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Abstract 
Knock control is still considered one of the main issues of spark ignition (SI) engines. In this paper, a 

proper mathematical procedure for knock detection is presented. More precisely, an Auto Regressive 

Moving Average (ARMA) algorithm is implemented on vibrational signals acquired by an accelerometer 

placed on the cylinder block of a SI engine. In order to demonstrate the effectiveness of the methodology, 

the same analysis is carried out by using the traditional IMPO (Integral of Modulus of Pressure 

Oscillations) based method, relying on the frequency domain processing of the in-cylinder pressure data.  

Results demonstrate the high sensitivity and reliability of the proposed mathematical technique in 

accurately identifying knock events by using the engine block vibrational signals. The comparison with a 

standard processing of the knock sensor output definitely proves the potential of the model for developing 

more sensitive on-board control strategies for knock diagnostics and prevention. 

1 Introduction 

In automotive, modern engine control systems are designed to minimize exhaust emissions while 

maximizing power and fuel economy. The potential to maximize engine efficiency, through the 

optimization of the spark timing for a given air/fuel ratio is limited by engine knock [1][2]. An accurate 

knock detection is thus required in order to choose the right knock-limited spark advance for providing the 

best power and fuel economy. In spark ignition (SI) engines normal combustion occurs when a gaseous 

mixture of air and fuel is ignited by the spark plug and burns smoothly from the point of ignition to the 

cylinder walls. Engine knock, or detonation, occurs when the excess level of temperature or pressure in 

the unburned air/fuel mixture (end gases) cause auto-ignition of the end gases. This produces a sudden 

energy release that generates a rapid increase in cylinder pressure, with typical oscillations whose 

amplitudes gradually attenuate. The induced shock wave impulse excites resonances in the cylinder at 

characteristic frequencies which depend primarily on cylinder bore diameter and combustion chamber 

temperature [3]. Other structural resonances in the engine can be excited by the shock wave as it hits the 

cylinder wall. Serious damage to pistons, rings, and valves can result if uncontrolled heavy knock occurs. 

The best signal to analyze to detect engine knock is the pressure directly measured inside the combustion 

chamber of a running engine by proper transducers [4]. Due to the still high sensor costs, pressure sensors 

are not usually installed in production engines, they are used primarily for research purposes. 

The most common approach for implementing knock detection and control strategies in series production 

vehicles consists in the monitoring of the knock sensor's signal [5]. This sensor uses vibrations transmitted 

through the structure of the engine to detect knock in the combustion chamber. The vibration signal is 

typically processed in the frequency domain, to derive a knock intensity index which strongly depends on 

the engine operating conditions. The signal can be contaminated by other sources than engine knock, 

which increases the difficulty of signal detection. This is especially true at higher engine speeds in which 

background mechanical vibrations are much higher, effectively reducing the signal-to-noise ratio. A 

sophisticated treatment of the signal is thus required, usually based on the amplification of the signal 

magnitude in the frequency range of the knock-excited resonance. 
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In this paper, a novel methodology is proposed, based on an Auto Regressive Moving Average (ARMA) 

algorithm which is implemented on the vibrational signals acquired by an accelerometer placed on the 

cylinder block of a SI engine [6][7]. The technique, suitable for time series analysis, allows to build-up a 

model which reconstructs each sample of the signal as a linear combination of a specified number (model 

order) of previous samples (AR property), adding a prediction error in the form of a Moving Average 

(MA). The error of the reconstructed signal is then utilized to define an appropriate knock index. In order 

to verify the model, an accurate knock detection method based on cylinder pressure analysis is carried out, 

by using the traditional IMPO (Integral of Modulus of Pressure Oscillations) based method [8]. For this 

purpose, vibrational and in-cylinder pressure signals were collected for different engine speeds, load 

conditions and spark advances. 

Results of the comparison with the reference cylinder pressure based method, demonstrate the 

effectiveness of the presented model in properly detecting knock phenomena. The high correlation with a 

standard processing of the knock sensor output definitely proves the potential of the algorithm to develop 

more sensitive knock control strategies for enabling the setting of optimum spark timing so that the engine 

can run at the knock threshold. 

2 Experimental tests 

Experimental data were acquired on a four-stroke, multi-cylinder SI engine, installed at the test-bench. 

