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Abstract— Embedded integer NARX (nonlinear
autoregressive neural network with exogenous inputs)
identification of the vibration experiments on
knocking combustion of a Deutz MWM 8 cylinder
large gas engine was carried. A measure of the degree
of dependence of vibration and knocking reference
values defined by the NARX recurrent neural
network. A new identification is proposed based on
the cross-correlation between the vibration signal and
neural network error.

I.  INTRODUCTION

Knocking phenomena in combustion processes were
observed from the very beginning of the large gas engine
research [1]. Knocking may cause fluctuations in the
mechanical part of the engine as well as fluctuations of
the burned gas. As a consequence, the mean torque may
be cuted down by as much as 40% [2][3]. It is therefore
not revealing, that detecting and predicting knocking
phenomena were identified as a basic engineering
problem in large gas engines [4].

Knocking is an abnormal condition where partial
combustion built of the gas or gasoline/air mixture during
the power stroke of the internal combustion engine.
Engine knock is a very specific nonlinear, chaotic
problem where gas "detonates" from pressure and not
spark ignition [5][6].

The knock usually happens when the air/gas or
gasoline mixture is too lean (too much Oy) or the ignition
timing is too far advanced. There is a distinctive
knocking noise associated with this dilemma [7][8]. The
serious problem during gas engine operation, the changes
of natural gas quality [9]]10].

A complicated issue of knocking combustion is the
unpredictable nature of their appearance, resulting the gas
engine control as a challenging task [11][12].
Understanding of their origins have been one of the main
subject in large gas engine technology in the last century

[13][14]. However, based on the exercise made in
interpreting the different basics of knocking instabilities
in the previous time, the problem of a robust system
management in a large gas engine has not been clarified
yet [15][16][17].

The elemental units of knocking fluctuations are:

i Nonlinear, chaotic instabilities in the combustion

chamber throughout combustion, [18][19]

ii. quality- [20],

iili. amounts of gas,

iv. distribution of the local blend near the

combustion occlusion [21][22].

Recent publications concentrated on the development
and utilize of spectral models of the knocking procedure.
Among the different articles, Millo and Ferraro [23],
Abu- Quadis [24] and Taglialatela et al. [25] analyzed the
nonlinear character of knocking and studied the system of
vibration fluctuations in a gas engine.

Using a spectral analysis, in [26][27][28] published the
working cycle of the knocking parameters along with
combustion pressure. Later, Thomas et al. [29] analyzed
the gas circulation in a nonlinear model considering
engine dynamics.

The most plausible feature for the presence of
nonlinear dynamics in the large gas knocking phenomena
derived from the theory of time irreversibility of the
combustion thermodynamics of Wu [30] and Thomas
[31].

In this paper we present knocking vibration signal
analysis of a Deutz MWM gas engine. [32][33]. We
describe a method that gives a nonlinear exogenous
representation of vibration system, i.e., that provides
dynamical information on the knocking environment. The
knocking system is taken as quasiperiodic and chaotic,
meanwhile the time-frequency representation s
revealing, because it shows when and how knocking
motion between adjacent signals can be trapped in some
resonance zones associated with quasi periodicity
[34][35][36]. In our studies we apply nonlinear
autoregressive identification (NARX [37][38][39][40])
between the vibration signal and knocking reference.

Nonlinear system identification has been used to
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analyze the knocking system in [38] where the main
frequency was extracted by computing the frequency
curve where the energy is maximum.

In our work in Sec. Il, we describe the NARX system
and in Sec. Ill, introduce the NARX neural network
approximation for knocking parameter. In Sec. IV. we
present the results.

