lithium Battery Charge Controller 
8. 2.4 GHz(Wifi) Antenna 
9. Programming and Debug Headers 

 

4.7.3 ASSEMBLY 
 

There are a number of ways to solder most of the components onto the board. With the exception of 

the CC3200 module, the components would be capable of being hand soldered using a soldering 

iron and a roll of solder – this is also a method of repairing misaligned parts. However, since the 
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pads for the CC3200 are not accessible when the component is flat on the board, the solder paste 

technique must be used.  

 

Figure 4.21: Example of Kapton Stencil 

The normal use for solder paste is to use a stencil and precisely apply a thin layer of solder paste to 

the board.   An example of a stencil is shown above in Figure 4.21. Another option available is to 

selectively add solder paste using a fine point on a tube of paste.  

 

Figure 4.22: Applying Solder Paste 
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The Figure 4.22 above shows the method of applying solder paste using only a fine tip on the 

dispenser. The stencil paste method is often used when there is a medium to large quantity of 

boards that will need to be produced. Because of this fact, and also the fact that there could possibly 

be design changes in the near future, a stencil would not be necessary.   

After applying the paste and carefully adding each component by hand, the board was ready to be 

reflowed. Again there are a number of proper techniques using very precise and expensive 

machines, but in this case all that is needed is a simple toaster oven. When doing a very low 

quantity of circuit boards where each individual board will be inspected and tested, the toaster 

oven method is a very practical and cost effective method of reflowing PCBs. Most of the 

inexpensive toaster ovens do not achieve very high temperatures, but will easily melt solder. In 

order to reflow the circuit boards the toaster oven was set to 230  and turned on with the circuit 

board placed in the center of the near the front glass for easy viewing. 

 

Figure 4.23: Recently reflowed circuit board in toaster oven. 

This method of reflowing is primarily visual. The idea is to just watch the solder paste over the next 

few minutes while the oven is on and wait for the solder paste to melt. When the solder paste has 
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melted fully over the entire board simply turn off the oven, open the door and slide out the tray to 

allow for cooling of the board. Since there was no stencil used when applying the solder paste you 

will get the occasional bridge of solder or moved component. Generally there will be small fixes 

needed to be done with a hand soldering iron. 

 

Figure 4.24: Reflowed Finished Board 

After moving a few components and fixing a quick mistake, the reflowed board is shown in Figure 

4.24. The noticeable repair is on the accelerometer, and required some small hand soldered work. 

Somewhere along the design the VCC and ground were swapped on the accelerometer, some quick 

soldering and some Kapton tape fixed the mistake. The board was then ready for testing.  

4.8 HOUSING CAD DESIGN AND ASSEMBLY 
 

The housing of the wireless sensor has three specific purposes: 

1. Protect the circuitry from a harsh environment. 
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2. Allow the wireless sensor to be mounted onto various pieces of equipment. 

3. Allow for inductive charging of the battery. 

Aside from those three important factors the design is rather open ended. The program chosen to 

create the design in was CATIA by Dassault Systemes. It is powerful CAD software designed for 

creating a very wide range of mechanical and electrical systems.  Having plenty of experience using 

it in the past, CATIA would be the best option for this design.  

 

Figure 4.25: Housing Two Piece Design 

The housing that was created is shown above in Figure 4.25 and is a two piece design. Each half of 

the housing is able to interlock using channels that are designed to slide into each other and seal off 

the circuit board. They can then be affixed using standard plastic thread forming screws.  

Since the first version of this case would be rapid prototyped (RP) in selective laser sintered (SLS) 

nylon material, there would be zero interference when it comes to the inductive charging. However, 

in the future there will be a need for a more robust material such as aluminum for the housing; this 

is so that the case would be able to withstand the harsh daily use of the wireless sensor. The design 
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is forward thinking because the outer shell is able to be machined out of a solid metal, and the 

outside cover can still be a non-interfering plastic. On future wireless sensors this will create a 

strong body and allow it to continue using the inductive charging feature of the wireless sensor.  

 

Figure 4.26: 3D Printed Housing in SLS Nylon 

The 3D printed housing shown above in Figure 4.26 was created by a company called Shapeways. 

They are a hobby grade online 3D printing service with a large collection of materials to choose 

from. The SLS nylon was chosen for its forgiving nature by being flexible and its ability to print 

intricate parts and thin as 0.7mm.  The parts had to be designed to fit Shapeway’s printers design 

specifications for the “Strong and Flexible Material” [40].  
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Figure 4.27: PCB Mounted in Housing 

 

Figure 4.28: Mounting Location for PCB in Housing 
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In Figure 4.27 and Figure 4.28 we can see how the circuit board is mounted into the outer housing 

piece. The housing is able to mount onto the engine using the six small magnets affixed into the 

housing, this can be seen in Figure 4.28 as well. The magnets allow the wireless sensor to be 

effortlessly removed from the test subject and placed onto another without the use of any tools.  

 

Figure 4.29: Wireless Sensor and Housing 
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5 WIRELESS SENSOR SOFTWARE & FIRMWARE 

There are two individual programs that need to be created in order to use the wireless sensor with 

current FDD techniques. The first program is the code that runs on the computer and sends 

commands to the wireless sensor to “work”; this is referred to as the “software”. The second 

program is uploaded onto the wireless sensor.  This is so that the wireless sensor can understand 

what the computer is requesting; this code is referred to as the “firmware”.  This chapter presents 

the software and the firmware, how they communicate, and also how the user is able to interact and 

do FDD on the ICE in testing. 

 

5.1 WIRELESS SENSOR FIRMWARE 
 

The firmware is the program that runs on the wireless sensor, it is uploaded to the memory of the 

CC3200 microcontroller. The firmware has a set of basic functions to collect data from the sensors, 

and functions to control the interrupts and the sample rate of the system.  It also controls the 

network the wireless sensor will connect to, set up a very basic server, and wait for requests from 

outside sources such as a computer or MATLAB. Since the wireless sensor is running a very basic 

webpage, basically any platform that can access an HTTP server can technically request information 

from the wireless sensor. By obtaining the IP address of the wireless sensor, any browser on a 

network connected device will allow the webpage to be accessed and controlled. Figure 5.1 below 

shows the webpage that is created by the wireless sensor when the IP address of the wireless 

sensor is accessed. 
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Figure 5.1: Webpage created when accessing wireless sensor via HTTP 

By setting up the wireless sensor in this way, a lot of the difficult aspects of the wireless 

communication are taken care of. There are individual webpages for each specific task. By 

requesting access to the wireless sensor, depending on the page request will make the wireless 

sensor perform different tasks. For example, one of the pages just simply turns on one of the LEDs. 

This is an easy way to ensure that you are properly connected to the wireless sensor and that the 

system is ready.  

When the wireless sensor has been requested to start sampling the engine, it will automatically 

wait for the interrupt to be triggered. This means that if the engine is not running, the wireless 

sensor will not advance to the data collection and will no longer listen to the computer. Once the 

interrupt is triggered by the CID sensor, it will start collecting data at 13 kHz. Immediately after the 

interrupt is triggered a second time the cycle ends and the microcontroller creates a file with the 

data.  



65 
 

 

Figure 5.2: Wireless sensor data request sequence 

The file resides in the memory of the microcontroller until it is either requested for download, or 

requested for deletion. The file changes each time a new cycle has been requested to sample, this 

can be any of the accelerometer axis, or the microphone. There is currently no data processing 

happening on board of the wireless sensor. This is due to the low processing power of the 

microcontroller. All post processing of the data is contained within the software.  

5.2 COMPUTER SOFTWARE 
 

On the end-user part of the system, the software was developed within MATLAB. In a system where 

accessing an HTTP server is the main method of communication, MATLAB has a number of 

functions that makes this process very simple.  MATLAB is capable of directly requesting 

information from HTTP servers. This is a similar process that happens when you type in an address 

into your web browser. Instead of retrieving a visual web page, MATLAB just gets the HTML code 

returned and it is stored as a string in the program. This function is called webread() and it does 

exactly that, reads a webpage. The information retrieved back from the wireless sensor is not 

necessarily important in the case of collecting data from the wireless sensor. This is because the 

MATLAB software can attempt to access a webpage from the wireless sensor, which can then 

activate a procedure within the firmware of the wireless sensor; it is a switch of sorts.  For example, 

if the program were to attempt to retrieve the website http://SensorIP/LEDOn, it would tell the 
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wireless sensor to turn on the LED.  This could be done through a browser or any sort of device 

capable of requesting HTTP websites.  This method of communication is specifically how the 

MATLAB software talks and controls the wireless sensor.  

 

Figure 5.3: Functional Diagram of Data Collection 

Figure 5.3 demonstrates the sequence of actions that take place when the software has requested 

data from the wireless sensor. After the wireless sensor has completed taking a sample from the 

engine, it creates a file which is stored in the memory. Since each engine cycle is about 154ms and 
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the sample rate is 13kHz, that gives each file around 2000 samples. 2000 samples at 5 bytes each 

makes the typical file size around 10kB. The maximum file size is determined by the size of the 

onboard flash module, minus the firmware. This can range from 512kB to 4MB. The MATLAB 

software is able to retrieve that file directly from the microcontroller by using a function called 

websave(). Instead of retrieving a webpage like of which was shown above, it downloads a comma 

separated value (CSV) file which can be directly imported into MATLAB. By collecting and storing 

the data in this way, the microcontroller is able to buffer the data and then send much larger 

packets of information. This avoids the issue of low data rates while streaming.  

5.3 GRAPHICAL USER INTERFACE 
 

In order to demonstrate the functionality of the wireless sensor and its ability to perform FDD, it 

was important to show an example of the potentially simplistic software that would be connected 

with it. A graphical user interface or GUI was created within MATLAB to make it easier to 

demonstrate this.  