The engine was equipped with a piezo-quartz pressure transducer to detect pressure signal within cylinder 

#1. Moreover, a single axis high frequency accelerometer was adhesively mounted on the engine block in 

proximity of the head of cylinder #1, in order to detect combustion-induced cylinder vibration along its 

axis. The engine block vibration signals provided by a commercial knock sensor in proximity of cylinder 

#1 were also measured. In-cylinder pressure and vibrational data were simultaneously acquired by a multi-

channel acquisition system. They were properly triggered with the tachometer signal coming from the 

optical encoder connected to the engine crankshaft. Moreover, a high sampling resolution of 0.1 crank 

angle degrees was selected for an accurate combustion analysis.  

Engine control was realized by switching from the reference commercial ECU to external mode. In this 

way, main engine parameters, such as spark advance and start of injection, were handled. Tests were 

carried out at variable speed (1100, 1300 and 1500 rpm) in high and part load conditions. A spark advance 

variation was imposed at each speed and load condition. The most retarded spark time was set in order to 

ensure a knock-free condition, while the most advanced spark was chosen in order to favor knock onset in 

each instantaneous cycle. A list of the 12 analyzed operating conditions is reported in Table 1. Spark 

advance values are expressed as delta values referred to the most retarded spark time of each engine 

operating point or EOP (no knock condition). 

 

EOP Speed, rpm SA, deg BTDC Load 

1 1200 0/9 Part 

2 1200 0/6 High 

3 1400 0/7 Part 

4 1400 0/5 High 

5 1600 0/5 Part 

6 1600 0/5 High 

Table 1: Test conditions. 

 

Due to cycle-by-cycle variations occurring during the combustion process of a SI engine, it is expected 

that faster-than-average cycles are most likely to knock. Therefore, knock detection procedures need to be 

applied on a statistical basis, taking into account the current percentage of knocking cycles. To this aim, 
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acquisition time was set to 60s for each test point, which allowed to collect more than 500 consecutive 

engine cycles for each operating condition.  

Figure 1 shows an example of the acquired data with reference to the 133rd engine cycle at 1300 rpm, part 

load, in knock (SA=10.5 deg BTDC) and no knock (SA=3.5 deg BTDC) conditions. It can be observed 

that in knock condition the high vibration amplitudes are phased with the knock signature clearly evident 

in the pressure cycle, meaning that the accelerometer was correctly positioned so as to locate knock event 

in time reducing any possible time delay related to the propagation of pressure oscillations through the 

engine block. 

 

Figure 1: In-cylinder pressure and vibrational signals for to the 133rd cycle acquired at 1400 rpm, part 

load, SA=7 deg BTDC (knock condition) and SA=0 deg BTDC (no knock condition). 

3 Vibration-based methodology 

3.1 ARMA model 

The Auto Regressive and Moving Average (ARMA) model is recognized as one of the most important 

polynomial models, widely used in system identification and in fault diagnosis problems. It represents a 

simple form of the generalized notion of transfer functions used to express the relationship between the 

input, the output and the noise of a system [9]. The methodology allows to model with reasonable 

accuracy a time series, representing it as a linear combination of a specified number (model order) of 

previous samples (AR property) adding a disturbance term in the form of a Moving Average (MA) of 

white noise.  

The ARMA model structure is given by: 

 𝑦(𝑡) + 𝑎1𝑦(𝑡 − 1) + ⋯+ 𝑎𝑛𝑦(𝑡 − 𝑛) = 𝑏1𝑒(𝑡 − 1) + ⋯+ 𝑏𝑚𝑒(𝑡 − 𝑚) + 𝑒(𝑡)           (1) 

where  

• y(t) is the output at time t, 

• n is the model order (the number of poles), 

• m is the number of disturbance coefficients, 

• y(t-1)…y(t-n) are the previous outputs on which the current output depends, 

• e(t-1)…e(t-m) are the white-noise disturbance values. 
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In order to build-up an accurate ARMA model, the number of coefficients and their value need to be 

proper estimated. For specified AR and MA orders, the an and bm coefficients have to be selected in order 

to minimize the prediction error e(t). The reliability level of the ARMA model is then synthesized in terms 

of variance of the disturbance function (noise variance, σ2). The smaller the variance, the better the 

estimated model fits the time series. On the contrary, changes in the variance of the prediction error 

identify the presence of physical phenomena altering the characteristics of the time series. This peculiarity 

can be used to identify the onset of knock phenomena during engine operation. Hence, in the paper the 

ARMA modelling technique was used to reconstruct the engine block vibration data which in this case can 

be considered as the time series y(t) directly affected by an external disturbance e(t), i.e. knocking. 

