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Mode Decomposition (EEMD), Complete Ensemble Empirical Mode Decomposition with Adaptive
Noise (CEEMDAN), and Variational Mode Decomposition (VMD) are commonly employed to extract KEYWORDS

knock-related features. However, there is limited consensus on selecting the intrinsic mode Sl engine

functions (IMFs) that best represent knock characteristics. This work introduces a statistical Knocking

selection criterion based on correlation coefficient (> 0.5), approximate entropy (ApEn > 0.5), and Approximate entropy
kurtosis (two IMFs with the highest kurtosis values) to identify knock-relevant IMFs. Vibration signals Kurtosis

were denoised using Symlet wavelets and then decomposed using the aforementioned techniques. Correlation coefficient

The effectiveness of the selection was evaluated using spectrogram analysis and validated with
Maximum Amplitude of Pressure Oscillation (MAPO) values. Results demonstrate that the proposed
selection criteria successfully isolated knock-related IMFs, particularly IMF1 and IMF2 when
CEEMDAN was applied to signals at 4000 rpm - an improvement over previous works in which only
IMF1 was considered for knock analysis. The selected IMFs corresponded to MAPO values
exceeding 2 bars, confirming strong knock events. Higher ApEn values, approaching 1 for IMF1 of
the vibration signal at 4000 rpm, may be attributed to two strong knock events (cylinders 2 and 3).
In contrast, ApEn values around 0.6 for IMF1 at 2800 rpm corresponding to one strong knock
(cylinder 1) and one weak knock (cylinder 3) suggest that further investigation is required to confirm
the correlation between approximate entropy and knock intensity. This multi-metric approach
enhances the robustness and reliability of knock detection and offers a low-complexity, high-
accuracy framework suitable for real-time implementation using non-intrusive vibration sensors.

1. INTRODUCTION

Spark-ignition engine knock remains one of the most critical challenges in modern engine design, as it directly limits
thermal efficiency, power output, and durability. The phenomenon occurs due to the auto-ignition of the unburned air-
fuel mixture in the end-gas region ahead of the propagating flame front, often triggered by high in-cylinder pressures and
temperatures [1, 2]. Despite advancements in knock suppression methods, accurately detecting knock in real-time
continues to be essential for optimizing combustion phasing, maximizing performance, and avoiding engine damage. This
study seeks to deliver an in-depth and analytical assessment of knock detection methods, focusing on signal
decomposition methods and statistical feature extraction techniques for real-time knock identification. One of the most
influential variables in knock formation is the ignition strategy. Multiple spark ignitions are used to reduce the knock’s
intensity or suppress it [3]. Although multiple spark ignition can initially increase knock due to faster combustion, it has
been observed that the overall knock intensity is reduced with four spark plugs—Iikely due to a more complete and
uniform combustion that limits unburned end-gas mass [3]. This is because the greater the number of spark plugs used,
the less energy remains for knock to occur, further suppressing it [4]. Another type of knock suppression method is the
use of prechamber. Knock-limited combustion phasing is significantly extended with the prechamber ignition [5].

In addition to the ignition strategy, fuel blends can also be used to reduce the possibility of knock occurrence and
improve engine performance [6]. Co-injection of a water-methanol blend is seen to improve the SI engine's thermal
efficiency and reduce the knock tendency and cycle-to-cycle variation more effectively [7]. Water injection is another
method used to reduce the temperature of charge inside the cylinder, reducing the occurrence of knock [8, 9]. Another
method is the use of cooled EGR [10]. This could dilute the fresh charge, thereby reducing its temperature and advancing
the knock limit [10]. Even though many methods are available for preventing or delaying the occurrence of knock,
improved performance could be achieved only by detecting and controlling knock in real-time.
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1.1  Knock Detection Techniques

To complement preventive measures, real-time detection and mitigation of knock remain essential. Several signal
sources are employed for knock detection, including in-cylinder pressure, localized heat transfer at the cylinder walls,
acoustic signals, ionization in the air-fuel mixture, and engine block vibration [11-15]. In-cylinder pressure measurements
are frequently employed for knock detection owing to their superior signal-to-noise ratio, which offers greater detection
accuracy compared to engine block vibration signals [14]. However, mounting the pressure transducers may weaken the
combustion chamber, hence its use is mainly limited to research/laboratory purposes. However, efforts are being made to
develop a non-intrusive pressure sensor. Corti et al. [16] integrated a non-intrusive pressure sensor into the spark plug to
achieve accurate knock detection. They noted that the vibrations associated with the engine parts located near the spark
plug and higher temperature affect the sensor readings, leading to a reduced signal-to-noise ratio [16]. Another option is
the use of accelerometers. However, vibration signals have a much lower signal-to-noise ratio and show a greater
dependence on the position at which it is mounted on the engine [17]; it is still an ideal choice due to its practical
feasibility. The low cost of the sensor, ease of mounting it, easier maintenance, and ease of integration with ECU or IoT
for real-time monitoring makes it an ideal choice [14]. Vibration sensors are non-intrusive also.

