
Article

Not peer-reviewed version

Research on Construction and

Application of Aircraft Fault Knowledge

Graphs

Xilang Tang , Guo Chi , Lijie Cui , Andrew W.H. Ip , Kai Leung Yung , Xiaoyue Xie 

*

Posted Date: 28 April 2023

doi: 10.20944/preprints202304.1140.v1

Keywords: Aircraft fault diagnosis; knowledge graph; deep learning; fault knowledge extraction; question-

answering system

Preprints.org is a free multidiscipline platform providing preprint service that

is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons

Attribution License which permits unrestricted use, distribution, and reproduction in any

medium, provided the original work is properly cited.

https://sciprofiles.com/profile/2911482
https://sciprofiles.com/profile/2165551
https://sciprofiles.com/profile/2179769
https://sciprofiles.com/profile/2915408


Article

Research on Construction and Application of Aircraft
Fault Knowledge Graphs

Xilang Tang 1, Guo Chi 2, Lijie Cui 1, Andrew W.H. Ip 3, Kai Leung Yung 4 and Xiaoyue Xie 1,*

1 Air Force Engineering University, Xi’an, China
2 Engineering University of PAP, Xi’an, China
3 University of Saskatchewan, Saskatoon, Canada
4 The Hong Kong Polytechnic University, Hong Kong, China

* Correspondence: xxyueamss@163.com

Abstract: When an aircraft malfunctions, quickly and accurately identifying the faulty unit is essential

for ensuring normal operation. Unfortunately, maintenance engineers often struggle to acquire

the necessary fault-related knowledge due to poor management and utilization of aircraft fault

documents. To address this issue, we introduce knowledge graph technology into the field of aircraft

fault diagnosis, exploring its construction and application for effective knowledge management. Our

work starts by analyzing the critical knowledge elements required for aircraft fault diagnosis and

designing a schema layer for fault knowledge graphs. We then we then combine deep learning and

heuristic rules to extract fault knowledge from both structured and unstructured data, enabling the

construction of aircraft fault knowledge graphs. Finally, we develop a fault question-answering

system based on fault knowledge graphs that can accurately give solutions to questions posed by

maintenance engineers. Our practice demonstrates that knowledge graphs provide an effective

means of managing aircraft fault knowledge, assisting engineers in locating fault reasons accurately

and quickly.

Keywords: Aircraft fault diagnosis; knowledge graph; deep learning; fault knowledge extraction;

question-answering system

1. Introduction

Aircraft fault diagnosis involves identifying the cause of system function failures in aircraft

under specific working conditions. Quickly and accurately locating the faulty unit is essential for

repairing aircraft and ensuring their proper functioning. With the development of aircraft health

management technology, some faults that have been considered in the design phase can be diagnosed

by the aircraft itself [1]. However, a large number of faults still rely on the experience of engineers to

be diagnosed when they cannot be predicted in the design phase. Given the complexity of aircraft,

fault diagnosis is a typical knowledge-intensive activity[2,3]. Maintenance engineers need to spend

a lot of time reading the related text materials and mastering knowledge of related to the aircraft’s

structure, function, signals, and possible fault causes, etc. With this knowledge, engineers conduct

observations, measurements, and other test methods to gradually locate the fault unit. Unfortunately,

this diagnostic process is often inefficient, slow, and can lead to prolonged aircraft downtime, resulting

in severe economic losses.

To improve the efficiency of aircraft fault diagnosis, researchers have proposed developing

interactive electronic manuals and other fault auxiliary diagnosis systems [4]. These advanced

diagnostic tools aim to guide maintenance engineers in taking reasonable test steps to quickly and

accurately locate the fault unit. The key point of developing such a system is to build a complete

fault knowledge base and design an efficient knowledge reasoning method to automatically generate

diagnosis strategies. While common knowledge-base models such as fault tree model [5,6], Petri

net model [7,8], rule model [9,10], and causality graph [11] have been used, they suffer from poor

generalization ability, lack flexibility, and limited dynamic updates, making it difficult to share
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diagnostic experiences and knowledge among maintenance engineers in a timely manner.Therefore,

like other industries, aircraft fault diagnosis requires efficient information integration, processing,

and service-oriented information visualization [12,13], thus enabling machine learning algorithms

to automatically mine and present necessary knowledge, avoiding significant manpower to create a

knowledge base.