Changes in the time series will cause some deviations of the noise variance from its mean value. By 

monitoring the noise variance level, identifiable as a knock index, it is thus possible to detect the knock 

occurrence even in the case of low knock intensity. 

The correct number of ARMA model coefficients was chosen, so as to yield a model with the simplest 

structure and the smallest number of adjustable parameters that can achieve the desired accuracy. To this 

aim, the measure of model quality provided by the Akaike's Information Criterion (AIC) was assessed [7]. 

Therefore, different models of the vibration time series in a knock-free operation were computed by 

varying the AR and MA orders from 1 to 5, and then compared using this criterion. Figure 2 shows the 

AIC surface resulting from the application of the algorithm in the knock-free test condition #2 (see Table 

1). Taking into account that, according to Akaike's theory the most accurate model has the smallest AIC, 

the fit initially improves and AIC rapidly reduces by increasing both AR and MA orders and thus the 

flexibility of the model structure. Negligible AIC variations are progressively obtained by further 

increasing the orders value. The minimum AIC value is obtained with n=4, m=1. 

 

Figure 2: AIC surface with nmax=mmax=5. Optimal orders: n=4, m=1. 

Figure 3 shows the comparison plot between the measured and the model-reconstructed vibration signals 

in EOP #2 over the CA window [0,40] deg. It definitely validates the identified ARMA model, indicating 

high confidence in the estimation. Similar results were also obtained for the other no-knock conditions. 
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Figure 3: Comparison between the measured and the model reconstructed accelerometer signals (EOP #2). 

Once the ARMA model was set up as described, it was applied all over the investigated operating 

conditions. Results will be presented in Section 5. 

4 Pressure-based methodology 

In order to verify the ARMA model outcomes, an accurate knock detection method based on in-cylinder 

pressure analysis was also performed. In many direct methods, knock occurrence is identified through a 

proper analysis of in-cylinder pressure signals in frequency domain. After a band-pass filtering, the 

pressure signals are rectified and processed to give proper knock indices. In the paper, the Integral of 

Modulus of Pressure Oscillations (IMPO) index was derived for all engine operating conditions.  

IMPO is an integral index which derives from the integration of a signal portion. Specifically, it is defined 

as the integral of the filtered pressure signal absolute value, calculated in a proper crank angle window 

including the combustion [8]: 

𝐼𝑀𝑃𝑂 =
1

𝑁
∑ ∫ |�̂�|𝑑𝜃

𝜃0+𝛿

𝜃0

𝑁
1             (2)  

In the definition N is the number of samples in the calculation window, 𝜃0 is the first crank angle value of 

the window; 𝛿 is the window width, �̂� is the filtered in-cylinder pressure.   

In this case in-cylinder pressure signals, calculated in the knock CA window [0,40] deg, were filtered 

using a band-pass filter with cut frequencies 4-60 kHz. 

5 Results analysis and discussion 

The previously described methodologies were applied for analyzing 200 consecutive engine operating 

cycles for each investigated operating condition.  

An overview of the ARMA model results obtained for each of the 200 experimentally acquired vibration 

cycle (vertical dots), in all engine operating conditions, is shown in Figure 4. Thanks to a proper tuning of 

the ARMA model, no cycle-by-cycle variations of the noise variance are visible for the knock-free 
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conditions. As expected, significant variations are found in the conditions characterized by the most 

advanced spark time.  

 

(a)       (b) 

Figure 4: Noise Variance values at all investigated engine conditions, (a) part load and (b) high load. 

In a similar way, results in terms of IMPO knock index are plotted in Figure 5. Due to the extremely 

different processing techniques, results in terms of raw indices cannot be adequately compared. 

 

(a)       (b) 

Figure 5: IMPO values at all investigated engine conditions, (a) part load and (b) high load. 

In order the establish an accurate comparison between the two approaches proving the effectiveness of the 

ARMA model, a limit threshold level for both knock indices was properly set. A unique procedure able to 

compare results obtained from such different methodologies is needed. Taking into account that, due to 

cycle-by-cycle variations, knock detection procedures are applied on a statistical basis, a possible way to 

define a knock threshold consists in normalizing the current knock index value with respect to the average 

of a certain number of previous values. A constant limit threshold of the normalized index can be then set, 

on the basis of the safety level to ensure. In this case, the relative indices were calculated over 20 past 

values of the knock indexes (Noise Variance and IMPO) and the limit threshold of the relative indices was 

set to 2 for IMPO-based approach and to 2.5 for ARMA-based one. The choice was supported by a deep 

analysis of the acquired in-cylinder pressure signals. The percentages of knocking cycles detected by the 
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two methodologies are compared in Figure 6. A good agreement is achieved with differences lower than 

2%. Thanks to the optimal choice of the threshold levels, it is thus possible to obtain vibration-based 

percentages very close to those computed by the pressure-based approach.  