1. NONLINEAR AUTOREGRESSIVE NEURAL
NETS WITH EXOGENOUS PARAMETER

For the large gas engine vibration signal knocking
project we use nonlinear autoregressive model with
exogenous inputs (NARX [34][35][36][37][38][39][40]).
The model being approximated by a variant of recurrent
neural network that has been successful utilized in the
engine diagnostics [42]. In the following we call the
recurrent network as NARX neural network. The major
difference between recurrent and feedforward network is,
recurrent net allows a weighted feedback connection
between layers of neurons and thereby making it suitable
for engineering knocking prediction by allowing lagged
values of variables to be considered in model. Although
the literature many time series methods such
autoregressive  (AR), moving average (MA),
autoregressive moving average (ARMA), autoregressive
integrated moving average (ARIMA), etc. have been
applied in various industrial problems, these techniques
cannot manage nonlinear problems [39][40].

The conditions of the recurrent neural network
approximation of NARX system in the knocking
combustion project could be summarized as:

- learning is more sufficient in recurrent networks than in
alternative neural network (gradient descent method

[43]).

- the recurrent networks converge much spirited than
other networks [44].

- integer representation for embedded microcontroller
environment of the NARX neural network is
uncomplicated achievable. [45].

Throughout, we focus our attention to the knocking
vibration analysis by an input-output representation of
discrete vibration and knocking reference signals, which
could be encapsulated:

YO=fUE=DU),.....,UE—1),U),Y(=Dy)
e Y(E=1)]
(1)

where U(t) and Y(t) demonstrate input (vibration signals)
and output (knocking references) of the network at time t.
Du and Dy, are the input and output order (or delay), and
f is a universal nonlinear function which could be

represented by NARX neural
function % (see Eq.2).

For instance we could select for NARX neural networks
zero input order and a D-dimensional output. i.e.,
retaining D elements feedback from output alone: the
main operation equation of NARX neural network is

driven now by:

network gauging

Y()=¥[U@),Y(t—1),...Y(t-D)]

)
where ¥is the NARX gauging function. The simplified
structure of NARX neural network is represented in
figure 1.

However, publications diverse engine control systems
present, that recurrent neural networks are regularly much
improved at disclosing long time—dependences than
conventional neural networks [46][47],.

In recent times, in engine controlling certain recurrent
neural network applications have demonstrated [48], it
could be ambitious to design the net learning with
stability. Deng et al. [47] considered diverse learning
algorithms for structures with long time inherent
dependencies and presented, that for gradient-based
training algorithms the gradient vanishes for large m
iteration steps. This event is assigned to as the issue of
vanishing gradients, which demonstrate why gradient
descent methods could be an issue to interpret structures
with chaotic long-term dependencies, presenting in the
engineering knock signals [48].

To avoid the problem of vanishing gradient in learning
and training the NARX network in the literature some
article is engaged with introducing integer embedding
memory in recurrent neural networks [40], whereas
certain others recommend enhanced robust learning
algorithms, such as the stochastic Kalman filter, Gauss-
Newton algorithm and simulated annealing [41][42][43].
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Y(k+1)

Fig. 1. NARX architecture: U(k) are the input vibration
values, Y(k) are the reference outputs, b — tapped bias;
where the next value of the vibration signal Y(t) is
regressed on previous values of the vibration signal and
previous values of an independent (now exogenous)
knocking reference signal.

I1l. RESULTS

A. Applied integer NARX structure, functions

We implement the NARX model with a recurrent
neural network based on a modified Matlab Ver. 2016b
Neural Network Toolbox [49], to approximate the NARX
gauging function ¥ between the vibration values and the
knocking reference.

The recurrent neural network Matlab source has been
modified with

- the integer embedded memory (Figure 1), as a
delayed neuron from the reference output of the
second layer to the vibration input being
introduced,

- the integer sigmoid activation function [47].