Knowledge graph technology aims to mine entity relationships from massive, fragmented

information and present them as formalized semantic networks, providing better knowledge mining,

representation, and management methods for artificial intelligence [14–16]. At present, knowledge

graphs has been widely used in medical[17], education[18], finance[19], e-commerce[20], safety [21,22],

and others, advancing AI from perceptual intelligence to cognitive intelligence [15,23]. With knowledge

graph technology, fault knowledge can be extracted from vast, multi-source, heterogeneous, and

unstructured fault data [24], such as aircraft maintenance and support textbooks, aircraft test and

diagnosis records, aircraft quality control data, and fault analysis and research reports. By integrating

the extracted data into a structured interconnected fault knowledge graph and applying reasoning

technology, intelligent fault diagnosis strategies can be generated to guide maintenance engineers to

locate the fault unit quickly and accurately. As a result, an increasing number of scholars have started

exploring the application of knowledge graph technology in the field of fault diagnosis. For instance,

Zhang utilized fault maintenance logs as the research object and proposed a method to construct a fault

diagnosis event logic knowledge graph for transmission systems [25]. Meanwhile, Liu described the

correlation between fault components of transformers for fault diagnosis by constructing knowledge

graphs from maintenance records [26].

While previous studies have mainly focused on constructing fault knowledge graph models,

exploration of their application remains relatively weak. Moreover, construction and application

research on fault knowledge graph for aircraft is rarely little. The current study aims to explores both

the construction and application of aircraft fault knowledge graphs, with three significant contributions:

(a) The model of aircraft fault knowledge is constructed by consulting experts in the field of fault

diagnosis, comprehensively sorting out the elements of aircraft fault knowledge, and identifying the

entity types, attributes, and relationship patterns involved in fault diagnosis based on the practical

needs of smart fault diagnosis of aircraft.

(b) A fault knowledge extraction method based on deep learning assisted by heuristic rules is

used comprehensively. Unstructured fault documents are mostly extracted by deep learning methods,

while semi-structured data, tables, or normative documents with certain structural characteristics are

extracted by heuristic rules.

(c) We built a question and answer system based on aircraft fault knowledge graphs, comprising

question preprocessing, question analysis, graph retrieval, and answer generation modules.

2. Construction and application framework of aircraft fault knowledge graphs

The construction and application framework of fault knowledge graphs is shown in the Figure 1.

It contains five layers, namely fault data layer, knowledge extraction layer, knowledge graph layer,

application technology layer and human-computer interaction layer.

The fault data layer consists of a vast and varied amount of unstructured documentation related

to faults accumulated over an aircraft’s lifecycle, such as FMECA (failure mode, effect, and criticality

analysis) documents, maintenance support textbooks, test diagnosis records, quality control data,

support records, fault analysis, and research reports. These documents are valuable knowledge sources

for aircraft fault diagnosis, but their multi-source heterogeneity poses challenges in mining relevant

diagnosis information effectively. They originate from multiple sources, with no uniform format or

standard, so that the traditional structured data analysis method cannot deal with such fault data

effectively. Therefore, artificial intelligence methods must be developed to mine these documents and

learn the hidden fault knowledge, building an intelligent fault diagnosis knowledge base.
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Figure 1. Construction and application framework of aircraft fault knowledge graphs

The knowledge extraction layer involves identifying the entities, attributes, and relationships

related to faults from the collected documents to build structured and interconnected fault knowledge

graphs. In the past, linguistic heuristic rules and statistics were used for fault knowledge extraction[27,

28], requiring sufficient prior knowledge for designing reasonable extraction rules or artificial features.

At present, with the continuous improvement of deep learning technology, knowledge extraction

based on this technology are increasingly being applied due to their advantages of automatic feature

extraction from unmarked data, without relying on prior knowledge[27–31].