  

(a)       (b) 

Figure 6: ARMA- and IMPO-based knocking cycles percentage in knock conditions, (a) part load and (b) 

high load. 

For a further check of ARMA model sensitivity, the cycle-by-cycle variation of the two relative knock 

indexes for one of the knocking condition at part load (1400 rpm SA=7 deg BTDC), is compared in Figure 

7. Despite some local differences, a substantial agreement on the cycle-by-cycle trend can be observed.   

 

Figure 7: ARMA and IMPO derived relative knock indices at 1400 rpm, part load, SA=7 deg BTDC. 

A higher accuracy of ARMA model in measuring knock intensity with respect to pressure-based method 

also emerged. In Figure 8(a,b) three different in-cylinder pressure cycles are identified, in terms of both 

Noise Variance and IMPO relative knock indices. A direct check of the related in-cylinder and vibration 

data is performed in Figure 9(a,b). The plot in Figure 9(b) confirms that cycles #53 and #99 present almost 

comparable knock intensity levels, as properly highlighted by ARMA-based values in Figure 8(a). The 

same result is not attained by IMPO analysis, which levels the knock intensity of cycles #98 and #99. 

Figure 9(a) demonstrates indeed that lower-amplitude pressure oscillations characterize cycle #98, as also 

shown by the substantial difference in the vibration signature of the two cycles. 
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(a)       (b) 

Figure 8: Relative knock indices and thresholds at 1400 rpm, part load, SA=7 deg BTDC. 

A careful analysis of all obtained results finally led to conclude that, if properly tuned, ARMA model is 

able to correctly detect knock occurrence and to measure its intensity with high accuracy. Moreover, the 

methodology turned out to be more sensitive even to small knock intensity differences, if compared to a 

typical pressure-based approach.   

 

Figure 9: In-cylinder pressure and vibrational signals acquired at 1400 rpm, part load and SA=7 deg 

BTDC, (a) cycles #98 and #99, (b) cycles #53 and #99. 

To prove the potential of ARMA technique for on-board knock control purposes, the model results were 

also compared to the outputs of a standard processing of the knock sensor signal. This latter relies on a 

frequency domain analysis. Similarly to IMPO, filtration, rectification, and integration in a defined knock 

sensitive window are the main steps of the procedure, which allows to yield the so-called Integral of 

Modulus of Accelerometer Oscillations (IMAO) [7]. To compute the index, the same windowing and 

band-pass filter than previous IMPO analysis were utlized. For the comparison, also IMAO values were 

expressed as relative values. Results were analyzed in terms of correlation plots, reported in Figure 10 for 

the EOPs in knocking conditions. As can be easily seen, a good linear correlation exists between the two 

relative indices, whose coefficient of determination in each condition is never below 0.69.   
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Figure 10: Correlation plots between the relative Noise Variance and IMAO knock indices. 

Knock occurrence is hence detected by ARMA model similarly to a frequency domain processing of a 

conventional knock sensor. Deviations may be due to the different characteristics and mounting positions 

of the two acceleration sensors.  

6 Conclusion and future developments 

In this paper a proper engine-knock detection algorithm is presented. The methodology relies on the 

implementation of an Auto Regressive Moving Average (ARMA) model of the vibrational signal acquired 

by an accelerometer placed on the engine cylinder block. Results proved the effectiveness of the model, 

which is able to correctly detect knock occurrence and to measure its intensity with high accuracy. The 

approach turned out to be more sensitive even to small knock intensity differences, if compared to a 

typical pressure-based approach. The high correlation with a standard frequency processing of the knock 

sensor output definitely led to consider the possibility to use the model as a valid and effective alternative 

for developing more sophisticated knock control strategies in SI engines. Even though the methodology 

requires a careful preliminary set-up and tuning of the model, it would allow to overcome one of the 

limitations of the standard processing of the knock sensor signal, represented by the requirement of a 

different sensor tuning for each engine type due to variations in the characteristic frequency.  

Further analyses will be carried out in order to test the methodology on other engines, assessing the impact 

of the sensor mounting position on the model performance as well.  
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