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ABSTRACT 

Detection of Pre-ignition Events using Deep Neural Networks 

Nursulu Kuzhagaliyeva 

Engine downsizing and boosting have been some of the most widely used strategies 

for improving engine efficiency in recent years. Several studies have offered significant 

departures from on-road pre-ignition to steady-state engine laboratory studies, 

necessitating more robust data-driven diagnostic tools that can identify pre-ignition events 

in real world environments. The goal of this study is to apply deep neural networks for pre-

ignition (PI) detection, based on scientific data obtained from less expensive sensors (like 

lambda and low-resolution exhaust back pressure (EBP) data), as a replacement for high 

resolution in-cylinder pressure measurements. Two deep neural network (DNN) models 

are proposed and applied for classification of 221,728 combustion cycles from 18 

experiments with varying EBP. DNNs combined convolutional neural networks (CNNs) 

for detection of repetitive patterns in array-structured data, and recurrent neural networks 

(RNNs) for modelling in a temporal domain. The first model was fed data from the 

principal component analysis (PCA); the second model eliminated this step and was 

focused on time series input. As a performance metric, the area under the curve (AUC) of 

the receiving operating curve (ROC) was used for comparison of the two models. The 

model’s accuracy was tested on 44,305 cycles. Based on the AUC-ROC metric, the former 

model was better able to differentiate between pre-ignition and normal combustion cycles.  
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Chapter 1  Introduction 

1.1 Pre-ignition studies 

By 2014, the number of vehicles on the world’s roads exceeded 1.2 billion. In the 

1970s, engine research focused on reduction of local pollutants, such as carbon monoxide 

(CO), hydrocarbon emissions (HC), nitrogen oxides (NOx) and soot, or particulate matters 

(PM). With increased awareness of the adverse impact of climate change, the current thrust 

in the industry is on reducing global emissions of carbon dioxide (CO2). Since H2 

combustion produces no CO2, using high H/C ratio fuels results in lower CO2 formation, 

therefore the use of traditional gasoline fuel in efficient engines is a step towards reducing 

global exhaust gases. The requirement to meet carbon dioxide emissions regulations has 

been the main driver of passenger vehicle powertrain technology over several decades. In 

response to the fuel crisis, the Corporate Average Fuel Economy (CAFÉ) program was 

initiated in the 1970s, to place the responsibility for decreasing worldwide fuel 

consumption on automakers and suppliers. The CAFÉ fuel economy metric created new 

challenges for automotive manufacturers to meet powertrain performance and efficiency 

requirements [1].  

To comply with exhaust emissions regulations and fuel economy targets for the future, 

significant development of both gasoline and diesel engines is required. According to 

European Union (EU) fleet fuel economy data, improvements in diesel engine performance 

and increased diesel sales resulted in a sustained reduction in drive cycle CO2 emissions 

[2]. The UK has experienced a rise in sales of smaller vehicles with significantly better fuel 

economy. Currently, more than 60% of the world’s vehicles are gasoline-powered and use 

spark ignition. Several studies on powertrain development have predicted a decrease in the 
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relative dominance of diesel over gasoline engines, reporting that spark-ignition engines 

have more potential improvement in terms of fuel economy than compression ignition 

engines.   

In the past decades, a wide range of technologies have been developed for the improvement 

of gasoline engine performance, the most relevant being gasoline direct injection (GDI), 

exhaust gas recirculation (EGR), variable valvetrains (camshaft phasing, etc.), 

homogeneous charge compression ignition (HCCI), gasoline engine downsizing and 

friction reduction. These technologies are proven to have the potential for fuel economy 

improvement [2]. For example, HCCI potentially combines the advantages of both diesel 

and spark-ignition engines by using homogeneous charge. In HCCI, at low equivalence 

ratios, an engine can be operated unthrottled, resulting in better fuel economy, like that of 

a diesel engine. Also, at full power it can be operated in spark-ignition mode and produce 

a specific output equivalent to the gasoline engine [3]. 

Of these technologies, the downsizing of spark-ignited engines has exhibited efficiency 

gains of up to 20% and is frequently utilized in commercial vehicles. Downsizing is an 

important strategy for reducing fuel consumption and the CO2 footprint from passenger 

cars [1,2]. Recent studies have estimated that up to 25% fuel efficiency can be realized by 

substituting three-cylinder for six-cylinder in-line engines.  

Downsizing relies on the fact that maximum power is usually unnecessary for normal 

driving, thus, a smaller displacement is most often sufficient. Nevertheless, a smaller sized 

engine is limited by the maximum power it can produce. To deliver the same amount of 

power as in naturally aspirated engines, it is necessary to burn more fuel and air in a 

downsized spark-ignited engine; this is usually achieved by turbocharging, or boosting, 
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where intake air density is increased using exhaust enthalpy. Burning more fuel leads to 

higher indicated mean effective pressure (IMEP) for smaller engines [4-6]. 

 Due to increased temperature and pressure levels inside the combustion chamber 

[6], abnormal combustion phenomena are more likely to occur in such highly-boosted 

conditions. The most well-known of these irregular combustions is knock, when the auto-

ignition of the end-gas occurs in front of the flame front that is triggered by the spark. 

Although this unpredictable auto-ignition is stochastically initiated in the unburned gas, 

the frequency of occurrence and intensity can be regulated by delaying the spark advance 

(SA). The second most prevalent type of abnormal combustion is known as surface pre-

ignition. In this phenomenon, some parts of the combustion chamber are heated by 

combustion, causing the appearance of hot spots on the surface of the chamber, which 

induce premature ignition of the mixture. Hotspots usually appear on the surface of 

overheated exhaust valves, spark-plugs and piston heads, or deposits on the walls [7-9]. 

Over the decades, researchers have studied ways to prevent and control knocking 

combustion and surface pre-ignition, however since the 2000’s, a new form of irregular 

combustion, known as low speed pre-ignition (LSPI), has become an important concern. 

LSPI is ignition of the charge (fuel and air mixture), which occurs prior to spark plug firing 

at low engine speeds (under 3000 rmp), and high load (at least 10 bar BMEP, but generally 

more than 20 bar) [8, 10]. It is generally a rare event, appearing once in a few thousand 

cycles. Pre-ignition itself is not disastrous, however, it can transition to super [11, 12], or 

megaknock [13], which is catastrophically damaging to the engine, due to high knock 

intensities (up to 130 bar peak-to-peak) and peak pressure rise (250-350 bar). Megaknock 

includes three main steps: an early ignition of the mixture, followed by flame propagation, 
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and a bulk auto-ignition of the end gas. These three steps are depicted in the pressure trace 

of a conventional megaknock cycle [11], seen in Fig. 1.1, along with typical non-knocking 

and knocking cycles. 

 

Figure 1.1: Pressure curves from [11] for superknock (S2), knock (K2) and normal (N2) 

cycles 

Defining test methodologies and experimental studies to analyze low speed pre-

ignitions is more challenging because of its variable occurrence mode, and because LSPI 

cannot be regulated as knock events by retarded ignition timings that can also cause 

damage by providing extra time for chemical reactions to occur prior to spark. There is 

convincing evidence that LSPI arises from a different source than surface pre-ignitions. 

First, engine experiments have shown that the frequency of LSPI events decreases with 

increase wall temperatures. Also, in optical studies of LSPI, pre-ignition events were 

observed to originate inside the combustion chamber, and away from the surface [9, 10]. 

Because of its potential for severe damage to engines, LSPI has been widely 

recognized as a key limiting factor to further downsizing of spark-ignited engines. Ongoing 

discussion of the origin of pre-ignition--from its first observation to the present day—has 

still not resulted in a satisfactory explanation for the phenomenon. Due to the variety of 
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engine designs, fuels and operating conditions, several hypotheses for the LSPI mechanism 

have been proposed, which have considerable scientific support.  

1.2 Possible mechanisms of pre-ignition 

If all possible technical aspects are disregarded and analysis focuses only on the 

physicochemical nature of interactions leading to LSPI, the source of pre-ignition might be 

the interactions between fuel and other contaminants in a combustion chamber. 

Experimental analyses of pre-ignition in downsized engines, and the frequency of LSPI 

occurrence, indicated that auto-ignition of the mixture was not predicted from mean 

temperature and pressure readings in the combustion chamber, therefore, the sole 

explanation for LSPI was not the magnitude of auto-ignition of the air-fuel mixture itself. 

In fact, auto-ignition delays for homogeneous stochiometric mixtures, and mean pressure 

and temperature, are typically too high to trigger early combustion. So, it is likely that 

contaminants like oil droplets, or deposits with low ignition delays, can explain higher local 

reactivity and low auto-ignition delays [9]. 

The most prevalent theory of the physicochemical nature of flame initiation is that 

is derives from lubricant oil droplets and fuel interaction [14, 15]. Oil forms a lubricating 

film over the cylinder liner; when the piston moves up and down, oil droplets can 

accumulate in the piston’s crevice. High viscosity and surface tension in the lubricant oil 

does not permit droplets to jump into the combustion chamber. However, fuel spray 

injected towards the walls can dilute the oil and decrease its surface tension, releasing it 

into the volume of the combustion chamber. When the critical ratio of the fuel-oil mixture 

is achieved, it results in physical properties that more easily release the droplets. If the 

critical point is not achieved, the fuel-oil droplet can remain on the piston crevice, where 
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the metal surfaces usually cools it conductively. If the mixture jumps into the combustion 

volume, it should escape the scavenging process and achieve ignitable temperature [16, 

17]. As regards the chemical properties, the ignition delay of the fuel is usually too high to 

allow it to auto-ignite under typical operating conditions. But the base oils of lubricants are 

long chains of hydrocarbons with short ignition delay times. Some studies have reported 

that the addition of oil significantly reduced the ignition delay time of the fuel, leading to 

premature combustion [14]. Other researchers have claimed that ignition delay of fuel-oil 

droplets will not be sufficiently reduced to allow auto-ignition, therefore, other catalysts 

must be present, which are often attributed to calcium-based detergent additives or glowing 

deposit particles [18, 19]. 