 

Figure 5.4: GUI Window 
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There are a number of ways the GUI, shown in Figure 5.4, helps with using the wireless sensor: 

1) Using “Find Sensor IP” will locate the wireless sensor on the wireless network and report 

back the IP address of the wireless sensor. It does this by testing a range of common IP 

addresses on the network. If the address fails to respond, then the program knows there is 

no wireless sensor at that IP address. This is needed in order to be able to connect. In the 

case of multiple wireless sensors, it can also illuminate a specific LED on the wireless sensor 

to notify the operator which wireless sensor corresponds to which IP. It is able to do this by 

sending a command to the wireless sensor notifying it to enable one of the LEDs long 

enough to be seen by the operator.  

2) The button “Test without connection” will allow the user to make sure their MATLAB is 

compatible with the software and run a simulation of the vehicle status. This selects a group 

of previously collected data and feeds them through the process of FDD. It will report back 

with either a cylinder fault, or a “Healthy” status. Both are suitable responses. If there are 

any problems with the MATLAB software, such as a version error or an incompatible 

library, an error status will alert the user and the software will not continue. Some alternate 

versions of MATLAB may have conflicts with certain functions used in the program. 

3) Using “Sample Engine” is how the user can actively test the ICE while it is running and while 

the wireless sensor is connected to it. This portion of the GUI is considered the “live” fault 

detection aspect to this project and the part that mostly differentiates the wireless system 

from the dSpace system. When “Sample Engine” is activated, it will request 10 full cycle 

samples from the microcontroller while the engine is running. Once collected it will process 

the files and feed them into a pre-trained neural network. The neural network will produce 

an output and that will return the vehicle’s ICE status, identifying the fault or classifying as 

healthy. The window shows the data collection as it is happening live, and then converts it 

into – in this case – a view of the wavelet transform of the data collected. Example: The user 
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may choose to first test the engine with zero induced faults, e.g. no misfires. They are able to 

use “Sample Engine”, collect the vibration data from the running engine and have a fault 

returned instantly. Immediately following that the user may disconnect one of the cylinder 

coils to induce a misfire on that cylinder. The user again presses “Sample Engine” and again 

it collects 10 samples from the running engine and immediately reports back with the fault 

state of the engine. 

The GUI allows the system to be tested by someone who has very little prior knowledge of the 

wireless sensor and how it works.    

5.4 FAULT DETECTION WITH THE GUI 
 

As mentioned in the previous section, the “Sample Engine” button is used to do live fault detection 

on a running engine that has one of the wireless sensors mounted to it. This is done by sampling the 

engine to collect data, and using that data as an input in one or several of the trained neural 

networks. The neural networks are saved as a MATLAB file and can be accessed by setting the 

location within the program.  
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Figure 5.5: Flowchart of Sample Engine Button in GUI 

The data collected from the running engine is processed the same way the data collected for the 

purpose of training the networks. In Figure 5.5 one can see that the program will collect 10 engine 

cycles. The processing includes averaging the samples in the same running average as mentioned in 

Chapter 4, converting to CAD and then finally, EKF, SVSF, or WT, depending on which ANN you are 

using for the program. The GUI takes the converted data and, within MATLAB, uses it as an input for 

the ANN. The Output from the ANN will be a set of values that the program will forward to the user 

in the form of a readable fault (Cyl 1, 2, 3 etc.). It will also display the data to the user to get a sense 

of the fault signature that was read by the sensor.  
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6 EXPERIMENTAL SETUP 

This chapter introduces the experimental setup of the project. It covers the process of developing 

the software and firmware, as well as how the wireless sensor is setup to communicate with the 

host computer.  It describes how each set of data was collected and how the engine was modified to 

simulate fault conditions. The experiment involves the use of a running ICE in an idle condition, 

800RPM, that is able to be physically modified by the user.  The tests will consist of taking 

individual readings from multiple measurement devices from the engine over the course of one 

engine cycle for different cylinder faults, and a healthy condition. The data will then be used to 

determine if the wireless sensor is capable of performing at the standard set by the previous 

methods shown by Feng [5]. 

6.1 SIMULATED ENGINE 
 

In the initial stages of developing the firmware, there were a number of tests that were to be done 

to ensure that the wireless sensor was properly being triggered by the CID sensor, and also that it 

was collecting the correct amount of data. Instead of testing the firmware on the actual engine and 

running the engine constantly, a solution was devised that would simulate the output of the engine. 
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Figure 6.1: Arduino Leonardo 

Shown in Figure 6.1, an Arduino Leonardo was used in combination with the CC3200 to simulate a 

working engine. This was done to avoid the constant use of a running ICE while trying to develop 

the firmware. The Arduino was programmed to output a pulse similar to what the CID sensor would 

output at idle. Since the engine on the vehicle at idle was roughly rotating at 800RPM, the interval 

for one cycle in milliseconds can be calculated by: 

                

 

        
              

This results in a value of 75ms per revolution. Since each engine cycle is 2 revolutions, the period for 

each pulse by the CID sensor is 150ms. The Arduino ran a simple program in which it would pulse 

one of the I/O pins every 150ms. The I/O pin was then connected to the CC3200, allowing 

experimentation to take place without running the ICE. This was purely done for the development 

of the wireless sensor firmware. The development process involved programming and testing for 

correct sample rates and errors. For strictly environmental purposes by avoiding unnecessary 

waste of fuel the Arduino was used as a engine simulator while the wireless sensor firmware was 

being developed.   
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6.2 HARDWARE SETUP FOR FDD OF ICE 
 

The simplified version of the entire system is shown in Figure 6.2. It involves a wireless sensor 

which holds both a 3-axis accelerometer and a microphone.  The wireless sensor interacts with the 

ICE, WiFi network, and a host computer being used by the operator. 

 

Figure 6.2: Hardware Setup Diagram 

In order to communicate with the wireless sensor, which at this point is mounted on the ICE, a 

wireless network must be in place. Any standard WiFi router that can handle 802.11b/g networks 

would be suitable for the wireless sensor to connect to. As long as each individual component is in 

wireless range of the network or modem the system can communicate. They are all powered 

separately and no wires interconnect between them. 
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6.3 ENGINE EXPERIMENT SETUP 
 

The first step towards FDD on the ICE is to collect enough data to train each of the ANN that will 

have their performance compared. This involves collecting a number of engine cycles for each fault 

that will be attempted to detect.  

 

Figure 6.3: Sensor Mounted on Engine 

The sensor was first powered on and then mounted onto a plate which was securely mounted to the 

engine; this is shown in Figure 6.3. It is important to have a secure connect to the engine as the 

transfer function of the accelerometer needs to accurately represent the vibration and movement of 

the engine. However, since an ANN is used for the FDD, as long as the mounting location for the 

wireless sensor is consistent, the ANN will be able to effectively adapt to any compliance in the 

system. It is the movement of the sensor that represents the fault and during the training process 

this will correlate those movements to the each unique fault, which will allow consistent results.  

The engine was run at idle until it was at normal operating and steady state temperatures. A simple 

program was created within MATLAB to automate the process of collecting engine cycles. It also 
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checks to see if a “Timeout” happened within the connection. A “Timeout” means that the Wi-Fi 

signal is not strong enough and cannot receive a reading from the wireless sensor.  

 

Figure 6.4 - Simple Data Collection Flow Chart 

The program allows automation in the data collection process, the flow chart of the process is 

shown above in Figure 6.4. Each time the sensor is requested to take a sample it must wait for the 

CID sensor to trigger the interrupt. The program was set to create a dataset of 300 engine cycles for 

each fault condition. The reason for this number will be explain in the results chapter.  

 

Figure 6.5: Cylinder Coil Pack Plug Locations 
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In order to put the engine in a fault condition state, a coil pack would be disconnected to induce a 

misfire on that specific cylinder. The location of each cylinder coil pack and its label are shown 

above in Figure 6.5.  Working incrementally, each data set would be collected and saved, with a 

single coil pack unplugged for each set. For the first experiment, only a single axis on the 

accelerometer was collected, along with the audio. 
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7 APPLICATION AND ANALYSIS 

The experimentation involved sampling the engine at 9 different engine conditions with both the 

accelerometer and the microphone on the wireless sensor. The results that follow are broken into 4 

different sections; the processing of the raw data in order to have suitable datasets for training an 

ANN, the results of training those ANN with the data (including the quality of their performance), 

the ability to get immediate FDD from the sensor, and finally, testing the validity and performance 

of combining both accelerometer and audio data into one network. For each of the results shown 

when specifying the output of the neural network, their corresponding faults are shown using the 

following code:  

Fault Condition ANN Output - 
Classification 

Healthy 1 

Cylinder 1 2 

Cylinder 2 3 

Cylinder 3 4 

Cylinder 4 5 

Cylinder 5 6 

Cylinder 6 7 

Cylinder 7 8 

Cylinder 8 9 

Table 7-1: Fault Condition Labels 

These values will come up when referring to the confusion matrix and other figures found in the 

results.  

A confusion matrix is a way to validate the error, or lack thereof, of the outputs from the trained 

ANN. When given a set of desired outputs, during training these are compared with the outputs that 

are calculated by the network.  An example of a confusion matrix is shown in the figure below: 
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Figure 7.1: Example of a confusion matrix 

The output class represents what the neural network is returning given a set of inputs, the target 

class is the desired output. In this case all of the outputs from the neural network match that of the 

target output which means it is correctly classifying the faults. The following figures shows what 

would be represented if an ANN failed to calculated the correct output:  

 

Figure 7.2 - Confusion matrix with error 
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In this example shown in Figure 8.2 the target was the classification of “4” but the output of the 

ANN produced a classification of “3”.  

