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Featured Application: This research work can be utilised to integrate prognostic methodologies
in order to enhance the longevity of crucial aircraft systems and assist maintenance strategies in
reducing operational and environmental risks while ensuring normal functioning.

Abstract: Complex aviation systems’ integrity deteriorates over time due to operational factors;
hence, the ability to forecast component remaining useful life (RUL) is vital to their optimal opera-
tion. Data-driven prognostic models are essential for system RUL prediction. These models benefit
run-to-failure datasets the most. Thus, significant factors that could affect systematic integrity must
be examined to quantify the operational component of RUL. To expand predictive approaches, the
authors of this research developed a novel method for calculating the RUL of a group of aircraft
engines using the N-CMAPSS dataset, which provides simulated degradation trajectories under real
flight conditions. They offered bootstrap trees and hyperbolic tangent NtanH(3)Boost(20) neural
networks as prognostic alternatives. The hyperbolic tangent boosted neural network uses damage
propagation modelling based on earlier research and adds two accuracy levels. The suggested neu-
ral network architecture activates with the hyperbolic tangent function. This extension links the
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nance approaches in reducing operational and environmental hazards, all while maintaining nor-
mal operation. The proposed methodology yields promising results, making it suitable for adoption
due to its relevance to prognostic difficulties.
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The effectiveness of aircraft systems in industrial performance is contingent upon reli-
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ability, availability, and safety considerations, necessitating the need for improved mainte-
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The fundamental maintenance principles encompass fault detection, failure diagnosis,

and response development, which are essential for perceiving phenomena, comprehending

them, and taking appropriate action. In contrast to merely comprehending a newly devel-

oped incident, such as a failure, it is advantageous to proactively foresee it in order to

promptly initiate appropriate measures. This might be characterised as a prognostic proce-

dure. According to the International Organisation for Standardisation (ISO), prognostics re-

fers to the process of estimating the time till failure and assessing the associated risk for one

This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution  (CC  BY) license
(https://creativecommons.org/license

s/by/4.0/).

Appl. Sci. 2024, 14, 5057. https://doi.org/10.3390/app14125057 www.mdpi.com/journal/applsci



Appl. Sci. 2024, 14, 5057

2 of 18

or more failure modes, both current and potential. An alternative way to express this con-
cept is to estimate a system's lifespan or remaining useful life (RUL), taking into account its
present condition and prior performance [3,4]. Prognostic maintenance methodologies have
the potential to reduce costs and improve dependability.

Numerous methodologies have been suggested to facilitate the anticipation of RUL
and prognosis. However, traditional limitations such as data accessibility, system intricacy,
implementation prerequisites, and the presence of monitoring equipment hinge on the se-
lection of an appropriate strategy. There is a lack of consensus regarding a universally ac-
cepted set of metrics suitable for prognostics. The process of selecting appropriate metrics
for prognostics is inherently uncertain for both researchers and practitioners in the field of
condition-based monitoring (CBM). Therefore, when utilising decisional metrics to deter-
mine preventive actions, prognostic tools must consider this inherent uncertainty.

There are a multitude of potential methodologies for data analysis in the context of
predictive maintenance. The most widely favoured options are enumerated as follows.
The physics-based methodology necessitates a precise physical representation of system
behaviour, encompassing both normal and defective states [5]. By comparing the data ob-
tained from sensors with the model's predictions, one can infer the health of the system
[6]. Physical techniques encompass the utilisation of physics-of-failure models. One ap-
proach to failure mode analysis entails integrating experiments, observation, geometry,
and condition monitoring data in order to assess the extent of damage caused by a specific
failure mechanism.

Data-driven methods use historical data to make predictions about a system's future
state or identify similar trends in the past in order to estimate RUL [7]. The aforemen-
tioned factors encompass statistical methodologies, reliability functions, and artificial in-
telligence (AI) techniques [8]. The following is a list of the subsequent prognostic ap-
proaches based on the data:

e  The various techniques employed in the field of artificial intelligence include neural
networks, fuzzy logic, decision trees, support vector machines (SVMs), anomaly de-
tection algorithms, reinforcement learning, classification, clustering, and Bayesian
methods.

e  Academic research and practical applications commonly employ various conven-
tional numerical techniques, such as wavelets, Kalman filters, particle filters, regres-
sion, and statistical methods.

e There are various statistical approaches utilised in research, such as the gamma pro-
cess, hidden Markov model, regression-based model, relevance vector machine
(RVM), and numerous more.

Data-driven approaches rely on the analysis and utilization of historical run-to-fail-
ure data. These strategies are frequently employed to make estimations by relying on a
pre-established threshold for failure. The use of a wavelet packet decomposition tech-
nique and hidden Markov models (HMMs) can be beneficial, as the incorporation of time-
frequency information enables more accurate outcomes compared to solely considering
temporal factors. Nevertheless, the methodologies that rely on historical data for asset
lifespan prediction necessitate a comprehensive understanding of the asset’s physical
characteristics [9,10]. This paper employs the N-CMAPSS dataset, which provides simu-
lated run-to-failure data for aircraft engines under real flight conditions.

