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Using Deep Learning to Diagnose Pre-ignition in Turbocharged Spark-

Ignited Engines 

Eshan Singh, Nursulu Kuzhagaliyeva, S. Mani Sarathy 

Abstract: 

Internal combustion engines of today are expected to reduce their greenhouse gas emissions to 

comply with global climate change mitigation targets. This can be achieved using low-carbon 

fuels, introducing more hybridization, and improving their efficiency. The potential of artificial 

intelligence in contributing to these pathways is immense. In fact, researchers have already been 

using machine learning techniques for better control and optimization of engines, predicting 

performance and emissions, and detecting faults in internal combustion engines. This work looks 

at different ways in which such techniques have been implemented in spark-ignited engines. 

Thereafter, one specific application has been detailed: use of machine learning to diagnose 

stochastic pre-ignition events in turbocharged engines. Pre-ignition is an abnormal combustion 

event, often leading to excessively high peak pressures and pressure oscillations, which may 

damage the engine hardware. To diagnose pre-ignition cycles from normal cycles, two deep neural 

network models were used; one using principal component analysis data as input and the other 

using direct time-series data as input. The former model was able to better differentiate between 

pre-ignition and normal cycles in the current work.  

Introduction: 

In just the last decade, there has been an immense growth in application of soft computing 

techniques in internal combustion engine research. These include artificial neural networks, fuzzy 
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based approach, adaptive neuro-fuzzy interference system, gene expression programming, genetic 

algorithm, and particle swarm optimization [1]. Various models have been used in applications 

ranging from control and optimization to fault detection and performance/emission prediction. 

Increasingly, such techniques are replacing costly engine experiments and computationally 

expensive computational fluid dynamics (CFD) simulations [2]. They have been employed in 

conventional (spark and compression ignition engines) and alternate engine technologies (like 

HCCI [3] or GCI engines [4]) using both conventional and alternate fuels [5]. A review of work 

done in various areas of Spark-Ignition (SI) engine research is provided, laying out scope of future 

research in application of artificial intelligence in SI engines. Thereafter, we discuss one such 

application, diagnosing pre-ignition in turbocharged spark ignited engines.  

The existing literature can be broadly classified in a few categories, which often overlap and link 

with one another: 

1. Fault detection: 

Common SI engine faults include abnormal combustion events, like knock or excessively high in-

cylinder peak pressure. These are deleterious to the hardware on the long term. Several sensors’ 

inputs have been used to detect faults using machine learning. These include, but are not limited 

to, auditory signals from engine, crankshaft acceleration, vibration sensors (accelerometers) or 

pressure sensors. A fuzzy expert system (FES), suggested by Kilagiz et al., could be used to detect 

faults in ignition, fuel system, intake and exhaust valves, based on fuel consumption and emission 

values [6]. Similar method was used by Wu et al., where they also compared a conventional back-

propagation network (BPN) with the proposed Generalized Regression Neural Network (GRNN) 

[7]. Shatnawi used the audio signals from the engines and extension neural network (ENN) to 

diagnose faults [8]. Misfires are another class of abnormal combustion investigated by several 
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researchers. Using simulations to train a MLP feed-forward neural network and experimental data 

collected on a Toyota 4-cylinder engine to test the model, the system could detect misfire, along 

with information on its severity and location [9]. Using inputs from crank acceleration, Chen et al. 

used a regression-based ANN and an expanded neural network approach to detect misfires in a 

skip-fired engine [10]. More recently, pre-ignition has become an annoyance in turbocharged SI 

engines. The rarity and stochastic nature of the abnormal combustion event makes it more difficult 

to predict. A few researchers have used machine learning algorithms to diagnose and detect pre-

ignition events as well [11, 12].  

2. Optimization and control: 

In a large fraction of existing literature, researchers have used data from in-cylinder pressure sensor 

(engine load, combustion phasing), temperature and pressure sensors (at the intake and exhaust 

side), engine speed and coolant temperature etc. to optimize the engine operation for maximum 

power or efficiency. Simpler AI algorithms can replace the electronic controls as complexities in 

modern cars keep increasing with the increasing number of on-board computations. Use of ML 

techniques require lesser expertise and can be implemented easily with the rich data at disposal. 