The knowledge graph layer refers to the structured "large-scale" fault knowledge graphs extracted

from massive documents. It is called "large-scale" because the aircraft system is very complex, with

hundreds of thousands of components. When the failures, signal parameters and composition

relationship of each component are described, the number of nodes and edges in the graph will

be in the millions. Therefore, in order to facilitate the query and update of the large-scale graph, it is

necessary to use database management system (DBMS) such as Graph DBMS, RDF Stores, etc[32,33].

The application technology layer matches similar fault cases and infers possible fault causes using

the fault knowledge graph, generating diagnosis strategies or answering maintenance engineers’

questions through semantic retrieval, knowledge reasoning, problem understanding, and other

technologies.

The human-computer interaction layer refers to the visual interface directly facing the maintenance

engineer, including the visual display of fault knowledge graph, the visual interface of fault reasoning

analysis, and the interactive interface of intelligent question and answer.

3. Construction of aircraft fault knowledge graphs schema

In general, a domain knowledge graph is constructed in a top-down manner. In this construction

process, it is the first step to design the graph schema according to the professional application

requirements. That is, we must first define the types of entities, attributes, relationships that may exist

in the graph. With schema, instances of entities, attributes and relationships can then be extracted

automatically from unstructured documents to build the domain knowledge graph[34,35]. The

construction of a fault knowledge graph falls under this method, so it is crucial to create a schema

for fault diagnosis. Typically, the schema layer of a knowledge graph is formed using ontology

modeling. Ontology is a method used to clearly define knowledge units within domain knowledge
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[36]. For instance, "component", "isPartOf", and "subsystem" represent an ontology-based schema,

while "receiver", "isPartOf", and "radar" are examples of this schema, i.e., a knowledge graph. Recently,

researchers have focused on ontology-based fault knowledge modeling to achieve fault knowledge

extraction and sharing[37–40]. As a result, ontology is well-suited for describing a fault knowledge

model, and knowledge graphs provide an ideal platform for acquiring and expressing fault knowledge

as instances of an ontology.

3.1. Construction principle

The schema layer, or ontology layer, plays a crucial role in determining the form of the fault

knowledge graph and its practical application. Therefore, we adhered to the following principles when

designing the schema for the aircraft fault knowledge graph:

• Oriented towards fault diagnosis requirements:The schema layer has significant impact on the

shape and quality of the fault knowledge graph as well as its diagnostic efficiency. Hence, during

schema construction, it is essential to fully understand the knowledge elements required for fault

diagnosis and seek the opinions of field experts and frontline aircraft maintenance personnel.

Relying on expert assessment, we aimed to create a fault-diagnosis-oriented schema that would

be recognized by industry professionals.
• Continuous refinement: Despite being top-down, the schema needs iterative refinement based on

feedback from the application and technical challenges. For instance, at the outset, we defined

entity types such as subsystems, components, parts, and units of varying levels. However, while

extracting knowledge, it was impossible to determine a specific component’s level from context

alone. Therefore, we optimized the design of schema layer and uniformly defined these entity

types as "unit."
• Simple and effective: As the schema layer complexity increases, more entities and relationships

need extraction from text, leading to extensive labor costs for corpus labeling. Therefore, the

schema should be simplified as much as possible under the condition of meeting the diagnostic

business needs, and avoid unacceptable manual labeling costs.
• Consider both structured and unstructured documents: Aircraft fault data comprises both

structured and unstructured data formats. Structured data typically includes Excel and

standardized XML formats, rich in information that can be directly converted into triples. Ideally,

the schema should encompass all structured data information possible. Unstructured data mainly

comprises Word and PDF documents, requiring deep learning and other techniques to extract

knowledge. To simplify entity classification, the schema assigns structured data information as

properties to reduce the number of entity types required.

3.2. The schema of fault knowledge graph

Based on the above principles, several iterations of optimization were performed to define the

schema presented in Figure 2, and the definitions of entity types and their relationships are shown in

Tables 1 and 2. The schema comprises "unit", "signal", "fault", "fault case", and "test method" entity

types. Notably, the schema does not distinguish fault phenomena, modes, and causes as separate

entities but rather defines them collectively as "fault." This decision is based on the fact that these three

types of entities are expressed similarly in unstructured text; for example, the fault phenomenon "right

engine speed is too high" may correspond to the fault cause "right engine FRV cannot be opened".