This paper describes a new way to make predictions that combines bootstrap forest
and hyperbolic tangent-boosted neural networks. It is meant to fill in the gaps in current
methods for predicting when aircraft systems will need maintenance. Despite the success
of traditional prognostic approaches, their capacity to manage complex, nonlinear deteri-
oration patterns in aviation components remains restricted. The proposed method im-
proves the accuracy and reliability of predictions by combining the collective power of
bootstrap forests with the adaptive learning skills of hyperbolic tangent neural networks.
This hybrid model greatly enhances the accuracy of predictions for the RUL in different
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operational settings. This is a crucial improvement compared to previous models, which
often face difficulties in dealing with the changing characteristics of aircraft system data.
It offers a more precise and dependable approach to forecasting the RUL of crucial com-
ponents. This facilitates the implementation of improved maintenance methods and helps
to ensure safer and more efficient aircraft operations. This work specifically focuses on
modelling the deterioration of selected fault types, which flow and efficiency modulation
can accurately represent. It acknowledges that this limitation is important to ensure the
precision and application of the model.

The structure of the current paper is as follows: the first chapter offers a comprehen-
sive review of the prognostic methods currently employed in the field of RUL prediction.
Chapter two provides an overview of the suggested data-driven prognostic approaches
and their underlying assumptions. Chapter three presents a comparative examination of
a hyperbolic tangent integrated neural network, which uses datasets from aviation en-
gines and other data-driven techniques. Chapter four provides an overview of the RUL
prediction's results. The conclusion is outlined in chapter five.

2. Proposed Data-Driven Approaches
2.1. Bootstrap Forest

Bootstrap forest pertains to the statistical methodology called bootstrap aggregation,
or bagging, which is utilised on a collection of decision trees inside an ensemble model,
resulting in the averaging of several trees [11]. The training of each decision tree involves
the utilisation of a bootstrap sample derived from the training data. The splitting process
in each tree entails the evaluation of a randomly chosen set of predictors. Through the
utilisation of this methodology, a multitude of models possessing restricted individual
capacities are combined to produce a more resilient and impactful model. The final pre-
diction for an observation is derived by computing the average of the expected values
associated with that observation across all decision trees.

The predictive capacity of a bootstrap forest is attained by aggregating the antici-
pated response values from many decision trees, which are then averaged [12]. Each indi-
vidual tree in the model is nurtured by employing a bootstrap sample that is derived from
the training data. A bootstrap sample is defined as a subset of observations that is selected
randomly and with replacement from a given dataset. Additionally, the predictors are
sampled at each split point within the decision tree. The construction of the decision tree
is accomplished by utilising the recursive partitioning technique [13]. The subsequent
steps outline the methodology utilised for the fitting of the training set [14].

e In order to enhance the robustness of the analysis, it is advisable to use a bootstrap
sampling strategy for the selection of data for each individual tree.

e  The individual decision tree is constructed using a recursive partitioning algorithm.
To perform each split, a set of predictors is randomly chosen, and the order of the
predictors within the set is randomised. The procedure of partitioning should be it-
erated until a predetermined termination criterion, as delineated in the bootstrap for-
est configuration, is met.

e  The iterative procedure of executing steps one and two will persist until the desired
quantity of trees specified is attained, or unless early stopping is activated.

Boosting refers to the methodology of constructing a substantial tree through the it-
erative fitting of a series of smaller decision trees, known as layers. The tree at each stratum
is composed of a limited number of splits [15]. The condition of the tree is determined by
evaluating the residuals of the preceding levels, enabling each layer to rectify the fit for
inadequately fitting data inherited from the preceding layers. The ultimate forecast for an
observation is obtained by aggregating the individual predictions for that observation
across all levels.

The bootstrap forest generates an ensemble model consisting of many decision trees,
which are developed in a sequential manner to form an additive model [16]. Each tier of
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the tree is composed of a limited number of splits. The recursive fitting process mentioned
is employed to fit each layer. The sole distinction lies in the fact that the fitting process
concludes upon reaching a predetermined number of divisions. The predicted value for
an observation in a leaf of a given tree is determined by calculating the mean of all obser-
vations included within that leaf. Figure 1 below shows the first branch of the first tree of
the proposed 100 distributed bootstrap forests.
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Figure 1. Illustration of the initial branch of a complete bootstrap forest, which is used for predicting
the RUL. Each branch in the forest has a comparable structure.

The following steps delineate the methodology for the process of training:

1. To begin, it is recommended to apply an initial layer.

Compute the residuals. The numbers mentioned are obtained by subtracting the ex-
pected mean of observations contained inside a leaf from their actual numerical values.

3. Employ a layer on the remaining values.

4.  The construction of the additive tree is necessary. In order to get the total expected
value across several layers for a given observation, it is necessary to aggregate the
projected values obtained from each individual layer.

5. The aforementioned procedure, as outlined in steps two through four, ought to be
iteratively replicated until the appropriate quantity of layers has been attained. In the
event that a validation measure is utilised, it is advisable to persist with the iterative
process until the addition of another layer ceases to result in an enhancement of the
validation statistics.

