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Abstract

During the aircraft assembly process, quality defects are generally recorded in the form of text
and diagnosed manually by engineers. To improve efficiency and make accurate maintenance
decisions, a new defect diagnosis approach is needed. However, common diagnosis methods
usually involve monitoring digital or image data, and are not suitable for identifying quality
defects in text data. Furthermore, current text classification methods are difficult to implement
in aircraft assembly. For quality defects involving long Chinese text, this study proposes a novel
intelligent diagnosis framework that integrates weighted text embedding and a stacked sparse
autoencoder (AE) network. Firstly, the defect text is segmented into individual words using
Chinese word segmentation, and the word vectors for keywords are represented by word2vec, a
neural embedding model that captures semantic relationships among words. Secondly, an expert
knowledge-based semi-supervised attribute annotation algorithm is developed to determine the
weights of the keywords, and the text vectors are then calculated through the weighted sum of
the word vectors. Thirdly, considering the high dimensionality and sparsity of text vectors, a
stacked sparse AE network is constructed to classify the text vectors and identify the types of
quality defects. Application to a practical aircraft assembly dataset demonstrates the excellent
performance of the proposed framework.

Keywords: quality defect, aircraft assembly, diagnosis framework, Chinese text embedding,
stacked sparse autoencoder
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Acronyms and abbreviations

ANN artificial neural network
BiLSTM bidirectional long short-term memory
HS hole spacing

LSTM long short-term memory
RNN recurrent neural networks
SSAE stacked sparse autoencoder

AE autoencoder

DNN deep neural network
LLM large language models
POS part-of-speech

SAE sparse autoencoder
SVM support vector machine

1. Introduction

Quality defects in the aircraft assembly process can arise in
many areas, such as hole mis-spacing and surface damage
(Zhang et al 2024). Hence, management and maintenance
engineers need to identify solutions using extensive mainten-
ance manuals (Park and Park 2025). In recent years, with civil
aircraft production increasing at a doubling rate, assembly-
related quality defects are also increasing, posing huge chal-
lenges for maintenance work (Yan and Wang 2022). The prob-
lems arising in the maintenance of quality defects in aircraft
assembly can be summarized as follows:

e Quality defects records are in the form of unstructured
Chinese text and not standardized. The diagnosis of qual-
ity defects in the aircraft assembly process is implemented
and recorded by assembly workers. There is no standard-
ized record format. Therefore, it is difficult to use numerical
methods to analyze the defect data.

o Historical information is not fully utilized. Engineers mainly
make repair suggestions based on their own experience and
maintenance manuals. Note that a great deal of important
information, such as historical solutions to repairing the
quality defects, is not effectively considered. This inform-
ation may provide similar or even the same guidance for
handling the current quality defect. Thus, repetitive work
(making repair suggestions by referring to maintenance
manuals) could be reduced for maintenance engineers .

e The structural complexity of aircraft means that there are
various types of quality defects. Correlations and coupling
between different subsystems and different parts make it dif-
ficult to identify the defect type in the aircraft assembly pro-
cess. Thus, making disposal opinions based on the corres-
ponding diagnosis results is not effective and accurate.

In order to adapt to the new era of large-scale aircraft manufac-
turing, it is of great significance to improve the quality defect
disposal methods used in aircraft assembly processes, reduce
human and material costs, and shorten production times (Shafi
et al 2023). Enterprises need to make full use of historical
data and propose new defect diagnosis methods. Combined
with big data technologies, the efficiency of diagnosis and
decision-making can be improved, and thereby the contradic-
tion between more and more assembly defects and limited

human resources can be solved immediately (Compare and
Zio 2025).