Nevertheless, the lower signal-to-noise ratio necessitates effective pre-processing, feature extraction, and the
development of robust analytical models to enhance detection accuracy. The amplitude of vibrations generated during
knock events can vary from one engine cycle to another. The amplitudes will be higher if the knock occurs at the early
stages of combustion due to the large number of unburnt masses available, while the amplitude will be lower at the later
stages. Hence, Pla et al. [18] used a combustion model to estimate the mass fraction burnt corresponding to the vibration
signals obtained. However, this could not be implemented for real-time monitoring due to the requirement of combustion
models for the entire range of operating conditions. Additionally, the non-uniformity of the spatial pattern of knock also
leads to the fluctuation in the engine block vibrations for the same knock intensity. Thermal conditions, as well as the
composition of the mixture inside the combustion chamber, affect the spatial distribution of the knock [4, 19]. Within
these limitations, robust models should be developed to analyze vibration signals and determine the occurrence of knock
in real-time. The model thus developed should be computationally efficient while maintaining high accuracy. Many
research studies have already been conducted, and ongoing efforts continue to enhance the robustness and accuracy of
these models.

1.2 Signal Decomposition Methods

Various signal decomposition methods have been developed to handle the complex nature of vibration signals, which
are inherently non-linear and non-stationary. These include techniques such as Discrete Wavelet Transform (DWT),
Empirical Mode Decomposition (EMD), Ensemble EMD (EEMD), Complete Ensemble EMD with Adaptive Noise
(CEEMDAN), and Variational Mode Decomposition (VMD), all of which are designed to extract meaningful signal
components from noisy or complex datasets. One of the most commonly used techniques is the Discrete Wavelet
Transform (DWT), which decomposes signals into multiple frequency bands [20]. Sharp spikes in the energy of the D1
(high-frequency component of the signal) band may indicate knock events; however, they can also result from other high-
frequency phenomena, such as mechanical noise or valve train vibrations. Therefore, additional validation is necessary.
However, DWT is an ideal choice for real-time analysis due to its faster computation and robustness [20]. However, its
reliance on fixed wavelet bases may limit adaptability for more complex signals.

In contrast, Empirical Mode Decomposition (EMD) is more effective for in-depth analysis where signal complexity
demands adaptive techniques. The signals decompose into Intrinsic Mode Functions (IMFs) with slowly varying
amplitude and phase [21]. EMD generates components that are locally modulated in both amplitude and frequency, while
also being data-driven and exhibiting sparse representations [21, 22]. This allows the method to extract inherent signal
features across various scales without relying on predefined assumptions like harmonic, non-stationary, etc., as is done
while performing wavelet Transform or Fourier analysis [23, 24]. Thus, the IMFs obtained have inter-wave and intra-
wave frequency modulations [21]. However, EMD often suffers from mode mixing and lacks robustness when applied to
signals with overlapping frequency content, which makes its output sensitive to signal noise.

EEMD enhances the standard EMD by introducing white Gaussian noise, which helps mitigate mode mixing issues
by leveraging EMD’s dyadic filter bank characteristics [25, 26]. A better signal-to-noise ratio can also be achieved with
the addition of white noise [27]. However, it leads to a different number of IMFs than the actual number of modes present
in the original signal [28]. Also, the IMFs that were obtained may have residues of the white noise that was added [29].
In addition, the ensemble number and the noise standard deviation need to be specified before the analysis; hence, it is
not adaptive as an EMD. This led to the introduction of an improved version called Complete Ensemble Empirical Mode
Decomposition (CEEMD) [28], which calculates the local mean curve to decompose the original signal into different
modes having apparent physical meaning [30]. Due to the presence of complementary pairs of noise in the different modes
obtained, perfect reconstruction of the original signal was impossible [31]. This issue was addressed by CEEMDAN,
which is an improved version of CEEMD with the addition of adaptive noise to the original signal [29]. CEEMDAN can
be used to produce better spectral separation of modes.

In contrast to these decomposition methods, VMD is an entirely non-recursive approach that simultaneously extracts
all modes. VMD is well-suited for analyzing complex, non-linear, and non-stationary signals. VMD demonstrates superior
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performance over EMD in terms of identifying distinct tones, effectively separating them, and noise robustness [32]. This
is due to its self-optimization and adaptive usage of the Wiener filter. Even though this is the case, VMD requires explicit
selection of the number of modes of decomposition that need to be achieved, as opposed to EMD [33]. Therefore, if the
number of modes is chosen wrongly, it may lead to the loss of some important modes or result in mixing different modes
[34]. The most advanced methods include the use of wavelet decomposition, or the EMD family, to decompose the signals
[35] and use Artificial Neural Networks (ANN), Deep Learning Convolutional Neural Networks (DLCNN) etc. for
extracting the features of knock obtained to distinguish between non-knock and knock cycles [14, 23, 36, 37]. However,
the requirement of training the datasets and the higher computational power required are its drawbacks for real-time
detection.

1.3 Statistical Feature-Based Knock Identification

Feature extraction plays a critical role in distinguishing knock events from normal combustion, particularly when used
along with signal decomposition techniques. While methods such as EMD, EEMD, CEEMDAN and VMD have been
widely applied to extract knock-related features, their performance heavily depends on the accurate identification of
knock-relevant IMFs. However, most existing approaches lack systematic selection criteria and often depend on manual
interpretation or heuristic thresholds, limiting their reliability in real-time applications. To address this gap, the present
work proposes a systematic IMF selection criterion based on a combination of statistical tools. This multi-feature strategy
could reduce subjectivity, improve consistency, and lower computational complexity—making it well-suited for real-time
knock detection without the need for complex classification models.