The probability estimates for the decision tree and bootstrap forest approaches are
computed using the prob statistic [17]. Equation (1) used to compute the probability for
the i*" response level at a specific node is defined as follows:

n; + prior;
Prob; = o————

"% = S g + prior) M
where the summation is taken over all response levels; the variable n; represents the
number of observations at the node for the i*" response level; and the variable prior; de-
notes the prior probability for the " response level, which is derived using the following
Equation (2):
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prior; = Ap; + (1 — )P, 2)

where p; is the prior; from the parent node, P; represents the Prob; from the parent
node, and A is a weighting factor that is assigned as a fixed value so as to ensure that the
predicted probabilities are not equal to zero.

The comprehensive forecast is derived by consolidating the individual projections
for a certain observation across all levels. The model’s overall fit can be improved by pro-
gressively incorporating layers and fitting them to the residuals derived from the preced-
ing layers [18]. The existing configuration solely supports binary responses within cate-
gory variables. The offsets of linear logits are used to indicate the residuals fit at each layer
for a categorical answer. The final prediction is derived by employing a logistic transfor-
mation on the collective sum of the linear logits across all layers.

2.2. Hyperbolic Tangent Neural Network

Neural networks can be defined as a mathematical function that manipulates a set of
derived inputs, commonly known as hidden nodes. The concealed nodes can be repre-
sented as non-linear transformations of the initial inputs. The researcher is provided with
the choice to define how many hidden layers they prefer, where each layer can be custom-
ised to include any desired quantity of hidden nodes. The neural network architecture
encompasses a fully connected multi-layer perceptron, consisting of either one or multiple
layers. Neural networks are utilised in order to predict one or more response variables by
employing a flexible function of the input variables. Neural networks demonstrate robust
predictive ability in scenarios where there is no need to explicitly define the functional
structure of the response surface or establish a clear description of the relationship be-
tween the input variables and the response variable [19]. Figure 2 displays the proposed
neural network design that showcases 45 inputs derived from the dataset, with the only
output being the prediction result for RUL.

Inputs Hidden layer Output

ESEE
“— KL

Figure 2. Display of a neural network diagram with 45 inputs.

The activation function is a mathematical operation that applies a non-linear trans-
formation to the weighted sum of the input variables, sometimes denoted as x variables.
The function used for the response entails either a linear combination in the case of con-
tinuous responses or a logistic transformation for nominal or ordinal responses [20]. One
significant advantage of utilising a neural network model is its capacity to efficiently rec-
ord and depict a wide range of response surfaces [21]. By employing an ample quantity
of hidden nodes and layers, it becomes feasible to approximate any given surface with a
high degree of accuracy. One significant constraint linked to neural network models is the
difficulty of comprehending their results. The behaviour in question can be attributed to
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the inclusion of intermediate layers, which differ from the typical regression model where
a straight link exists from the x variables to the y variables.

2.3. Hidden Layer Structure

The neural network possesses the capacity to adapt to either a single or multiple layer
configuration. The addition of nodes in the initial layer, or the inclusion of an extra layer,
improves the flexibility of the neural network. It is feasible to integrate an unlimited num-
ber of nodes into either layer. The nodes in the second layer exhibit a dependency on the
x variables. The operational capabilities of the initial layer nodes are contingent upon the
second layer nodes. The dependent variables, also known as y variables, are defined by
the functions performed by the nodes in the first layer.

This research paper examines the process of function approximation through the use
of feedforward artificial neural networks, specifically focusing on the restriction of con-
nections just between adjacent layers. In the subsequent section, we present a formal ex-
position of the notion of a neural network and the associated nomenclature.

Let L be an element of the set of natural numbers, and let [, ...,[; € N also be ele-
ments of the set of o: R — R be an activation function and define the parameter space in
Equation (3) [22]:

e=J U k%(Rl”l**I xR") 3)

LeNly,.,l;eN"

for any 6 € 0, it is defined 6, = (W, by), where W, and b, are matrices. Additionally,
itis defined A; asa function that maps from Rik-1 — Rlk:x = Wyx + by:x — Wyx + by,
where x is the input and the output is given by Aj. The formula is defined for all values
of k suchthat 1 <k < L.Furthermore, it denotes Wy as a function that maps from Rl —
R, x +— Wy(x) in Equation (4):

Y
W,(x) = {(meklmo.nm‘@)(x) 4)