Saraswati et al. combined neural networks with fuzzy logic-based control system for spark 

advance control to maintain peak pressure at 16 CAD aTDC. Artificial neural networks were used 

to give the peak pressure location, which was provided to fuzzy logic as an input to vary the spark 

timing. The system performed well, even in presence of external disturbances [13]. Lee et al. 

controlled fuel flow rate using fuzzy control system, to reduce emissions [14]. Another area of 

research is use of AI to optimize the real-time engine:motor operation for hybrid vehicles for 

maximum efficiency or battery longevity (for PHEVs) [15].  
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3. Predicting combustion parameters (phasing and cycle-to-cycle variation) and 

emissions:  

Combustion phasing is a control variable for all engine types. Predicting combustion phasing based 

on engine speed, load, intake air and coolant temperature etc. have been undertaken by several 

authors. However, combustion phasing is a relatively easier variable to predict, in comparison to 

cycle-to-cycle variation (CCV). In-cylinder flow information (before ignition) has been used to 

predict CCV [16]. These inputs come from optical engine studies or, as is mostly the case, from 

computational fluid dynamics (CFD) studies. Increasingly, AI models are replacing more 

expensive CFD techniques for predicting combustion parameters. Computation times have been 

reduced to less than half [2]. Similarly, AI has been used extensively to predict (and hence reduce) 

the emissions over the complete load-speed range of an engine. These include NOx, nano-scale 

particulate matters, unburnt hydrocarbon, carbon monoxide emissions [17].  

Pre-ignition detection using Machine Learning Algorithm: 

While there is an extensive literature on application of artificial intelligence to various aspects of 

SI engines, there is a large scope of potential applications. These include, but are not limited to, 

more engine calibration and optimization, studying the K factor and applicability of high (or low) 

octane sensitivity fuels over the load-speed map, optimizing the blend ratios of various low-carbon 

alternative fuels, etc. Binary classification problems have been undertaken for detecting misfires, 

segregating high indicated mean effective pressure (IMEP) and CCV from low ones [30, 31]. 

Similar methodology can be used to diagnose pre-ignition cycles from normal combustion cycle.  

Pre-ignition is one of the bottlenecks to further downsizing, and efficiency improvements in spark-

ignited engines. It refers to a stochastic occurrence of high peak pressures and pressure oscillations 
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that can potentially destroy engine hardware. The occurrence is both rare and stochastic, making 

controlled experiments very difficult, eluding researchers from gaining any fundamental insight 

about the source of pre-ignition [32]. However, several years of research have narrowed the 

possible sources to either deposit or lubricant initiated flame propagation [33, 34]. The need for 

reduction in parasitic losses push for continued decrease in engine size and fewer cylinders. As the 

trend continues, engine operates at high load condition more often. Pre-ignition events are more 

frequent at such operating conditions [35-37]. In the wake of such projections, it becomes 

imperative to diagnose pre-ignition using relatively inexpensive sensors available on-board a 

vehicle.  

Laboratory experiments use a relatively controlled operating condition to trigger pre-ignition 

events in high frequency. Commercial engines are modified for laboratory scale by dis-engaging 

all-but-one cylinders usually and employing various sensors and controls to operate the engine. 

While an on-road vehicle may use a lambda sensor and accelerometer, a laboratory engine will use 

a plethora of pressure (both high- and low-resolution ones) and temperature sensors. On-road 

vehicle testing has shown that pre-ignition in real-world driving condition may occur at higher 

speeds (~3000 rpm) more than at steady state conditions (peaks around 2000 rpm) [38]. Moreover, 

frequency response from pre-ignition cycle has suggested that large amplitude can be observed in 

non-audible high frequency ranges (compared to conventional knock) [35].  

Several methods have been employed previously to detect and diagnose pre-ignition in spark 

ignited engines. Use of in-cylinder pressure sensor is commonplace at laboratory scale. They 

provide reliable, high resolution pressure information, which can be used to classify a combustion 

cycle as normal or pre-ignition cycle, based on start of combustion (from derivative of pressure 

data) or peak pressure or pressure oscillations (known as knock intensity). The pressure sensors 
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used for pre-ignition experiments are usually tolerant to even higher peak pressures (~300 bar) 

compared to the ones used in normal spark-ignited engine experiments. These sensors are 

extremely costly, hindering any scaled-up application in on-road vehicles (an exception can be 

SkyActiv-X engine from Mazda [39]).  