Most traditional defect and fault diagnosis models are based
on standard knowledge rules and rely on digital health and
fault data obtained through condition monitoring (Peng and
Yang 2024, Yu et al 2024). Liao et al (2024) established
a hybrid algorithm for aero-engine gas-path fault diagnosis
by filtering features from fault data. Yang et al (2020) pro-
posed a diagnosis model with a distance metric to transfer
diagnostic knowledge from one machine to another based on
vibration data. Hui et al (2022) presented a data-driven mod-
eling approach to evaluate the assembly quality of the linear
axis based on a variable selection method and a hybrid quality
evaluation model. Recently, some methods for fault diagnosis
have focused on image or short-text data (Yang and Zhang
2022, Deng et al 2024, Wang et al 2024). Shang et al (2023)
developed a global prior transformer network for aeroengine
blade surface damage detection inspection based on borescope
images. Ye et al (2023) utilized deep learning technology
to establish a text classification model for power equipment
defect short-text records. However, in practice, most quality
defect information about aircraft assembly exists in the form
of text data and long text records. Obviously, it is very diffi-
cult to diagnose quality defects based on long-text data using
current diagnosis methods.

To compensate for the above shortages, text mining-based
methods are necessary (Nan et al 2022). Currently, for unstruc-
tured long text, the most widely used word representation
method is vector representation. Mikolov et al (2013) pro-
posed the word2vec algorithm, which maps words into a low-
dimensional space in the form of vectors, and reflects the rela-
tionship between words and context through the numerical val-
ues of vectors. Kim et al (2020) proposed a topic modeling
method for latent semantic analysis and used word2vec and
spherical K-means clustering to better capture and represent
the context of the corpus. Xu et al (2021) and Zhou et al (2021)
proposed text-based aircraft fault diagnosis models based on
word2vec. In short, vector representation has good applicabil-
ity in dealing with unstructured data related to quality defects.

Only when unstructured text data is transformed into struc-
tured data can diagnosis algorithms perform quality defect
identification. Hence, after obtaining the vectors of word rep-
resentations, text embedding is another important task (Jing
et al 2024). That is, using the word vectors in a sentence to
constitute a text vector. Considering the temporality and com-
plex semantics of Chinese contexts, deep learning methods are
often used for Chinese text embedding (Wang et al 2022, Gao
et al 2024). It should be noted that quality defect diagnosis in
this context can be regarded as a Chinese text classification
problem. The classification task is accomplished by adding a
SoftMax layer as the output of the network. Therefore, most
existing studies developed algorithms to deal with text embed-
ding and text classification simultaneously (Hu et al 2024,
Sheikh et al 2024, Jiang et al 2025). Zhou et al (2016) and
Liu and Guo (2019) respectively utilized recurrent neural net-
works and bidirectional long short-term memory (BiLSTM)
to reduce the influence of word segmentation and improve the
accuracy of Chinese short text classification.
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However, there are two deficiencies in these deep learning-
based text classification methods. (1) As the long texts in
quality defect records contain a great deal of domain know-
ledge and weak semantic relationships, it is difficult for deep
learning-based text embedding methods to represent defect
texts. (2) Although the most common deep learning mod-
els, such as RNN, LSTM and BiLSTM, can effectively cap-
ture complex temporal characteristics in contexts, they require
a lot of labeled data for training and are prone to over-
fitting. The amount of text data in manufactory industries
is far less than that in internet industries. Therefore, there
is a significant need to develop new methods for quality
defect diagnosis based on long Chinese text data in aircraft
assembly.

Recent advances in large language models (LLMs) such
as Deekseek, Gemini and GPT-4 have demonstrated impress-
ive zero—shot text classification capabilities (Ma et al 2025).
However, deploying an LLM-based solution for aircraft—
assembly defect logs faces three practical barriers: (i) data—
privacy constraints: uploading proprietary defect records to
external APIs might be forbidden; (ii) computational and eco-
nomic overheads: running or fine—tuning a model on—premise
entails hardware and energy costs; and (iii) safety—critical
interpretability: the opaque reasoning of LLMs is currently
incompatible with aviation quality—assurance requirements
(Zhang et al 2025).