For several decades, deposits have been considered a primary source of pre-

ignition. Before discovering the catalytic effect of metal additives in oil, these additives 

were assumed to increase the accumulation rate of deposits in engines, leading to an 

increase in the probability of pre-ignition events. Deposits that rest on the surface rarely 

lead to pre-ignition due to cooling by conduction from the metal surfaces. However, it may 

be possible for flaky (flying) deposits to reach ignitable temperatures and trigger pre-

ignition. Using this hypothesis, researchers at Toyota [20] placed powdered coffee grains 

in the combustion chamber with the air, to simulate natural pre-ignition events. Optical 

studies conducted by Dohler and Pritze [21] showed that particles with the critical diameter 

of an order of a tenth of a millimeter can cause pre-ignition. The deposit particle released 

from the previous combustion cycle escaped the scavenging process and may have caused 

an early ignition of the combustion mixture in the next cycle [22, 23]. 
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Although several hypotheses were proposed by researchers that explain the experimental 

observations equally well, there is still no consensus on the unique source, or mechanism, 

of pre-ignition.  

1.3 On-road monitoring of LSPI 

Thermodynamic engine experiments and optical studies of LSPI have greatly 

enhanced knowledge of the low speed pre-ignition phenomenon. Researchers have noted 

that a wide range of factors, including engine design, fuel properties, calibration, exhaust 

gas recirculation (EGR) and engine oil composition, effect the propensity and intensity of 

LSPI. The industry has developed several engine tests to better understand the mechanism 

of LSPI. As an example, the ASTM Sequence VG uses an engine to replicate the worst-

case scenario which could occur in a real vehicle. Michlberger and Sutton [24] investigated 

whether the results from laboratory experiments accurately represent LSPI as in a real 

vehicle. A 2013 GM Buick Regal, with a 2.0 L turbocharged gasoline direct injection 

engine was used for the on-road testing of LSPI.  Monitoring was conducted for eight 

months and 65,000 miles and identified at around 5,664 LSPI cycles. By the end of this 

study, LSPIs in actual on-road driving tests were compared to LSPIs observed in engine 

dynamometer tests. Their similarities generally agreed with premature combustion phasing 

and high peak pressures. In an actual driving context however, LSPI occurred at higher 

engine speeds (63% occurring over 3000 rpm), and the stochastic pre-ignition (SPI) term 

is more suitable here, since the phenomena appeared at higher engine speeds. Due to the 

transient nature of LSPI in actual cars, their cycles were more complicated than in steady-

state lab experiments. Thus, a new data processing technique is necessary to identify LSPI 

in on-road driving [24]. 
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1.4 Current diagnostic tools of LSPI 

A wide range of techniques, generally described as preventative or detection-based, are 

described in the literature, and may be referred to as either stochastic or deterministic pre-

ignition. In the automotive industry, faults--including knock--are detected by manually-

defined rules or model-based approaches. Currently, there are several techniques for knock 

and pre-ignition detection, such as combustion noise detection, in-cylinder combustion 

pressure detection and engine block vibration detection. The prevailing laboratory 

diagnostic tool is the in-cylinder combustion pressure sensor, which precisely detects LSPI 

in each cylinder because of its high signal noise ratio and high precision; unfortunately its 

cost is equally high. The combustion noise detection method is not widely used because of 

its lack of precision. Because of its high sensitivity to knock, high detecting precision and 

low cost [25], an engine block vibration detection tool and knock sensor is commonly built 

into most vehicles. 

Another useful tool for dynamic pre-ignition diagnostics is the ion current signal. 

Ionization current sensing is based on the formation of radical ions inside the combustion 

chamber due to the oxidation process in the flame front and thermal dissociation throughout 

the gas volume. Spark-ignited engines include two electrodes, making it possible to 

estimate ion concentration in the gap space between the electrodes by measuring the current 

and applying the voltage [26]. Many published studies have used the ion current signal for 

knock, or pre-ignition detection, in SI engines. The first publications on this topic are the 

pioneering works of Erikson et al. in 1997 [27], and in 2005 by Zhu et al. [28]. Due to its 

high precision, high signal noise ratio and low cost, the ion current signal is an effective 

method for detecting knock [29, 30]. Xiaomin, Wu et al. (2001) compared the performance 
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of an ion current signal sensor and engine block vibration and proved that the ion current 

detection method was more precise, its signal is easier to process, the cost is low and it can 

be implemented separately for each cylinder [31]. In a study by Cavina et al. (2017) [26], 

an ion current detection-based algorithm was implemented in a four-cylinder engine and 

found to be effective for the detection and prevention of pre-ignition events in turbocharged 

engines. Publications by Tong et al. in 2015 and 2017 [25, 32] showed that ion current 

sensing can be an effective method for detecting low-speed pre-ignition events in 

downsized turbo-charged engines. However, although this detection technique offers high 

precision and low cost, the ion current signal is usually too weak--especially at low engine 

speed and load. The stability of the ion current signal under a wide range of engine speeds 

and loads are the two main challenges to its practical implementation in passenger vehicles. 
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Chapter 2  Deep learning  

 
Machine learning (ML) is a subfield of artificial intelligence (AI) which targets teaching 

machines and how they learn without being programmed for a specific set of tasks. 

Depending on the type of learning, ML is divided into three main categories [33]: 

 Supervised learning 

 Unsupervised learning 

 Reinforcement learning 

Supervised learning is based on several labelled examples in which a prior class or 

category is known for each input example. In this case, the set consisted of labeled data, 

that is, input features and associated classes, or numeric values. In supervised learning, the 

main challenge is generalization: After analysis of a small number of labelled data, the 

model should accurately predict labels or numeric values for all types of input. The context 

of supervised learning involves not only classifiers, but also the regression tasks in which 

learning algorithms produce an output of numeric values.  Currently, there are several 

supervised learning algorithms that effectively perform classification and regression tasks, 

among them are decision trees, decision rules, neural networks and Bayesian networks 

[34]. 

In unsupervised learning, data is presented as input objects which (contrary to the case 

of supervised learning) is not pre-classified with the associated category. This type of task 

is relevant since, in the human brain, it is probably far more typical than supervised 

learning.  Unsupervised learning is used particularly in clustering tasks, in which a set of 
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objects with input features is given; the goal being to find and understand their 

relationships. [33] 

The third category of ML, reinforcement learning, emphasizes learning the system 

through its interactions with the environment. The machine behaves as an agent, interacting 

with the environment and receiving feedback in order to learn behavior to generate 

rewards. The scope of research on reinforcement learning covers a wide range of 

application areas such as neural networks, control engineering, psychology, genetic 

algorithms and many others [35]. 

Deep learning (DL) is a subfield of machine learning based on a specific type of 

learning mechanism. This mechanism is characterized by the effort to create computational 

models at several levels to learn representations of data with multiple levels of abstraction. 

DL uses an artificial neural network (ANN) inspired by the structure of neurons in the 

human brain [35, 36].  

 

Figure 2.1: How DL differs from AI [37] 
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Deep learning is making dramatic advances and solving challenges that have 

resisted the best attempts of the machine learning community for several decades. 

Learning-transformed data, with several levels of abstraction, proved to be very efficient 

in discovering intricate patterns in large sets of high-dimensional data, making deep 

learning applicable to many areas of science, government and business [37, 38]. These 

methods have rapidly improved the state of the art of speech recognition, object 

detection, visual object recognition and other areas. Deep learning has also achieved 

breakthroughs in natural language comprehension, topic classification, language 

translation, sentiment analysis, etc. In addition to producing extremely promising results 

in image and speech recognition, deep learning outperforms any existing machine 

learning tool in drug discovery and genomics [35]. 

2.1 Review of major network architectures 

2.1.1 Feed-forward multilayer neural network 

The feed-forward multilayer neural network is the most popular class of ANN. It 

consists of an input layer, several hidden layers and an output layer. Each layer is fully 

connected (FC) to the previous and the following layer. The nodes between each layer are 

connected in the form of an acyclic graph, as shown in Fig. 1.2. 
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Figure 2.2: Fully connected neural network [38] 

2.1.2 Convolutional neural networks (CNN) 

The purpose of a CNN is to learn high-dimensional features via convolutions. A 

CNN performs very well in image recognition, object detection, facial recognition and 

sound recognition tasks. The effectiveness of CNNs in these domains is one reason why 

the power of deep learning is recognized worldwide.  

CNNs are designed to analyze the input data, in which elements have structural 

relationships spatially: in other words, data that originates in the form of multiple arrays 

are best fit for CNNs. For instance, colorful 3D images consist of 2D arrays of pixel 

intensities and third dimension, corresponding to colour channels. Many other examples of 

data modalities are presented in the form of multiple arrays: 1D for sequences and signals, 

2D for images and audio spectrograms, and 3D for video or volumetric images. Three-

dimensional input data for CNNs specifies width, height and depth, also known as the 

number of channels, or features. For the images, the number of channels is usually three, 

denoting the RGB values for each pixel. In this type of data, input values, (e.g. pixels of 

image) are related spatially, and typically have specific local repeating patterns [35].  
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A CNN learns data via progressive abstractions; this learning is reminiscent of 

vision models of human and animal brains. The convolutional layers in ConvNets are 

directly modeled on biological data exported from physiological experiments conducted 

on the visual cortex. The structure of human vision is divided into multiple cortex levels, 

from one level to another, more structured information is recognized. As an example, 

humans can recognize more complicated geometries from single pixels, eventually to 

distinguish objects and faces. The cells in the visual cortex are sensitive to very small 

fragments of input [37]. 

A CNN preserves layer-oriented architecture, as in a traditional multilayered 

network, however, two main modifications were performed to allow the CNN to take 

advantage of the properties of spatially related input. Conventional multilayered networks 

connect every neuron from the previous layer to the (to a neuron?) neuron in the next layer, 

forming a fully connected structural network. In CNNs, the spatial arrangement of the 

neurons are modified to be structured in three dimensions, to match the volume of the input. 

Another change is in the connection between the layers.  In a CNN, the neurons in one 

layer are connected to only a small number of the neurons in the previous layer  [37]. 

 

Figure 2.3: Convolutional layers [38] 
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Figure 2.3 shows the processing pathway of 3D input through convolutional layers. 

Units in such layers are arranged in feature maps, in which each unit is linked to local 

patches on the feature maps of the previous layer, through a set of weights known as filters. 

The output of the filter operation is the local weighted sum passing through the non-

linearity, such as a ReLU. Each convolutional layer can have a different number of filters, 

or feature maps, to process data; this number is one of the parameters that can be tuned to 

improve the model’s performance. The important characteristic of a CNN is that all units 

in a feature map share the same filter bank, therefore, different feature maps in a layer use 

different filter banks. Such architecture allows the detection of distinctive local motifs, 

formed because local groups of values (such as images or audio) are typically highly-

correlated in multiple array data. In addition, the idea of units at different locations sharing 

the same filter bank helps to detect the repeating pattern in the different locations of the 

array, so the local statistics of signals do not vary with the location. CNN is so named 

because the filtering operation performed by a feature map is mathematically defined as 

discrete convolution [35, 37, 38]. 