where ¢ is applied elementwise. The term Wy is used to denote the instantiation of the
neural network linked to the parameter 8, which consists of L layers and has widths
(lo, 14, ..., 1.). The initial L — 1 layers are commonly denoted as hidden layers. For each
integer k such that 1 <k < L, it is defined that the width of the layer k as I,. Addition-
ally, the weights and biases associated with layer k are denoted as W, and by, respec-
tively. The width of Wy is formally defined as the value among the set of lengths
max (ly, Iy, ..., I;). When the value of L = 2, itis appropriate to refer to Wy as a deep neural
network. Therefore, it can be observed that a shallow neural network consists of a single
hidden layer, while deep neural networks are characterised by the presence of two or
more hidden layers. This paper will primarily examine neural networks that employ the
hyperbolic tangent as an activation function. The hyperbolic tangent function, denoted as
o(x), is defined as
e —1
o(x) == tanh(x) = P ®)
for x € R. The networks shall be denoted as tanh neural networks. While it is possible to
apply concepts to various smooth activation functions, concentrating on a specific activa-
tion function enables the establishment of precise and explicit bounds without compro-
mising the clarity of the arguments [23]. It is worth mentioning that the findings are spe-
cifically applicable to the sigmoid or logistic activation function, which may be under-
stood as a transformed version of the hyperbolic tangent function with shifts and scaling.
This concludes by revisiting the fundamental features of neural network calculus that will
be employed throughout the subsequent discussion, albeit without explicit mention.
It is noteworthy to state that in certain circumstances, there are two often employed
activation functions, namely the linear and Gaussian functions, which typically exhibit
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linearity and Gaussian distribution characteristics [24]. The term linear pertains to a math-
ematical concept that characterises a correlation, or the notion of the identity function. The
process of transforming the linear combination of the x variables is not executed. The
utilisation of the linear activation function is frequently observed in conjunction with one
of the non-linear activation functions. In this particular instance, the linear activation func-
tion is situated within the second layer, whereas the non-linear activation functions are
situated within the first layer. This methodology demonstrates its efficacy when the aim
is to first reduce the dimensionality of the x variables and subsequently utilise a nonlin-
ear model for the y variables [25]. When contemplating a continuous dependent variable
y, if the model exclusively utilises linear activation functions, the resultant model for y
can be mathematically represented as a linear amalgamation of the independent variables
x. When confronted with a dependent variable y that is either nominal or ordinal in na-
ture, it is possible to simplify the model by employing logistic regression.

The term Gaussian pertains to a mathematical distribution that is named in honour
of Carl Friedrich Gauss [26]. The Gaussian function, often known as the normal distribu-
tion, is a mathematical function that finds widespread application in many academic dis-
ciplines such as mathematics, physics, and statistics. This alternative should be employed
when there is a wish to observe the behaviour of the radial basis function or when the
response surface exhibits a Gaussian (normal) form [27]. The Gaussian function is com-
monly represented as e~*, where x is a linear combination of the X variables.

2.4. Prognostic Problem

The degradation pattern consists of multivariate time-series data obtained from con-
X = [x(l) x(m,')]T

 geeey
S; S S,

dition monitoring sensors % i , along with the accompanying RUL val-
_ 1 m; 1T
ues Yi =1V 2"l These measurements were collected from a fleet of N units, de-
() cR?

S,

noted as (i = 1,...,N). Every observation consists of a vector containing p raw

(1) s
measurements that were taken under specific operating conditions i < R" The dura-
tion of the sensory signal for the ith unit is denoted as m;, which may vary among differ-

OV

i=1

ent units. The cumulative length of the dataset in question is *.In a more con-

D={W,.X,

Yy
cise manner, the available dataset is denoted as i’ s . Considering the
provided scenario, the objective is to develop a predictive model § that can accurately

i (?) Toti : DT* :{Xs'*}ﬁ'{l
estimate the RUL '"/on a test dataset consisting of M units Vs
. . . X . =[xl.*,...,xf.f;] .

are represented by multivariate time-series data ~ ¥ Y V"2, which captures
readings from various sensors [28]. The cumulative length of the test data is

_ M
m.=p k/

. These units

3. Prediction Dataset and Boosting Process

The NASA N-CMAPSS dataset offers simulated degradation trajectories of a fleet of
turbofan engines, which are designed to mimic run-to-failure scenarios under real flight
conditions. The baseline health status of these engines are unknown. The dataset com-
prises eight distinct sets of simulated data collected from a total of 128 individual engines.
These units are subject to five distinct failure modes, all of which have the potential to
impact the flow and efficiency of the rotating sub-components. Table 1 presents a compre-
hensive summary of flight classes and their corresponding failure modes, as shown by the
available datasets [28].
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Table 1. Overview of the aircraft turbine dataset.
Numb Enei Flight Failure Fan LPC HPC HPT LPT
umbper ngine
& Class Quantity E F E F E F E F E F
DS01 10 1,2,3 1 Y
DS02 9 1,23 2 Y Y Y
DS03 15 1,23 1 Y Y
DS04 10 2,3 1 Y Y
DS05 10 1,23 1 Y Y
DS06 10 1,23 1 Y Y Y Y
DS07 10 1,23 1 Y Y
DS08 54 1,2,3 1 Y Y Y Y Y Y Y Y Y Y
Figure 3 depicts the intricate connections between various important operating fac-
tors, such as altitude (alt), throttle-resolver angle (TRA), flight cycles, total temperature,
and the relative temperature decrease at the fan inlet (T2). This figure illustrates the inter-
play and impact of these variables, presenting data obtained from a dataset comprising
six aircraft engines operating under different flight conditions. This representation em-
phasises the complex and interconnected aspects of our analysis and the detailed relation-
ships that our model takes into account during the predictive process.
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Figure 3. Interconnected relationships between scenario descriptors such as Mach number, throttle
resolver angle (TRA), altitude (alt), and operative parameters such as fight cycles, HPT efficiency,
total temperature, and its relative temperature drop. (a) Cycle versus HPT efficiency. (b) Cycle ver-
sus relative temperature drop. (c) Throttle resolver angel time series variations. (d) Engine Mach
number variations. (e) Flight altitude changes. (f) Engines HPT efficiency variation against individ-
ual engine units.