Under these constraints, this paper proposes a lightweight
yet interpretable diagnosis framework for quality defects
in aircraft assembly, which integrates expert—weighted text
embedding with a stacked sparse autoencoder (SSAE). Firstly,
the defect records are segmented into individual words and
the extracted keywords are then transformed into structured
vectors by word2vec. Secondly, an expert knowledge-based
attribute annotation method is used to divide the keywords into
different categories with different weights. Correspondingly,
the text vectors can be obtained by a weighted sum of word
vectors. Weighted text embedding can integrate expert know-
ledge and thereby describe the unique features of aircraft
assembly. Thirdly, considering the high dimensionality and
sparsity of text vectors, a SSAE network is developed to clas-
sify the text vectors so that the quality defect can be dia-
gnosed effectively. The labeled defect texts are used as a
training dataset. Compared with other deep learning mod-
els, the SSAE requires relatively little labeled training data
and has better generalized performance. Finally, the effect-
iveness and generalization ability of the proposed frame-
work is illustrated using a practical quality defect data-
set. To the best of our knowledge, this is the first intel-
ligent diagnosis framework for quality defects in aircraft
assembly based on defect records in the form of long
Chinese text.

The reminder of this paper is as follows. The research back-
ground and purpose are described in section 2. The basic the-
ory of the SSAE is introduced in section 3. A detailed descrip-
tion of the proposed framework is illustrated in section 4.
The proposed method is demonstrated using a real dataset in
section 5. Section 6 provides the general conclusion and dis-
cusses future research aspects.

(b)

Figure 1. Two typical defects in aircraft assembly: (a) cover plate
crack, (b) bracket positioning accuracy out-of-tolerance. Note:
numeric dimension values are redacted at the collaborating
enterprise’s request; units are retained for illustrative purposes.

Table 1. An example of a defect record form with its main contents.

Attribute name Content

Form number D-G00101-A01-001

Component name Aircraft panel (KHLEERR)

Aircraft number 101

Defect description There is one superfluous hole at the
butt-joint point of the left panel, and the
aperture is | mm. Details is in the attached
figure.
(TELEMBER O b — A 2 R AL, FLAE N
1 mm, HARFA W)

Maintenance action Repair

Remark: All entries are stored in Chinese in the management system, and
only some of the Chinese text is presented.

2. Task description

In this study, we mainly focus on the task of diagnosing qual-
ity defects in the process of aircraft assembly. Quality defects
occur throughout the whole assembly process. Figure 1 shows
two typical quality defects, i.e. cracks and out-of-tolerance
positioning accuracy. The defect details are input into the man-
agement system in the form of records by field engineers. The
defect records are mainly in Chinese. An example of a defect
record form is presented in table 1. Only the main contents are
given and other information used in the diagnosis framework
is omitted. For ease of understanding, English translations are
provided and only a part of the raw Chinese text is given.
From table 1, we can see that the defect information is
unstructured data, which needs to be transformed into struc-
tured data for the next processing step. Generally, the defect
description attribute contains the most information about the
defect type and is presented in Chinese. In addition, the defect
description text is translated into English for better under-
standing. In the following, we identify the defect type by learn-
ing the information in the defect descriptions. Therefore, text
mining techniques are needed. Firstly, the text needs to pre-
processed to clean invalid and missing data. Secondly, three
dictionaries of technical terms for aircraft assembly are estab-
lished based on expert and field knowledge. The component
dictionary includes the names of aircraft subsystems and com-
ponents. The defect dictionary contains words that describe the
details of aircraft quality defects. Note that, a word in Chinese
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may consist of several Chinese characters. The stop-word dic-
tionary contains unrelated punctuation symbols and words.
With technical and general dictionaries, continuous text can
be divided into vocabulary lists based on semantic rules using
a Chinese word segmentation algorithm. For words that are
not included in the dictionaries, a new word discovery method
based on the hidden Markov model is adopted. Thirdly, after
obtaining vocabulary lists, word- and sentence-embedding
methods are used to construct digital vectors to represent the
defect text. Finally, an SSAE network is developed to identify
the defect types by training the constructed text vectors.

3. SSAE

The weighted—embedding vectors produced from the defect—
log text are high—dimensional and sparse, while the number of
available labeled samples is only in the hundreds. The SSAE
is attractive in this context because it learns compact low—
dimensional representations via unsupervised layer—wise pre—
training, reducing the risk of over—fitting under small-sample
conditions. It also incorporates a Kullback-Leibler (KL) diver-
gence sparsity constraint that naturally matches the sparsity of
the input vectors and is lightweight enough for on—premise
deployment on a standard industrial workstation.