There are many statistical tools like Multi-scale Permutation Entropy [38], kurtosis [39], approximate entropy [40],
correlation coefficient [22], and tools used in fractal analysis like Hurst exponent, fractal dimension, multifractal spectrum
etc. [41]. Among these, the fractal analysis provides valuable insights into combustion instability and detects the transition
from stable to unstable combustion, but it is computationally complex [41]. Due to its computational complexity, fractal
analysis is currently more suited for offline analysis than real-time knock control unless optimized algorithms or high-
speed computation facilities are employed. Multi-scale Permutation Entropy (MPE) is a feature extraction method that is
best suited for non-linear noisy signals [38]. MPE can detect both fast and sudden knock and slower and evolving knock
patterns by analyzing the vibration signal at multiple resolutions. However, approximate entropy is simpler and, requires
less computational time and is best suited for the quick identification of knock events. Approximate entropy can also
produce even better results if combined with other statistical features like kurtosis.

Prior studies have explored IMF-based knock detection using EMD-family methods, Hilbert transforms, wavelet
filtering [23], and deep learning-based classification [36, 37]. However, these approaches suffer from either reliance on
manual IMF selection, computationally intensive training requirements, or limited real-time applicability. Studies show
that the wavelet and ANN-based classifiers offer good accuracy but lack interpretability and generalizability across engine
types and operating conditions [23]. Apart from these, the present work introduces multi-feature statistical selection
criteria using correlation coefficient, approximate entropy, and kurtosis, allowing automated, objective-oriented, and
reproducible identification of IMFs that contain the signals produced during knock. This method is computationally
efficient and can be extended to real-time applications without any trained data. The selection criteria proposed in the
current work are validated using Maximum Amplitude of Pressure Oscillation (MAPO) values. MAPO of the in-cylinder
pressure signals that correspond to the engine block vibrations are also used to classify the combustion process occurring
in each cylinder as non-knock (MAPO below 0.5 bar), weak knock (0.5-2 bar) and strong knock (above 2 bar) cycles
[42].

In the current work, the engine block vibrations recorded are decomposed using EMD, EEMD, CEEMDAN, and
VMD. Thus, the correlation coefficient, approximate entropy, and kurtosis of the IMFs that were obtained are calculated.
Considering these values, a selection criterion is proposed to choose the IMFs that may contain the signals produced
during the knock. The IMFs satisfying the selection criterion are analyzed further to obtain the spectrogram. The efficacy
of the proposed selection criteria in choosing the IMFs containing the knock features is also evaluated. Further details
about the selection criteria and its evaluation are discussed in the following sections.

2. SIGNAL ANALYSIS AND SELECTION OF INTRINSIC MODES

The vibration datasets used in the current analysis are sourced from the works of Fengrong et al. [43, 44] and Li et al.
[45]. They had produced knock by advancing the ignition timing of a 4-cylinder, 4-stroke in-line SI engine. The signals
are captured using the accelerometers DY TRAN-621B40 [43 — 45], mounted on the engine block. In-cylinder pressure
signals are captured using AVL - GH13Z-31(24) [43 — 45]. These datasets were selected due to their high-quality
simultaneous recordings of engine block vibrations and in-cylinder pressure, along with documented knock-inducing
operating conditions, which are ideal for validating decomposition and IMF selection criteria. Noise contained in the
vibration signal is eliminated using the Symlet wavelet due to its better symmetry, thereby reducing the chance of phase
distortion. Soft thresholding is used to avoid discontinuities in the denoised signal [46]. After denoising, the signals are
decomposed using EMD, EEMD, CEEMDAN, and VMD. For VMD, the number of modes was set to 6, which provides
a balance between the decomposition resolution and computational efficiency for vibration signal analysis [47]. In the
case of CEEMDAN, the noise amplitude was set to 0.2 and the ensemble size to 100, based on reported values in the
work done by Morteza et al. [48]. These values offer a reliable trade-off between noise robustness and decomposition
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accuracy. The IMFs obtained after decomposition are then evaluated to find their correlation coefficient with the original
signal, approximate entropy, and kurtosis. The correlation coefficient could be used to identify the IMF that is more
similar to the original signal. In contrast, approximate entropy and kurtosis can be used to identify the IMFs with higher
amplitude signals or spikes concentrated at a few points in a time series. On the other hand, the remaining part of the
signal remains almost flat. These could effectively identify the high frequency, high amplitude engine block vibration
signals that are induced by the engine knock.

2.1 Correlation Coefficient

The correlation coefficient p, measures the similarity between two signals. Signals show a strong correlation when
the value is nearer to 1 or -1 and the least correlation when the value is closer to 0 [22]. Since the knock causes vibrations
with a higher frequency and amplitude, IMFs with a high correlation to the original signal may contain dominant vibration
components, including those related to knock or other recurring combustion dynamics. Hence, the correlation coefficient
alone cannot definitely identify knock and must be used along with other features.

The correlation coefficient is calculated using the relation [49]:
p= T (X — ux) (Y; — py) 0
(VEL & = 10? )(VEL. O — )7

Here, X and Y are the set of variables to be compared, N is the number of observations, py and py are the arithmetic mean
of the set of variables X and Y.

The arithmetic mean of the variables is calculated as [49],

N
N X.
Hx N @)
N
i=1 Y
— —l_l L 3
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2.2 Approximate Entropy

Approximate entropy (ApEn), proposed by Pincus [50], quantifies the irregularities present in time-series data [50].
ApEn of time-series data is obtained as a non-negative value, with higher values representing more irregularity and
complexity of the data/signal, while values close to zero denote a more regular pattern of the data/signal [40]. Hence,
periodic data with a single frequency component will have low ApEn values, while a complex signal with multiple
frequency components will have high ApEn values. Higher ApEn values indicate increased signal complexity or
irregularity, which may also be associated with knock events. However, such complexity may also arise from other
transient phenomena, so ApEn alone could not produce the desired results.