Use of accelerometers is common in on-road vehicles. The accelerometers pick up engine 

vibrations in the knock frequency range (3-30kHz), thereby allowing feedback-control of spark 

timing. The fixed position of the accelerometer is vehicles does not allow cylinder specific 

information on pressure oscillations. Moreover, as observed by Singh et al [35], the pressure 

oscillations in a pre-ignition event may not follow the same frequency doublings as conventional 

knock. In such case, on-board accelerometer-based knock sensor may give erroneous information 

on pre-ignition diagnosis.  

Ion current-based sensors are in use at laboratory scale since late 19th century [40, 41]. For pre-

ignition detection, Melby recorded ion-current signals to detect flame propagation initiated by a 

hotspot in 1953 [42]. Use of ion current sensor has been investigated by several researchers ever 

since, mostly as an inexpensive substitute to pressure sensors in on-road vehicles. Recently, [43, 

44] have developed such sensors for pre-ignition detection for vehicles. However, their instability 

over a wide range of load and speed has inhibited their application in vehicles. Instead of 

conventionally used direct current source, alternating current source for ion current sensor have 

also been proposed to detect pre-ignition more quickly [45]. Once again, vehicle-level 

implementation is unavailable for such technologies. 

Amidst such technological advancements, data-driven technologies are making huge progress. 

Artificial intelligence and deep learning algorithms are being applied in various spheres of engine 

research. Engine calibration, fault detection, CCV and engine-out emissions have been studied 
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using machine learning methods by several researchers. High predictability and accuracy have 

been achieved by taking advantage of rich amount of data collected in engine experiments. Most 

in-cylinder fault detection studies have focused on diagnosing misfiring cycles, which occur due 

to incomplete or no combustion of fuel-air mixture. As opposed to other engine applications, fault 

detection presents added challenge of sparse data, due to a lower frequency of positives (misfiring 

or pre-igniting cycles).  

Machine learning is a field of artificial intelligence which uses training data to accomplish certain 

results from the machine without giving explicit set of instructions. Deep learning, as used in the 

current work, is a sub-field of machine learning, aiming to replicate human brain operations in 

processing data, which may be unstructured and unlabeled. It is characterized by the effort to create 

computational models at several levels to learn representations of data with multiple levels of 

abstraction [46, 47]. Different network architectures used for deep learning applications are 

discussed in the following section, along with other sub-parts employed in the two models used in 

the current study.  

a) Feed forward multilayer neural networks: 

The most-often used network consists of an input layer and an output layer between several hidden 

layers. 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 Figure 1. 
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Figure 1. Fully connected neural network (adapted from [48]). 

b) Convolutional neural networks (CNN) 

CNN are employed in case of high dimensional input features, like images, videos, or time-series 

data. A CNN learns data via progressive abstractions, whereby the learning progresses from one 

layer to another. In contrast to fully connected networks, neurons in one layer are connected to 

only a small number of neurons in previous layer. CNN is so named because the filtering operation 

performed by a feature map is mathematically defined as discrete convolution. The convolution 

operation is depicted in Figure 2; 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 generates features maps as the output. The convolutional kernel 

acts as a filter, allowing only certain types of information to pass from the input. As it can be seen, 

the kernel window slides across the input data range to generate the output matrix, eventually 

leading to one value as the output (4, in this case). The kernel matrix can be tuned to achieve 

varying output [47].  
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Figure 2. Convolutional operations (adapted from [48]). 

c) 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 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. 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 timestep are related to elements in the previous time steps [49]. A comparison 

between normal and RNN neural network is shown in Figure 3.  
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Figure 3. Comparison between normal and RNNs input vector (adapted from [48]). 

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 Figure 4. 

 

Figure 4. Feed forward flow for RNNs (adapted from [48]). 

Figure 5 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 5. Unrolling for recurrent neural networks (adapted from [48]).  

Long short-term memory (LSTM) is an artificial RNN architecture, which avoids the issue of 

vanishing gradient in classic RNN cells (which occurs when training RNN using back-

propagation) by allowing gradients to flow unchanged. LSTM consists of a memory cell, input 

and forget units.   

Activation functions: 

Activation functions defines the output of a node given a particular input.  