Having motivated the choice of the SSAE, we follow the
formulation of Xu et al (2015) and introduce its constituent
parts from the inside out, i.e. from autoencoder (AE) to sparse
AE (SAE) to SSAE.

(1) AE: a basic AE is a kind of unsupervised neural network
and typically consists of one input layer, one output layer
and one hidden layer (Xu and Tan 2019). Figure 2 depicts
the single-layer AE structure.

The output values are set to be equal to the input. Deep
learning methods always use AEs to obtain appropriate
representations from the input during training of hidden
layers.

For an input vector x € R™, the hidden representation is

h(x)za(W1x+b1), (1)

where o (-) is a nonlinear activation function, W, is a
weight matrix and b, is a bias vector. The calculation pro-
cess from the input layer to the hidden layer is called an
encoder. The output of the AE maps h back to a recon-
struction x € R™, i.e.

fZU(th(x)+b2), 2)

where W, is a weight matrix and b, is a bias vector. This
process is called a decoder. Given a training dataset x, the
parameters § = {W;, W, by, b,} are optimized by min-
imizing the reconstruction error, and thereby the objective
function of an AE can be given by

10) =" [lx—%3. 3)

xXEX

Decoder

+1 Hidden layer

Figure 2. Architecture of an AE.

Remark: in fact, both the encoder and decoder networks of
an AE can have multiple layers; irrespective of depth, they
share the same objective function and can be optimized
with stochastic gradient descent.

(2) SAE: to avoid simply copying the input to the hidden layer,
the SAE, which captures the sparse representation by pen-
alizing the average activation of hidden neurons (Wen et al
2017), was developed. The objective function of an SAE
can be represented in the following formulation

>l =%l +5) KL (p
j=1

xex

N Y
5i)+ 3 (IWlF+ 1w
“)

where KL(pH[)j):plogﬁJr(lfp)logll_;g is the

sparse penalty term, p; =137 h;(x;) is the average
activation of a hidden neuron j, p is a sparsity parameter,
r is the number of hidden neurons and the third term pen-
alizes the weights to prevent overfitting. The sparsity pen-
alty coefficient 8 and the weight decay coefficient « are
determined through cross-validation experiments. In our
implementations, 5 = 3 balances reconstruction accuracy
and the sparsity constraint, while v = 0.001 provides an
appropriate regularization strength. When the dimension
of the hidden layer is smaller than that of the input, then
the SAE can learn a compressed and sparse representa-
tion of the input data. The SAE can also be trained using
gradient descent algorithms.

(3) SSAE: multiple basic SAEs are stacked to form the SSAE
(Tao et al 2015). The structure of an SSAE is shown in
figure 3. More specifically, the outputs of each hidden
layer are used as the inputs of each successive layer, which
is also named pre-training. The pre-trained weights are
connected and finetuned to obtain the final weights of the
SSAE. For simplicity, the decoder parts of each basic SAE
are not presented in figure 3.

An SSAE is usually trained with a layer-by-layer greedy
algorithm (Yu ef al 2021). Generally, an SSAE can fully
represent original features of input datasets better than
a basic SAE (Xu et al 2015). However, the SSAE is an
unsupervised model used only for feature extraction and
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Encoder 1

Encoder 2
Classifier

Figure 3. Architecture of an SSAE.

data reconstruction. If we want to use an SSAE for defect
diagnosis, a classifier layer should be added after the last
encoder layer.

SoftMax logistic regression is a commonly used clas-
sifier for the construction of SSAE-based classification
models. The output of the SoftMax-based classifier layer
is given by

[exp (_chlTh) y CXp (_Wc,kTh)]

, 5
D 4 €Xp (fWQkTh) ®)

5 (h) =

where ¢ (-) is the SoftMax function with weight matrix
Wc,kT and £ is the output of a high-level representation of
encoders learned by the SSAE. Note that the classifier is a
supervised model. Hence, W, can be determined by min-
imizing the cost function with a labeled training dataset.