For a given N data points in the signal data u (i), approximate entropy is calculated as follows [50]:
Initially, the m vector sequences X (1) ..... X(N — m + 1) of the time-series data u(i) are formed as,

X@) =[u@,u@+1),.....u@+m-1)] @)
where, 1 <i<N—-m+1

The distance between the vectors, X (i) and X(j), i.e., the maximum difference in their scalar components, is calculated
as [50],

dIXD,X()] = max (G +xG + D 5)

The frequency of similar patterns C;™(i) measured for the vector sequences X (i) is [50],
N™ ()

N-m+1

The approximate entropy of the signal is then calculated using the relation [50],

ApEn = @™ (1) — ®™*1(7) @)

@) = (6)

Here, r is a tolerance value (generally taken between 0.01 and 0.5) and ®™(r) = N_:Ml NomA n ¢ (D).

N™ (i) counts the number of j satisfying the condition d[X (i), X(j)] < r while the value range for j willbe 1 <j < N —
m+ 1.

2.3 Kurtosis

Kurtosis represents the measure of flattening of the probability density function near the mean value of the signal [39].
Therefore, the pulse nature of the signal can be represented using kurtosis [39]. In other words, kurtosis measures the
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peakedness of the signal [39]. Generally, the pulse signal will have a kurtosis value higher than 3. Moreover, a higher
kurtosis value means more peaks in the signal, having more than 3 times the RMS value of the signal [39]. For a sample
of n values, uq, u, .... Uy, kurtosis is calculated using the formula [39],

3 n(n+1) S — ¢ 3(n—1)?
k= (n—l)(n—Z)(n—3);< s )l_(n—Z)(n—3) ®)

Kurtosis can be further categorized as:

» Positive kurtosis (leptokurtic): This describes a distribution with fatter tails than a normal distribution, indicating
that there are more outliers than the norm in both directions (higher and lower values).

* Negative kurtosis (platykurtic): This describes a distribution in which there are fewer outliers than the norm and
thinner tails than in a normal distribution.

* Kaurtosis of zero (mesokurtic): This indicates a distribution with tails similar in size to those of a normal distribution
with a moderate frequency of outliers.

Vibration signals affected by knock often exhibit a leptokurtic distribution due to the presence of sharp peaks. However,
the distribution shape can vary depending on combustion conditions and the engine's operating state.

2.4  Criteria for Choosing the IMF

The proposed selection criteria for choosing the IMFs that may contain the signals generated during the knock are as
follows:

» IMFs with a correlation coefficient greater than 0.5 with the original signal can be selected.

+ IMFs with approximate entropy (ApEn) above 0.5 can be selected. This is because the IMFs that contain the vibration
signals produced during knock will have higher ApEn values. This is due to the presence of high-frequency, high-
amplitude signals.

» Since kurtosis depends on the RMS value of each signal and the amplitudes of peaks present in the corresponding
signal, general criteria cannot be made for selecting the IMFs. This is because the IMFs with comparatively lower
peaks but much lower RMS values may have higher kurtosis than those with higher peaks, such as those produced
during the occurrence of knock, which have a much higher RMS value than the former. Therefore, two IMFs with the
highest kurtosis value can be selected instead of providing a threshold value.

The IMFs satisfying all three criteria are then further analyzed to generate a spectrogram that can be used to identify
the specific cylinder where knock events are detected. The energy distribution in a time-frequency domain obtained in
the spectrogram could easily locate the high amplitude, high-frequency vibrations (if any) on a time scale. This, along
with the signal from the crank position sensor, facilitates precise identification of the cylinder experiencing a knock.
However, if the knock occurs due to the lean air-fuel mixtures, higher compression ratios, engine heating, spark timing,
etc., which affect the entire engine, there is no point in identifying the specific cylinder where knock events occur.
Preventive measures are required for all cylinders. If the knock occurs due to the hot spots inside the combustion chamber
caused by carbon deposits, the control mechanism is to clean the combustion chamber. This should be done manually. In
short, rather than locating the cylinder, real-time detection of the knock and its control or preventing its further occurrence
is required. The selection criteria proposed in the current work could be used to detect the occurrence of knock. The
correlation coefficient, approximate entropy, and kurtosis values calculated for each IMF were evaluated to substantiate
the effectiveness of the proposed selection criteria.

3. RESULTS AND DISCUSSION
3.1 Selection of IMF's

The engine block vibrations reflecting the knock events were recorded while the engine was running at 4000 rpm with
a spark at 20° BTDC and 2800 rpm with a spark at 28° BTDC, respectively [45], are decomposed using EMD, EEMD,
VMD, and CEEMDAN. Tables 1 and 2 show the correlation coefficient, approximate entropy, and kurtosis values
calculated for each IMF thus obtained. IMFs satisfying the selection criteria discussed in section 2.4 are highlighted in
green, while those satisfying at least any one of the three criteria are highlighted in yellow. The values calculated show
that the first IMF obtained using EMD, EEMD, and CEEMDAN met the selection criteria, while none of the IMFs
obtained using VMD could meet the selection criteria. The second IMF obtained using CEEMDAN (Table 1) also satisfies
the selection criterion. This suggests that EMD, EEMD, and CEEMDAN can effectively capture high-frequency
components potentially associated with knock events from the engine block vibration signals. However, further analyses
of the selected IMFs are required to confirm the same observation.
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Table 1. Correlation coefficient, approximate entropy, and kurtosis calculated for each IMF obtained after performing
EMD, EEMD, CEEMDAN, and VMD on the engine block vibration signal obtained at 4000 rpm [45]