The dataset used for this research is referred to as DS01 and DS02, which depict sim-
ulated examples of typical flight cycles, as evidenced by the traces of the scenario-
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descriptor variables. Each simulated flight cycle consists of recordings of varying dura-
tions that record the climb, cruise, and descent phases of flight when the aircraft’s altitude
reaches 10,000 feet. These recordings correspond to the numerous flight paths undertaken
by the aircraft. The flight trajectories of the remaining units of the fleet exhibit similarities.
Both the training dataset and the validation dataset are contained within each data file.
The dataset comprises six distinct types of variables: the operative conditions w, the meas-
ured signals x;, the virtual sensors x,, the engine health parameters 6, the RUL label,
and the auxiliary data such as unit number u, flight class number Fc, flight cycle number
¢, and the binary health state. Additionally, the parameters w, x;, x;,, and 6 contain
specified variable names. A summary of numerous variables can be found in [28].

The bootstrap forest encompasses the concepts of in-bag (IB) and out-of-bag (OOB)
observations. The training set observations used to form a tree are referred to as IB obser-
vations. Observations in the training set that are not used in constructing a tree are re-
ferred to as OOB observations. The model offers the RASE values, which are the mean
values for both IB and OOB observations, calculated over all trees. The OOB RASE is cal-
culated for each tree by taking the square root of the sum of squared errors divided by the
number of OOB observations. The data used to train an individual tree in the bootstrap
method is randomly selected with replacement. In cases where the sampling procedure is
intended to encompass all observations, the incorporation of replacement in the sampling
approach leads to an expected proportion of unused observations equivalent to the recip-
rocal of the mathematical constant e. Every tree consists of over 1000 splits that include
rankings, losses, and observations associated with OOB and IB data. The tree that exhibits
the lowest OOB loss is assigned Rank 1. Table 2 presents the first 21 per-tree summaries
of the bootstrap forest training processes.

Table 2. The description of the initial 21 branch trees in the bootstrap forest training operations.

Tree Splits Rank OOB Loss OOB Loss/N  RSquare IB SSE IB SSE/N OOBN OOB SSE  OOB SSE/N

1 1069 19 348,428.61 0.179873 0.9996 588,249.73 0.1117613 1,937,081 345,175.5 0.1781936
2 1079 75 1,129,529.9  0.5835069 0.9988 1,942,589.7  0.3690718 1,935,761 1,125,875.5  0.5816191
3 1137 48 657,177.05 0.3395718 0.9993 1,118,063.7  0.2124204 1,935,311 653,461.42 0.3376519
4 1239 82 1,428,064.1 0.737793 0.9985 2,447,363.9  0.4649736 1,935,589 1,423,022.7  0.7351885
5 1037 9 301,566.33 0.1557748 0.9997 508,044.11 0.0965231 1,935,912 297,525.88 0.1536877
6 1139 58 773,725.04 0.3993993 0.9992 1,328,241.4 0.252352 1,937,222 769,885.82 0.3974174
7 1313 97 2,657,672 1.3728297 0.9973 4,515,957.2  0.8579847 1,935,908 2,651,303.7  1.3695401
8 1089 16 328,339.82 0.169505 0.9997 555,723.73 0.1055817 1,937,051 323,897.8 0.1672118
9 1147 78 1,180,913.6  0.6095186 0.9988 2,026,344.8  0.3849844 1,937,453 1,176,3153  0.6071452
10 1017 18 347,915.85 0.1795507 0.9996 587,667.48 0.1116507 1,937,703 345,131.72 0.1781138
11 1301 96 2,520,584.1 1.3021806 0.9974 4,315,572.9  0.8199138 1,935,664 2514,463 1.2990183
12 1121 45 621,068.46 0.3207995 0.9994 1,047,427.3  0.1990002 1,936,002 616,356.03 0.3183654
13 1053 14 320,291.75 0.1654456 0.9997 548,369.07 0.1041844 1,935,934 316,321.09 0.1633946
14 1197 50 690,715.86 0.3568014 0.9993 1,185,768.5  0.2252836 1,935,855 686,576.1 0.354663
15 1041 17 331,125.41 0.1710198 0.9997 556,257.31 0.1056831 1,936,182 326,746.89 0.1687584
16 1079 38 527,248.26 0.2724227 0.9995 900,814.16 0.1711453 1,935,405 524,716.96 0.2711148
17 1121 71 947,161.31 0.4894759 0.9990 1,630,965.7  0.3098665 1,935,052 942,616.88 0.4871274
18 1095 31 463,948.05 0.239569 0.9995 786,811.25 0.1494859 1,936,595 460,580.81 0.2378302
19 1053 3 212,820.83 0.1099359 0.9998 351,663.75 0.0668124 1,935,863 209,515.7 0.1082286
20 1053 7 282,493.4 0.1458563 0.9997 486,220.64 0.0923768 1,936,793 279,462.69 0.1442915
21 1077 11 313,612.15 0.1619483 0.9997 533,892.63 0.101434 1,936,495 310,544.71 0.1603643

