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algorithm [2] [3], the TREAT algorithm [4] and the LEAPS
algorithm and the RETE2 algorithm are the most typical.
The RETE algorithm is an efficient pattern matching
algorithm used to implement a production rule system. The
algorithm has been applied to most of the rules engines, such as
Drools [5] [6], ILOG, and HAL [7] [8], as well as
corresponding application systems.
The research of rule processing theory and algorithm is
developing in two directions: active rule engine and big data
processing. In order to improve the efficiency of rule engine
processing, it is used to optimize the rules before using the
preprocessing method [9]. When we face some complex event
processing requirements, we use the association rules and a
variety of effective algorithms to deal with the rules for further
rule mining and processing [9] [10]. For complex large-scale
rule processing [12] [13], especially in the face of big data
processing, the current research is mainly through the complex
rules of the model mining model optimization [14], the use of a
variety of machine learning algorithm [15] to optimize the rule
processing process and automatically establish the processing
mechanism, and using parallel processing mechanism [16].
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I.

INTRODUCTION

With the Internet and Internet of Things applications more
and more widely, more and more time-series big data streams
were produced. The time-series big data stream of the aircraft
fault diagnosis includes time-series monitoring data of tens of
thousands of aircraft sensors. These time-series big data stream
are the dynamic rule triggers that establish various decision
support systems. For example, once the aircraft engine
monitoring data changes, it is possible to trigger the rules of
various fault modes. Then we can determine the aircraft fault
mode in time, the engine maintenance personnel can decide
what measures to take.
A core premise of the aircraft health management
monitoring system under the big data stream is to construct a
rule processing system with fast, accurate and real-time timing
data stream. The airline should realizes the health of the engine
in real time, airline maintenance personnel should keep abreast
of the health of hundreds of aircraft, and make real-time
decision-making. The great challenges of the regular
processing include a huge amount of data processing, dynamic
changes, and the processing of real-time requirements. And the
current rule processing research and a variety of rules-based
decision support system is basically still in dealing with a small
amount of time-series data stream, or deal with big data but the
low real-time requirements (regular rule processing wait).
The rest of the paper is organized as follows. In Section II,
we summarize the related work.

B. Semantic rule description language
At present, the study of rule description language, basically
still use simple IF, ..., THEN, .... In general, the rule language
can be divided into structured and Markup, usually xml. The
main rule describe languages as follows. SRL (Structured Rule
Language): A structured rule description language defined by
Fair Isaac [17]; DRL (Drools Rule Language): A structured
rule description language defined by Jboss [18]; RuleML (Rule
Markup Language): The xml rule description language defined
by www.ruleml.org [19]; SRML (Simple Rule Markup
Language): The xml rule description language [20]; BRML
(Business Rules Markup Language): The xml rule description
language; SWRL˄A Semantic Web Rule Language): The xml
rule description language defined by www.daml.org and SPL+
language [21] [22].
In addition to the above rule description language, the most
typical and better semantic rule language is Semantic Objects
Description Language. The language is based on the invention
patent of Prof. Phillip Sheu and NEC Corporation of Japan, and
use it to describe more complex semantic rules [23] [24].

II. RELATED WORK
In the following, we will summarize the research work on
the parallel processing of massive rules under the time-series
big data stream.
A. Rule Processing Theory and Algorithm under Time-Series
Data Stream
In the decision support system based on the time-series big
data stream, it is very important to deal with the rules
effectively. Rule engine plays an indispensable role in the
processing of rules. In the judgment of facts, the rule engine
contains three phases: matching, selecting, and executing [1].
In the traditional rule pattern matching algorithms, the RETE
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C. Theory of Graph Cutting
In this paper, we need to divide the rule network into k
parts by using the method of graph cutting, and finally allocate
them to the k processors for parallel processing. Thus, in
essence, it is the problem of graph cutting [25].
The cutting of the graph uses hash algorithm. Although the
algorithm can satisfy the approximate equilibrium of the
computational scale of the k-subgraph, but in fact, the
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cutting, but does not support the dynamic graph cutting; some
algorithms only consider the task equilibrium distribution, but
did not consider the communication costs between subgraphs;
some algorithms cannot better support the workload balance
problem of the subgraph; some algorithms can support the
workload balance, but cannot solve the problem of access to
hot dependent subgraph blocks.
So, there is no better algorithm to support the rule network
cutting. Therefore, we need to study a dynamic data cutting that
supports the regular network under time-series big data stream.
At the same time, it is necessary to consider the minimum
communication cost between the subgraphs, the balance
between the processor tasks, and reduce the dynamic imbalance
caused by sub-block block access.

algorithm has great limitations, it does not consider the data
communication between subgraphs. So it will have a huge
communication overhead, affecting the operation of large-scale
map processing platform efficiency.
Numerous studies have transformed the problem of graph
cutting into a mathematical problem, namely, The Max-Flow
and Min-Cut Problem.
The cutting of the graph is divided into the cutting of the
static map and the cutting of the dynamic graph. With the
emergence of some special applications in recent years,
especially for time-series big data stream, the cutting of
dynamic graph has become increasingly important, and
gradually become a hot spot for researchers [26] [27].
I. Pandis and A. Pavlo argue that the final goal of the graph
cutting is to analyze the balance between the workload and the
amount of data, and finally assign them to the k-subgraph and
perform the maximum parallelization and calculation [28] [29].
The graph cutting algorithm includes Metis [30], Schism
[31], Sword [32], JECB [33], PLP [28], Accordion [34], and EStore [35].
According to the analysis of the graph cutting algorithms,
we can see that some algorithms only support the static graph