IMF 1 IMF 2 IMF 3 IMF 4 IMF 5 IMF 6 IMF 7 IMF 8
Correlation Coefficient
EMD 0.92 0.25 0.08 0.018 0.02 -0.001 0.006 0.005
EEMD 0.80 0.86 0.42 0.260 0.10 0.046 0.040 0.018
CEEMDAN 0.84 0.58 0.70 0.380 0.24 0.090 0.035 0.030
VMD 0.18 0.26 0.49 0.730 0.45 0.330
Approximate Entropy
EMD 1.02 0.62 0.45 0.25 0.11 0.04 0.02 0.009
EEMD 0.99 0.82 0.67 0.58 0.48 0.22 0.10 0.040
CEEMDAN 0.84 0.61 0.90 0.66 0.57 0.55 0.30 0.140
VMD 0.32 0.42 0.43 0.38 0.56 0.60
Kurtosis
EMD 5.99 10.27 5.74 5.076 2.84 2.156 2.21 2.028
EEMD 13.49 3.70 5.78 4.020 345 3.230 2.32 2.018
CEEMDAN 9.35 29.76 3.19 6.570 4.23 2.880 4.57 2.510
VMD 43.99 13.48 5.13 5.290 3.79 4.800

Table 2. Correlation coefficient, approximate entropy, and kurtosis calculated for each IMF obtained after performing
EMD, EEMD, CEEMDAN, and VMD on the engine block vibration signal obtained at 2800 rpm [45]

IMF 1 IMF 2 IMF 3 IMF 4 IMF 5 IMF 6 IMF 7 IMF 8
Correlation Coefficient

EMD 0.92 0.31 0.09 0.007 0.008 0.019 0.003 0.003
EEMD 0.80 0.71 0.34 0.20 0.04 0.02 0.03 0.023
CEEMDAN 0.82 0.47 0.53 0.26 0.17 0.028 0.01 0.02
VMD 0.27 0.46 0.47 0.67 0.43 0.27
Approximate Entropy
EMD 0.64 0.36 0.36 0.22 0.09 0.04 0.02 0.007
EEMD 0.54 0.57 0.54 0.37 0.45 0.17 0.10 0.04
CEEMDAN 0.54 0.78 0.94 0.71 0.40 0.48 0.22 0.15
VMD 0.38 0.29 0.34 0.33 0.44 0.33
Kurtosis
EMD 24.73 20.9 17.3 9.2 8.45 2.5 2.65 1.5
EEMD 45.77 14.97 15.54 9.48 5.05 8.86 4.02 2.53
CEEMDAN 34.51 62.75 8.44 26.96 10.02 8.40 10.38 4.08
VMD 40.77 29 11.8 13.3 14.2 13.88

The results also show that none of the IMFs obtained using VMD satisfied the selection criteria. This may indicate a
limitation of VMD for knock detection under the given conditions. Unlike other methods, VMD decomposes the signal
into narrowband IMFs that are concentrated around specific center frequencies. This characteristic may not be suitable
for capturing non-linear and non-stationary engine block vibrations produced during SI engine knock, with frequencies
ranging from 7 kHz to 22 kHz. VMD might have distributed the knock-related information across multiple narrowband
IMFs, failing to represent the spikes or sharp rise in the amplitudes of vibration signals in a single IMF. The spectrogram
of the IMFs obtained using VMD should be evaluated before reaching a final conclusion regarding the effectiveness of
VMD in detecting the signals produced during SI engine knock.

The proposed multi-metric selection approach enhances reliability and repeatability, as opposed to the methods that
rely on visual inspection of spectrograms [44—46] and single-feature analysis such as kurtosis [39]. Some other works
used ANN, DLCNN etc. [14, 23, 36, 37] to detect a knock but lacked interpretability and real-time feasibility. Our
approach achieves comparable accuracy without requiring machine learning training data and with much lower
computation. To validate these observations, spectrograms were generated for all IMFs obtained using each
decomposition method (EMD, EEMD, VMD, and CEEMDAN). The spectrograms were then visually inspected to
identify IMFs that clearly demarcate the occurrence of knocking events. These results are compared with the IMFs
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selected based on the above-mentioned selection criteria to further evaluate their effectiveness in knock detection. Further
details regarding the spectrogram of the IMFs obtained, the effectiveness of the selection criteria, and the effectiveness
of each decomposition method in identifying the occurrence of knock are discussed in the following sections.
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Figure 1. In-cylinder pressure and engine block vibrations produced by the engine running at (a) 4000 rpm, spark at 20°
BTDC, and (b) 2800 rpm, 28° BTDC [45]

3.2 Analysis of IMFs

Figures 1(a) and (b) show the in-cylinder pressure and engine block vibrations produced by the engine running at 4000
rpm with a spark at 20° BTDC and 2800 rpm with a spark at 28° BTDC, respectively [45]. In Figure 1(a), pressure
fluctuations are observed in the in-cylinder pressure values corresponding to the combustion process in cylinders 2 and
3. These may be due to the occurrence of knock. MAPO corresponding to the combustion process in cylinders 1-4 is
calculated to be 0.46 bar, 2.12 bar, 2.15 bar, and 0.43 bar, respectively. From the MAPO calculated, it is clear that a strong
knock occurs in cylinders 2 and 3, while non-knocking cycles are observed in cylinders 1 and 4. Higher amplitude engine
block vibration signals are visible in line with pressure fluctuations produced in cylinder 2. However, such high amplitude
vibration signals are not observed, corresponding to the pressure fluctuations produced inside cylinder 3. Therefore, it is
inferred that, based solely on the amplitudes of the engine block vibration signals, a conclusion regarding the occurrence
of knock cannot be made. Similar to that seen in Figure 1(a), pressure fluctuations are observed in the in-cylinder pressure
values corresponding to the combustion process in cylinders 1 and 3 in Figure 1 (b). MAPO is calculated to be 4.94 bar,
0.18 bar, 1.93 bar, and 0.28 bar, corresponding to the combustion process in cylinders 1-4, respectively, indicating a
strong knock in the first cylinder, a weak knock in the third cylinder, and a non-knocking cycle in the remaining two
cylinders. From Figure 1(b), it is also observed that the peak pressure produced during the combustion process in cylinder
1 is higher than that produced during the combustion process inside cylinder 3. Similarly, the pattern of vibration signals
is also.