A rectified linear activation is used most often due to lower computational cost compared to 

sigmoid of tanh functions and because it overcomes the vanishing gradient problem. The rectified 

linear unit (ReLU), as it is known, is similar to a rectifier used elsewhere, wherein only the positive 

values are directly (or linearly) outputted, as is shown in equation 1. While the ReLU are 

significantly faster, they are prone to overfitting, when compared to sigmoid functions. This 

limitation can be overcome by using regularization techniques, such as dropouts [50].  
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𝑓(𝑥) = max(0, 𝑥)      

………………………………………………………………………………..(1) 

A softmax activation function is used in the output neural network layer to predict multinomial 

probability distribution. It simply converts the numbers into probabilities, based on the relative 

value of the numbers in each vector [49]. Hence, Softmax outputs one probability for each node 

(with value ranging between 0 and 1) and the sum of all outputs will be 1. Equation 2 shows the 

mathematical description of a softmax function.      

𝜎(𝑧)𝑖 =
𝑒𝑧𝑖

∑ 𝑒
𝑧𝑗𝐾

𝑗=1

       

……………………………………………………………………………………………(2) 

where 𝜎 = softmax, 𝑧= input vector, 𝑒𝑧𝑖 = standard exponential function for input vector, 𝐾 = 

number of classes in the multi-class classifier, 𝑒𝑧𝑗 = standard exponential function for output 

vector. As an example, the outputs of rectified linear and activation functions with an input vector 

𝑧 that contains values in the range -10 to 10 with a stepsize of 0.5 are demonstrated in Figure 6.  

       

Figure 6. a) Rectified linear function, b) Softmax activation function.  

Experiments and Data extraction: 
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Difficulty in reproducing pre-ignition event at will, has pushed the community into studying pre-

ignition in a statistical and probabilistic way. This has required a very large amount of dataset and 

thousands of engine cycles for any significant conclusions on the impact of operating conditions 

on pre-ignition frequency. While such experiments are very costly and time-consuming, they offer 

a large and rich dataset to apply machine learning techniques on.  

The engine experiments were run on a specially hardened AVL engine using a Euro V RON 95 

Coryton gasoline. Details of the fuel, relevant to pre-ignition, are shown in Table 1. Figure 7 also 

shows the distillation curve for the fuel, in accordance with ASTM D-86 standard. An SAE 5E30 

compliant lubricant was used in this study. 

Table 1. Properties of the Coryton Gasoline used in this study. 

Research octane number (RON) 97.5 

86.6 

0.7485 

 

 

30.5 

8.2 

5.0 

1.776 

0.015 

 

 

42.4 

 

2.88 

65.78 

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) 5.0 
H/C ratio 1.776 
O/C ratio 0.015 
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Figure 7. Measured distillation properties for Coryton gasoline. 

The test bed controls the engine speed at 2000 rpm. The gasoline is metered using a Coriolis meter 

and conditioned at 25 oC before entering a reciprocating pumping unit, which increases the 

pressure to 150 bar, used for injecting gasoline directly in the chamber at -300 CAD aTDC. Various 

sensors are installed to monitor in-cylinder, intake and exhaust temperature and pressure. A lambda 

sensor is located 10 cm downstream of exhaust valve. In-cylinder pressure sensor is a high 

resolution AVL GU22CK capable of handling 300 bar peak pressures, while low resolution 

pressure sensors are mounted in intake and exhaust side. The response time of temperature sensor 

is ~ 1 sec (very low resolution).  

To have diverse boundary conditions to train the model over, a wide range of exhaust back-

pressures were used, which led to varying degree of pre-ignition frequency. Intake air pressure 

was fixed for all the experiments at 1.9 bar. To achieve the fixed intake air pressure, intake 

temperature was decreased to compensate for increase in exhaust back pressure. The operating 

conditions can be summarized, as shown in Figure 8. Such varying operating conditions provide a 
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rich input dataset, while a huge number of cycles collected at each operating point (~15,000 cycles) 

provide a huge experimental data set [34].  
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Figure 8. Operating conditions chosen for the training and validating the machine learning models. 