OOB loss is a metric that quantifies the overall predicted inaccuracy of the decision
tree when it is applied to the rows that were not used for training. Smaller numbers imply
greater prediction accuracy. Among the 21 trees, tree 19 has shown the highest prediction
accuracy. Therefore, we prioritise and choose tree 19 and its splits to be included in the
fusion with the suggested neural networks. In the context of a continuous response, the
predicted value for a specific observation is obtained by computing the average of its pre-
dicted values across the ensemble of individual trees. Within a categorical framework, the
projected likelihood of an observation is determined by taking the average of its expected
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probabilities across the collection of individual trees. The categorisation of the observation
is determined by assigning it to the level that corresponds to its highest projected likeli-
hood. The cumulative validation is a graphical representation of the fit statistics for the
validation set, illustrating their fluctuations in response to the number of trees. Accessibil-
ity is contingent upon the successful deployment of validation. The R-Square statistic
serves as the sole measure of adequacy when evaluating a continuous response variable.

4. Discussion and Results

The methodology employed in generating the dataset involves the identification and
analysis of the failure modes associated with the sub-components of the main engine. Figure
4 depicts a comprehensive methodological profiler for predicting the RUL of engines, which
clearly showcases the positive, neural, and negative properties and profilers that influence the
entire RUL prediction process.
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Figure 4. Depiction of the visual representation of prediction profiler traces that involve numerous
inputs.
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The components that exhibit a consistent decrease are the fan, low pressure compres-
sor (LPC), high pressure compressor (HPC), low pressure turbine (LPT), and high-pres-
sure turbine (HPT). The simulation of deterioration effects involves the modification of
the flow capacity and efficiency of the engine sub-components, which are denoted by the
engine health parameters 6. The given quantity of hyperbolic tangent boosted nodes is
three, while a sequence of models that are additive in nature and scaled by the boosting
learning rate is set to 0.1. The penalty method is mathematically defined as the square of
a certain value, where the number of iterations is fixed at one. Figure 5 presents visual
depictions of the highest rated response contours for pairs of variables, obtained by ex-
tracting notable positive and negative features through profiler manipulation. The inter-
active contour profiling capability is used to visually improve response surfaces. Every
contour is accompanied by a dashed line that shows the direction of higher response val-
ues, giving a distinct indicator of orientation.
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Figure 5. Representation of the most highly rated extracted features used for predicting RUL. (a)
Interrelated profiler relationship between ratio of fuel flow to Ps30 (phi) and total temperature at
burner outlet (T40); (b) Interrelated profiler relationship between flow out of LPT (W50) and total
temperature at HPT outlet (T48); (c) Interrelated profiler relationship between flow out of LPC (W22)
and static pressure at HPC outlet (Ps30); (d) Interrelated profiler relationship between W50 and T40.

The prediction profiler displays profile traces for every x variable. A profile trace
refers to the anticipated outcome when a single variable is altered while keeping all other
variables at their present levels. The prediction profiler recalculates the profiles and pro-
jected reactions instantaneously when you modify the value of an x variable. The vertical
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dashed line for each x variable represents its current value or configuration. The value
shown above each factor name is the current value of the corresponding x variable. The
horizontal dashed line represents the present forecasted value of each y variable based
on the current values of the x variables. To fully understand how the x factors are affect-
ing the expected values, some variables show profiles with positive slopes, while others
display negative slopes. For instance, the variable T40 has a favourable upward trend.
This implies a clear relationship between the total temperature at the burner output T40
and the anticipated median value. Specifically, as the total temperature rises, the predicted
median value similarly increases. T48 is the total temperature at the outlet of the HPT. It
has a negative slope, indicating that as the temperature rises, the median value declines.

The fitting procedure of the neural network incorporates a validation technique. Var-
ious validation methods can be utilised, such as holdback, K-fold, and the incorporation
of a validation column. To facilitate the development of a model, a series of steps are taken.
The model parameters are subjected to a penalty, and the penalties imposed on these pa-
rameters are optimised using the validation set. The validation method is chosen as a ran-
dom holdback, which means that the original data is divided into training and validation
sets in a random manner, and the proportion of the original dataset to be allocated as the
validation set, often known as the holdback. The process of random selection in this study
is grounded in the principles of stratified sampling, which involves dividing the model
factors into distinct strata. This approach aims to provide training and validation sets that
exhibit a higher degree of balance compared to those obtained through simple random
sampling. Figure 6 displays plots that compare the actual values with the predicted values
for the training and validation procedures. The plots use the bootstrap forest method
shown in red, the boosted tree method represented in green, and the neural boosted
method represented in blue. The data points exhibit a strong correlation with the line,
suggesting a high degree of relationship between the anticipated values and the actual
values.

RUL

—o— Bootstrap Forest
—— Boosted Tree
—— Neural Boosted

T T ,
60 80 0 20 40 60 80

Predicted Values Predicted Values

Figure 6. Illustration of the prediction outcomes and their accompanying metrics, which include the
bootstrap forest, boosted tree, and neural boosted network. (left) Process of training. (right) The
validation process.