 

Figure 7.3: Confusion matrix with highlighted error 

In Figure 7.3 the location of the error within the confusion matrix can be seen and is highlighted in 

order to easily discern it. The confusion matrix is a way of easily showing where the errors are 

forming in the classification results of the faults and which classification errors are more common. 

Ergo this is how the success rates are represented for each ANN in the following subsections of this 

research. Another result that is discussed is the mean squared error (MSE). The MSE is plotted with 

the number of epochs the ANN takes to train. Figure 8.4 below is an example of this: 
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Figure 7.4 - Mean Square Error vs Epoch 

An epoch is a number of random samples taken from the training data, shuffled into a different 

order, and fed into the ANN. Each time this is done, there is generally a large amount of processing 

time to shift the node’s weights in order to achieve a lower MSE (as was mentioned in Chapter 3). 

The number of epochs generally has a relation to the time it takes the ANN to meet the training 

specifications. The MSE vs epoch plots that are shown give a good representation of how quickly a 

network can be trained, or whether the data is not sufficient for training. 

7.1 DATA PROCESSING FOR ANN INPUTS 
 

Figure 7.5 below shows the raw accelerometer data taken from a single sample of the engine in the 

“Healthy” condition.  
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Figure 7.5: Raw Healthy Engine Accelerometer Data 

 

There is no need to synchronize the samples as the CID sensor has already accurately isolated the 

data by using it to start and stop the sequence. What is shown is exactly one engine cycle worth of 

data. By this point, the wireless sensor has already been successful in wirelessly collecting data 

over the WiFi network, however at this point it is unknown if the data will be suitable for 

performing FDD using an MLP neural network. For each engine condition, 300 engine cycles in total 

were collected. However, only the first 100 engine cycles will be used in the training of the ANN. 

The remaining 200 engine cycles will be used to test the efficiency of the trained ANN afterwards 

without the need for continuous running of the engine. Each engine cycle contains around 2000 

samples from either the accelerometer or microphone depending on what test is being run. Since 

this is a 4-stroke engine, each cycle contains two full revolutions of the crank. Each crank revolution 

has been allocated 256 samples from the raw ADC readings, which creates a dataset of 512 data 

points to be used as the input for the MLP ANN. The converted raw data to CAD can be seen below 

in Figure 7.6.  
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Figure 7.6: CAD Conversion of Healthy Data 

After the CAD conversion, each fault dataset had a running-average applied of 10 sequential sets. 

This was shown in detail in Chapter 4, Figure 3.2. As mentioned previously, this was done to reduce 

the significance any anomalies present in the training data. The averaged CAD data was then used 

to create both the Fourier and Wavelet datasets to be used in the comparison of the MLP ANN. 

Again, This process was discussed in Chapter 4, and Figure 3.1 shows a visual representation of 

what is happening to the data. In order to compare the efficiency and performance of the data, each 

set is used to train the individual ANN. This is shown in Figure 7.7. 

 

Figure 7.7 - Data for each MLP ANN 

In order to compare the results with the work of Feng [5], Coiflet type wavelets and a wavelet level 

of 5 were chosen for the parameters of the modwt() function. Using the modwt() function creates a 
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matrix containing each wavelet level dataset in one variable. The modwtmra() function is used to 

isolate the individual wavelet transform within that matrix for the desired wavelet level, and in this 

case the level 5 wavelet data.  

 

Figure 7.8: Wavelet level comparison 

Figure 7.8 shows a comparison of the wavelet level that is created by the modwt() function. As the 

levels are increased the low pass filter of the DWT function is the input for the next level. This 

cascading filter effect can be seen in the way the data is represented by a lower frequency as the 

level increases.  

The following figures represent a sample of each engine condition in the three datasets, CAD, FFT, 

and WT using the accelerometer as the measurement device.  
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Figure 7.9: Healthy Data Example 

 

Figure 7.10: Cylinder 1 Fault Data 

 

Figure 7.11: Cylinder 2 Fault Data 
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Figure 7.12: Cylinder 3 Fault Data 

 

Figure 7.13:Cylinder 4 Fault Data 

 

Figure 7.14 - Cylinder 5 Fault Data 
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Figure 7.15: Cylinder 6 Fault Data 

 

Figure 7.16: Cylinder 7 Fault Data 

 

Figure 7.17: Cylinder 8 Fault Data 

Visually each graph shows a very different response with respect each fault. This is a promising 

step, as it shows graphically that the accelerometer is capable of detecting the variances of 

frequencies brought on by a cylinder misfire.  
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7.2 ANN TRAINING AND TESTING 
 

The purpose of testing the ANN is to show that comparable results can be achieved using the 

inexpensive wireless sensor, instead of an expensive piece of scientific equipment. For this reason, 

the MLP neural network, which was shown in Figure 2.3, has been chosen as a method of 

comparing FDD analyses with the newly designed wireless sensor. Three training methods, which 

were discussed in Chapter 3, were chosen for the neural network, Levenberg-Marquardt (LM), EKF, 

and SVSF. An ANN was trained for each set of data and each testing method can be seen below in 

Table 7-2. 

Measurement 

Device 

Training 

Method 
Datasets 

Accelerometer 

LM CAD FFT WT 

EKF CAD FFT WT 

SVSF CAD FFT WT 

Microphone 

LM CAD FFT WT 

EKF CAD FFT WT 

SVSF CAD FFT WT 

Table 7-2: Training methods and datasets for each measurement device 

The following training parameters (limits) were set on the ANN: 

Max Number Epochs 300 

MSE 0.015 

Error Gradient 0.001 

Table 7-3: ANN Stop Parameters 
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If any of the parameters, shown in Table 7-3 are achieved, then the ANN would stop the training, 

ensuring it will not continue training forever. If either the number of epochs exceeds 300, the mean 

squared error becomes less than 0.015, or the gradient of the MSE decreases below 0.001, then the 

training will stop. 

Before the data is fed into the ANN, it is processed one last time. The data is normalized between 

the values 0 and 1. According to Sola and Sevilla [41], normalization before training is very 

important for achieve good results, and significantly reduce training time. This was found to be 

especially true for the FFT result, which will be observed later.  The original ANN training 

algorithms for SVSF, EKF, and LM were modified to include normalization of the data in an effort to 

increase both accuracy and performance. There will be a summary of these results at the end of this 

chapter. 100 samples were taken for the ANN, 60 for the training set, and 40 for the validation set. 

Since the output was structured with 9 digits (for our 9 possible conditions) this means there 

would be 9 output nodes. The ANN was comprised of a single hidden layer containing 10 nodes, 

which is 1+(Number of Output Nodes). Each input was an array of 512 values which was created 

during the CAD conversion process.  
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Figure 7.18 - Neural Network Structure 

In Figure 8.18 the simplified structure of the neural network is shown. It is considered simplified 

because the input data actually has 512 connections to each of the hidden nodes. In the image only 

a single connection is shown. However, the output and hidden node connections are accurate. Since 

there are 9 engine states, healthy and 8 misfire states, the data is fed into the ANN in the form of a 

matrix. Since the ANN is run with 100 engine cycles per engine state, and each engine cycle dataset 

contains 512 points of data, the size of the matrix for the ANN input is 512 x 900.   The state of the 

engine is determined by the ANN by means of providing which of the 9 data points of the Output is 

set to “1”. For  example, a healthy condition output would return the array [1,0,0,0,0,0,0,0,0] and a 

misfire on cylinder 1 would return an output of [0,1,0,0,0,0,0,0,0].  

Engine Condition Output from ANN 

Healthy [1,0,0,0,0,0,0,0,0] 

Cylinder 1 Misfire [0,1,0,0,0,0,0,0,0] 

Cylinder 2 Misfire [0,0,1,0,0,0,0,0,0] 
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Cylinder 3 Misfire [0,0,0,1,0,0,0,0,0] 

Cylinder 4 Misfire [0,0,0,0,1,0,0,0,0] 

Cylinder 5 Misfire [0,0,0,0,0,1,0,0,0] 

Cylinder 6 Misfire [0,0,0,0,0,0,1,0,0] 

Cylinder 7 Misfire [0,0,0,0,0,0,0,1,0] 

Cylinder 8 Misfire [0,0,0,0,0,0,0,0,1] 

Table 7-4 - Engine Condition with Output Array 

Each digit in the output array in Table 7-4 represents each of the output nodes of the ANN. When a 

trained ANN is presented with input data, the output nodes will change their value, to either close 

to “0”, or close to “1”. Since the output value from the node is a decimal and not an integer, a 

threshold is created to determine whether it is a “1” or “0”. During the training process the 

performance of the network is determined on how often the outputs from the ANN match the fixed 

outputs created for training. The following are the results of each training method with their 

corresponding dataset. 

7.2.1 MLP ANN - ACCELEROMETER DATA 
 

This section combines all of the ANNs trained using the accelerometer data. Each data processing 

technique was tested with the separate training methods and their accuracy and training times 

were compared.  Starting with the LM training algorithm the results are as follows: 
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Figure 7.19: LM CAD Validation Confusion Matrix1 + MSE -  Accelerometer 

 

 

Figure 7.20: LM FFT Validation Confusion Matrix + MSE Graph - Accelerometer 

                                                             
1 *Note: The confusion matrix does not show an even distribution of numbers. This is an issue with the LM training 
method in MATLAB. Even though the numbers are not evenly distributed, the systems performs at 100% accuracy - the 
selection is random so each result is different, but still 100%. This applies to all LM confusion matrixes. 
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Figure 7.21: LM WT Validation Confusion Matrix - Accelerometer 

 

All three of the datasets, CAD, FFT, and WT, were able achieve 100% accuracy of classification of the 

validation data when using the LM training algorithm. The FFT data showed the fastest training 

time of the datasets, reaching the MSE threshold in just 42 seconds after using 5 epochs as shown in 

Figure 8.20.  