4. The intelligent diagnosis framework

To achieve the quality defect diagnosis with raw defect
records, a general intelligent framework consisting of data
acquisition, text mining, weighted text embedding and defect
diagnosis is proposed herein. Figure 4 shows the implement-
ation flowchart of the proposed framework. The input data of
this framework include raw defect records of aircraft assembly
and a thesaurus of technical terms. Then, the Chinese word
segmentation method is used to segment the defect records
into individual words. Only the keywords for each record
are preserved by using the TextRank algorithm. In the third
part, as for the extracted keywords, we adopt word represent-
ation and attribute annotation based on expert knowledge to
obtain the structured text vectors. Finally, the labeled text vec-
tors from different defect types are used as a training data-
set. Based on the SSAE and gradient descent algorithms, the
diagnosis model can be learned using the training dataset.
Substituting a new defect record into the trained framework
can output the corresponding defect type. Further, the related
techniques of the proposed framework are detailed in the fol-
lowing subsections.

1. Data acquisition

Thesaurus of

technical terms

[}
1
Aircraft assembly i
defect records !

2. Text Mining

i TextRank
Chinese word _TextRank

segmentation extraction

[}
1
Keyword i
1

Attribute
annotation

Expert
knowledge

}

Attribute
annotation

. Text representation
\

!

\\\-lgyp\ Weighted Sum —> Text Yector

Outpu | 0= /

Word2vec aigorilhm 4

____________________ O e
4. Quality defect diagnosis
Labeled text Stacked sparse New defect
vectors autoencoder records

£
i

N classifier - vectors
)

I

I

1

I

I

I

I

— = I
e = > N\ !
Trained SSAE '+ Unlabeled text I
I

I

1

I

I

I

I

I

Defect types i Output

Diagnosis module

Figure 4. Flowchart of the proposed intelligent diagnosis
framework for quality defects in aircraft assembly.

4.1. Text mining of defect records

In order to extract information from the defect descriptions in
historical defect records, we need to preprocess the form data
first. Incomplete or unrecognized information is deleted. In the
text of defect descriptions, Chinese characters are retained and
other contents including numbers and punctuation are cleaned.
Then, a Chinese word segmentation method is needed to seg-
ment continuous text into vocabulary lists according to cer-
tain semantic rules. Three dictionaries of technical terms are
constructed as the basis of segmentation by making full use
of expert knowledge. Parts of these three dictionaries are dis-
played in table 2.

We use the Jieba method, which was developed based on
the reverse directional maximum matching algorithm, to con-
duct word omni-segmentation for defect description text in the
Python programming language. The segmentation results are
thereby achieved, and the segmentation results of the examples
in table 1 are shown in table 3. It can be seen that the seg-
mented words are consistent with Chinese vocabularies. This
indicates that long texts were segmented into individual words
accurately and explicitly.

Considering that the importance of each word in defect
descriptions is different, the keywords of texts can be extrac-
ted to represent the defects in the form of weight sums more
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Table 2. Parts of the three constructed dictionaries.

Component dictionary Defect dictionary Stop-word dictionary
Upper panel (_EE#R) Hole dislocation (FL4847) Action (4-FH)
Elevator (F}F4/¢) Out of tolerance (F2%) Find (K1)
Power module (L5 R 1R Interference (T-14) Inspect (£ £)
Flaps (£££3) Surface damage (& Tfi#11%) Engineering (_LF£)
Tube (&) Warping (G H#H) Requirements (LK)

Table 3. Segmentation results of the defect description by Chinese X, X X

text segmentation.

£ 0-00-00[(0-00-00| [0-00-00]

Defect description

A F I BEAR X e ek —
MRl LN
1 mm, FARHA UL .

Word omni-segmentation

TELSE A PEER ST b — S — A
EZEZ LMKV

1 mm, ERARIR L/ .
At/left/panel/butt-
join/point/one/one
superfluous/superfluous/hole, hole
diameter/is/l mm. Details/is/in/the
attached figure.

concisely. Mining effectiveness is thereby improved. There
are two common word frequency-based keyword extraction
methods for text mining, i.e. term frequency-inverse document
frequency (TF-IDF) and TextRank. Compared to TF-IDF, the
TextRank algorithm is more generalized and requires no prior
information. Therefore, the latter is employed here.