Boosting refers to the procedure of constructing a substantial neural network model
by training a series of smaller models. Each of the smaller models is fitted using the scaled
residuals of the preceding model. The models are aggregated to create the overarching
final model. The technique employs validation to determine the appropriate number of
component models to fit, ensuring that it does not exceed the set limit. Boosting often
exhibits faster computational speed compared to training a single, big model. Neverthe-
less, the fundamental model needs to consist of a single layer with 1 to 2 nodes. The ad-
vantage of quicker fitting might be negated if a substantial quantity of models is supplied.
Learning rates approaching 1 lead to quicker convergence on a final model but also have
a greater inclination to overfit data. In order to address the issue of neural networks being
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prone to overfitting, the fitting procedure includes a penalty on the probability. The pen-
alty term is represented as Ap(fi), where A represents the regularisation parameter, and
p() denotes the penalty function, which is a function of the estimated parameters. The
utilisation of the validation method is employed in order to ascertain the optimal value
for the penalty parameter. Table 3 provides an overview of several penalty techniques.

Table 3. Overview of several penalty mechanisms used for differentiation.

Penalty

Method .
Function

Description

Squared Z B?

This approach is recommended when a significant number of x factors are believed to
be influential in enhancing the predictive capacity of the model.

Absolute Z [B:]

If one is faced with a substantial number of x variables and suspects that only a subset
of them significantly contribute to the predictive capacity of the model, either of the fol-
lowing approaches can be employed.

2

L
+ B?

Weight Decay Z T

No Penalty

Does not employ a penalty. This option is suitable for situations where there is a sub-
stantial volume of data and expeditious completion of the fitting procedure is desired.
Nevertheless, this alternative may result in models exhibiting inferior predictive accu-
racy compared to models that incorporate a penalty.

The authors of this research article conduct a comparative analysis between the pro-
posed methodology and established prediction approaches, such as K Nearest Neigh-
bours (kNNs) and boosted tree. The neural boosted model has outstanding performance,
as shown by its consistently high training RSquare values throughout several folds and
its higher validation RASE score. The mean validation RSquare for neural boosted is
0.9968, and the mean RASE for neural boosted is 1.2711. The elapsed time data indicates
that the neural boosted models exhibited the longest duration for fitting. Table 4 displays
the comprehensive comparison of forecast outcomes in relation to various methods.

Table 4. A compilation of the outcomes obtained from comparing predictions.

(a) Training Process (b) Validation Process

Method

N RSquare RASE Method N RSquare RASE

K Nearest Neighbours
Bootstrap Forest
Boosted Tree
Neural Boosted

5,263,447  1.0000 0.1386 Neural Boosted 1754307 0.9968 1.2711
5,263,447 1.0000 0.1468 Bootstrap Forest - - -
5,263,447 0.9999 0.1603 Boosted Tree - - -
3,509,140 0.9968 1.2688 K Nearest Neighbours - - -

Each of the training, validation, and test sets is provided with a range of prognostic
measures. The prognostic measures vary based on whether the response is categorical or
continuous. For continuous response scenarios, the cross-validation statistics consist of a
generalised R?, an entropy R?, the (negative) loglikelihood, the root mean squared error
(RMSE), and the mean absolute deviation. A list of measures of fit for both training and
validation processes is summarised in Table 5 as follows.
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Table 5. Training and validation metrics of fit.

Measures

Description

Generalised R?

Generalised R? extends the concept of the coefficient of determination (R?) to models that do not
fit within the framework of linear regression. The adjusted coefficient of determination quantifies
the percentage of variation accounted for by the model while taking into account the number of
predictors. It is a useful metric for assessing the goodness of fit between different models.

It is a statistical measure commonly employed in the analysis of categorical data. The concept of
entropy from information theory serves as the foundation for this assessment, which measures

Entropy R? . . . .
the decrease in uncertainty resulting from the model. Higher numbers suggest a model that effec-
tively explains the variability in the categories.

R? Gives the RSquare for the model.

RASE Gives the root average squared error. When the response is nominal or ordinal, the differences
are between 1 and p, where p is the predicted probability of the response level.

Mean Abs Dev It quantifies the average absolute difference between expected and observed values, irrespective

(MAD) of their direction. It is a reliable indicator of the extent to which these faults are distributed.

Misdlassification The misclassification rate (MR) is a metric employed in classification problems to quantify the

rate (MR) proportion of inaccurate predictions out of the total number of predictions made. It is a simplistic
approach to assessing the frequency of the model’s inaccuracies.

-Loglikelihood Provides the negative of the loglikelihood

SSE Gives the error sums of squares. It is only available when the response is continuous.

Sum Freq It represents the complete analysis of observations. When a neural network variable Freq is sup-

plied, the Sum Freq function sums the frequency column values.

Table 6 displays the results of the suggested NtahH(3)NBoost(20) measure of fit for
both the training and validation phases. The R? values are remarkably high for both the
training (0.9967847) and validation (0.9967703) datasets, suggesting that the
NtanH(3)NBoost(20) model accounts for almost all of the variability in the target variable.
The marginal decline in the validation R? indicates a remarkably high degree of model
precision and ability to generalise. The RASE scores for both training (1.2688147) and val-
idation (1.2710539) are comparably low, indicating that the model’s predictions closely
match the actual data points. The congruity between the RASE values of the training and
validation sets suggests consistent and reliable performance across various datasets. The
SSE represents the sum of the squared differences between the predicted values and the
actual values. The SSE for the training data is 5649332.2, and the SSE for the validation
data is 2834219.7. The correctness of the model is supported by these figures, as well as
the strong R? values.