Machine learning algorithms cannot reliably differentiate between these entities based on contextual

features alone. Further, distinguishing between these entities adds little value to fault diagnosis since

establishing a "cause" relationship between faults A and B suffices to infer that A caused B. Moreover,

faults can form propagation chains where fault A triggers fault B, and fault B leads to fault C. In such

cases, it is necessary to identify the component in the propagation chain where the fault occurred.

Defining "fault cause" as a distinct entity would complicate the description of fault propagation chains.

In summary, "fault" and its "cause" relationship are defined in the schema. Figure 3 shows an example
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of local knowledge graph under the defined schema, and the elements in the graph shall be extracted

from the fault documents with some methods.
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Figure 2. The schema of fault knowledge graph
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压泵漏油导管存在漏油情况，更换主液压泵漏油导管后正常。

On July 30, 2021, the visual inspection after flight found that there was hydraulic oil dripping from the No. 1 oil 
leakage pipe. The disassembly check found that the main hydraulic pump oil leakage pipe has oil leakage, which 

was normal after replacing the main hydraulic pump oil leakage pipe.

更换主液压泵漏油导管
replacing the main hydraulic 

pump oil leakage pipe

Fault Unit Test method Fault case attributes

Cause

Detection

Figure 3. An example of local knowledge graph under defined schema

Table 1. Definition of entity type

Entity type Connotation

Unit
An entity element at a specific level of the system (such as subsystem, component, part, etc.).
A unit can be composed of several subunits, or it can be a subunit of a larger unit. A unit’s
attributes include types, vender, picture.

Signal
The parameters that can be measured. Many faults may be characterized as abnormal signals.
It includes attributes such as standard value, upper limit and lower limit.

Fault
Description of all abnormal events, such as abnormal function, parameter deviation,
mechanical damage, etc., which includes fault phenomenon, fault mode and fault cause.

Fault case
Specific actual cases of fault. A fault may occur multiple times at different times and places,
and each occurrence is a fault case. It includes fault time, fault location, fault effect and other
attributes.

Test method
The method to detect a fault, which is the key knowledge to guide the maintenance engineer
to quickly locate the fault unit. It contains two attributes: operation and judgment.

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 April 2023                   doi:10.20944/preprints202304.1140.v1

https://doi.org/10.20944/preprints202304.1140.v1


6 of 14

Table 2. Definition of relation type

Relation type Connotation Head entity Tail entity

Cause Causality relation between fault fault fault
Detection It indicates that a fault can be detected by a test method fault test method
isPartOf A unit is part of another unit unit unit

isConnectTo
There is a physical contact or signal input/output
relationship between a unit and another unit

unit unit

BelongTo A signal belongs to a unit signal unit
Location A fault happens at a unit fault unit

Indication a fault can be indicated by a signal fault signal
Relevance a fault case has relevance to a fault fault case fault

4. Fault knowledge extraction

Fault knowledge extraction involves identifying the entity and relationship types defined by the

schema presented above from both structured and unstructured fault documents. This paper utilizes a

comprehensive fault extraction method, mainly based on deep learning supplemented by heuristic

rules. For unstructured fault documents, the deep learning method is primarily used for knowledge

extraction, while heuristic rule methods are applied to semi-structured data, tables, or standard

documents with specific structural characteristics. The following section focuses on introducing the

deep learning method for extracting information from unstructured documents.

4.1. Entity recognition

As previously discussed, deep learning has become a vital approach for knowledge extraction

due to its ability to automatically discover features for classification or detection tasks. Among various

deep learning methods, pre-trained language model embeddings such as BERT[41] are emerging as

a new paradigm for entity recognition[42]. Common basic models for entity recognition based on

BERT include BERT+Softmax, BERT+CRF, BERT+Span, BERT+MRC, and other similar methods[42–44].

Rather than treating entity recognition solely as a sequence labeling problem, BERT+MRC formulates

it as a machine reading comprehension (MRC) task[43]. This method can introduce label information

by transforming the span extraction method into a question-and-answer format. However, Pan

found that BERT-MRC does not fully utilize the knowledge information of labels and proposed an

enhanced language representation with label knowledge for span extraction, referred to as LEAR

(Label-knowledge Enhanced Representation)[44].