 

Dataset for LM 

Training 

Validation  

Accuracy (%) 

Training Time (s) Epoch Number 

CAD Set 100 72 10 

FFT Set 100 42 5 

Wavelet Set 100 136 13 

Table 7-5: LM training accuracy, training time, and number of epochs - Accelerometer 
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 It can be concluded that the LM training algorithm is very efficient when it comes to testing each 

epoch. In Table 8-4 we can note that the algorithm only takes around 10 seconds per epoch to train 

and test on average. In each of the MSE plots, after just a single epoch, the error has already 

achieved a relatively low value. 

 

 

 

 

 

The following figures (Figs 8.22 to 8.24) represent the results from the EKF training algorithm. 

 

Figure 7.22: EKF CAD Validation Confusion Matrix + MSE Graph - Accelerometer 



94 
 

 

Figure 7.23: EKF WT Validation Confusion Matrix + MSE Graph - Accelerometer 

  

Figure 7.24: EKF FFT Validation Confusion Matrix + MSE Graph - Accelerometer 

Again as shown in Figure 7.22, Figure 7.23, and Figure 7.24, the EKF training algorithm was able to 

achieve 100% in the validation set. In both FFT and WT datasets, the MSE plots showed an 

oscillation in the error between 1 and 10 epochs. This can happen if the algorithm makes too large 

of a change to the weights for one epoch which results in an over correction. In comparison to the 
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CAD dataset, which did not incur any oscillation, added number of epochs to recover added a 

substantial amount of time to the training procedure. Table 8-5 shows the collective comparison 

between the datasets and the EKF training algorithm. 

EKF ANN Validation 

Accuracy(%) 

Training Time Epoch Number 

CAD Set 100 276 min 39 sec 14 

FFT Set 100 409 min 33 sec 28 

Wavelet Set 100 548 min 16 sec 21 

Table 7-6: EKF training accuracy, training time, and number of epochs - Accelerometer 

 

Lastly, the following figures (Figures 8.25 to 8.27) represent then SVSF training algorithm. 

 

Figure 7.25: SVSF CAD Validation Confusion Matrix + MSE Graph - Accelerometer 
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Figure 7.26: SVSF FT Validation Confusion Matrix + MSE Graph - Accelerometer 

 

Figure 7.27: SVSF WT Validation Confusion Matrix + MSE Graph – Accelerometer 

SVSF ANN Validation 

Accuracy(%) 

Training Time Epoch Number 

CAD Set 100 408 min 19 sec 23 

FFT Set 100 422 min 34 sec 21 
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Wavelet Set 100 430 min 16 sec 22 

Table 7-7: SVSF training accuracy, training time, and number of epochs - Accelerometer 

The SVSF training times are comparable to that of the EKF training times, both of which take much 

longer than the LM network. Each training method with SVSF was able to achieve 100% accuracy 

on the validation data for each data set. 

Collecting the training times of all of the data sets and neural networks, a large variance between 

each of the results can be observed. 

 

Figure 7.28: Comparison of all ANN and Data Sets in Seconds - Accelerometer 

In Figure 7.28 the training times are represented in seconds and labeled with their corresponding 

data set. The high performance of LM ANN is an obvious observation as they are very low in 

comparison.  EKF seems to vary quite a bit based on the type of data it is presented with and SVSF 

performs consistently regardless of the data set used for the training.  
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7.2.2 MLP ANN – MICROPHONE DATA 
 

Identical to the accelerometer data, the following collection of microphone data was tested with the 

same methods to illustrate the potential for using only an audio signal for fault detection. 

 

  

Figure 7.29: LM CAD Validation Confusion Matrix + MSE Graph - Microphone 
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Figure 7.30: LM FFT Validation Confusion Matrix + MSE Graph – Microphone 

 

Figure 7.31: LM WT Validation Confusion Matrix + MSE Graph - Microphone 

Starting with the LM ANN on the microphone, each confusion matrix (Figure 7.29, Figure 7.30, and 

Figure 7.31) show errors in classification. All three datasets are finding difficulty trying to identify 

fault 4, which is cylinder 3 misfire. However, each of the ANN only takes 6 epochs to reach the MSE 

threshold.  
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LM ANN Validation 

Accuracy(%) 

Training Time Epoch Number 

CAD Set 100 52 sec 6 

FFT Set 100 56 sec 5 

Wavelet Set 100 77 sec 6 

Table 7-8: LM training accuracy, training time, and number of epochs - Microphone 

 

Figure 7.32: EKF CAD Validation Confusion Matrix + MSE Graph - Microphone 
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Figure 7.33:EKF FT Validation Confusion Matrix + MSE Graph – Microphone 

 

Figure 7.34: EKF WT Validation Confusion Matrix + MSE Graph – Microphone 
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EKF ANN Validation 

Accuracy(%) 

Training Time Epoch Number 

CAD Set 100 422 min 19 sec 22 

FFT Set 100 445 min 29 sec 21 

Wavelet Set 100 671 min 28 sec 22 

Table 7-9: EKF training accuracy, training time, and number of epochs - Microphone 

The EKF trained neural network was able to achieve 100% accuracy.  The difference for these ANN 

is that they did not stop based on the MSE. They reached the error gradient which means the MSE 

had converged or was nearing convergence. This can pose a problem since more training will not 

yield better results, unlike the accelerometer data.  

 

 

Figure 7.35: SVSF CAD Validation Confusion Matrix + MSE Graph – Microphone 
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Figure 7.36: SVSF FT Validation Confusion Matrix + MSE Graph – Microphone 

 

 

Figure 7.37: SVSF WT Validation Confusion Matrix + MSE Graph – Microphone 
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SVSF ANN Validation 

Accuracy(%) 

Training Time Epoch Number 

CAD Set 100 386 min 15 sec 22 

FFT Set 100 343 min 40 sec 19 

Wavelet Set 100 395 min 12 sec 22 

Table 7-10: SVSF training accuracy, training time, and number of epochs - Microphone 

SVSF trained neural networks were able to accurately identify the faults of the validation data with 

the exception of CAD shown in Figure 7.35, which misidentified one fault. The training time for 

SVSF was much quicker than EKF, but still considerably longer than LM.  

 

Figure 7.38: Comparison of all ANN and Data Sets in Seconds – Microphone 

The training times of Figure 7.38 are comparable to those of the accelerometer in that LM was the 

fastest training method, SVSF has consistent results, and EKF had a large variation. The difference 

between them is that the ANN stopped training because the MSE had converged instead of reaching 

the desired error threshold. This leads to the possibility of more error when using the pre-trained 
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ANN in live ICE diagnostics because it has not as accurately outlined the engine audio signals. This 

problem will be shown in an upcoming chapter. 

7.2.3 SUMMARY OF RESULTS FROM TRAINING ALGORITHMS 
 

If one was to only look at the accelerometer data and the neural network training period is not time 

critical, there are a number of neural network training methods to choose from. Each one of the 

networks was able to achieve 100% score on the validation data and therefore should be suitable to 

further test the hardware that is being developed. What is more interesting is when the accuracy is 

compared to that of Feng [5] it is found that the ANNs are able to correctly identify the data in more 

cases than before. Since the data in his research was not normalized before the training of the 

network, and the data can be seen as very similar before the normalization, it can be assumed that 

this was the cause of the performance increase.  

 

Table 7-11: Summary of Feng ANN result using dSpace data [5] 

Network 
Training 

Algorithm Input Accuracy(%) Training Epoch 

MLP 

LM 

CAD 100 10 

FT 100 5 

WT 100 13 

EKF 

CAD 100 14 

FT 100 28 

WT 100 21 

SVSF 

CAD 100 23 

FT 100 21 

WT 100 22 
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Table 7-12: Accuracy of Training Methods and Datasets 

When there is a comparison between the two systems, dSpace and the wireless sensor, the wireless 

sensor has proven that based on a single axis accelerometer it is able to perform just as well when 

put in the same experiment. This can be seen when comparing Table 7-10 with Table 7-11. 

Highlighting the previous MLP testing with dSpace from results of Feng [5], some systems were not 

able to perform at 100 percent. Going forward with this, it seems that any of the networks should 

perform similarly in the live engine testing; however, this is not exactly the case. This will be 

discussed in the next section. Collectively, the audio data was able to achieve similar results. Since 

this experiment was not performed previously on the ICE, there are no previous results to compare 

to. If nothing else it shows that a network can be trained based solely on the recorded audio of an 

engine misfiring. This discussion is continued in more depth in the following section. 

 

 

 

 

 

 

In Table 7-13 we can see that the training of the ANNs with the Microphone achieved similar results 

as that as the accelerometer. They achieved 100% performance using a similar amount of Training 

Epochs. 

 

Network 
Training 

Algorithm Input Accuracy(%) Training Epoch 

MLP 

LM 

CAD 100 6 

FT 100 5 

WT 100 5 

EKF 

CAD 100 22 

FT 100 21 

WT 100 22 

SVSF 

CAD 100 22 

FT 100 19 

WT 100 22 

Table 7-13: Microphone Collected Performance 
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7.3 LIVE FAULT IDENTIFICATION 
 

Even though the networks are able to achieve 100% detection using the 100 samples created, the 

real test will be whether the 60 training and 40 validation datasets that were used in the previous 

training algorithm mentioned in the prior section are enough to detect the engine fault while it is 

operating. There are so many variables that affect the ICE vibration; it is a possibility that not all of 

them were captured in the 100 samples collected. This is the reason 300 samples were saved in the 

initial data collection phase of the project. 