The CNN mechanism is based on a mathematical operation known as convolution, 

which describes the method of merging two series of information. It is a relevant principle 

in both mathematics and physics and it defines the bridge between time and frequency 

domains by application of the Fourier transform [35]. 

The convolution operation is depicted in Fig. 2.4; it is the feature detector of 

convolutional neural networks. Input to convolution might be raw data or convoluted 

output from another convolution: it receives input, applies a convolution kernel, and 
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generates features maps as the output. The convolutional kernel acts as a filter, allowing 

only certain types of information to pass from the input. In object detection, for instance, 

an edge kernel passes information only from the edge of the image [37]. 

 

Figure 2.4: Convolution operation [38] 

As seen in Fig. 2.4, the kernel window slides across the input data to generate output 

feature maps. At each stage, the multiplication of kernel values and input values (which lie 

within the boundaries of the window), results in one value of the output map. In the 

common practice, the filter, or kernel, is interpreted as a set of weights in a convolutional 

layer. Parameters for convolutional layers and additional hyperparameters can be tuned for 

more accurate predictions [38]. 

2.1.3 Recurrent neural networks 

Recurrent neural networks (RNNs) are feed-forward neural networks that focus on 

modelling in the temporal domain. The distinctive feature of RNNs is their ability to send 

information over time steps. In their structure, RNNs have an additional parameter matrix 

for connections between time steps that promotes training in the temporal domain and 
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exploitation of the sequential nature of the input. RNNs are trained to generate output 

where the predictions at each time step are based on current input and information from 

the previous time steps [35].  

RNNs are applicable to analysis of input in the time series domain. Data in this 

domain is ordered and context-sensitive, while elements in one time step are related to 

elements in the previous time steps. Therefore, RNNs are applicable to many types of 

problems: natural language translation, language modelling, speech synthesis, time series 

predictions, music generation, video analysis, image captioning and many more [37].  

The majority of classification methods, such as support vector machines, logistic 

regression and other conventional feed-forward networks, have been successfully applied 

without a modelling time domain. The main drawback of these tools is that, by assuming 

independence between values in the input, the model can miss relevant long-range time 

connections. Recurrent neural networks take each vector from a sequence of input vectors 

and process them one at a time, so that they can learn from input of varying lengths [37].  

Like CNNs, RNN input involves three dimensions (Fig. 2.5): 

1. Mini-batch size – set of time-series points 

2. Number of columns (features) in input vector per time step 

3. Number of time steps – change in the input vector over time  
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Figure 2.5: Comparison between normal and RNNs input vectors [38] 

As previously mentioned, recurrent neural networks introduce the idea of recurrent 

connections. This type of wiring reconnects the output of a neuron in the hidden layer as a 

feed stream to the same hidden layer neuron. The recurrent connections and flow of 

information through the RNN can be visualized in Fig. 2.6.  

 

Figure 2.6: Feed forward flow for RNNs [38] 

Figure 2.7 demonstrates the term unrolling for time steps in an RNN. At each time 

step, every neuron in the hidden layer receives both input activation from the current input 

vector and from the previous hidden states. Thus, the output of the current time step is 

affected by the previous input vectors.  
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Figure 2.7: Unrolling of recurrent neural networks [38] 

Three cells can be used for training recurrent neural networks: simple RNN, LSTM and 

GRU cells.  

Simple RNN cells, composed of memory cells, were initially used for training 

recurrent networks. During training of a network that must store long range dependencies, 

the back-propagated gradients tended to either decrease, or grow at each time step. 

Therefore, the gradients tended to explode--or vanish--over many time steps; this issue is 

referred to as the vanishing gradient problem, it explains why training RNN is challenging 

and less approachable for the practitioner. 

To avoid vanishing gradients, the conventional memory cell was modified with 

explicit memory. The first idea of this kind was long short-term memory (LSTM); it is 

currently the most commonly used variation of recurrent neural networks. The main 
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components of LSTMs are the memory cell, the input and the forget gate. The 

information in the memory cell can be controlled by both the input and the forget gates. 

If both gates are closed, the content of the memory cell will not be modified between 

time steps, and the information can be retained over multiple time steps using the gating 

structure. 

2.2  Activation functions 

Activation functions are scalar-to-scalar transfer functions used to map the output 

of one layer’s nodes forward to the next layer [37]. There are several choices among 

activation functions: linear, rectified linear (ReLU), sigmoid, Softmax, hyperbolic tangent 

(tanh), etc. An example of using the activation function σ with the (x1, x2, ..., xm) input 

vector, (w1, w2, ..., wm) weight vector, b bias, and Σ summation is given in the following 

diagram. 

 

Figure 2.8: Example of using activation function [38] 

2.2.1 Softmax activation 

The Softmax activation function squashes predicted real numbers from the previous 

layer of neural network by normalizing them and transforming the output into probabilities 
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that can be humanly interpreted. This function is used extensively in classification tasks 

where output is produced as probabilities of each category, and the target class has the 

highest probability. Softmax activation can be computed using the following relationship 

[36, 39]: 

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑥𝑖) =
𝑒𝑥𝑖

∑ 𝑒
𝑥𝑗𝑁−1

𝑗=0

    Equation 2-1 

Softmax generates output in the range of 0 to one, with the sum of all probabilities being 

equal to one.  

2.2.3 Rectified linear activation 

Rectified linear (ReLU) is the most widely used activation for deep neural networks 

because of its superior generalization and performance over sigmoid or tanh activations 

[36]. Rectified linear is a transfer function that activates a node only if the input value is 

greater than 0. ReLU represents a nearly linear function; it performs a threshold operation 

on each input element in which values less than zero are set to zero and elements with 

values greater than zero are transformed linearly to the output. The operation is displayed 

below. 

𝑓(𝑥) = 𝑚𝑎𝑥(0, 𝑥)  Equation 2-2 
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Figure 2.9: ReLU activation function [38]  

The main advantage of ReLU is that it rectifies values less than zero, eliminating the 

vanishing gradient. Use of the rectified linear units ensures faster computations than 

sigmoid activation, since ReLU performs only linear operations. Rectified linear units are 

easy to optimize with a gradient-descent algorithm [36, 37], however, ReLU is prone to 

easily overfit in comparison to sigmoid. This limitation can be overcome by using 

regularization techniques, such as dropouts [36, 40]. 
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Chapter 3  Experiments 

The data from 16 experiments in an AVL single-cylinder research engine was used 

for model training and detection in this study.  Experiments were conducted with  Euro V 

certified gasoline. Engine specifications and details of fuel properties are reported in the 

Appendix (Table 1 and 2). The engine was equipped with centrally- and laterally-mounted 

direct injectors in the cylinder head. In these experiments, fuel was injected using the 

centrally-located injector. The central injector was a Bosch injector with six holes, 0.18 

mm in diameter. The injection pressure was 130 bar; the fuel passed through a conditioning 

unit, where the supply pressure, and a constant temperature of 20 C, were maintained. In 

these experiments, a stoichiometric operation (λ=1) was maintained throughout; a lambda 

sensor was placed 10cm downstream of the exhaust valves. Conditions in the experiments 

are shown in Table 1 [41] . 

Table 1: Test conditions  

Engine speed (rmp) 2000 

Fuel temperature (C) 20 

Coolant temperature 80 

Oil temperature 80 

Relative air-fuel ratio (lambda) 1 

 

In these experiments, the air flow rate was fixed to maintain constant intake 

pressure at 1.9 bar; the fuel flow rate was also set to achieve stoichiometry. Initially, 

exhaust back pressure was set at 2.5 bar; later, the exhaust throttle was parametrically 

opened, as a result, the intake temperature decreased. To maintain constant intake air 

pressure, the intake temperature was increased using a fast-response heater. At the same 

time, the air and fuel flow rates were kept constant to match the stoichiometry condition. 

During the analysis of experimental data from the described methodology, different 
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numbers of pre-ignition events were identified under various exhaust back pressures. In 

this work, 16 experiments, with exhaust back pressure ranging from 0.9 to 2.6 bar, were 

selected in order to cover a wider range of frequency of pre-ignition events at different 

operating conditions. A summary of the main operating conditions appears in Table 2 [41]. 

Table 2: Experiments with variation of exhaust-back pressure 

Detailed information on the experiments appears in Table 3 in Appendix A. 

FN EBP (bar) Intake pressure (bar) Intake temperature No. of combustion cycles 

317 2.6 1.9 25 15000 

321 2 1.91 45.5 15000 

327 1.4 1.91 94.5 15000 

335 0.9 1.91 130 7939 

337 0.9 1.91 126.6 15000 

338 1.2 1.91 113 15000 

339 1.25 1.91 109 13802 

340 1.6 1.91 89 7148 

341 1.6 1.91 75 15000 

342 1.6 1.91 81  15000 

355 2.4 1.9 26.5 15000 

356 2.4 1.9 26.5 15000 

357 2 1.9 54.4 15000 

358 2.1 1.9 43 15000 

360 1.8 1.9 62 15000 

362 1.6 1.9 85 15000 
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3.1  Data exploration 

It is crucial that the correct data is input to the neural network architecture for 

training and validation. Data exploration of different parameters helps to understand which 

features are meaningful for detection, resulting in better and more consistent results in the 

classification. The next section--data pre-processing--helps assure that the data has a useful 

scale and format.  

Data from 16 experiments were extracted and analyzed using the open source cross-

platform GPL tool for the analysis of internal combustion engine data, known as Catool. 

Catool, supports the industry standard AVL file formats. The raw files of an AVL file 

format were converted to CSV or DAT format files using Catool in MathWorks MATLAB. 

In both industry and academia, Catool is used to calculate parameters, such as indicated 

mean effective pressure (IMEP), maximum peak pressure rise, knock intensity, cycle 

statistics, etc. 

The data extracted from AVL files for the selected set of experiments can be 

classified into two categories. The first category is represented by the parameters that are 

recorded at each crank angle degree, or more frequently. Among such parameters are 

lambda (air/fuel ratio), in-cylinder pressure, exhaust and manifold pressures. This class of 

input into the machine learning problem will be referred to as the multivariate time series 

data, indicating sequence measurements of various parameters. The second class is defined 

as cycle values, such as crank angle degree, at which five, ten, 50 and 90% of mass fuel 

fraction is burned, and denoted as CA05, CA10, CA50, CA90, respectively, knock 
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intensity (KI), IMEP, ignition timing etc. These values were computed for every cycle in 

the experiment.   