The fundamental idea behind span extraction is to determine the start and end positions of entities

in unstructured text. However, previous models did not consider the prompt for the end position given

the starting position. Consequently, we further propose to integrate the identified starting position

information into the language representation based on LEAR, which simplified as SP-LEAR (Start

Position and Label-knowledge EnhAnced Representation). The framework of SP-LEAR is shown in

Figure 4.

The two key steps of SP-LEAR are as follows:

(1)Fusion of type annotations into sentences. Assume that n is the length of sentence, and m

is the length of label annotation. After process of BERT network model, hi ∈ Rd is the embedding

of the ith token of the sentence for any 1 ≤ i ≤ n, and hc
j is the embedding of the jth token of the

annotation of type c for any 1 ≤ j ≤ m. To fuss the information of label annotations into the sentences,

the attention mechanism is used. The attention score is obtained by,

a(hi, hc
j ) =

exp(Wqhi) · (W
khc

j )

∑j exp(Wqhi) · (Wkhc
j )

(1)
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where, Wq, Wk ∈ Rd×d are learnable parameters of the fully connected layers. Then the fusion features

are obtained by,

Oc
i = tanh(Wv(Wqhi + a(hi, hc

j )W
khc

j ) + b) (2)

where tanh(·) is the hyperbolic tangent function,and Wv ∈ Rd×d and b ∈ Rd are learnable parameters

of the fully connected layers.

(2)Fusion of start position into features.Using the fused features as input, the start position

classifier can output the probability of the ith token as the starting position of a span of the category c,

represented as Sc
i . The new feature Uc

i are obtained by a concatenation of the aforementioned fusion

features and start position probability as follows,

Uc
i = tanh(M · concat(Oc

i , Sc
i )) (3)

where M ∈ Rd×d is learnable parameters of the fully connected layers. Finally, the new features are as

input of end position classifier, and the probability of the ith token as the ending position of a span of

the category c is obtained. The loss function of the model is defined to be L = Ls + Le, where Ls, Le

are respectively start loss function and end loss function and the two values are calculated by cross

entropy. The nearest matching principle [45] which matches a start position of category c with the

nearest next end position of c is used to decode the span.
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Figure 4. The framework of SP-LEAR

We labeled 4305 entities from 1000 paragraphs, with 700 paragraphs allocated for the training set

and 300 paragraphs for the testing set. Our experiments involved different models using this dataset,

and a comparison of the results is shown in Table 3. The best performing model results are highlighted

in bold. It is apparent that the direct classification of BERT embeddings using softmax performs poorly

since it does not consider the dependencies between characters. The "BERT+CRF" entity recognition

model, which uses a CRF decoder to determine each token’s "BIO" label, outperforms softmax but falls

short of "BERT+span". LEAR is an improvement over "BERT+span" as it includes label information

when generating features, resulting in higher recall. Compared to LEAR, our method incorporates

the starting position into features when classifying the ending position. From the results, we observe

that although SP-LEAR has lower recall than LEAR, accuracy improves significantly, with a higher

F1 value.
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Table 3. Results comparison of different model.

Model P R F1

BERT+Softmax 0.283 0.430 0.341
BERT+CRF 0.757 0.797 0.778

BERT+SPAN 0.796 0.799 0.797
LEAR 0.797 0.833 0.814

SP-LEAR 0.813 0.827 0.820

Table 4 displays the performance of SP-LEAR for different entity recognition. Based on these

results, we can draw an important conclusion that the "Unit" and "Signal" extraction performance

is much better compared to "Fault" and "Test method". This is primarily due to "Unit" and "Signal"

being nouns with shorter words and clear boundaries while "Fault" and "Test method" are short

sentences containing predicates with relatively vague boundaries. Consequently, further research

work is necessary to enhance the effectiveness of extracting entities like "Fault" and "Test method".

Table 4. Results comparison of different model.