 

Figure 7.39: Ratio of Training and External Engine Cycles 

In order to test the “real world” application of the FDD algorithm, the extra data (as shown in Figure 

7.39  as “external test cycles”) would be a suitable use for the application. It is possible to do the 

testing with the engine running; however it is not necessary to run the engine to test the validity of 

the ANN results on a live engine because the remaining 200 samples were not used in the training 

or validation of the ANN. The fact that they are essentially “extra” collected data with no influence 

on the trained ANN, they can be used as a substitute to the engine running in real time.  The word 

external is being used to signify that they have never been used in the training or validation of the 

neural network and because of this they can be used to simulate a live running engine. The goal of 

this section is to see the performance of only using 100 samples to train the neural network, and 
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whether more samples should be used to increase live fault detection performance. The data was 

collected on a few different occasions; however, since the data is selected randomly and averaged 

together this should give a broader image of the engine and its behaviour when a fault is present.  

The external data was tested in a program which would randomly select different engine states and 

check to see if the ANN was able to correctly identify that fault. The program would gather 10 

random engine cycle samples from the external data available, perform all of the similar post 

processing techniques (CAD, Average, FFT, WT), and feed the data into each of the pre-trained 

neural networks. This was done over 100 interactions and the results of the test are as follows. 
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Figure 7.40: Number of Incorrect Fault ANN Output – Accelerometer External Data 
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Figure 7.40 above shows the number of misidentified engine conditions using the external 

accelerometer data. The figure shows all 9 possible engine conditions on the x axis, and the number 

of incorrect outputs on the y axis. 100 tests were run for each engine condition with all 9 potential 

neural networks and data combinations. Looking at Figure 7.40 there are three important visuals to 

note: 

1. The external data definitely affects the performance of the neural network, as many are no 

longer achieving 100% accuracy. 

2. Only the LM CAD ANN and the SVSF WT ANN were able to correctly identify 100% of the 

external data consistently. 

3. A majority of the ANN are misidentifying the healthy engine condition. 

The extent of this knowledge could suggest that the ANN may require more engine cycles to 

accurately capture the entire possible vibration signature range that the engine could produce. 

There may be small mechanical events happening in the engine that may not occur often enough to 

influence the training process of the ANN resulting in the occasional misdiagnosis.   

 

Figure 7.41: Number of Incorrect Fault ANN Output – Accelerometer – Training/Validation Data 
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In contrast to Figure 7.41, as expected, there are zero misidentified signals when running the same 

experiment with the data that was used for training of the neural network. 

If comparing the individual datasets, Fourier performed the worst out of the three types with the 

external data. It resulted with the highest number of errors from all three different network types. 

Although the training errors were able to be corrected with the normalization, it aligns with the 

findings of Feng [5]in that it was the worst performer of the three.  

Dealing with the anomaly of the healthy condition misidentification, there is the possibility that the 

engine in question is not up to its original healthy standards as it is an older engine with high 

mileage. Since the data is only being averaged between 10 engine cycles for the live demonstration, 

the possibility of one of the cycles having an unexpected misfire is much larger. A single misfire 

could throw off the entire averaged data and result in a misclassification.  When a misfire in 

induced during  the 10 cycle dataset, any stray random misfires would be more suppressed in the 

data and therefore affect those conditions less. This is only a theory explaining the lower accuracy 

on the healthy condition, more experimentation would be needed to confirm. 

When looking at the audio data on its own, the information looks much less promising. The figure 

below is a result of using the external engine cycles on the audio data. It is the result of the same 

procedure mentioned above with the accelerometer data.  
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Figure 7.42: Number of Incorrectly Identified Faults – Audio 

While some of the neural networks showed a low number of errors, there was not a single network 

that was able to correctly identify the faults at 100%. The most accurate of all of the networks was 

LM with the CAD dataset.  

Neural 
Network Dataset 

Accelerometer Average 
Error (%) 

Audio Average Error 
(%) 

Combination 
Error (%) 

LM CAD 0 6 3 

 
FFT 18.3 14.78 25.69 

 
WT 0.4 12 6.4 

SVSF CAD 13.8 55.89 41.745 

 
FFT 42.2 86.67 85.535 

 
WT 0 77.11 38.555 

EKF CAD 2.44 38.22 21.55 

 
FFT 46.78 89.44 91.5 

 
WT 0.8 71.67 36.635 

Table 7-14: Collected Error Percentage of All Networks 

 After gathering all of the individual errors tested in Figure 8.36 and Figure 8.38, the data was put 

into a single table shown above (Table 7-14). The LM network using the CAD dataset has been 

highlighted as it has the lowest combined error between both the accelerometer and the audio data.  
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7.4 COMBINING ACCELEROMETER AND AUDIO DATA 
 

It has now been shown that the ideal network for the wireless sensor for both audio and 

accelerometer is using the CAD dataset in combination with the LM network. Since the wireless 

sensor has been designed to record multiple sets of data from a single point, it is necessary to test a 

network combining both accelerometer and audio data. Having both types of data sets available 

makes this a simple of combining the data into one set of input variable for the ANN. 

 

Figure 7.43: LM CAD Confusion Matrix - Accelerometer and Audio 
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Figure 7.44: LM CAD MSE Graph of Combined Accelerometer and Audio Data 

The CAD accelerometer and audio dataset training with the LM neural network showed to be able 

to once again accurately classify the faults of the ICE. Looking at Figure 7.44, it only required 6 

epochs to train and the training time did not take much longer than when using a single training set.  

 

Table 7-15: Accuracy of Validation Tests LM Network 

Although the networks were able to achieve 100% accuracy in the validation dataset, it is important 

to note that when experimenting with external data this is not the case.  
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Figure 7.45: Incorrect Identification LM Network - Accel + Audio 

In Figure 7.45, the performance of each dataset is shown. 1000 randomly selected samples were fed 

into the CAD, WT, and FFT trained ANN to show the frequency of faults that were misinterpreted. 

All three of the networks were not able to accurately identify all faults at 100% unlike using only 

the accelerometer on its own. Table 7-16 shows the combined results of the errors: 

Dataset Combined Error (%) 

CAD 17.3 

FFT 82.77 

WT 76.3 

Table 7-16: Combined Error of Datasets for LM - Accel + Audio 

As what was predicted in Table 7-14, CAD combined with LM network was the most accurate. 

However, accuracy when compared to the accelerometer data decreased. The raw audio data, when 

used in this manner decreases the overall accuracy of the system. The location of the microphone 

may have had an impact on the results. The wireless sensor was mounted on the engine in a 

location which is near the pulleys. The pulleys on an engine are not in sync with the engine cycles as 
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the belts do not complete one rotation at the same rate the engine does. This sort of interference 

could play a large role in decreasing the feasibility of using audio to FDD on an ICE. 
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8 CONCLUSIONS 

8.1 SUMMARY 
 

This research was able to verify that an inexpensive wireless sensor is capable of mimicking the 

results of much more complex research equipment. By simplifying the equipment required to 

perform complex FDD analysis, it lays wake to further development in this type of technology and 

expands its reach to commercially available fields. Taking a look at what was created then 

ultimately demonstrated within this thesis, the following are the original contributions as a result 

of the research: 

1) The hardware for a new expandable wireless sensor was designed and prototyped. The 

wireless sensor is capable of wirelessly sending high speed accelerometer measurements as 

well as audio over a wireless network (WiFi) while implementing modern FDD techniques 

in real time. The system is designed with the ability to withstand harsh environments, is 

battery powered for versatility and completely wireless use, and enabled with inductive 

charging capabilities to keep the unit fully encased. 

2)  Software and Firmware was designed to allow for simple communication between the 

wireless sensor and a host computer applying FDD algorithms. The wireless sensor 

firmware is built on TCP/IP protocol and can be accessed by any system with similar 

capabilities, such as a computer or a phone.  

3) The wireless sensor was able to achieve 100% FDD accuracy on an engine at idle based on 

methods that appeared in Feng [5]. Furthermore it was able to achieve higher accuracy in 

FFT based datasets after modifying the original algorithms to include normalization. 
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4) A GUI system was designed for live vehicle FDD. In previous methods of FDD were all done 

offline with the ICE not running.  The GUI allows for simplistic use of the wireless sensor to 

give the user control of the FDD analysis, and test for faults in a live running engine at idle. 

5) An MLP network was built solely on the audio dataset of controlled misfires on the ICE. It 

was found that the ANN could be trained to 100% accuracy, just like the accelerometer data. 

However, during live tests there was a reduction in accuracy when adding the audio dataset 

regardless of which system was used. Testing on a live engine was only able to accurately 

diagnose the fault 83% of the time. 

The research also shows that there is a possibility of very different results between training an ANN 

for a constant set of data, and using live data continuously obtained from a test subject. The ANN 

may be trained too specifically for the training and validation set and unable to account for small 

variances in the frequency structure like that of which happen on a high mileage engine. When 

training you may be able to achieve 100% accuracy on the validation data, but fail to get accurate 

results on data that has never been used on the network. These problems could possibly be solved 

by having a larger data set, or implementing different data manipulation techniques. 

8.2 FUTURE DEVELOPMENT 
 

As with any first generation prototyped hardware, there will be a number of changes that will 

benefit the next version. The wireless sensor could benefit from the following upgrades: 

- Minor design changes that influence performance and WiFi connection stability. While the 

system operates fine, the signal strength of the WiFi could be improved. Occasion timeouts 

will happen if the wireless sensor is not close enough to the router. 

- More compact circuitry and components. 

- Ability to sample at higher frequencies – 44.1 kHz for accelerometer and audio 
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-  Change the plastic housing to a machined metal housing. 

- Expandable sensors and I/O 

Currently the firmware is based on the Energia platform, which has a lot of limitations, such as 

predefined pin applications that are not easily modified. Certain pins on the microcontroller can be 

used in multiple ways; however, they are limited to a specific application within the Energia 

development platform. This became apparent with one of the ADC pins, which was not able to take 

ADC readings and therefore had to have some hardware modifications.  Someone with a stronger 

background in computer science could vastly improve the performance of the wireless sensor by 

implementing a lower level firmware system. This would not only improve the speed of the 

wireless sensor, but also make the data acquisition much more robust and stable.  