3.2 Criteria for defining pre-ignition events  

Several methods define pre-ignition events. The criteria for pre-ignition 

classification is often based on the peak cylinder pressure, the knock intensity or the start 

of combustion. The start of combustion marker is commonly designated by CA10, the 

crank angle at which 10% of the mass fraction is burned (MFB). Another common practice 

is to define a PI event based on CA05, the crank angle at which 5% of mass fuel burned.   

Since pre-ignition events are characterized by early combustion phasing, burning 

5% of the fuel fraction takes place at smaller crankshaft angles during pre-ignition events. 

The number of pre-ignition events correspond to the number of cycles that are the outliers 

in the distribution of CA05 values in the entire dataset. The presence of LSPIs in a dataset 

skews the mean and standard deviation of CA05. 

The standard method, based on combustion phasing, defines pre-ignition as cycles 

falling outside the mean (CA05)-4.7* standard deviation (CA05)’ criteria. Another 

method, proposed by Zaccardi et. al, was to use the robust statistical method for 

computation of mean and standard deviation of CA05 values. 

The counts of pre-ignition events in one experiment (15,000 cycles) by both 

standard and robust techniques are illustrated in Figs. 3.1 and 3.2. As seen, robust 

methodology (Fig. 3.2) can capture more pre-ignition events than the standard method (Fig. 
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3.1) for the given experiment. Therefore, for the detection of pre-ignition events, the robust 

technique for PI classification was used.  

 

Figure 3.1: Definition of low speed pre-ignition events using standard method 

 

Figure 3.2: Definition of low speed pre-ignition events using robust statistical method 

Since pre-ignition events are characterized by early combustion phasing, the 

presence of LSPIs in a dataset skews the mean and standard deviation of CA05, especially 

in great numbers. The robust computations of standard deviation and mean are not 

influenced by extreme values; this helps to reveal more pre-ignition events than using the 
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standard method. The number of LSPI events defined by both methods for all 16 

experiments is shown in Table 3. 

Table 3: Pre-ignition counts defined with standard and robust methods 

FN 
# PI cycles 

(robust) 

# PI cycles 

(standard) 

Total number of 

cycles 

317 16 22 15000 

321 12 28 15000 

327 119 83 15000 

335 98 33 7939 

337 191 95 15000 

338 243 127 15000 

339 283 95 13802 

340 83 53 7148 

341 112 79 15000 

342  127 78   12639 

355 17 30 15000 

356 32 27 15000 

357 50 50 15000 

358 34 34 15000 

360 82 53 15000 

362 147 90 15000 

Total  1646 977 221528 

For further analysis, pre-ignition events were pre-classified using the robust method.  
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3.3  In-cylinder pressure trace for LSPI and normal combustion 

To choose the input for the neural network, the time series data of three parameters 

(in-cylinder pressure, lambda and exhaust back pressure), were analyzed for LSPI events. 

The pressure transducer easily detected pre-ignition events due to high peak pressure rise, 

in comparison to regular combustion cycles, as illustrated in Fig. 3.3 below. 

 

Figure 3.3: In-cylinder pressure trace for normal and LSPI cycles 

In some cases, pre-ignition can be followed by normal combustion, which is then 

followed by another PI event. In this study, such alternating pre-ignitions were counted as 

separate PIs. Figure 3.4 shows the in-cylinder pressure traces for pre-ignition, subsequent 

normal, and alternating pre-ignition events. 
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Figure 3.4: In-cylinder pressure trace for normal and alternating LSPI cycles. 

The main objective of this study is to use deep learning to detect pre-ignition events using 

lambda and exhaust back pressure sensors.  

3.4 Lambda data for LSPI and normal combustion 

Lambda measurements are recorded every 10-100 times in each crank angle degree 

of the combustion cycle. The lambda signal was interpolated for every CAD. Figure 3.5 

shows lambda data for four consecutive regular combustion cycles. Figure 3.6 illustrates 

the change in lambda when pre-ignition occurs. However, from these two graphs it is 

difficult to see any obvious deviation that could be useful for LSPI detection using the 

lambda sensor. 
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Figure 3.5: Lambda measurements for four consecutive regular combustion cycles 

     

Figure 3.6: Lambda measurements for consecutive combustion cycles with LSPI 

 

3.5 Exhaust pressure signals for LSPI and normal combustion event 

The most informative data for LSPI detection is the exhaust pressure signal. By 

comparing Figs.3.7 and 3.8, it can be seen that the exhaust back pressure value dropped 

after pre-ignition occurred in the combustion chamber. 
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Figure 3.7: Exhaust back pressure signal for consecutive normal combustion cycles 

 

 

Figure 3.8: Exhaust back pressure signals for consecutive normal and LSPI 

Figure 3.9 shows the exhaust back pressure time signal for LSPI and alternating LSPI 

cycles. 
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Figure 3.9: Exhaust back pressure signals for normal and alternating LSPI 
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Chapter 4  Classification task for pre-ignition detection  
 

The pre-ignition detection was formulated as a classification task using the deep neural 

network. Below is a schematic flow diagram of the problem. 

4.1 Data pre-processing 

For data pre-processing, the data analysis library Pandas, and numerical computation 

library Numpy, in Python, were used. The machine learning library, Sklearn,  popular for 

data mining and analysis, was also utilized. Data pre-processing was performed as follows. 

4.1.1  Input interval  

Step 1. Lambda and exhaust back pressure data in the interval between +125 and +225 

CAD (Fig. 4.1) were selected as raw data for the model.  The multivariate time series values 

resulted in multi-dimensional data. As the number of features or dimensions increased, the 

amount of data needed to be accurately generalized grew exponentially. Moreover, the 

processing power required for analysis increased with the amount of training data. A 

shrinking number of input features is one way to avoid the problem of dimensionality and 

construct a meaningful model. 
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Figure 4.1: Input interval of exhaust back pressure for data pre-processing 

4.1.2 Principal component analysis (PCA) 

The next step was to perform a principal component analysis (PCA) on the selected 

interval. PCA is a widely used dimensionality reduction tool applied for various machine 

learning problems; it is an effective technique that uses eigenvalue and eigenvector 

decomposition of the covariance matrix to project high dimensional input into a lower 

dimensional space. In other words, this tool facilitates the removal of redundant dimensions 

and retains the most important (informative) ones [42]. Before PCA, each parameter 

measurement was interpolated for one crank angle degree and constructed 100 dimensions 

for each parameter. After PCA, the number of features decreased to only 16 dimensions. 

In Fig. 4.2, a 2D scatter plot, for projections of lambda values on its principal 

components, shows that LSPI events (red triangles) were not separable from normal 

combustion. The graph on the right in Fig. 4.2 shows that three principal components were 

enough to explain 99% of the cumulative variance. A 3D plot of projections of lambda on 
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its three PC’s also offered no information about the difference between lambda features of 

normal and pre-ignition events in Fig. 4.3.  

       

Figure 4.2: PCA for lambda data and cumulative explained variance 

 

 

Figure 4.3: 3D plot of lambda data projections on three principal components (PCs) 

A projection of two principal components of 100-dimensional exhaust back 

pressure data in Fig. 4.4 showed good class separability of LSPI and regular combustion 
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cycles. The 3D plot of projections on its three PCS in Fig. 4.5 showed better distinction 

between these two classes, making the design of the classifier easier. From Fig. 4.4, 99% 

of exhaust pressure variance can be explained by five or more principal components

        

Figure 4.4: PCA of EBP data (2-D plot) and cumulative explained variance  

 

Figure 4.5: 3D plot of exhaust pressure data projections on three principal components 

(PCs) 

Considering PCA graphs for lambda and exhaust back pressure data, the most 

relevant parameter was the exhaust pressure projections on its PCs. Eight dimensions of 
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projection matrix were used as input. Further training with a deep neural network showed 

that the addition of lambda data after PCA slightly improved the performance of the 

classifier.  

4.1.3 Training, validation and test sets 

Step 3. Data was separated into training and validation (80%) and test (20%) sets. Twenty 

percent of the training set was used as validation data. To clarify the difference, the training 

set was input and combined with output for fitting the weights of the deep learning model. 

The validation set was used to make sure that the model generalized the patterns learned 

from the training set. This data was monitored during hyperparameter tuning, optimal 

number of layers, nodes, and learning rate. The validation set provided unbiased evaluation 

of a model on the training set. The test set was used to assess the generalization error.  

Table 4 summarizes the dataset statistics. 

Table 4: Training and test set 

Count/Set Training and validation Test  

# of all cycles 177221 44305 

# of pre-ignition cycles 745 262 

 

4.1.4 Min-max scaling and stacking two cycles 

Step 4. Input data was normalized using a popular min-max scaler to accelerate the learning 

process. Since the test set was real world data never seen by the model, scaling was 

performed on the training set and then applied to the test set. Afterward, the data was 

shuffled to further enhance model generalization. 
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4.1.5 Input for CNN  

The 2D data was reshaped into 3D for further processing in a convolutional neural 

network (CNN), a process known as data mini batching. The visualization of pre-

processing output is shown in Fig. 4.6. 

 

Figure 4.6: Data representation as 3D image input to CNN (after reshaping) 
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Chapter 5 Designing DNN for PI detection with two models 

For the classification task, two models were developed for the design of deep neural 

networks (DNNs). The main focus in data pre-processing is the projection of high 

dimensional data into lower dimensional space using PCA. The first model (Model 1) used 

input from PCA that had a reduced number of dimensions. PCA made it possible to remove 

redundant dimensions and preserve the most informative ones, greatly improving the 

performance of the classifier. 

On the other hand, selected experiments have a wide range of input parameters (EBP 

values), with various frequency of pre-ignition events, and projecting data onto one matrix 

from PCA can be inefficient for preserving information relevant to detecting LSPI. To test 

this hypothesis, the second model, Model 2, was developed for the time series input. The 

aim of this model was to implement end-to-end learning by direct learning from the time 

series data of EBP and lambda, using CNNs and RNNs.  

 

5.1 Model 1: Input from PCA 

5.1.1 Network architecture 

Different network architectures were tested for first 50 epochs to save time for training. 

The most promising result was found in the network architecture that combined 

convolutions and recurrent neural layers stacked linearly.  