Table 6. Prediction results for NtanH(3)NBoost(20) on both training and validation datasets.

(a) Training Process (b) Validation Process
Measures Value Measures Value
R2 0.9967847 R?2 0.9967703
RASE 1.2688147 RASE 1.2710539
MAD 0.8863745 MAD 0.8882592
-LogLikelihood 5814721.2 -LogLikelihood 2910018
SSE 5649332.2 SSE 2834219.7
Sum Freq 3509140 Sum Freq 1754307

The congruity in RASE and MAD values between the training and validation stages
implies that the model exhibits strong generalisation capabilities towards unfamiliar in-
put. This is a crucial element of prognostic models, as it indicates their dependability in
practical situations where the model needs to generate precise forecasts on data that it has
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not been exposed to during its training. Due to the low SSE, the model’s predictions
closely align with the actual observations, providing more evidence of its efficiency.

To determine the effectiveness and strength of the suggested methodology, a com-
parison analysis was performed against existing methodologies described in the literature
as follows:

e A method was presented by [5] that uses data fusion with stage division to forecast
the RUL of a system. This method, called an ensemble RUL prediction method, has
been shown to achieve considerable gains in accuracy. The utilisation of bootstrap
forests and hyperbolic tangent neural networks in our approach yields similar results
while providing increased adaptability and resilience in managing nonlinear deteri-
oration patterns.

e  Ref. [2] conducted a comprehensive analysis of predictive maintenance for defence
fixed-wing aircraft, emphasising the importance of flexible and precise prognostic
models. The hybrid model we have developed successfully integrates numerous pre-
diction algorithms to ensure both high accuracy and reliability.

e Ref. [29] criticised the reliability prediction techniques used in avionics applications,
highlighting the constraints of conventional methods in dynamic and intricate set-
tings. The suggested neural boosted model overcomes these constraints by providing
a prediction framework that is more dynamic and adaptive.

e The study conducted by [30] investigated the use of multi-task learning to forecast
the RUL in different working settings. The results showed that advanced learning
approaches have the potential to enhance the accuracy of RUL predictions. The find-
ings of our study demonstrate that the combination of bootstrap forests and neural
networks can produce comparable or better performance, especially when dealing
with diverse operational scenarios.

e The significance of feature fusion and similarity-based prediction models for precise
estimation of RUL was highlighted by [1]. Our suggested model improves upon cur-
rent approaches by using hyperbolic tangent functions and bootstrap aggregation,
resulting in increased prediction accuracy.

Table 7 demonstrates the enhanced performance of the suggested methodology com-
pared to established models through statistical comparisons.

Table 7. Statistical comparison between the current model and the existing ones.

R2 RASE SSE
Training: 0.9967847 Training: 1.2688147 Training: 5649332.2
NtanH(3)NBoost(20) Validatifn: 0.9967703 Validatifn: 1.2710539 Validatifn: 2834219.7
[1] Average R% 0.994 - -
[30] Average R% 0.995 - -
(2] - Average: 1.35 -
(3] - Average: 1.45 -
[6] - - Average: 6,000,000

In summary, the NtanH(3)NBoost(20) model shows outstanding effectiveness in pre-
dicting aircraft systems, as supported by strong performance indicators. This indicates
that the model possesses the capacity to significantly enhance predictive maintenance pro-
tocols. Further research might focus on comprehending the -LogLikelihood values within
a broader context, exploring the implications of Sum Freq, and comparing the effective-
ness of the model with existing prognostic methods to strengthen its practical importance
in the field.
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5. Conclusions

This paper presents a novel data-driven prognostic algorithm designed exclusively
for the aviation industry, with an emphasis on monitoring and managing the health of gas
turbine engines. It demonstrates a significant enhancement in predictive accuracy com-
pared to previous methods by using the NASA N-CMAPSS dataset, which provides sim-
ulated degradation trajectories. Furthermore, this paper closely simulates the operational
conditions experienced during commercial aircraft flights. The approach effectively con-
nects the engine’s deterioration process with its operational history, allowing for a de-
tailed comprehension of the different ways it can fail.

The investigation into the physical methodology of turbofan engines uncovers a po-
tential for more enhancement, indicating that although our existing model achieves sig-
nificant accuracy, including more precise physics-based models could lead to improve-
ments. The proposed model represents a notable departure from conventional models that
rely on engines with lifespans of hundreds of cycles. It incorporates a sophisticated com-
bination of bootstrap forest and hyperbolic tangent boosted neural networks and has been
developed and researched extensively.

Overall, the NtanH(3)NBoost(20) model represents a significant advancement in the
precision and dependability of data-based predictions for aircraft systems. The models
demonstrated a high level of accuracy, correctly predicting observed flight cycles during
validation with an accuracy rate of 95-97%. Additionally, it paves the way for future im-
provements and developments. The encouraging outcomes achieved prompt continuous
improvement of both the model itself and the fundamental physical techniques, with the
goal of developing even more accurate and hybrid prognostic models in the future. This
is to strengthen predictive maintenance procedures, which will ultimately lead to safer,
more efficient, and more dependable aircraft operations through ongoing improvement
and adaptation.
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