With regards to the FDD and data collection, it is recommended that more research goes into the 

audio based analysis. Since only the raw audio from the microphone was used, the possibility of 

background noise affecting the system is very large. Implementation of varying noise reduction 

techniques could potentially benefit the system in a large way and vastly improve the performance. 
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 APPENDIX A 

CHANGING/UPDATING THE FIRMWARE: 
 

1. Obtain Energia IDE program from: http://energia.nu/ 

2. Connect the wireless sensor to the CC3200 development board using the prewired 4-pin 

connector or individual wires. Also connect jumper “SOP2” which and press reset to put it in 

programming mode.  

 

Figure A.0.1 – Wire connections for programming sensor 

3. Connect development board to USB of computer and open Energia program. 

http://energia.nu/
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4. Set board in Energia to “Launchpad /w CC3200(80MHz) 

 

5. Find the correct COM port and select it. 
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6. Open the desired firmware, make modifications if necessary and hit the upload button. The 

code will compile then upload to the wireless sensor. 

 

7. To run the new program you must remove the “SOP2” jumper and press reset. 

COLLECTING DATA FROM WIRELESS SENSOR: 
 

Interacting with the wireless sensor is as simple as connecting to a website on a computer. The 

wireless sensor acts as a webserver and waits for requests from a host. This will demonstrate how 

to connect to the desired Wi-Fi router. 
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1. Modify the wireless sensor firmware to connect to your desired Wi-Fi network and upload 

the new firmware.  

  

2. Either connect to the same Wi-Fi network, or plug in using Ethernet cable.

 

3. With both the computer and wireless sensor connected to the same network, you can now 

access the wireless sensor’s webserver. You can either look at your networks properties to 

find the wireless sensors IP address, or connect the wireless sensor to the development 



130 
 

board and look at the serial output.  You can also use the GUI tool to locate the IP address.  

 

4. For the ICE engine you must provide a signal from the CID sensor to begin recording data. 

Connect the signal conditioning board to your engine CID sensor. 
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5. To take a single engine cycle reading from the wireless sensor you need to send the wireless 

sensor an HTTP request. http://sensorIP/ACCELX or http://sensorIP/MIC will ask to create a 

file for the accelerometer or microphone respectively. After requesting a sample the 

wireless sensor will wait for the interrupt to trigger via the CID sensor before it begins 

recording. It will also automatically stop at the next trigger. 

6. Now the data is stored as a text file on the wireless sensor. To download the file you send a 

second HTTP request, either http://sensorIP/acc0001.txt or http://sensorIP/aud0001.txt. 

This will instruct the wireless sensor to send the file to your computer in the same way you 

would download a file in your browser. You can do this continuously within MATLAB to 

create your own datasets. 

http://sensorip/ACCELX
http://sensorip/MIC
http://sensorip/acc0001.txt
http://sensorip/aud0001.txt
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APPENDIX B 

WIRELESS SENSOR FIRMWARE PSEUDO CODE 
 

The wireless sensor performs simple tasks at the request of the user. These tasks are initiated using 

HTTP requests which allows for easy implementation into other programs and programming 

languages.  

START-UP AND GENERAL USE 
 

1>> Connect to Wi-Fi network using user entered parameters 

2>> Create webserver accessible to network users 

3>> Wait for server access containing command in URL 

4>> Execute user command (record microphone/accelerometer, create file, erase file, 

Enable LED) 

5>> Return HTTP request to user 

6>> Return to 3 

EXECUTE DATA COLLECTION 
 

1>> Wait for server HTTP request for engine data collection 

2>> Enable LED for user to know request has been made   

3>> Enable interrupt on CID sensor line 

4>> Wait for interrupt signal from CID sensor 

5>> Record data to RAM on board 

6>> Wait for interrupt signal from CID sensor 
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7>> Disable LED to know collection has finished 

8>> Store collected data in text file 

9>> Wait for server HTTP request for file download 

10>> Transfer file to workstation/user 

11>> Return to 1 
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APPENDIX C 

WIRELESS SENSOR BOM AND INFO 
 

 

 

 

 

Qty Value Package Parts Description

1 0.1" Header 1X04 FLASH Header 4

1 0.1" Header 1X06 JTAG Header 6

3 0.1uF 0402-CAP C4, C5, C8 Capacitor

1 0.1uF 0603-CAP C9 Capacitor

1 1.0pF 0402-CAP C50 CAPACITOR, American symbol

1 1.0uF 0402-CAP C2 Capacitor

1 1.5K 0402-RES R4 Resistor

1 100K 0402-RES R1 Resistor

1 100k 0402-RES R16 RESISTOR, American symbol

1 100pF 0402-CAP C3 Capacitor

2 100uF 0402-CAP C23, C24 CAPACITOR, American symbol

2 10K 0402-RES R2, R3 Resistor

4 10k 0402-RES R9, R10, R13, THERM1 Resistor

2 10uF EIA3216 C13, C19 Capacitor Polarized

4 1K 0402-RES R11, R12, R14, R15 Resistor

1 1uF 0402-CAP C10 Capacitor

1 2.7k 0402-RES R5 RESISTOR, American symbol

1 270R 0402-RES R6 RESISTOR, American symbol

1 2K 0402-RES R8 Resistor

1 3.6nH 0402-IND L1 Inductors

1 330R 0402-RES R7 Resistor

3 4.7uF 0402-CAP C1, C6, C7 Capacitor

3 5k 0402-RES RP1, RP3, RP5 RESISTOR, American symbol

3 6k 0402-RES RP2, RP4, RP6 RESISTOR, American symbol

1 832M1_ACCELEROMETER 832M1 U$2 832M1 MEMS Accelerometer

1 ADMP401 ADMP401 U2 Microphone

1 ANTENNA2SMD5 ANTENNA-CHIP5 U$3 Chip antenna

2 CC3200 CC3200MOD U$1, U$4 TI CC3200 Module

3 GREEN LED-0603 D1, D2, D3 LEDs

1 LiPo Battery JST-2-PTH JP7 Header 2

2 M02LOCK 1X02_LOCK JP91, PWR Standard 2-pin 0.1 header. Use with"

4 M02PTH 1X02 AUDIO, RX_JP, RX_TX, SOP2 Standard 2-pin 0.1 header. Use with"

1 M02PTH3 1X02_LONGPADS JP1 Standard 2-pin 0.1 header. Use with"

1 MCP3421 SOT-23-6 U5 18-Bit Analog-to-Digital Converter

1 MCP73831 SOT23-5 U4 Microchip's MCP73831

1 MIC5219 SOT23-5 U3 Voltage Regulator LDO

1 OPA344 SOT23-5 U1

1 RED LED-0603 D11 LEDs

1 Red LED-0603 LED1 LEDs

1 SWITCH TACTILE-SWITCH-1101NE RESET Various NO switches- pushbuttons, reed, etc
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The wireless sensor board has a number of useful pins broken out for debugging and programming 

such as JTAG and UART, the following image identifies these pins: 
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APPENDIX D 

WIRELESS SENSOR FIRMWARE CODE 
 

/* 

 Wireless Sensor Node Firmware 

  

 This is the firmware to the wireless sensor for collection vibration and 

sound data wirelessly.  

  

 To program sensor jumper "SOP2" must be connected and board reset. 

 To run firmware remove jumper.  

  

 The firmware connects to a network of your choice below. 

 The User can request difference actions from the sensor via HTTP. 

  

 In order to collect data, an interrupt must be triggered on pin "TX" on the 

sensor board. 

  

 Created by Sean Hodgins as a partial requirement of the completion of 

M.a.Sc. in Mech Eng. 

 09/15/2016   

 */ 

 

 

#include <SLFS.h> 

#ifndef __CC3200R1M1RGC__ 

// Do not include SPI for CC3200 LaunchPad 

#include <SPI.h> 

#endif 

#include <WiFi.h> 

 

//Loading Required Libraries 

#include "inc/hw_types.h" 

#include "inc/hw_memmap.h" 

#include "inc/hw_gpio.h" 

#include "driverlib/pin.h" 

#include "driverlib/gpio.h" 

#include "driverlib/prcm.h" 

 

//***************************************************************************

** 

 

 

//Configuring I/O Pins 

#define RD_LED 18 

#define GR_LED 15 

#define OR_LED 14  

#define accX 24 

#define accY 26 

#define accZ 25 
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#define MIC 25 

#define INT1 9  

#define aud 25 

 

 

volatile int readSensor = LOW; 

volatile int flag = LOW; 

int run = 0; 

//Setting Desired Sample Rate - This could use improvements. 

int sampleRateHz = 13000; 

int sampleRate = 1000000/sampleRateHz; 

 

// These are the WIFI requirements 

char ssid[] = "MMSN_Base_Station"; 

char password[] = "sensornode"; 

 

// your network key Index number (needed only for WEP) 

int keyIndex = 0; 

//unsigned int X[1000]; 

//unsigned int Y[1000]; 

//unsigned int Z[1000]; 

//unsigned int Aud[1000]; 

 

//Setting Some Flags 

boolean accelBit = 0; 

boolean audBit = 0; 

boolean downloadBit = 0; 

boolean streamBit = 0; 

WiFiServer server(80); 

char dFile[12]; 

 

const int chipSelect = 4; 

unsigned long fileSize = 0L; 

unsigned long waveChunk = 16; 

unsigned int waveType = 1; 

unsigned int numChannels = 1; 

 

 

//Name of files created 

char AccF[] = "acc0001.txt"; 

char AudF[] = "aud0001.txt"; 

char AccF1[] = "acc1001.txt"; 