The following diagram describes an input to the final neural network which ran 

through several layers, including fully connected and convolutional and recurrent layers, 

before achieving results. 
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Figure 5.1: Network architecture after hyperparameter tuning 

In Fig. 5.1, three-dimensional input data of two stacked consecutive cycles goes 

through three layers of convolutions, with a decreasing number of features maps with the 

kernel size 5*5. The output of the last convolutional layer was input into the recurrent 

neural network with a long short-term memory (LSTM) cell in order to learn from the 

sequential nature of the data. After CNN and RNN, the fully connected layer with rectified 

linear (ReLU) activation, and the FC layer with Softmax activation functions, were added. 

With the help of the Softmax activation function, technically output probabilities of the 

binary classification were obtained.   

As a part of the network architecture, batch normalization was added after each 

convolutional 1D layer. It is well known that the training of DNNs is usually disrupted 

because the distribution of each layer’s input varies during training, since the parameters 

of the previous layers change. The change in the distribution of network activations due to 

the change in network parameters is defined as the internal covariate shift [43]. The 

internal covariance shift also applies to layers and sub-networks. This issue slows the 

training process by requiring smaller learning rates and more careful parameter 
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initialization. Performing normalization for each training mini batch helps reduce the 

internal covariate shift and can accelerate the training process by removing the internal 

covariate shift from internal activations of the network. Batch normalization is based on 

normalizing activations and coupling this normalization in the network architecture. Batch 

normalization allows the use of higher learning rates and the model is trained faster with 

saturating nonlinearities [44]. 

Dropouts were also incorporated after each layer of the network architecture. 

Dropouts randomly remove a specified percentage of weights, thereby introducing noise 

into the neural network to force the model to learn to generalize well enough to deal with 

noise [40]. 

5.1.2 Modelling in Keras 

Step 1. Define the model 

A sequential model was built using Keras library [45], which is internally 

represented as a sequence of layers. Keras (http://keras.io) is a neural net Python library 

that can run on top of either Theano or TensorFlow, even though it will run by default using 

TensorFlow. First, a new sequential model was created, and layers were added to develop 

the network topology. After the model topology was defined, the next step was to compile 

the model with the Tensorflow backend [37]. 

Step 2. Compile the model 

After the model was defined, some choices remained: 

http://keras.io/
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 Which optimization algorithm should be used to update weights while the model is 

trained? 

 Which objective function should be used by the optimization algorithm to navigate 

the space of weights (also called the loss function)? 

The loss function is used to evaluate the weights, and the optimization algorithm allows 

search through various weights for the network. Some common options for the objective 

function include the mean squared error (MSE) between predicted and actual values, binary 

cross-entropy (the binary logarithmic loss) and categorical cross-entropy (a multi-class 

logarithmic loss) [36]. Since the task is defined as a binary classification, the objective 

function (binary cross-entropy, suitable for binary prediction) was chosen; it can be 

computed from the following equation, where t and p are larger, and predicted output: 

𝑙𝑜𝑠𝑠 = −𝑡𝑙𝑜𝑔(𝑝) − (1 − 𝑡) 𝑙𝑜𝑔(1 − 𝑝)          Equation 5-1 

Well known optimization algorithms in machine learning are stochastics gradient 

descent (SGD), RMSprop and adaptive moment estimation (ADAM). ADAM computes 

adaptive learning rates for each parameter. In addition to the decaying average of past-

squared gradients, ADAM stores the parameter’s momentum change [46]. ADAM shows 

very good results in practice and is one of the most prevalent optimizers today.  

When selecting an optimizer, it is important to choose the correct learning rate. If the 

learning rate is too big, there is a risk that the global minima will be missed in the learning 

procedure. If the learning rate too small, the probability of finding global minima is 

enhanced, however, it might take longer to converge to global minima. For this model, the 

ADAM optimization algorithm, with the default learning rate (0.001), was chosen.   The 

details of training parameters for the model are summarized in Table 5. 
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Table 5: Training parameters for Model 1 

Optimization algorithm ADAM 

Learning rate 0.001 

Loss function  Cross-entropy  

Batch size 1000 cycles 

Maximum number of epochs 

for training 
1000 

Validation split  0.2  

 

5.1.3  Model metrics 

Step 3. Choose model metrics. Precision and recall are extensively used accuracy 

metrics for evaluating model performance in binary classification. Precision (1) evaluates 

the accuracy of the prediction of positive events, whereas recall (2) assesses the model’s 

sensitivity to negative events [47].  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
             Equation 5-2 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
                  Equation 5-3 

The goal was to predict as many true pre-ignition events as possible (less false negatives, 

therefore high recall), with reasonable precision. 

 5.1.4 Hyperparameter Optimization 

The last step in modelling DNN before reporting the results was to tune the 

hyperparameters that resulted in the best predictions. Grid search and random search are 

common in the literature of empirical machine learning, where they are used to optimize 

the hyperparameters of learning algorithms. Several studies have empirically and 
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theoretically shown that randomly chosen trials are more efficient for hyperparameter 

tuning than experiments on a grid [48]. In this work, the manual search strategy was used 

for hyperparameter optimization. The random search was performed by arbitrarily 

selecting each hyperparameter from an array of proposed values and estimating the 

validation loss of the best model after 1000 epochs. The list of hyperparameter values used 

for the manual search is reported in Table 6 below. 

Table 6: Hyperparameter optimization for Model 1 

No. Filters in Conv1D (1) [8,16] 

No. Filters in Conv1D (2) [4,8] 

No. Filters in Conv1D (3) [2,4] 

No. Hidden layers in 

LSTM_1 
[8,16] 

Dropout_1 [0.1,0.2] 

Dropout_2 [0.1,0.2,0.3] 

Dropout_3 [0.1,0.2,0.3,0.4] 

Dropout_4 [0.1,0.2,0.3,0.4] 

Dropout_5 [0.1,0.2] 

 

5.2 Model 2: Time series input 

5.2.1  Network architecture 

In the second model of DNN, time series data from the interval between +125 to 

+225 CAD was input without performing principal component analysis. In this model, the 

input passed through three one-dimensional convolutional layers with a decreasing number 

of feature maps, followed by two layers of LSTM and fully connected layers. The main 
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difference from the first model was the increased number of feature maps in the CNNs for 

non-linear transformation from high dimensional input. The network architecture for 

Model 2 is depicted in Fig. 5.2. 

 

Figure 5.2: Network architecture for time series input 

5.2.2  Modelling in Keras  

Training parameters for Model 2 are summarized in Table 7 below. 

Table 7: Training parameters for Model 2 

Optimization algorithm ADAM 

Learning rate 0.001 

Loss function  Cross-entropy  

Batch size 3000 cycles 

Maximum number of 

epochs for training 
1000 

Validation split  0.2  
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5.2.3 Hyperparameter Optimization 

Analogically, as for Model 1, hyperparameter tuning using random search was performed 

for Model 2. Table 8 shows the parameters to be optimized: 

Table 8: Hyperparameter optimization for Model 2 

No. Filters in Conv1D (1) [128,64] 

No. Filters in Conv1D (2) [64,32] 

No. Filters in Conv1D (3) [32,16] 

No. Hidden layers in 

LSTM_1 
[16,32,64] 

No. Hidden layers in 

LSTM_2 
[16,32,64] 

Dropout_1 [0.2,0.3] 

Dropout_2 [0.2,0.3] 

Dropout_3 [0.1,0.2,0.3] 

Dropout_4 [0.1,0.2,0.3,0.4] 

Dropout_5 [0.1,0.2,0.3,0.4] 

Dropout_6 [0.1,0.2] 

Batch size [1000,3000,5000] 
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Chapter 6    Results and Discussion 

6.1 Results of Model 1 

6.1.1  Training and Validation loss 

Learning curves in machine learning help to evaluate the learning process (y-axis) over 

time, or number of iterations (x-axis). They are commonly used for algorithms, such as 

deep neural networks, that optimize their internal parameters incrementally over time. For 

the binary classification task, two types of learning curves can be obtained: optimization 

and performance learning curves. The former curve is estimated on loss function, the metric 

by which the parameters of the model are optimized. In this case, the smaller value of the 

loss function indicates that the model is learning well.  Whereas, the second type of curve 

is calculated on the metric by which the model performance will be evaluated, such as 

precision, recall and accuracy. These metrics, used to estimate learning, can be 

maximizing, which means that the higher the value of the metric the better the model 

performance.  

The optimization learning curve for training data, training loss plot versus number of 

iterations, is depicted in Fig. 6.1. As seen from the curve training loss, the measure of how 

well the model learned continually decreased with the number of epochs; this trend 

illustrates that the model learned how to map from given input features to respective class 

labels. 

The training loss was an error measure on the training set, and Fig. 6.1 shows that this 

error was reduced during model training.  
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The central challenge in machine learning is that the proposed algorithm must 

perform well on previously unobserved data, not just those on which the model was trained. 

The ability to perform well on new, previously unobserved input, is called generalization. 

Minimizing the training error is described as an optimization problem. What differentiated 

machine learning from optimization is that the objective is to reduce the generalization 

error. The ability of the model to generalize can also be seen using the predictions on the 

validation set.  

 

Figure 6.1: Training loss 

The validation loss is a measure of error computed on 20% of randomly selected 

data from the training set. The blue line in Fig. 6.2 represents the validation loss, which 

also decreased gradually, similar to the training loss. This result shows that the model did 

not memorize the training data and succeeded in generalization of patterns to predict 

categories of events.   
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Figure 6.2: Validation loss 

The shape of the learning curves in both training and validation sets can be used to 

diagnose the machine learning model behavior; it can also suggest the optimal network 

architecture and offer a clue about differences in the statistical features of the two sets.  

Three dynamics can be seen in the learning curves: underfitting, overfitting and 

good fit. The plots of training and validation losses are shown on one plot in Fig. 6.3.   
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Figure 6.3: Training and validation loss curves 

The plot shows a case with good fit, since both training and validation losses were 

decreased and reached a point of stability, and the gap between the training and validation 

errors was very small. 

6.1.2 Predictions on test set  

The assessment of generalization error can be performed using the test set, unseen 

data for the model. As a final evaluation step, the model was tested on 44,305 combustion 

cycles with 262 positive (pre-ignition) samples. To better understand the results from 

predictions on the test set, a confusion matrix for binary classification was used. The 

confusion matrix is a table of four different combinations of predicted and actual values 

[49]; it is extremely useful in calculating recall, precision, specificity, accuracy and area 

under the receiving operating curve (AUC-ROC). 