During the definition phase it was observed, that the
learning process could be accelerated by simultaneously
analyzing the input, vibration series. For example, the
reference value could be better “predicted”, if 12 input
vibration values partitioned to 6+6 values and together
with the last 1 reference value simultaneously applied as
inputs to the neural networks. The new NARX neural
network learning model can be seen on the Fig.2. The
representation deriving from the Figure 1 and for
example NN(du, dy; 12) denotes the NARX with du
input delays, dy output delays and 6+6 (vibration)
neurons in input layer.
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Fig. 2. Modified NARX architecture with two tapped
delay biases and 6 hidden neurons for partitioned (U1,
U2) input signals and reference signal (Y)

The common formalism for the generalized integer
architecture (Figure 1) for the reference signal Y(k+1)
based on the previous vibration values U(k), U(k-1), ...,
U(k-dU) and the actual and previous reference values
Y(K), Y(k-1), ..., Y(k-dY) as inputs, could be drafted as

W +

N
Y (K+1) =Y, Wpy + > W, W, | & )
( ) 0 b0 é hOo *h ZWIhU(k—I)
i=0

dy
+ D WY (k= )
i=0
3

For the modified integer NARX neural network model
in Figure 2, the reference Y(k+1) based on the previous
observations U1(k), U1(k-1), ..., U1(k-dU) for the first
vibration series, the previous observations U2(k), U2(k-
1), ..., U2(k-dU) for the second vibration series and the
previous references Y(k), Y(k-1), ..., Y(k-dY) as inputs,
could be formulated as:

. W, +
Y (K+1) =Y, Wpy + > W, P, | &
( ) 0 b0 ; hOo *h Zwlihu l(k _ |1)
i1=0
du2 dy
> Wi U2(k—i2)+ Y w,Y (k- j)
i2=0 j=0

(4)
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B. NARX learning

Determining the recurrent learning gradients a dynamic
algorithm is required [47]. The mathematical structure of
the back-propagation error for dynamic NARX systems is
more complicated than those for static networks [48]. The
NARX neural network training system applies the
improvement of using the actual, measured (aka
unlearned) reference value, which is more conceivable
instead of the evaluated output to train the NARX neural
network. This dynamical network has an averaged
feedforward structure and can be trained with usual static
back-propagation algorithm. Furthermore, the knocking
references to the feedforward network are just the
real/true ones (together with the evaluated ones), and the
training is more exact.

However, the process has some limitations. One is
associated to the sum of parameters and to the number of
hidden neurons to be involved in NARX neural network.
Commonly, this number could be considerable and there
is a risk of “overfitting” the data generating an incorrect
solution, which does not lead to adequate knocking
vibration values.

The solution of the overfitting could be to clustering
the neurons [16][29][33]. This fact inspires the use of an
algorithm including the regularization method [16][19],
which concerns adjusting the performance function for
reducing the neurons weight.

The common learning integer performance function
realization used in training:

19 19
Wz _W;‘t +intY,)} )

could be replaced by

N

k*%i(ti +int(Y,))? + (100 - k)*%_Z(wi )
® )

where t; is the reference knocking value and k<100 is the
integer performance factor [36]. The performance
function is account for the smaller neuron weights and
biases, and accelerates the network answer being stable
and steady.

C. NARX training

We use for the NARX training the modified
Levenberg-Marquardt optimization to include the
regularization technique [16][19]. It minimizes a
sequence of errors and weights and determines the
appropriate combination. The process could be labeled as
Bayesian regularization [43]. Typically, in function
optimization problems, for networks that consist of few

hundred weights, the Levenberg-Marquardt algorithm
have agile convergence [41]. This benefit is principally
apparent if high-accurate training is prescribed. However,
as the number of weights in the network increments, the
convergence of this algorithm changes.

We use for the NARX training preprocessing stage on
the network inputs and targets as following:
- normalization of the vibration and knocking through to
[-100, 100]. This simplifies the chaotic issue of the
knocking signals.
- in all engine experiments, an one-step-ahead knocking
combustion prediction is investigated; that is, the actual
measured references of all lagged experiments are used as
recurrent inputs.
- if more than one reference predictions are required
then, it is possible to progress by computing the first one-
step ahead reference to vibration series, and then the
second vibration series is treated to maintaining the
second step-ahead.