 

void setup() { 

  Serial.begin(115200);      // initialize serial communication 

  //PinMuxConfig(); 

  pinMode(INT1, INPUT); 

  pinMode(RD_LED, OUTPUT); 

  pinMode(GR_LED, OUTPUT); 

  pinMode(OR_LED, OUTPUT); 

 

  Serial.print("Attempting to connect to Network named: "); 

  // print the network name (SSID); 

  Serial.println(ssid);  

  // Connect to WPA/WPA2 network. Change this line if using open or WEP 

network: 

  WiFi.begin(ssid, password); 
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  while ( WiFi.status() != WL_CONNECTED) { 

    // print dots while we wait to connect 

    Serial.print("."); 

    delay(300); 

 

  } 

 

  Serial.println("\nYou're connected to the network"); 

  Serial.println("Waiting for an ip address"); 

 

  while (WiFi.localIP() == INADDR_NONE) { 

    // print dots while we wait for an ip addresss 

    Serial.print("."); 

    delay(300); 

  } 

 

  Serial.println("\nIP Address obtained"); 

 

  // you're connected now, so print out the status   

  printWifiStatus(); 

 

  Serial.println("Starting webserver on port 80"); 

  server.begin();                           // start the web server on port 

80 

  Serial.println("Webserver started!"); 

  digitalWrite(16,LOW); 

  //Start the Flash memory system 

  SerFlash.begin(); 

} 

 

void loop() { 

 

  int i = 0; 

  //Create the size of the flash buffer 

  char flashBuffer[512]; 

  WiFiClient client = server.available();   // listen for incoming clients 

 

  if (client) {                             // if you get a client, 

    Serial.println("new client");           // print a message out the serial 

port 

    char buffer[150] = { 

      0                                                                                                            

};                 // make a buffer to hold incoming data 

    while (client.connected()) {            // loop while the client's 

connected 

      if (client.available()) {             // if there's bytes to read from 

the client, 

        char c = client.read();             // read a byte, then 

        Serial.write(c);                    // print it out the serial 

monitor 

        if (c == '\n') {                    // if the byte is a newline 

character 

 

          // if the current line is blank, you got two newline characters in 

a row. 

          // that's the end of the client HTTP request, so send a response: 

          if (strlen(buffer) == 0) { 
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            // HTTP headers always start with a response code (e.g. HTTP/1.1 

200 OK) 

            // and a content-type so the client knows what's coming, then a 

blank line: 

            int File; 

            client.println("HTTP/1.1 200 OK"); 

            if (streamBit == 1){ 

              client.println("Content-Disposition: attachment; 

filename=data.txt"); 

              client.println("Connection: close"); 

              client.println(); 

              int streamTime = millis(); 

              int streamTime2 = millis(); 

              while (streamTime2 - streamTime < 10000){ 

                client.println(analogRead(A1)); 

                //client.println("$"); 

                delay(10); 

                streamTime2 = millis(); 

              }  

              streamBit = 0; 

              client.println(); 

              client.println(); 

              break; 

            } 

            if (downloadBit == 1){ 

              //char fileoutBuff[1000] = ""; 

              downloadBit = 0; 

              client.print("Content-Disposition: attachment; filename="); 

              client.println(dFile); 

              client.println("Connection: close"); 

              client.println(); 

              Serial.print("Opening File: "); 

              Serial.println(dFile); 

              File = SerFlash.open(dFile, FS_MODE_OPEN_READ); 

              delay(300); 

              //client.println("SOF"); 

              if (File) { 

                while (SerFlash.available()) { 

                  size_t read_length = SerFlash.readBytes(flashBuffer, 512); 

 

                  int x = 0; 

                  if (read_length==512){ 

                    client.print(flashBuffer); 

                  } 

                  else{ 

 

                    while (x<read_length) { 

                      client.print(flashBuffer[x]); 

                      //Serial.print(flashBuffer[x]); 

                      x++; 

                    } 

                    //Serial.print("Read: "); 

                    //Serial.println(read_length); 

                  } 

                } 

              } 

              else{ 
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                Serial.println("Error opening file"); 

              } 

              SerFlash.close(); 

            } 

            else{  

              client.println("Content-type:text/html"); 

              client.println(); 

 

 

    //Creates the WEBPAGE 

              // the content of the HTTP response follows the header: 

              client.println("<html><head><title>Sensor Node 

SN_0001</title></head><body align=center>"); 

              client.println("<h1 align=center><font color=\"red\">Sensor 

Node SN_0001</font></h1>"); 

              client.println("<center>"); 

              client.println("<button 

onclick=\"location.href='/H'\">HIGH</button>"); 

              client.println("<button 

onclick=\"location.href='/ACCELX'\">Measure X</button>"); 

              client.println("<button 

onclick=\"location.href='/ACCELY'\">Measure Y</button>"); 

              client.println("<button 

onclick=\"location.href='/ACCELZ'\">Measure Z</button>"); 

              client.println("<button 

onclick=\"location.href='/MIC'\">Measure Audio</button>"); 

              client.println("<button 

onclick=\"location.href='/L'\">LOW</button><br>"); 

              client.println("<button 

onclick=\"location.href='/deletedata'\">Delete Data</button><br>"); 

              client.println("<button 

onclick=\"location.href='/streamdata'\">Stream Data</button><br>"); 

              //client.println("<a href=acc0001.txt target=_blank>DOWNLOAD 

ACC.</a>"); 

              //client.println("<a href=aud0001.txt target=_blank>DOWNLOAD 

AUD.</a>"); 

              client.println("<a href=acc1001.txt target=_blank>DOWNLOAD ACC 

1-Axis.</a>"); 

              client.println("</center>"); 

            } 

            // The HTTP response ends with another blank line: 

            client.println(); 

            SerFlash.flush(); 

            SerFlash.close(); 

            // break out of the while loop: 

            break; 

          } 

          else {      // if you got a newline, then clear the buffer: 

            memset(buffer, 0, 150); 

            i = 0; 

          } 

        } 

        else if (c != '\r') {    // if you got anything else but a carriage 

return character, 

          buffer[i++] = c;      // add it to the end of the currentLine 

        } 
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        // Check to see if the client request was "GET /H" or "GET /L": 

        if (endsWith(buffer, "GET /acc0001.txt")){ 

          String File = String(AccF); 

          downloadBit = 1; 

          accelBit = 1; 

          audBit = 0; 

          File.toCharArray(dFile, 12); 

        } 

        if (endsWith(buffer, "GET /aud0001.txt")){ 

          String File = String(AudF); 

          downloadBit = 1; 

          accelBit = 0; 

          audBit = 1; 

          File.toCharArray(dFile, 12); 

        } 

        if (endsWith(buffer, "GET /acc1001.txt")){ 

          String File = String(AccF1); 

          downloadBit = 1; 

          accelBit = 0; 

          audBit = 1; 

          File.toCharArray(dFile, 12); 

        } 

        if (endsWith(buffer, "GET /H")) { 

          digitalWrite(15, HIGH); 

          downloadBit = 0;          // GET /H turns the LED on 

        } 

        if (endsWith(buffer, "GET /L")) { 

          digitalWrite(15, LOW);                // GET /L turns the LED off 

          downloadBit = 0;           

        } 

        if (endsWith(buffer, "GET /ACCELX")){ 

          digitalWrite(15, HIGH);   

          downloadBit = 0;           

          accelBit = 0; 

          audBit = 0; 

          writeSingleAccFlash(accX); 

          detachInterrupt(INT1); 

          digitalWrite(15, LOW); 

        } 

        if (endsWith(buffer, "GET /ACCELY")){ 

          digitalWrite(15, HIGH);   

          downloadBit = 0;           

          accelBit = 0; 

          audBit = 0; 

          writeSingleAccFlash(accY); 

          detachInterrupt(INT1); 

          digitalWrite(15, LOW); 

        } 

        if (endsWith(buffer, "GET /ACCELZ")){ 

          digitalWrite(15, HIGH);   

          downloadBit = 0;           

          accelBit = 0; 

          audBit = 0; 

          writeSingleAccFlash(accZ); 

          detachInterrupt(INT1); 

          digitalWrite(15, LOW); 

        } 
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        if (endsWith(buffer, "GET /MIC")){ 

          digitalWrite(15, HIGH);   

          downloadBit = 0;           

          accelBit = 0; 

          audBit = 0; 

          writeSingleAccFlash(MIC); 

          digitalWrite(15, LOW); 

 

        } 

        if (endsWith(buffer, "GET /deletedata")){ 

          digitalWrite(15, HIGH); 

          Serial.println("Deleting Files"); 

          SerFlash.del(AccF); 

          SerFlash.del(AudF); 

          SerFlash.del(AccF1); 

          digitalWrite(15, LOW); 

        } 

        if (endsWith(buffer, "GET /streamdata")){ 

          digitalWrite(15, HIGH); 

          Serial.println("Streaming"); 

          streamBit = 1; 

          digitalWrite(15, LOW); 

 

        } 

      } 

    } 

    // close the connection: 

    client.stop(); 

    Serial.println("client disonnected"); 

  } 

} 

 

// 

//a way to check if one array ends with another array 

// 

boolean endsWith(char* inString, char* compString) { 

  int compLength = strlen(compString); 

  int strLength = strlen(inString); 

 

  //compare the last "compLength" values of the inString 

  int i; 

  for (i = 0; i < compLength; i++) { 

    char a = inString[(strLength - 1) - i]; 

    char b = compString[(compLength - 1) - i]; 

    if (a != b) { 

      return false; 

    } 

  } 

  return true; 

} 

 

void printWifiStatus() { 

  // print the SSID of the network you're attached to: 

  Serial.print("SSID: "); 

  Serial.println(WiFi.SSID()); 

 

  // print your WiFi IP address: 
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  IPAddress ip = WiFi.localIP(); 

  Serial.print("IP Address: "); 