Entity category P R F1

Unit 0.908 0.908 0.908
Signal 0.833 0.894 0.863
Fault 0.820 0.790 0.804

Test method 0.780 0.832 0.805

4.2. Relation extraction

The relationship extraction method combines rule-based and model-based approaches. The

rule-based method relies on our understanding of fault data and knowledge logic, involving the

manual creation of extraction rules, regular expressions, and templates. For instance, in equipment

technical documentation, the composition relationship between fault units can be extracted directly

based on the directory relationship of each composition unit. Similarly, if a sentence contains words

such as "cause" or "lead to" between two fault entities, it suggests a causal relationship between them.

Such rules enable accurate extraction of a large number of relationships in a simple and effective

manner.

The deep learning method is also employed to extract relationships. This method converts

relationship extraction into a binary classification problem, predicting whether a predefined

relationship exists between two entities in a paragraph. The classifier features are extracted according

to the following steps illustrated in Figure 5. Firstly, sentences containing entity pairs are located and

their features are extracted using the "BERT+Convolution+Pooling" model. Paragraph-level features

are then extracted through the "Convolution+Pooling" model, and concatenated with the sentence

features that contain entity pairs to serve as input for the classifier model. For example, consider the

following excerpt: "... the alarm system continuously reflects that the right engine speed is too high

during the descent phase. The reason is that the oil level sensor control component fails, ...". Both

sentences contain a fault entity. The features of these two sentences and paragraphs are concatenated,

and then the classification model is used to determine whether a causal relationship exists between the

two fault entities.

4.3. Storage and Visual Display of Fault Knowledge Graph

Arangodb and neo4j are commonly used graph databases, but compared with neo4j, ArangoDB is

an open-source distributed native multi-model database that boasts features like multi-model support,

scalability, and high performance. Additionally, ArangoDB has a unified query language similar

to SQL, called AQL, enabling rapid graphical queries that return nodes, edges, and their attributes.

These precise characteristics make ArangoDB ideal for storing triplets of fault knowledge graphs.
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Figure 6 depicts the local fault knowledge graph of an aircraft braking system, which includes

critical information such as the system’s composition structure, signal parameters, related faults, and

fault detection methods. This fault knowledge graph provides the essential knowledge support for

fault diagnosis.

Features of
sentence 
contained 
entities

BERT+Convolution+pooling

Paragraph

Features of 

paragraph

Fused 
Features

Convolution+pooling

Figure 5. The framework of SP-LEAR
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Abnormal Brake pressure 
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Low Brake pressure fault

By analyzing flight parameter 
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By replacing the pressure servo 
valve, it was found that...

Based on previous experience 
accumulation, we have replaced...

Cause

isConnectedTo

BelongTo

(Test method）

（Fault）

（Unit）

（Singal）

Brake Controller

Figure 6. Visual display of fault knowledge graph
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5. Question-answer System Based on Fault Knowledge Graph

To aid maintenance personnel in efficiently pinning down the cause of faults, an intelligent answer

system was constructed, based on the fault knowledge graph. It comprises a question preprocessing

module, a question analysis module, a graph retrieval module, and an answer generation module, as

illustrated in Figure 7.

• The question preprocessing module performs tasks like spelling correction, word segmentation,

and part-of-speech tagging on input questions, resulting in lower-level granular question

information.
• The question analysis module, equipped with a word slot extraction unit and an intention

recognition unit, extracts word slots and recognizes intentions of pre-processed questions. By

using precise or fuzzy matching templates, this module analyzes and extracts relevant slot data

from the problem, including entity slots, schema slots, attribute slots, condition slots, etc., which

are predefined by intention template. For example: "How many components are there in the

braking system?" This query yields extracted slots such as the entity slot "braking system," schema

slot "unit," and condition slot "how many."
• The graph retrieval module retrieves pertinent fault information from the knowledge graph

module based on the intention template garnered from the question analysis module. It translates

intent template data into AQL query statements via rule heuristics and template matching,

connecting to ArangoDB and retrieving entity names, relationship names, attribute names,

attribute values, etc., from the database. At the same time, it also brings up relevant documents

through entities, ensuring full knowledge traceability.
• The answer generation module converts and merges the database results based on answer

templates, arranges the answers, sorts them, and returns an answer set and related documents.