However, vibrations produced in the latter case also exhibit higher amplitudes when compared to the vibration signals
produced corresponding to the combustion process inside cylinders 2 and 4 (non-knocking cycles). However, the
vibrations produced during the combustion process inside cylinder 2 also have some peaks, even though they are not as
high as those produced during the combustion process inside cylinders 1 and 3. However, the fluctuations in the in-
cylinder pressure aren't evident during the combustion process occurring in cylinder 2. Therefore, it might not be caused
by the knock. Higher amplitude vibrations may also be produced due to other factors. Based on the vibration signals
recorded at engine speeds of 2800 rpm and 4000 rpm, it can be inferred that the amplitude of combustion-induced
vibrations, by itself, is insufficient to indicate the presence of knock reliably. Other parameters like valve opening and
closing, misfire, spark timing, the equivalence ratio of the air-fuel mixture, etc., will also affect the amplitude of the
vibrations produced. Hence, the vibration signals obtained need to be processed further to observe them in a time-
frequency domain to get more details regarding their frequency distribution. This, in turn, could identify the high
frequency, high amplitude vibration signals that correspond to the one that is produced during the knock.
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Figure 2. Spectrograms of the first four IMFs extracted using EMD from vibration signals recorded at 4000 rpm and
spark at 20° BTDC
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Figure 3. Spectrograms of the first four IMFs extracted using EEMD from vibration signals recorded at 4000 rpm and
spark at 20° BTDC

The spectrogram of IMFs obtained by decomposing the engine block vibrations captured from the engine at 4000 rpm
and spark at 20° BTDC is shown in Figures 2-5 [45]. The signals are decomposed using EMD, EEMD, CEEMDAN, and
VMD, respectively. Figure 2 shows the spectrogram of the first four IMFs obtained using EMD. The results show that
higher energy fluctuations are present only in the first IMF, at 0.01112 seconds and 0.02589 seconds, respectively. This
corresponds to the combustion process occurring inside cylinders 3 and 2. The first peak observed at 0.01112 seconds has
a frequency of 7879 Hz, while the second peak observed at 0.02589 seconds has a frequency of 8387 Hz. These higher
energies are observed between 7 and 22 kHz; knock-induced engine block vibrations generally fall in this range. The
pressure fluctuations and the MAPO calculated also confirm the same. The maximum energy of the remaining IMFs is
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observed to have a frequency below 2 kHz. Therefore, from the results, it is clear that only the first IMF contains the
components of the signal produced during the SI engine knock. The same was also observed using the proposed selection
criteria (section 2.4).

Figure 3 shows the spectrogram of IMFs obtained by decomposing the signals using EEMD. The results show that
signals with a frequency above 7 kHz are present in both the first and second IMFs. However, the second IMF fails to
provide a clear demarcation about the occurrence of a knock since the signals having frequencies around 7 kHz are found
throughout the signal length. Hence, it is evident that the vibrations, which have frequencies around 7 kHz, are produced
by the engine during the normal combustion cycles as well. Therefore, only the first IMF was found to provide meaningful
information about the occurrence of knock. Based on the selection criteria for the signal decomposed using EEMD, it is
observed that only the first IMF needs to be analyzed further to detect the presence of knock. Similar to the EMD results,
we can see two peaks in the spectrogram obtained using the first IMF at 0.01112 seconds and 0.02589 seconds,
respectively. However, the energy level and frequency of the peaks are different. While comparing with the results
obtained using EMD, it is also observed that, apart from the peaks observed at 0.01112 seconds and 0.02589 seconds in
the first IMF, lower energy signals with a frequency above 7 kHz are found throughout the signal length in the first IMF
obtained using EMD, while this was totally absent in the first IMF obtained using EEMD. This is because EEMD could
extract the signals more accurately by addressing the mode mixing issue raised by EMD. Therefore, EEMD is more
effective than EMD in extracting the signals produced during the occurrence of knock.

Figure 4 shows the spectrogram of the IMFs obtained by decomposing the signals using CEEMDAN. From the
spectrograms, it is observed that the first and second IMFs contain signals with frequencies above 7 kHz. Similar to
previous observations obtained using EMD and EEMD, two signals' energy distribution peaks were observed in the
spectrogram of the first IMF at 0.01112 seconds and 0.02589 seconds, respectively. Apart from that, another peak was
also observed in the spectrogram of the second IMF at 0.02589 seconds; this was totally absent in the spectrogram of
IMFs obtained using EMD and EEMD. The spectrograms obtained for the first and second IMFs are required to determine
the occurrence of knock in the current case. The same was also observed using the proposed selection criteria. On
comparing the results obtained using EEMD and CEEMDAN, it is observed that the spectrogram corresponding to the
first IMF looks alike in both cases, even though there are some changes in energy levels.
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Figure 4. Spectrograms of the first four IMFs extracted using CEEMDAN from vibration signals recorded at 4000 rpm
and spark at 20° BTDC