  Serial.println(ip); 

 

  // print the received signal strength: 

  long rssi = WiFi.RSSI(); 

  Serial.print("signal strength (RSSI):"); 

  Serial.print(rssi); 

  Serial.println(" dBm"); 

  // print where to go in a browser: 

  Serial.print("To see this page in action, open a browser to http://"); 

  Serial.println(ip); 

} 

//Collect information from the accelerometer and write to flash. 

void writeSingleAccFlash(int sensorPin){ 

  //unsigned long camTime1, camTime2; 

  sampleRate = sampleRate; 

  int sampleOffset = 20; 

  int buffSize = 512; 

  char buf1[buffSize]; 

  char buf2[buffSize]; 

  char buf3[buffSize]; 

  char buf4[buffSize]; 

  char buf5[buffSize]; 

  char rbuf[buffSize]; 

  String sBuf1=""; 

  String sBuf2=""; 

  String sBuf3=""; 

  String sBuf4=""; 

  String sBuf5=""; 

  String rBuf = ""; 

  int buffSwitch = 0; 

  unsigned int sampleNum = 0; 

  SerFlash.del(AccF1); 

  Serial.println("Creating File: "); 

  Serial.println(AccF1); 

  int File = SerFlash.open(AccF1, FS_MODE_OPEN_CREATE(16392, 

_FS_FILE_OPEN_FLAG_COMMIT)); 

  if (File) { 

    Serial.println("File Created"); 

  } 

 

  else{ 

    Serial.println("Error creating file"); 

  } 

  delay(300); 

  SerFlash.close(); 

  Serial.println("Opening File"); 

  SerFlash.open(AccF1, FS_MODE_OPEN_WRITE); 

  delay(100); 

  Serial.print("Sample Rate(ms): "); 

  Serial.println(sampleRate); 

  Serial.println("Waiting for Interrupt"); 

  attachInterrupt(INT1, camDetect, RISING); 

 

  while(readSensor == LOW); 

  digitalWrite(RD_LED, HIGH); 
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  unsigned long cTime = millis(); 

  unsigned long nTime = millis(); 

  unsigned long sampleTime = micros(); 

  unsigned long sampleTime2 = micros(); 

  while (readSensor == HIGH){ 

    if (buffSwitch == 0){ 

      sBuf1=""; 

      while (sBuf1.length() < buffSize-5){ 

        if (readSensor == LOW){ 

          break; 

        } 

        sampleTime = micros(); 

        while(sampleTime - sampleTime2 < (sampleRate - sampleOffset)){             

//Wait for correct sampling interval. 

          sampleTime = micros(); 

        } 

        sampleTime2 = micros(); 

 

        sBuf1 += String (analogRead(sensorPin));//,HEX); 

        sBuf1 += (','); 

        sampleNum++; 

 

      } 

      sBuf1.toCharArray(buf1, sBuf1.length()+1); 

      SerFlash.write(buf1); 

 

 

      buffSwitch = 1; 

    } 

    if (readSensor == LOW){ 

      break; 

    } 

    if (buffSwitch == 1){ 

      sBuf2 = ""; 

      while (sBuf2.length() < buffSize-5){ 

        if (readSensor == LOW){ 

          break; 

        } 

 

        sampleTime = micros(); 

        while(sampleTime - sampleTime2 < (sampleRate - sampleOffset)){ 

          sampleTime = micros(); 

        } 

        sampleTime2 = micros(); 

        sBuf2 += String (analogRead(sensorPin));//,HEX); 

        sBuf2 += (','); 

        sampleNum++; 

 

      } 

      sBuf2.toCharArray(buf2, sBuf2.length()+1); 

      SerFlash.write(buf2); 

      buffSwitch = 2; 

    } 

    if (readSensor == LOW){ 

      break; 

    } 

    if (buffSwitch == 2){ 
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      sBuf3 = ""; 

      while (sBuf3.length() < buffSize-5){ 

        if (readSensor == LOW){ 

          break; 

        } 

 

        sampleTime = micros(); 

        while(sampleTime - sampleTime2 < (sampleRate - sampleOffset)){ 

          sampleTime = micros(); 

        } 

        sampleTime2 = micros(); 

        sBuf3 += String (analogRead(sensorPin));//,HEX); 

        sBuf3 += (','); 

        sampleNum++; 

      } 

      sBuf3.toCharArray(buf3, sBuf3.length()+1); 

      SerFlash.write(buf3); 

      buffSwitch = 3; 

    } 

    if (readSensor == LOW){ 

      break; 

    } 

    if (buffSwitch == 3){ 

      sBuf4 = ""; 

      while (sBuf4.length() < buffSize-5){ 

 

        if (readSensor == LOW){ 

          break; 

        } 

 

        sampleTime = micros(); 

        while(sampleTime - sampleTime2 < (sampleRate - sampleOffset)){ 

          sampleTime = micros(); 

        } 

        sampleTime2 = micros(); 

        sBuf4 += String (analogRead(sensorPin));//,HEX); 

        sBuf4 += (','); 

        sampleNum++; 

 

      } 

      sBuf4.toCharArray(buf4, sBuf4.length()+1); 

      SerFlash.write(buf4); 

      buffSwitch = 4; 

    } 

    if (readSensor == LOW){ 

      break; 

    } 

    if (buffSwitch == 4){ 

      sBuf5 = ""; 

 

      while (sBuf5.length() < buffSize-5){ 

        if (readSensor == LOW){ 

          break; 

        } 

 

        sampleTime = micros(); 

        while(sampleTime - sampleTime2 < (sampleRate - sampleOffset)){ 
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          sampleTime = micros(); 

        } 

        sampleTime2 = micros(); 

        sBuf5 += String (analogRead(sensorPin));//,HEX); 

        sBuf5 += (','); 

        sampleNum++; 

 

      } 

      sBuf5.toCharArray(buf5, sBuf5.length()+1); 

      SerFlash.write(buf5); 

      buffSwitch = 0; 

    } 

    if (readSensor == LOW){ 

      break; 

    } 

  } 

  nTime = millis(); 

  detachInterrupt(INT1); 

  int sampleLength = (nTime - cTime); 

 

  SerFlash.flush(); 

  //SerFlash.write(','); 

  //SerFlash.write(sampleLength); 

  SerFlash.flush(); 

  SerFlash.close(); 

  Serial.print("Stopped on Buffer: "); 

  Serial.println(buffSwitch); 

  Serial.print("Total Time Sampling: "); 

  Serial.println(sampleLength); 

  Serial.println("Finished Collecting Data, Closing File"); 

  Serial.print("Number of Samples saved: "); 

  Serial.println(sampleNum); 

  digitalWrite(RD_LED, LOW); 

} 

 

//Some Debugging programs. 

void testPrintFlash(){ 

  char flashBuffer[512]; 

  int sampleCount = 0; 

  Serial.print("Opening File to Read: "); 

  Serial.println("hello"); 

  int File = SerFlash.open(AccF, FS_MODE_OPEN_READ); 

  if (File) { 

    while (SerFlash.available()) { 

      SerFlash.readBytes(flashBuffer, 512); 

      for (int x = 0; x<512; x++){ 

 

        if (flashBuffer[x] == '$'){ 

          Serial.println(); 

          sampleCount++; 

        } 

        else{ 

          Serial.print(flashBuffer[x]); 

        } 

 

      } 

    } 
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    SerFlash.close(); 

    Serial.println("Finished Reading File"); 

    Serial.print("Samples Retrieved: "); 

    Serial.println(sampleCount); 

    Serial.println("Closing File"); 

  }  

 

  else { 

    Serial.println("File Did Not Open"); 

  } 

} 

 

//This routine is used for detecting the CID Signal. 

void camDetect() 

{ 

  //Serial.println("Cam Detected"); 

  //flag = HIGH; 

  if (readSensor == LOW){ 

    readSensor = HIGH; 

  } 

  else{ 

    readSensor = LOW; 

  } 

 

} 

 

 

 

SIMPLE WIRELESS SENSOR DATA COLLECTION PROGRAM - MATLAB 
 

sensortag = ('http://192.168.0.101');  %URL for sensor on Network 

EnableAudio = strcat(sensortag,'/MIC'); 

EnableSACC = strcat(sensortag,'/ACCELX'); 

DeleteData = strcat(sensortag,'/deletedata') 

GetAccelFile = strcat(sensortag,'/acc1001.txt'); 

GetAudFile =strcat(sensortag,'/aud0001.txt'); 

dataTOT = 0; 

TestNum = 300; 

NewFile = 1; 

check = 0; 

Fault = 'Healthy %Change depending on the current fault of the engine. 

for x = 1:TestNum 

    currentFile = strcat('C:\Users\hodginsa\Google 

Drive\CMHT\MATLAB\Tests\13KHz\',Fault,'\',Fault,'_',num2str(x)); 

  

    if exist(strcat(currentFile,'.txt'), 'file') 

  x = x+1; 

        NewFile = 0; 

 else 

  fprintf('File %s does not exist.\n', currentFile); 

        NewFile = 1; 

    end 

    if (NewFile == 1) 

        check = 0; 

        options = weboptions('Timeout', 3) 
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        % urlread(DeleteData,'timeout',15); 

        try 

            webread(EnableSACC,options); 

        catch 

            warning('Timeout') 

            check = 1; 

        end 

        %urlwrite(GetAccelFile,'test.csv','timeout',15); 

        if (check == 0) 

            try 

                outfilename = websave(currentFile,GetAccelFile,options); 

            catch 

                warning('Timeout') 

            end 

        end 

        %data = csvread('C:\Users\hodgins\Google 

Drive\CMHT\MATLAB\test.txt'); 

        %data = data(1:end-1); 

        %dataTOT = cat(2,dataTOT, data);  

         

    end 

end 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 