User 
feedback

Word-cut

Question 
preprocess

Spelling 
correction

POS tagging

Entity 
extraction

Question 
analysis

Word slot
extraction

Intention 
recognition

Rule
engine

Graph
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Template
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Question
rejection

Count
transfering

Answer
Generation

Answer 
sorting

Answer
generation

Fault TextsTemplate library/ 
Dictionary library

Fault knowledge 
graph

Cache Database

Recommen
-dation of 

related 
issues

question answer

Figure 7. The framework of intelligent answer system

With the technical modules outlined above, we have developed an interactive interface for our

fault knowledge question-answering system (as depicted in Figure 8). By entering the statement "The

hydraulic solenoid valve has malfunctioned," the system returns accurate test methods for diagnosing

and resolving this fault. This feature enables engineers to promptly access fault reasons and evaluate

corrective measures by following the provided test method. Additionally, the system can extensively

trace documents associated with answers, ensuring answer results’ interpretability. Based on entity

similarities, the system can suggest relevant questions and comprehensively address the completeness

of answers.
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Figure 8. The application of fault knowledge graphs

6. Conclusions and discussion

This paper explores the construction and application methods of aircraft fault knowledge

graphs. Firstly, based on the knowledge needs of aircraft fault diagnosis, we comprehensively

sorted knowledge elements and constructed a schema layer for the aircraft fault knowledge graph.

Secondly, we conducted a preliminary investigation into the method of extracting fault knowledge

from structured and unstructured data. Using this approach, we constructed the fault knowledge

graph for a specific type of aircraft and achieved the storage and visualization display of that fault

knowledge graph. Finally, we developed a fault knowledge Q&A system based on the fault knowledge

graph, which can accurately answer maintenance engineers’ questions and trace the documents where

the answers are located. This system provides an effective means for maintenance engineers to quickly

acquire knowledge related to faults. Practice has demonstrated that with knowledge graph technology,

massive structured and unstructured fault data can be fully exploited, correlated, and integrated into a

fault knowledge base, thereby facilitating the sharing and the further application of fault knowledge.

It can be predicted that knowledge graphs represent an efficient means for aircraft fault knowledge

management, improving diagnostic efficiency and accuracy. However, to further improve the quality

of fault knowledge graphs and intelligent question answering systems, efforts should be focused in

the following areas.

(a) The current exploration applies traditional knowledge graphs to the field of fault diagnosis.

However, conventional knowledge graphs mainly construct static knowledge bases focusing on nouns,

describing "what is" and what "relationships exist". In contrast, aircraft fault knowledge involves

dynamic predicate events requiring dynamic knowledge such as "why and how" to be described. For

instance, the fault phenomenon "right engine speed too high during the descent phase" is an event

rather than a noun. Empirical evidence demonstrates that if it leads to some potential problems if

the event is purely treated as a static entity; on one hand, these "event entities" typically comprise
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short sentences with fuzzy boundaries and low recognition accuracy and recall using commonly used

entity recognition methods; on the other, finer-grained knowledge embedded within the event may be

missed entirely. Therefore, to overcome these difficulties, traditional knowledge graph models need to

integrate events, so as to provide a more comprehensive description of fault events and their logical

relationships, in turn improving recognition accuracy and recall.

(b) ChatGPT has showcased its powerful information integration and dialogue capabilities.

Undoubtedly, technologies related ChatGPT can also be implemented in the field of aircraft fault

diagnosis, empowering a more robust interactive diagnostic assistant. However, ChatGPT is opaque

and lacks traceable knowledge, sometimes fabricating facts, which will brings practical problems

for maintenance personnel. Therefore, our next step will combine knowledge graph technology

with ChatGPT technology to create a more efficient and traceable interactive diagnostic system that

generates reliable answers for engineers. A viable approach is to first retrieve relevant knowledge

elements from the fault knowledge graph, then use them to prompt a natural language generative

model, generating dependable answers.

Funding: This work was supported by the National Natural Science Foundation of China (No. 72201276) and
China Postdoctoral Science Foundation funded Project (No.2021M693941).
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