Results from the test predictions are shown in the confusion matrix in Table 9. The 

weights of the final model from hyperparameter optimization with the smallest validation 

loss, were loaded for estimation on the test set. The model detected 152 true pre-ignition 
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events (true positives) from 164 actual pre-ignitions (positives), resulting in 12 normal 

events that were predicted as pre-ignitions (false positives). One hundred ten pre-ignition 

events were not classified as positive samples and were labelled as normal cycles (false 

negatives).  

Table 9:  Confusion matrix 

  
Actual:   44305 

  

Positives:            

262 

Negatives:     

44043 

 

Positives: 

164 

True positives:      

152 

False positives:     

12 

Predicted: 44305 
Negatives: 

44141 

False negatives:  

110 

True negatives: 

44031 

 

The recall and precision metrics on the test set were computed using (1) and (2): 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
152

164
∗ 100% = 92.68 %     

𝑅𝑒𝑐𝑎𝑙𝑙 =
152

262
∗ 100% = 58.02 %        

In the test results, 110 actual pre-ignition events (approximately 40%), were 

classified as normal combustion cycles and thus, the recall value was too low. When 

dealing with heavy class imbalance in the dataset, the receiving operating characteristic 

(ROC) curve analysis helps to clarify the model discrimination analysis. In the ROC curve, 

the true positive rate (sensitivity) is plotted as a function of the false positive rate (100- 

specificity) at different decision threshold values. Each point on the ROC curve 

corresponds to a sensitivity/specificity pair at a particular cut-off point [50].  

True positive rate (TPR)\ recall\ sensitivity: 
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𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑟𝑎𝑡𝑒 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 
        Equation 6-1 

Specificity: 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
       Equation 6-2 

False positive rate (FPR): 

𝐹𝑃𝑅 = 1 − 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  
𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 

𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
      Equation 6-3 

The area under the curve (AUC) of ROC is a significant model performance metric 

and shows the ability of the model to discriminate between two classes. When the 

probability distribution of two classes does not overlap, in a test with perfect discrimination 

results, the ROC curve passes though the upper left corner with 100% sensitivity and 100% 

specificity. Thus, the closer the area under the curve is to the value curve, the greater the 

accuracy of the test. ROC, with area equal to 0.5, indicates that the test is incapable of 

differentiating between the two classes [50, 51].  

The ROC plot is depicted in Fig. 6.4. The area under the curve equals 0.983, 

indicating that the model was well able to differentiate between pre-ignition and normal 

combustion cycles. The curve is closer to the upper left corner of the plot, showing that the 

distribution probabilities of the two classes did not significantly overlap [52]. Thus, the 

threshold decision criterion can be changed to detect more pre-ignition events. The default 

option in Keras, of the predict function, sets the cut-off criterion at 0.5. After ROC analysis, 

the optimal threshold decision value was determined and set at 0.97, indicating that, if the 

probability of the sample point is higher than 97%, then it should be classified as a normal 

combustion cycle. 
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Figure 6.4: AUC-ROC curve 

The confusion matrix for the test set with an optimal threshold value is shown in 

Table 10. 

Table 10: Confusion matrix with optimal threshold probability 

  
Actual:   44305 

  

Positives:                  

262 

Negatives:          

44043 

 

Positives:              

331 

True positives:         

211 

False positives:       

120  

Predicted: 44305 
Negatives:         

43974 

False negatives:         

51 

True negatives:    

43923 

  
 

The optimal cut-off value was chosen to achieve higher recall with reasonable precision: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
211

262
∗ 100% = 80.53 %     

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
211

331
∗ 100% = 67.85 %       
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6.2 Results of Model 2 

6.2.1  Training and validation losses 

The results of training and validation losses are shown in Figure 6.5. After 1000 

epochs, the training and validation losses decreased and reached a stability point. The 

validation loss has many fluctuations, due to use of dropouts that introduced noise for 

model training.  As seen in Fig. 6.5, the gap between the training and validation loss was 

small, indicating no overfitting.  

 

Figure 6.5: Training and validation loss curves for time series input 

6.2.2 Predictions of test set 

The test set results from 44,305 cycles are shown in Table 11. 

Table 11: Confusion matrix for time series input 

  
Actual:   44305 

  

Positives:           

262 

Negatives:       

44043 



65 

 

Positives:  

49 

True positives:      

47 

False positives:        

2  

Predicted: 44305 
Negatives: 

44256 

False negatives:  

215 

True negatives: 

44041 

  
 

 

Precision and recall reached 96 and 18% respectively: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
47

49
∗ 100% = 95.92 %    

𝑅𝑒𝑐𝑎𝑙𝑙 =
47

262
∗ 100% = 17.94 %       

Analogically--as for the previous model—the ROC curve was plotted with the true 

positive rate on the y-axis and the false positive rate on the x-axis. The AUC-ROC metric 

was suitable for comparison with the two diagnostics tests. In comparison to the previous 

model, the AUC-ROC of the second model was lower, and equal to 0.82, since the location 

of the sensitivity/specificity plot did not pass through the upper left corner.  

 

Figure 6.6: AUC-ROC for the second model 
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By shifting the threshold decision criterion from default value 0.5 to 0.9, the combination 

of actual and predicted values was output, as shown in Table 12 below: 

Table 12: Confusion matrix for the time series input with optimal decision criterion 

  
Actual:   44305 

  

Positives:            

262 

Negatives:     

44043 

 

Positives: 

199 

True positives:    

125 

False positives:   

74  

Predicted: 44305 
Negatives: 

44106 

False negatives:   

137 

True negatives: 

43369 

 

The DNN model for pre-ignition detection, for the time series input of two 

parameters, supplied output predictions on unseen data with 63% precision and 58% recall. 

The test set output was predicted using the network architecture and weights of the best 

model from a random search of the hyperparameters, based on validation loss value. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
125

199
∗ 100% = 62.81 %    

𝑅𝑒𝑐𝑎𝑙𝑙 =
125

262
∗ 100% = 58.02 %       

6.3  Comparison of two models 

The area under the ROC curve can be used to estimate the performance of the 

classifier and to compare the two models. Based on AUC-ROC analysis shown in Fig. 6.7, 

Model 1 had a greater area and showed better discriminative ability for negative and 

positive events.  
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Figure 6.7: ROC curve for two models 

The plot of best validation losses for the two models, after hyperparameter tuning, 

is shown in Fig. 6.8. In both cases, validation loss decreased and reached almost the same 

stability point (0.009). However, the assessment of generalization error (test loss) was 

significantly higher for Model 2. The main cause for the poorer performance of Model 2 

could be the high dimensionality of the input features, and the model could not generalize 

well or detect new unseen data.  
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Figure 6.8: Validation losses for two models.             
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Chapter 7 Concluding Remarks and Summary 

Pre-ignition is a highly stochastic event and there is no particular mechanism or 

source that triggers such abnormal combustion phenomenon. Pre-ignition in on-road 

conditions did not replicate the experiments conducted on a lab scale in a steady state 

environment, therefore it was necessary to find less expensive ways to detect pre-ignition 

[24]. The transient nature of PI requires that more robust, data-driven diagnostic tools be 

developed for tests in real vehicles. In this study, the DL approach was used to show that a 

lambda sensor--available in all vehicles—and a low resolution EBP sensor, can be used to 

detect PI events, which are easily employable for on-road pre-ignition tests. Two DNN 

models were proposed and applied to PI detection in spark ignited engines, with EBP and 

lambda signals as input.  The first model included a dimensionality reduction tool, and 

PCA as a pre-processing step, this implies that input was projected onto a PCA matrix 

before classification was performed. The second model eliminated PCA analysis and 

classification was performed with 100-dimensional time-series input of two parameters, 

lambda and EBP. For performance comparison of the two models, the AUC-ROC 

statistical method was implemented. Based on the AUC value, the former model showed 

greater discrimination ability between pre-ignition and normal events and achieved greater 

precision and recall on predictions of 44,305 cycles in the test set. The simplicity of the 

network contributed to the short computational time that was required given the brief time 

scale available for detection in real world engines.  Overall, deep learning offered a 

promising approach to PI detection in real vehicles using less expensive sensors than an 

in-cylinder high resolution pressure transducer.  
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Future work will include application of more sophisticated data pre-processing 

steps, such as analysis of high order joint moments. By analogy to PCA vectors (obtained 

by decomposing second order joint momentum), principle kurtosis vectors were found by 

decomposing the fourth order joint cumulant tensor; they may correspond to the principal 

directions along which outliers appear.  Kurtosis analysis could be useful in advancing 

detection, or in predicting sparse pre-ignition events based on scientific time-series data. 

In addition to experiments with varying EBP, it might be especially useful to generate data 

with a crank angle or cycle-based soot measurements. The correlation between PI 

appearance and emissions data, (including HC, CO and NOx, from the previous 

combustion cycle) can also be key information for the prediction of PI propensity. 
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APPENDICES 

Appendix A: Methodology 

Table 1: Single cylinder engine specifications [41] 

Displaced volume  454 cm3 

Stroke 86 mm 

Bore 82 mm 

Compression ratio 9.7 

Valvetrain Four valve DOHC 

Cylinder head Pent-roof chamber 

 

Table 2: Properties of Coryton gasoline used in this study [41] 

Research octane number (RON) 97.5 

Motor octane number (MON) 86.6 

Specific gravity (SG) 0.7485 

Lower heating value (MJ/kg) 42.4 

Energy density (MJ/L) 31.7 

Aromatics (% v/v) 30.5 

Olefins (% v/v) 8.2 

Ethanol(% v/v) 5 

H/C ratio 1.776 

O/C ratio 0.015 
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Table 3: Experiments with different exhaust back pressure (full information) [41] 
 

 

  