The spectrograms of the first four IMFs obtained by decomposing the signals using VMD are shown in Figure 5. The
results show a different trend than those obtained using EMD, EEMD, and CEEMDAN. This is because the IMFs obtained
using VMD fall in a narrow frequency band. The signals with a frequency band of 7-22 kHz were not observed in the
spectrogram of the first IMF. Instead, it got distributed among the first four IMFs, i.e., knock-induced vibration signals
may be distributed among the first four IMFs. The spectrograms obtained show that the energy level is mostly
concentrated in the frequencies around 21 kHz, 13 kHz, 9 kHz, and 8 kHz, respectively, for the IMFs 1-4. Additionally,
three peaks are observed in the spectrogram of the third IMF with frequencies around 9 kHz, but knocking was observed
only at 0.01112 seconds and 0.02497 seconds, which corresponds to the combustion process in cylinders 2 and 3, as
evident from the previous results obtained using EMD, EEMD, and CEEMDAN. VMD fails to identify the signals
produced during the knock. This may not be the problem with the VMD method; however, it may be due to the wrong
number of decomposition levels provided. Wrongly specified decomposition levels may lead to the loss of certain modes
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or different modes getting mixed together. Hence, extensive analysis should be done with different numbers of modes to
find the optimum number of modes in which the signals need to be decomposed using VMD so that the signals produced
during the knock can be clearly portrayed in one or two IMFs. The proposed selection criteria also state that VMD cannot
be used effectively as EMD, EEMD, or CEEMDAN with the current number of decomposition levels provided (6).
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Figure 5. Spectrograms of the first four IMFs extracted using VMD from vibration signals recorded at 4000 rpm and
spark at 20° BTDC
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Figure 6. Spectrograms of the first four IMFs extracted using EMD from vibration signals recorded at 2800 rpm and
spark at 28° BTDC

All these results show that the signals decomposed using EEMD and CEEMDAN could provide more accurate results.
However, the primary focus lies in checking the feasibility of the proposed selection criterion in choosing the IMFs that
may contain the signals produced during the occurrence of knock. The criterion could effectively select the IMFs that
contain the signals generated during the occurrence of a knock while the engine was running at 4000 rpm and spark at
20° BTDC. The effectiveness of the same is also checked with another set of signals captured while the engine was
running at 2800 rpm and spark at 28° BTDC to confirm the same.
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Figure 7. Spectrograms of the first four IMFs extracted using EEMD from vibration signals recorded at 2800 rpm and
spark at 28° BTDC
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Figure 8. Spectrograms of the first four IMFs extracted using CEEMDAN from vibration signals recorded at 2800 rpm
and spark at 28° BTDC

Figures 6-9 show the spectrogram of IMFs obtained by decomposing the vibration signals recorded at 2800 rpm and
spark at 28° BTDC [45]. The first IMF obtained using EMD (Fig. 6), EEMD (Fig. 7), and CEEMDAN (Fig. 8) can be
used to confirm the occurrence of knock, similar to the results achieved in the previous case (at 4000 rpm and spart at 20°
BTDC). Two peaks at 0.0048 seconds and 0.016 seconds with frequencies around 7-8 kHz were observed in the
spectrograms obtained for the first IMF using EMD, EEMD, and CEEMDAN. These timings correspond to the
combustion processes inside cylinders 1 and 3. The energy level of the peak value observed at 0.004721 seconds is twice
that of the energy level observed at 0.01616 seconds. This indicates a strong knock occurring in the first cylinder and a
weak knock in the third cylinder. The same was also observed from the MAPO calculated. This indicates that whatever
the fluctuations or disturbances in the in-cylinder pressure values are, the same will be reflected in the engine block
vibrations. In Figure 8, high-frequency signals are not observed in the second IMF obtained using CEEMDAN, as
observed in Figure 4. This observation is consistent with the proposed selection criteria (see Table 2). Comparing the
results, it was found that the results obtained using EEMD and CEEMDAN are more efficient than those produced using
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EMD. This is because, in the spectrogram corresponding to the first IMF obtained using EMD, we can observe some
small peaks around 0.025 seconds and 0.0375 seconds. This was almost absent in the results obtained using EEMD, and
much lower peaks were observed in the results obtained using CEEMDAN. EEMD and CEEMDAN could eliminate
almost all the signals other than those produced during the occurrence of knock from the first IMF. As in the previous
case, it is unable to accurately figure out the occurrence of knock using the IMFs generated by VMD with the number of
levels of decomposition as 6 (Fig. 9). The signals having frequencies above 7 kHz were present in the first four IMFs
obtained using VMD. Hence, VMD (with the current number of decomposition level - 6) can be ruled out from the set of
decomposition techniques that can be used for determining the occurrence of knock.
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Figure 9. Spectrograms of the first four IMFs extracted using VMD from vibration signals recorded at 2800 rpm and
spark at 28° BTDC