Machine learning methodology: 

To extract the important parameters, the data needs pre-processing. The data from AVL engine is 

exported in an industry standard AVL file format. The format can be read using the opensource 

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

Data from all sensors are then exported in separate CSV files using Catool, which are then 

processed using a separate in-house MATLAB code, which provides crank-angle and cycle-based 

data, along with calculations for pre-ignition count using various statistical methods. The high 

frequency sensor data is used for crank-angle based information, such as lambda, intake, exhaust 

and in-cylinder data. Such data is referred to as multivariate time series data in machine learning 

problems. The cycle-based values, such as IMEP, knock intensity, CA10, CA50 and CA90 etc. are 

calculated from the in-cylinder pressure data.  

Classification of a combustion cycle into a normal or a pre-ignition cycle is the most critical 

decision for the study. Researchers have used various markers to delineate pre-ignition cycles. 
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These include knock intensity (or pressure oscillations), start of combustion, peak pressure or a 

combination of these. For the current study start of combustion (CA05) is chosen as the marker. A 

robust statistics methodology is used according to the formula: 

 𝑃𝐼(𝐶𝐴05) ≤ 𝜃𝑠                            ..………..(3)                                

𝜃𝑠 =𝐶𝐴05̅̅ ̅̅ ̅̅ ̅
𝑆 − 4.7 × 𝜎𝑆(𝐶𝐴05)    .....……..(4)                   

 𝑃𝐼(𝐶𝐴05) ≤ 𝜃𝑅   ……………………....(5) 

 𝜃𝑅 =𝐶𝐴05̅̅ ̅̅ ̅̅ ̅
𝑅 − 4.7 × 𝜎𝑅(𝐶𝐴05)   ……….…….(6) 

Where 𝜃𝑆 and 𝜃𝑅 correspond to standard and robust cut-off values, 𝐶𝐴05̅̅ ̅̅ ̅̅ ̅
𝑆 and 𝐶𝐴05̅̅ ̅̅ ̅̅ ̅

𝑅refer to 

standard and robust mean, 𝜎𝑆(𝐶𝐴05) and 𝜎𝑅(𝐶𝐴05)denote standard and robust standard 

deviation. Pre-ignition events are marked with very early start of combustion (or very high knock 

intensity) which may skew the mean and standard deviation towards the pre-ignition cycle. This 

impacts the cut-off value leading to fewer pre-ignition cycles being counted, which is 

demonstrated in Figure 9. Using robust statistics, the outliers have lesser impact on the mean and 

standard deviation leading to better pre-ignition count. The classified cycles are then used to train, 

validate, and test the machine learning models. 
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Figure 9. Comparison of standard and robust statistical methods for defining pre-ignitions.  

The in-cylinder pressure sensor can easily detect a pre-ignition cycle due to invariably high peak 

pressure or earlier rise of pressure (from motoring curve) of a pre-ignition cycle. However, these 

sensors are costly to be employed in vehicles. Hence, the current work will focus on output from 

lambda sensors and low-resolution exhaust pressure sensors. Time-resolved data from lambda 

sensor and exhaust pressure sensor is also shown in Figure 10. Lambda continues to increase in 

the pre-ignition cycle and exhaust pressure sees a slight dip in pre-ignition cycle.  

   

Figure 10. Experimentally measured In-cylinder pressure, lambda and exhasut pressure values for 

consequetive cycle. 

Once data has been extracted using MATLAB, the data analysis library Pandas, and numerical 

computation library Numpy, in Python, were used for pre-processing. The machine learning 

library, Sklearn, popular for data mining and analysis, was also utilized. Using the complete cycle 

data as input will lead to large-dimensionality. This is avoided by selecting only +125 to +225 

CAD aTDC as the region of interest. The start of this domain roughly corresponds to the exhaust 

valve opening time, hence the data before +125 CAD aTDC maybe be ignored without significant 

loss in information. The region of interest is shown in Figure 11.  
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Figure 11. Chosen region of interest in the experimental exhaust pressure signal. 

Principal component analysis (PCA) was carried out next onto the selected data inputs. PCA 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. After interpolating data at 1 CAD 

apart, the 100 dimensions (125 CAD to 225 CAD) are reduced to 16 dimensions [51].  

PCA for lambda is shown in Figure 12. The projections of principal components show no 

demarcation between pre-ignition cycles (red triangles) and normal cycles (hollow circles). The 

condition does not improve for 3-D projections of 3 principal components. Moreover, three 

principle components were enough to capture 99% of cumulative variance in the data.  