D. Detecting knocking combustion with the modified
NARX Matlab Neural Network Toolbox code-
basis

Detecting and learning knocking combustion, various
NARX neural network parameters have been modified:
- number of lagged vibration input steps
- of lagged output recurrent steps as inputs,
- and different number of neurons in layer 1 and
layer 2
All the network topologies include
- 12+1+1 inputs (6+6 vibration and 1 reference
value and 1 recurrent reference value)
- layer 1 with 10 neurons, and
- single neuron in layer 2 (output layer).
The input has been rescaled in most cases to be
included in [-100, 100] range (Figure 3).

Fig. 3. For vibration knocking analysis, Matlab NN
Toolbox [45] NARX module with recurrent neural
network used.

It is known, that by NARX learning the input variables
could be uncorrelated, because the interacting input
variables may downgrading the detection rate by relating
with each other likewise other components and
generating a biased issue [48].

Analyzing the vibration signals the Deutz MWM 8
cylinder large gas engine system we found, that a
recurrent NARX neural network model with 13 inputs
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and 10 hidden neurons points to high detection-rate and
for the integer embedded microcontroller environment is
applicable.

We recognized for the learning the knocking
references, that the optimum number of lags could fit in
15-30 range, the appropriate value being treasured from
one case to another. A higher number of lags at input do
not revise the learning efficiency and the knocking
combustion detection. A contrary case in choosing the
number of lags of the delay: a higher number should
satisfy, that the input sequence for detection possible, but
another parameters are correlated to eliminate distorted
detections.

For illustration on the Figure 4 the weak knocking
vibration signals of the MWM Deutz engine between the
working cycles 288-336 can be seen. The first and third
beat junctions are originated from valve effects, the
second junction is the combustion.
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Fig. 4. Weak knocking vibration signals of MWM G234V8
Deutz large gas engine. Working cycles 288-336.
Combustion at crank angle -312°. The events at -540°
and/or at 75° are the engine valve impulses.

The whole system for this experiment (7569 working
cycles) of the neural results on the Fig. 5. can be
demonstrated.

We analyzed 50 knocking experiments. For the 12+1
inputs and 10 hidden neurons the target errors (Figure 4)
for the whole modified NARX system are less than 9%.

The knocking phenomena based on the trained NARX
neural network can be measured by cross-correlating the
network errors on the training with the vibration signal
(Figure 5). The cross-correlation value is a measure of the
variation between the generated outputs and targets. If
this number is equal to 1, then there is perfect correlation
between the targets and outputs and could be
characterized as weak knocking system.

If the training error is equal to O, then the signal is
chaotic and the long term memory dependence is
disturbed, the signal shows strong knocking singularities.

4. Neural Network Training Time-Series Response (plotresponse), Epoch 25, Validation stop.
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Fig. 4. Upper picture: knocking working cycles, down
identification failure.
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Fig. 5. Cross correlation between the vibration and the
hidden neuron

We compare the identification results of two methods
widely used in the large engine knocking environment:
the wavelet [26] and the band-pass filtering [27] methods
for 50 different engine experiments with more than 10°
working cycles. Our first result is presented in Fig.6. The
obtained  correlation  coefficients are  harmonic,
compatible with the wavelet and band-pass filtering
method and show us, that the difference between the
three methods are small enough to be accepted.
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Fig. 6. Comparing three methods for the knocking
combustion characteristic of 50 combustion experiments
of the Deutz MWM 8 cylider large gas engine: wavelet
[26], band-pass filtering [27] and the cross-correlation
presented here.
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IV. CONCLUSIONS

In this paper we showed vibration knocking analysis
based on nonlinear autoregressive exogenous model
(NARX). The model have been apprioximated by
recurrent neural networks. We demonstrated the NARX
neural identification of the knocking characteristic based
on the experiments of a Deutz MWM 8 cylinder large gas
engine. The main idea was to cross-correlating the NARX
neural network error function with the vibration input
signal, and the cross-correlation value acts a measure of
the knocking combustion.. The proposed integer NARX
architecture was with 12 vibration-, 1 recurrent knocking
reference-, and 1 actual knocking reference value as
input, and 10 neurons as hidden layer. The identification
fact indicates that the embedded real time realization of a
neural network in the large gas engine controlling could
give accurate information about knocking combustion.
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