SOI-1 
DOI-

1 
EBP P_TDC T_exh 

Spark-

Timing 
Lambda P_IN T_IN T_GlowPlug IMEP CoV Kp FN 

-300 5500 0.9 30.9 763 10 1 1.91 126.6 275 14.95 2.5 0.25 337 

-300 5500 1.2 30.4 788 8 1 1.91 113 285 15.1 2.3 0.29 338 

-300 5500 1.25 30.6 793 8 1 1.91 109 287 15.1 2.5 0.45 339 

-300 5500 1.6 31.8 798 5 1 1.91 89 303 15.9 2.6 0.38 340 

-300 5500 1.6 31.8 794 4 1 1.91 75 302 16.1 2.7 0.18 341 

-300 5500 1.6 31.4 792 4 1 1.91 81 300 16 2.3 0.27 342 

-300 5600 1.5 31.7 777 3 1 1.89 84 302 16.5 2.3 0.4 324 

-300 5500 0.9 30.9 774 10 1 1.91 130 275 14.95 2 0.36 335 

-300 5500 2.6 32.1  -3.5 1 1.9 25 318 16.9 2 0.5 317 

-300 5600 2 32.2 792 0 1 1.91 45.5 316 16.7 2.6 0.34 321 

-300 5550 1.4 32 797 6.5 1 1.91 94.5 297 15.8 2.7 0.28 327 

-300 5500 2.6 32.4  4 1 1.9 25 300 15 2.6 0.3 353 

-300 5500 2.4 32.3 803 1 1 1.9 26.5 295 16.6 2.9 0.3 355 

-300 5550 2.4 32.4 789 -3 1 1.9 26.5 316 17 2.3 0.4 356 

-300 5550 2 32 786 0 1 1.9 54.4 302 16.8 2.2 0.37 357 

-300 5550 2.1 32.1 789 -1.5 1 1.9 43 302 17.1 2.4 0.25 358 

-300 5550 1.8 32 787 0.5 1 1.9 62 305 17 2.1 0.3 360 

-300 5550 1.6 31.8 792 4 1 1.9 85 298 16.4 2.3 0.47 362 

-300 5550 1.45 31.6 813 8 1 1.9 98 281 15.2 2.5 0.34 363 
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Appendix B: Data pre-processing and model design 

%% Code for extraction of averaged lambda, exhaust back pressure 

and CA05 values 

clc; 
clear all; 
directory_processing_queue = 'C:\Users\kuzhagn\Desktop\PI detection\18 

experiments '; 
directory_output = 'C:\Users\kuzhagn\Desktop\PI detection\Converted 

files'; 

  
%----------------------------------------------------------------------

--------------------------------------- 
% Obtain data sets and subsets in queue 
%----------------------------------------------------------------------

--------------------------------------- 
files = dir(directory_processing_queue); 
file_index = find(~[files.isdir]); 

  
%----------------------------------------------------------------------

--------------------------------------- 
% Loop through data sets and subsets in queue 
%----------------------------------------------------------------------

--------------------------------------- 
for q = 3:length(file_index); 

     

  
    baseFileName = files(q).name; 
    out=regexp(baseFileName,'\d+','match'); 
    out=str2double(cat(1,out[41])); 
    disp(out); 
    ifile_name = files(file_index(q)).name; 
    ifile_path = fullfile(directory_processing_queue, ifile_name); 
    ifile = load_ifile(ifile_path, 1); 

     

     
    %% Determining the type  

  
    if findstr(ifile_name, 'PI'); 
       engine = 'PI'; 
       device = 'KAUST AVL pre-ignition engine';         
    end 

     
    %% Extracting data from PI file 
    if strcmp(engine, 'PI') 
        clear  location condition CAlambda 
        clear okay_cycles CA05 lambda average_lambda 

     

         
    CA05 = ifile.AI05X_1.data;      %% crank angle at heat release 05             
    CAPexh = ifile.PEXH1.axis; 
    pressure_exhaust = ifile.PEXH1.data;          
    lambda=ifile.LAMBDA.data; 
    CAlambda=ifile.LAMBDA.axis; 



78 
  
    %% Find okay cycles 
    j=1; l=1; m=1; 
    for k=1:size(CA05); 
        if CA05(k)== -30; 
        interrupt(l)=k; 
        l=l+1; 
        else 
        okay_cycles(m)=k; 
         m=m+1; 
        end 
    end 
    lambda=lambda(:,okay_cycles); 

     
%----------------------------------------------------------------------

--------------------------------------- 
% Find lambda average for each crank angle degree(CAD) 
%----------------------------------------------------------------------

---------------------------------------    
    for k=1:length(lambda(1,:)); 
          l=k; 
          p=1; 
          t=1; 
          m=length(CAlambda)-1; 
        for i=1:m; 
            if CAlambda(i)==-360+p-1; 
                h=i; 
                condition=0;    
            end; 
            if p~=720 
            if CAlambda(i)==-360+p; 
                b=i; 
                condition=1; 

                 
            end 
            end 
             if p==720 
               if CAlambda(i)>359.8; 
                b=i; 
                condition=1; 
               end  
             end 
            if condition==1; 
              temp=lambda(h:b,k); 
              p=p+1; 
              average_lambda(t,1)=-360+p-1; 
              average_lambda(t,k+1)=mean(temp); 
              condition=0; 
              t=t+1; 
              h=b+1; 
              clear temp 
            end  

            
        end;      
        end; 
CA_lambda=average_lambda(:,1);  
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average_lambda=average_lambda'; 
average_lambda(1,:)=[]; %% Remove CAD units 

  

  
%----------------------------------------------------------------------

--------------------------------------- 
% Extracting lambda averaged for each experiment   
%----------------------------------------------------------------------

--------------------------------------- 
newfilename = sprintf('Lambda_averaged_%d.csv',out); 
csvwrite(newfilename,average_lambda); 

  
%----------------------------------------------------------------------

--------------------------------------- 
% Extracting exhaust back pressure data 
%----------------------------------------------------------------------

--------------------------------------- 
pressure_exhaust=pressure_exhaust'; 
pexh=pressure_exhaust(okay_cycles,:); 
newfilename_ebp = sprintf('Pressure_exhaust_%d.csv',out); 
csvwrite(newfilename_ebp,pexh); 

  
%----------------------------------------------------------------------

--------------------------------------- 
% Extracting CA05( CAD at which 5% of mass fration of fuel is burnt) 
%----------------------------------------------------------------------

--------------------------------------- 
newfilename = sprintf('CA05_%d.csv',out); 
csvwrite(newfilename,CA05); 

  
end; 
end; 
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% Code for labelling output classes by robust method 

 

clc; 
clear all; 
directory_processing_queue = 'C:\Users\kuzhagn\Desktop\PI detection\18 

experiments '; 
directory_output = 'C:\Users\kuzhagn\Desktop\PI detection\Converted 

files'; 

 
%----------------------------------------------------------------------

--------------------------------------- 
% Obtain data sets and subsets in queue 
%----------------------------------------------------------------------

--------------------------------------- 
files = dir(directory_processing_queue); 
file_index = find(~[files.isdir]); 

  
%----------------------------------------------------------------------

--------------------------------------- 
% Loop through data sets and subsets in queue 
%----------------------------------------------------------------------

--------------------------------------- 
for q = 3:length(file_index); 

     
    baseFileName = files(q).name; 
    out=regexp(baseFileName,'\d+','match'); 
    out=str2double(cat(1,out[41])); 
    disp(out); 
    ifile_name = files(file_index(q)).name; 
    ifile_path = fullfile(directory_processing_queue, ifile_name); 
    ifile = load_ifile(ifile_path, 1); 

     

     
    %% Determining the type  

  
    if findstr(ifile_name, 'PI'); 
       engine = 'PI'; 
       device = 'KAUST AVL pre-ignition engine';         
    end 

     
    %% Extracting data from PI file 
    if strcmp(engine, 'PI') 
        clear  CA05 location 
        clear okay_cycles  

     

         
    CA05 = ifile.AI05X_1.data;      %% crank angle at heat release 05             

     

  
    %% Find okay cycles 
    j=1; l=1; m=1; 
    for k=1:size(CA05); 
        if CA05(k)== -30; 
        interrupt(l)=k; 
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        l=l+1; 
        else 
        okay_cycles(m)=k; 
         m=m+1; 
        end 
    end 

    
     CA05=CA05(okay_cycles); 
%----------------------------------------------------------------------

--------------------------------------- 
% Robust statistical method for defining pre-ignition 
%----------------------------------------------------------------------

---------------------------------------      

      
     [std_dev,average] = robustcov(CA05); 
     %average=mean(CA05); 
     %std_dev=std(CA05); 
     outlier=average-4.7*std_dev;   

     j=1; 
     for i=1:length(CA05(:,1)); 
     if  CA05(i,1)<outlier;   
         location(j)=i; 
         j=j+1; 
     end; 
     end; 

         
    k=1; 
    i=1; 
    for j=1:length(CA05(:,1)); 
        if i<(length(location(1,:))+1) 
        if j~=location(1,i); 
        class(j)=0; 
        end; 
        if j==location(1,i); 
        class(j)=1; 
        i=i+1; 
        end; 
        k=k+1; 
        else class(j)=0; 
         end; 
    end 

  
%----------------------------------------------------------------------

--------------------------------------- 
% Extracting labels for each cycle 
%----------------------------------------------------------------------

--------------------------------------- 
class=class'; 
newfilename_class = sprintf('Outputrobust_%d.csv',out); 
csvwrite(newfilename_class,class);  
end; 
end; 
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Code for hyperparameter tuning for Model 2  

 

#!/usr/bin/env python 

# coding: utf-8 

 

# In[1]: 

import tensorflow as tf 

import keras 

import keras.backend as K 

from keras.models import Sequential 

from keras.layers import Dense, Activation, Embedding, Dropout, 

Reshape, Lambda 

from keras.layers import LSTM, Conv1D,  MaxPooling1D, 

BatchNormalization 

from keras.optimizers import RMSprop, Adam, SGD 

from keras.utils import to_categorical 

from keras.layers.pooling import AveragePooling1D 

from keras.layers.pooling import GlobalAveragePooling1D 

from keras.layers import Flatten 

import numpy as np 

import pandas as pd 

import sklearn 

from sklearn.preprocessing import MinMaxScaler 

from sklearn.utils import class_weight 

from keras.regularizers import l2 

from keras.callbacks import ModelCheckpoint 

 

##Importing input data  

Pres_exhaust=pd.read_csv('Pressure_exhaust_317_362_all.csv', 

header=None) 

Pres_exhaust=np.array(Pres_exhaust) 

Average_pexh=pd.read_csv('Pexh_averaged.csv', header=None) 

CA_05=pd.read_csv('CA05_317_360.csv',header=None) 

CA_05=np.array(CA_05) 

CA_05=CA_05[:-1,:] 

Xdata=np.concatenate((Average_pexh,Pres_exhaust),axis=1); 

Xdata=Xdata[1:] 

Xdata=np.concatenate((Xdata,CA_05),axis=1); 

Ydata=pd.read_csv('Output_317_360_robust.csv',header=None) 

Ydata=np.array(Ydata) 