   

Figure 12. PCA for lambda data, cumulative explained variance, 3D plot of lambda data projection 

on 3 principle components. 
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Similarly, principle component analysis on exhaust pressue data yielded well demarkated class 

between preignition and normal cycles, as shown in Figure 13. 99% of the variance in the exhaust 

pressure data can be explained used 5 principal components or more. A 3D plot of projections of 

principal components shows even better class separation between pre-ignition and normal cycles.  

   

Figure 13. PCA for exhaust pressure data, cumulative explained variance, 3D plot of exhaust 

pressure data projection on 3 principle components. 

80% of data was used for training and validation. For the training part, the input and output were 

fed into the model to fit the weights. Thereafter, validation ensured that the model generalized the 

patterns learned during the training. 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. 

The data was normalized using min-max scalar to accelerate the learning process. The data was 

then shuffled to further enhance the model generalization. The 2D data was reshaped into 3D for 

further processing in a convolutional neural network (CNN), a process known as data mini 

batching. 

Two different models were explored to investigate the machine learning capabilties of pre-ignition 

data. In the first model (known as Model 1 here onwards), the PCA is used to reduce the 
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dimensions of the data. As previously discussed, PCA extracts the critical information from a 

multi-dimentional feature, leading to faster computations. In the second model (Model 2), the time-

series is provided to fit the model. This is done to check if any critical information is missing from 

the PCA analysis in lieu of faster computation. The two models are further discussed in more detail 

below: 

Model 1: Input from PCA 

After investigating several network architectures (over 50 epochs), a combination of convolutional 

and recurrent neural layers, stacked linearly, was chosen. Three dimensional data from two stacked 

cycles goes through three convolutional layers with decreasing dimensions in each layer, with a 

kernel size of 2. Its output goes through a recurrent neural network with LSTM unit. Thereafter, 

the fully connected layer is added to the softmax activation function, which yields the output 

probabilites, as discussed previously.  

A sequential model was build using Keras libraries and compiled using Tensorflow backend. As 

opposed to numerical predictions, the current predictions are binary classifications.  

Hence a loss function, based on binary cross-entropy, was used. The expression is provided in 

equation 7. 

𝑙𝑜𝑠𝑠 = −𝑡𝑙𝑜𝑔(𝑝) − (1 − 𝑡)log(𝑝)            

..……………………………………………………………………(7) 

An ADAM optimization algorithm with a default learning rate of 0.001 was used. Other details 

are provided in Table 2. 

Table 2. Fixed training parameters for Model 1 and Model 2. 
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Optimization algorithm ADAM 

Learning rate 0.001 

Loss function Cross-entropy 

Maximum number of epochs for training 1000 

Validation split  0.2 

 

The proposed model exhibits several hyperparameters that need to be chosen. Hyperparameter 

optimization was performed using exhaustive  search approach, where each hyperparameter was 

randomly selected from an array of proposed values. Overall, 100 models with different 

hyperparameter settings were evaluated, the optimal model architecture was selected based on 

reported minimum valudation loss during 1000 epochs. The list of hyperparameter values used for 

the manual search are given in Table 3. 

Table 3. Hyperparameter optimization for Model 1. 

No. of filters in CONV1D1 [16, 32] 

No. of filters in CONV1D2 [32, 64] 

No. of filters in CONV1D3 [64, 128] 

No. of hidden layers in LSTM1 [32, 64, 128] 

Dropout1 [0.1, 0.2] 

Dropout2 [0.1, 0.2, 0.3] 

Dropout3 [0.1, 0.2, 0.3, 0.4] 

Batch size (B) [1000, 3000, 5000] 
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The final network architecture with optimized hyperparameters for Model 1 is illustrated in Figure 

14.  In order to avoid over-fitting, batch normalization is performed after  each convolutional layer 

for dynamical normalization.  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.   

 

Figure 14. Final network architecture from hyperparameter tuning (Model 1).  

 

Model 2: Time series input 

Time series data between +125 to +225 was input without PCA. An even higher dimensional input 

in this model meant increased number of convolutional layers and number of feature maps, which 

is followed by two layers of LSTM and fully connected layers. Thereafter softmax actional 

provides the output probabilities, just as in previous model. The parameters are shown in Table 4 

and Model 2 architecture with selected hyperparamater setting is shown in Figure 15. 