III. CLOUD PLATFORM OF AIRCRAFT HEALTH MANGEMENT
A. The cloud platform of aircraft health management
The Fig. 1 shows the cloud platform of aircraft health
management.
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Figure 1. Cloud Platform of Aircraft Health Management

The cloud platform of aircraft health management mainly
includes aircraft data layer, aircraft health management layer,

rule engine layer, man-machine interface layer. The data layer
mainly includes aircraft component image data (such as engine
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The deep belief network is one of the most widely used
deep learning models. It consists of several Restricted
Boltzmann Machines (RBM). In the network, each RBM is
trained separately. The DBNs training process using layer-bylayer training method. The network trains one layer every time,
the parameters are individually adjusted. When the layer is
trained, the training results is the input of the next Layer. The
process is completed until each layer is trained, and this
process is also known as pre-training. Then according to the
sample label value, the deep belief network uses the BP
algorithm to fine-tune backwards.
Taking the engine rotor imbalance fault as an example, the
rotor vibration and sound signal are collected, and the
characteristics of the normal state and the fault state are
extracted by the deep learning algorithm.
The engine rotor imbalance exception rules are as follows:
x IF the vibration characteristics is normal and the sound
is abnormal, THEN failure.
x IF the vibration characteristics is abnormal and the
sound is normal, THEN weak imbalance fault; before
failure time = min (the remaining time).
x IF the vibration characteristics is normal and the sound
is abnormal, THEN other failures.
x IF the vibration characteristics is normal and the sound
is normal, THEN normal.

blade damage images), aircraft sensor data, ACARS / QAR /
FDR data.
The main functions of the health management are Fault
diagnosis and fault prediction. For the sensor data, an important
problem is feature extraction. Through feature extraction to
determine whether the violation of the failure mode rules and to
perform fault diagnosis. For the image data, an important issue
is to image recognition. Through the image recognition to
determine whether the violation of the failure mode rules and to
perform fault diagnosis. The other parts, through establish
models for the various aircraft subsystems, combined with big
data and algorithms to determine whether the violation of the
rules and to perform fault diagnosis.
The rule engine layer refers to the generation of rule base,
the optimization of rule network, the cutting of rule network
and the processing of rule network. The rule base is based on
fault diagnosis mode or fault prediction mode.
The man-machine interface layer presents the results to the
aircraft health management supervisor.
B.

Deep learning feature extraction and recognition
1) Feature extraction algorithm based on autocoder
The autocoder is a neural network that reconstructs the
input signal as much as possible. In order to reconstruct the
original signal, the autocoder must learn the most important
intrinsic factors that can represent the input data. The core idea
is to give a neural network, assuming its output and input are
the same. By training the network, you can get the weight in
each layer. Correspondingly, several different representations
of the input samples can be obtained. That is, each layer
represents a representation. These representations are features.
The training process is as follows.
x Enter the sample into an encoder;
x Get the output CODE;
x Use the output CODE of the first layer as the input
signal of the second layer;
x Minimize the reconstruction error;
x Obtain the weight of the second layer parameters;
x Get the second encoder;
x Get the output CODE of the second layer.
The samples are progressively passed through multiple
encoders, the output of the last layer of the encoder is the
feature of the input signal.
2) Image recognition based on deep learning
For image recognition, it is not necessary to extract the
artificially designed features, such as Gabor texture features,
multi-scale wavelet features, and SIFT features. Using the
original image, it is effective to recognize image by the
convolutional neural network and the deep belief network.
Convolution neural network is a multi-layer network
structure, each of which is composed of multiple feature maps,
each feature map represents a feature; each feature map
includes many independent neurons. Corresponding, the
network layer of the convolutional neural network is divided
into convolution layer and down-sampling layer. The network
layer is not linear mapping. The process from the convolution
to the down-sampling layer is a down-sampled process. The
process from the down sampling layer to the convolution layer
is a convolution filter process.

IV. ARCHITECTURE OF FAULT RULES ENGINE
The fault rule engine structure is shown in Fig. 2. Through
the rule-based aircraft fault engine interface, the aircraft big
data generates the fault rule network, then optimizes, divides
and parallel processes the fault rules network. The results are
sent to the aircraft safety monitoring personnel.
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Figure 2. The fault rule engine structure

Fig. 2 shows the architecture of fault rule engine structure.
At first, there are lots of aircraft data in the big data center,
which are sensor data, airborne data, QAR data and lots of real
time data.

479

Aircraft fault modeling experts will set lots of rules based
on the fault modes in the aircraft fault engine interface based
on rules.
Millions of rules will generate a very big rules network. In
order to save the computing time, this very big rules network
will be optimized dynamically.
In order to process so big rules network, we should apply
lots of processors to do this work. And so, we should cut this
very big rules network in a good balance. And let each
processor have about the same workload.
Finally, all processors will process this big rules network
and obtain the results to the aircraft safety monitoring persons.
And if there are some faults, we can make the decisions for the
aircraft and arrange the maintenance so on.
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V. CONCLUSION AND FUTURE WORK
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Big data plays an increasingly important role in aircraft
integrated health management. A core premise of the aircraft
health management monitoring system under the big data
stream is to construct a rule processing system with fast,
accurate and real-time timing data stream. This paper
introduces the fault rule generation, optimization and division
in the data stream rule processing. We proposed the aircraft
health management cloud platform architecture, and we studied
fault feature extraction and fault image recognition based on
deep learning.
In the future, we will focus on the rule network cutting
method and algorithms research. The rules network cutting is a
very difficult and complex problem. In the future, we try to do
a good algorithm for the rules network cutting.
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