Ydata=np.reshape(Ydata,(-1,1)) 

 

 

# In[3]: 

m=177222 

input_dim=Xdata.shape[1] 

# Scaling all data 

X_train=Xdata[0:m][:]; 

X_test=Xdata[m:][:]; 

 

scaler=MinMaxScaler() 
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scaler.fit(X_train) 

X_train_scaled = scaler.transform(X_train) 

X_test_scaled=scaler.transform(X_test) 

 

 

seq_length=2  # Number of cycles in one sequence 

def create_dataset(dataset, lookback): 

    X=[] 

    a=np.zeros((lookback,input_dim)) 

    for i in range(0,dataset.shape[0]-1): 

        for j in range(i,i+lookback): 

            a=dataset[j][:] 

            X.append(a) 

    return np.array(X) 

 

X_train_scaled_with_timesteps=create_dataset(X_train_scaled,seq_l

ength) 

X_test_scaled_with_timesteps = 

create_dataset(X_test_scaled,seq_length) 

X_train_scaled_with_timesteps=np.reshape(X_train_scaled_with_time

steps,(-1,input_dim*2)) 

#  Extracting y data  

y_train1=Ydata[2:(m+1)] 

y_test1=Ydata[(m+2):] 

y_train1=np.reshape(y_train1,(-1,1))   ##   for validation pi 

events removal 

y_test1=np.reshape(y_test1,(-1,1))  

Data_all=np.concatenate((X_train_scaled_with_timesteps,y_train1), 

axis=1) 

Data_all.shape 

 

 

# In[5]: 

X_test_scaled_reshaped=np.reshape(X_test_scaled_with_timesteps,(-

1,seq_length*input_dim,1)) 

 

 

# In[7]: 

X_trainnew=[] 

dim=Data_all.shape[1] 

cond=0 

pinumbers=0 

for i in range(0,88609): 

    h=2*i    

    m=0 

    r=(i-1)*2  

    f=i 

    u=0 

    for k in range(h,h+2): 

        if Data_all[k][dim-1]==0:  ## if pre-ignition is not 

found 
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            m=m+1 

        if Data_all[k][dim-1]==1: ## if pre-ignition is found 

            u=u+1; 

            if u==1: 

                p=k 

                ## First pi event found 

                pinumbers=pinumbers+1 

                ## Case 1 

                if m==0: 

                    for j in range(2*i-1,p+1): 

                        X_trainnew.append(Data_all[j][:])  ## 

Copy pi cycle + previous 2 cycles 

                        

                ## Case 2         

                if m==1: 

                    for t in range(2*i-1,p+1): 

                        X_trainnew.append(Data_all[t][:])  ## 

Copy pi cycle + previous 2 cycles 

                 

            if u==2: 

                pinumbers=pinumbers+1 

                w=k 

                g=w-p-1  

                for j in range(w-g+1,w+1): 

                    X_trainnew.append(Data_all[j][:])  ## Copy pi 

cycle + previous 2 cycles 

                    

                     

                     

    if m==2: 

        cond=0 

        X_trainnew.append(Data_all[h][:]) ## If all sequences 

have label 0, copy only one sequence 

 

# In[8] 

X_trainnew=np.reshape(X_trainnew,(-1,dim)) 

dim=Data_all.shape[1] 

picount=0 

index=[] 

for i in range(X_trainnew.shape[0]): 

        if X_trainnew[i][dim-1]==1: 

            picount=picount+1 

            index.append(i) 

 

Data_pi=X_trainnew[index] 

negative=np.delete(X_trainnew,index,axis=0) 

indices_pi_val = 

np.random.choice(Data_pi.shape[0],285,replace=False) 

pi_val=Data_pi[indices_pi_val] 

Data_pi_train=np.delete(Data_pi,indices_pi_val,axis=0) 
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indices_norm_val = 

np.random.choice(negative.shape[0],17850,replace=False) 

norm_val=negative[indices_norm_val][:] 

Train_norm=np.delete(negative,indices_norm_val,axis=0) 

Val_dataset=np.concatenate((norm_val,pi_val), axis=0) 

np.random.shuffle(Val_dataset) 

Train_set=np.concatenate((Train_norm, Data_pi_train), axis=0) 

np.random.shuffle(Train_set) 

 

 

# In[9]: 

# Create training set 

y_sample_train=np.array(Train_set[:,input_dim*seq_length]) 

y_sample_train=keras.utils.to_categorical(y_sample_train, 

num_classes=2) 

X_sample_train=np.delete(Train_set, np.s_[-1:], axis=1) 

X_sample_train=np.reshape(X_sample_train,(-

1,seq_length*input_dim,1)) 

y_test=keras.utils.to_categorical(y_test1, num_classes=2) 

## Creating validation set 

y_val1=np.array(Val_dataset[:,input_dim*seq_length]) 

y_val=keras.utils.to_categorical(y_val1, num_classes=2) 

X_val=np.delete(Val_dataset, np.s_[-1:], axis=1) 

X_val=np.reshape(X_val,(-1,seq_length*input_dim,1)) 

 

 

# In[32]: 

filters_1=[128,256] 

filters_2=[64,128] 

filters_3=[32,64] 

drops_1=[0.2,0.3] 

drops_2=[0.2,0.3] 

drops_3=[0.1,0.2,0.3] 

drops_4=[0.1,0.2,0.3,0.4] 

drops_5=[0.1,0.2,0.3,0.4] 

drops_6=[0.1,0.2] 

hidden_layers_1=[16,32,64] 

hidden_layers_2=[16,32,64] 

batch=[1000,3000,5000] 

 

 

# In[37]: 

filter_1=np.random.choice(filters_1) 

filter_2=np.random.choice(filters_2) 

filter_3=np.random.choice(filters_3) 

drop_1=np.random.choice(drops_1) 

drop_2=np.random.choice(drops_2) 

drop_3=np.random.choice(drops_3) 

drop_4=np.random.choice(drops_4) 

drop_5=np.random.choice(drops_5) 

drop_6=np.random.choice(drops_6) 
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hidden_layer_1=np.random.choice(hidden_layers_1) 

hidden_layer_2=np.random.choice(hidden_layers_2) 

batches=np.random.choice(batch) 

 

 

# In[38]: 

import os 

cwd = os.getcwd() 

cwd 

 

 

# In[39]: 

import time 

import uuid 

import os 

import pathlib 

 

# this string has some information I find useful to save, you 

should change it 

# to include the experiment stuff that are important to you (like 

batch size, 

# number of filter, etc...) 

# I add a timestamp with full date and a UUID to make sure the 

folder is unique 

timestamp = time.strftime('%Y-%m-%d-%H:%M:%S') 

experiment_string = 

'{}_{}_{}'.format(timestamp,batches,uuid.uuid4()) 

 

# base_dir is root folder where the data will be saved, and 

experiment_string 

# is the folder specific to this experiment 

base_dir='/home/kuzhagn/hyper_timeseries/output_files_time10' 

#base_dir='home/horvats/Desktop/Pregnition_training/ Untitled 

Folder 1/PI detection' 

experiment_dir = os.path.join(base_dir, experiment_string) 

pathlib.Path(experiment_dir).mkdir(parents=True, exist_ok=True) 

 

 

# In[42]: 

model=Sequential(); 

model.add(Conv1D(filters=filter_1,kernel_size=10,activation='relu

')); 

model.add(BatchNormalization()); 

model.add(Dropout(drop_1)) 

model.add(Conv1D(filters=filter_2,kernel_size=10,activation='relu

')); 

model.add(BatchNormalization()); 

model.add(Dropout(drop_2)) 

model.add(Conv1D(filters=filter_3,kernel_size=10,activation='relu

')); 

model.add(BatchNormalization()); 
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model.add(Dropout(drop_3)) 

model.add(LSTM(hidden_layer_1,return_sequences=True)); 

model.add(Dropout(drop_4)) 

model.add(LSTM(hidden_layer_2,return_sequences=False)); 

model.add(Dropout(drop_5)) 

model.add((Dense(8, activation='relu'))); 

model.add(Dropout(drop_6)) 

model.add((Dense(2, activation='softmax'))); 

keras.optimizers.Adam(lr=0.001); 

model.compile(loss='binary_crossentropy', optimizer='adam')  

 

 

# In[43]: 

filepath=experiment_dir+"/weightshyper.best.hdf5" 

checkpoint = ModelCheckpoint(filepath, monitor='val_loss', 

verbose=0, save_best_only=True) 

callbacks_list = [checkpoint] 

# Fit the model 

history_callback_time=model.fit(X_sample_train,y_sample_train, 

validation_data=(X_val,y_val),batch_size=batches,epochs=1000,shuf

fle=True,callbacks=callbacks_list,verbose=0) 

 

 

# In[44]: 

loss_history = history_callback_time.history["loss"] 

val_loss_history = history_callback_time.history["val_loss"] 

 

 

# In[45]: 

import numpy 

numpy_loss_history_val = numpy.array(val_loss_history ) 

numpy.savetxt("val_loss_time.txt", numpy_loss_history_val, 

delimiter=",") 

 

 

# In[46]: 

import numpy 

numpy_loss_history = numpy.array(loss_history) 

numpy.savetxt("loss_history_time.txt", numpy_loss_history, 

delimiter=",") 

 

 

# In[47]: 

# Evaluate validation loss and test loss with best saved weights 

model.load_weights(filepath) 

y_predicted_test=model.predict(X_test_scaled_reshaped); 

y_predicted_val=model.predict(X_val); 

score_test=model.evaluate(X_test_scaled_reshaped, y_test, 

verbose=False) 

score_val=model.evaluate(X_val, y_val, verbose=False) 
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# In[48]: 

## Writing data to text file 

file = open(experiment_dir+"/data.csv", "w")  

## Create a dataframe 

data = [['Val_loss', score_val],['Test_loss', score_test], 

['batch_size',batches], 

['filter_1',128],['filter_2',filter_2],['filter_3',filter_3],['dr

op_1',drop_1],['drop_2',drop_2],['drop_3',drop_3],['drop_4',drop_

4],['drop_5',drop_5],['drop_6 

',drop_6],['hidden_layer_1',hidden_layer_1],['hidden_layer_2',hid

den_layer_2],['batch_size',batches]]  

# Create the pandas DataFrame  

df = pd.DataFrame(data, columns = ['Name', 'Value'])   

df.to_csv(experiment_dir+'/data.csv') 

 

 

 

 

 

 

 

 

 

 

 

 

 