Table 4. Hyperparameter optimization for Model 2. 

No. of filters in CONV1D4 [128, 256] 
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No. of filters in CONV1D5 [64, 128] 

No. of filters in CONV1D6 [32, 64] 

No. of filters in CONV1D7 [16, 32, 64] 

No. of filters in CONV1D8 [16, 32] 

No. of hidden layers in LSTM2 [16, 32 ,64] 

No. of hidden layers in LSTM3 [16, 32, 64] 

Dropout4 [0.2, 0.3] 

Dropout5 [0.2, 0.3] 

Dropout6 [0.1, 0.2, 0.3] 

Dropout7 [0.1, 0.2, 0.3, 0.4] 

Dropout8 [0.1, 0.2, 0.3, 0.4] 

Dropout9 [0.1, 0.2] 

Batch size (B) [1000, 3000, 5000] 
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Figure 15. Final network architecture from hyperparameter tuning (Model 2).  

Model metrics: 

Various metrics are used to gauge the performance of the models studied in the current work. 

These are shown in equations 8 to 10. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+𝐹𝑎𝑙𝑠𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
          

…………………………………………………………………(8) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+𝐹𝑎𝑙𝑠𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
              

…………………………………………………………………(9) 

𝐹1𝑠𝑐𝑜𝑟𝑒 = 2 ∗
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                       

…………………………………………………………………(10) 

Results and Discussion: 

Training and Validation losses: 

Learning curves enable visualizing how well the machine is getting trained as the data is fed. After 

each epoch, in addition to training learning curve, the generalization error is assessed with the 

validation loss, which is evaluated on validation data (20% of total data set). In Figure 16, both 

training and validation losses drastically decrease and reach minimum after 50 epochs. It is notable 

that lower training and validation losses are achieved during training of Model 1 in comparison to 

Model 2. This indicates that Model 1 with PCA input exhibits greater capability to distinguish PI 

cycles than Model 2 with the time-series input.   



 

 

 

Saudi Aramco: Public 

The results for the unseen test set predictions are reported in terms of precision, recall and F1 score 

values for two models. From table 5, predictions with Model 1 demostrate higher  precision 

(74.31%) and recall (85.14%) values, which result in higher F1 score (79%). Based on 3 common 

metrics used for binary classification, Model 1 outperforms Model 2 and detects more pre-ignition 

events with reasonably high precision.  

 

Figure 16. Training and validation loss curves for Model 1 and Model 2. 

Table 5. Precision and Recall values for Model 1 and Model 2.  

Model/ Metric Precision (%) Recall (%) F1 Score (%) 

Model 1 74.31 85.14 79 

Model 2 67.7 84 75 

 

Conclusions: 

Artificial intelligence has been extensively applied to spark-ignition engines over the last decade. 

They have been used for control and optimization of engines, predicting combustion parameters 

and emissions and detecting faults in engines. Pre-ignition is an abnormal combustion event, 
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whose diagnosis was attempted in this work, using relatively inexpensive lambda sensor and low-

resolution exhaust pressure sensor. Two different models were used in the current study to 

diagnose pre-ignition cycle among normal cycles. One model uses a PCA analysis to extract 

critical information from the full cycle data from the two sensors, while the other model uses full 

data from the two sensors. The model using PCA performed better in achieving the best precision 

and recall simultaneously.  

While the current study investigated, and successfully established, a data-driven diagnosis of pre-

ignition based on inexpensive lambda sensor and low resolution exhaust pressure sensors, several 

more sensors can be used to achieve even higher precision and recall rates. Researchers have 

already signalled a relation between other parameters (in-cylinder residual content, engine-out 

hydrocarbon emissions, and particulate matters) and pre-ignition cycle [34, 52, 53]. Detecting 

stochastic and abnormal events will always be difficult, but pre-ignition experiments provide a 

vast amount of rich data to make accurate predictions about their onset. Future studies will aim at 

predicting pre-ignition events based on data available from on-board sensors and laboratory based 

sensors. Studies need to be undertaken at vehicle level and on-road tests to fully understand the 

efficacy of employing such models in real vehicles.  
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