From the first and second sets of results, it is clear that the proposed selection criteria can be used to identify the IMFs
that may contain the signals generated during the SI engine knock. Among the various methods used for decomposing
the signal, EEMD and CEEMDAN are more efficient than EMD. At the same time, VMD is found to be inefficient in
separating the high frequency, high amplitude vibrations produced during the SI engine knock from the set of engine
block vibration signals. While the spectrogram analysis and statistical indicators (correlation coefficient, ApEn, and
kurtosis) support the effectiveness of the proposed selection criteria, it is essential to acknowledge that the thresholds
used—such as ApEn > 0.5 and correlation coefficient > 0.5—are empirically determined and may not generalize across
all engine types or operating conditions. The decomposition techniques, particularly CEEMDAN and EEMD, showed
promising consistency. However, their computational load remains higher than EMD, which is a challenge for real-time
monitoring. The limitations observed in VMD also underscore the dependency of decomposition quality on mode number
selection. These observations indicate that further optimization is required to change the parameters dynamically based
on engine speed, load, and sensor characteristics for robust, real-time knock detection. Unlike prior studies that often
relied on single metrics or manual IMF inspection, this work introduces a multi-parameter threshold-based selection
approach that is automated, reproducible, and validated across varying speeds. Existing research, such as Bi et al. [44,
45] and Hashim et al. [23], have employed methods like Hilbert transforms or wavelet-based filtering without a structured
IMF selection mechanism. The proposed method shows enhanced reliability in selecting IMFs containing knock-related
features.

Furthermore, unlike previous works that relied heavily on single-feature analysis, such as kurtosis alone [39] or deep
learning-based methods [36, 37] requiring substantial computational power, the current method achieves comparable
knock detection accuracy while remaining computationally efficient. The approximate entropy values showed
dependency on the intensity of the knock. During the occurrence of a strong knock, approximate entropy values are seen
to be around 1, while during the occurrence of a weak knock, they were seen to be around 0.6. However, further extensive
analysis should be done at different operating conditions to confirm its dependence. These observations also confirm the
effectiveness of the proposed framework and highlight its feasibility for real-time deployment, especially when compared
to the models that lack interpretability and require continuous retraining. While the current study focuses on a specific
four-cylinder SI engine dataset, the methodology is designed to be adaptable to other engine types and configurations.
The use of fundamental statistical features such as correlation coefficient, approximate entropy, and kurtosis, rather than
engine-specific trained models, supports this generalizability. Additionally, the decomposition techniques employed
(EMD, EEMD, CEEMDAN, and VMD) are widely applicable to various signal types and are not restricted to a particular
engine configuration. However, it is acknowledged that optimal threshold values may vary across engines due to
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differences in combustion dynamics, sensor positioning, and operating ranges. Therefore, future studies should explore
adaptive threshold tuning based on engine-specific characteristics, enabling broader deployment of the proposed method
in research and production settings.

4. CONCLUSIONS

This study presents a systematic method for selecting knock-relevant IMFs from engine block vibration signals. The
methodology involves wavelet-based denoising and decomposition using EMD, EEMD, CEEMDAN, and VMD. Each
IMF is evaluated using correlation coefficient, approximate entropy, and kurtosis, and a selection criterion is applied to
isolate knock-indicative components. The current work mainly focuses on the effectiveness of the proposed selection
criteria in identifying the IMFs that are likely to contain the vibration signals produced during the occurrence of knock.
The development of this selection criterion is based on kurtosis, approximate entropy, and correlation coefficient.
Additionally, the effectiveness of various decomposition methods in extracting the signals produced during the occurrence
of knock from engine block vibrations is also discussed. The comparison is made between four decomposition methods:
EMD, EEMD, CEEMDAN, and VMD. The results show that EEMD and CEEMDAN outperform VMD and EMD in
extracting the engine block vibration signals induced by a knock. VMD’s characteristic of decomposing the signal into
narrowband IMFs may not be suitable for detecting the occurrence of knock as the IMFs produced by VMD are highly
dependent on the number of decomposition levels specified. EMD also fails to give accurate results due to mode mixing,
where information from different oscillatory components can overlap in one IMF and may hinder the extraction of signals
produced during the SI engine knock alone.

From the results, it is observed that the proposed selection criteria were able to pick the IMFs that contain the signals
produced during the occurrence of knock. The spectrograms of the IMFs obtained were analyzed to confirm the same.
The spectrograms of selected IMFs not only provided information regarding the presence of knock but also its intensity.
This information from spectrograms was validated using MAPO. At 4000 rpm, MAPO values exceeding 2 bar and
approximate entropy values approaching 1 indicated strong knock activity in cylinders 2 and 3. At the same time, MAPO
corresponding to the in-cylinder pressure data obtained at 2800 rpm exceeds 4 bar corresponding to cylinder 1 and below
1.94 bar in cylinder 3, indicating strong and weak knocks, respectively. The value obtained for approximate entropy was
around 0.6. Analysis should be done at different engine operating conditions to check whether this change in the value
for approximate entropy directly relates to the knock intensity.

In short, for the best performance in identifying and characterizing SI engine knock using engine block vibration
signals, current work recommends using either EEMD or CEEMDAN for decomposition. The subsequent selection
criteria based on kurtosis, approximate entropy, and correlation coefficient can guide the selection of relevant IMFs.
Additionally, extensive analysis of engine block vibration signals at various running conditions needs to be conducted to
finalize the threshold values for kurtosis, approximate entropy, and correlation coefficient in order to confirm the
occurrence of knock directly from the IMFs, thereby eliminating the requirement of a spectrogram. Further extensive
study is required to confirm the applicability of selection criteria across different engine configurations, fuel types, and
sensor locations. Adaptive tuning of these parameters based on operational profiles would enhance generalizability.

In conclusion, this work contributes a computationally efficient, statistically grounded method for knock detection
using engine block vibration analysis. Future research focuses on refining threshold adaptivity, exploring ensemble
learning techniques for IMF classification, and validating across diverse engine platforms to develop a deployable real-
time knock control system.
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