The TextRank algorithm adopts the relationship between
adjacent words to construct a word network, which takes a
word in a vocabulary sequence and its adjacent words as nodes
with graph adjacent relationships. The contributions of differ-
ent word-pairs are set as the edge lengths of undirected graphs.
The iterative calculation formula is given by

1
—— WS (U 6
WS, ©

WS(U)=(1—-¢)+sx Y

JE€MU) ;< Ou(u;)

where WS(U;), In (U;) and Out(U;) denote the rank value, the
precursor node set and the successor node set of nodes U,
respectively. ¢ is used for smoothing. The length o represents
the importance of two-word links. According to (6), the rank
value of each node can be calculated iteratively until conver-
gence. Finally, the edge length is used to measure the import-
ance of keywords. When a word’s importance value is larger
than the predetermined threshold, it is defined as a keyword.
Only the extracted keywords are used for text embedding;
other words are omitted for the sake of effectiveness.

4.2. Weighted text embedding

Before text embedding, we still need to achieve the vector
representations of keywords. A basic vector representation

Input Wix

Projection layer

L.

Output l

y
L )

Figure 5. Illustration of word representation by the word2vec
model.

approach for vocabulary is one-hot encoding, which can trans-
form a vocabulary into a sparse vector. However, in the pro-
cess of aircraft assembly, there is a high dependency between
the keywords of quality defects. Using this method will lose
some associated semantic information, which leads to high
complexity and dimension disaster. However, distributed word
vector representation methods, which compress words into a
lower dimensional space and describe the correlation levels
by using the elements of vectors, can effectively address these
problems.

Word2vec is a commonly used model for distributed word
vector representation. It was developed based on a continuous
bag of words network and the SoftMax classifier. The archi-
tecture of word2vec is shown in figure 5. This model takes a
word and its adjacent words as the input and takes itself as the
output. The objective function of model training is to maxim-
ize the average logarithm probability. The SoftMax classifier
is used for prediction tasks. As the training process converges,
the weight matrix of the projection layer can be optimized.
Then, substituting words into the optimal weight matrix yields
vectors that can represent the Chinese keywords. All these vec-
tors are m-dimensional. Throughout this article, we fix m = 50
as a trade-off between representational power and efficiency.

When obtaining the word vectors, the text vectors for rep-
resenting the defect descriptions can be constructed in two
ways. One is by calculating the sum or weight sum of the
word vectors. The other is by fusing the word vectors into a
text vector using machine learning methods. The latter mainly
considers the word order and context for text representation,
but ignores the importance of technical words whose distinct-
ive attributes are critical to defect diagnosis. Therefore, here
we develop a weighted text embedding.
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Table 4. Attribute annotation rules based on expert knowledge.

Importance Category name Annotation method
High weight, A\; 1. Component Manual tagging
2. Location Manual tagging
3. Action Manual tagging
Medium weight, A2 4. Phenomenon Manual tagging
5. Material Retrieval from forms
6. Correlation Manual tagging
Low weight, A3 7. Measurement Retrieval from forms
8. Attachment Retrieval from forms
9. Others —

Remark: A\ > Xy > Az, and A\; + Ao + A3 = 1.

To obtain the structured data that can represent the whole
text accurately, we need to not only consider the word fre-
quency and context, but also consider the importance of dif-
ferent kinds of words. Generally, a word with high frequency
is defined as a keyword and endowed with a higher weight in
the text embedding. However, some technical terms for aircraft
assembly, which describe the defect sites and phenomena,
have a relative smaller weight due to lower frequency. This is
unreasonable. As technical terms can represent the exclusive
features of quality defects better than other common words,
higher weight sets for those technical terms would improve
the diagnosis accuracy significantly. Hence, we divide these
words into several categories according to the expert know-
ledge. Words from different categories with different attributes
should have different importance values. Those critical for a
specific defect are endowed with higher importance. Table 4
shows the attribute annotation rules.

Common part-of-speech (POS) tagging is used to distin-
guish nouns, verbs, adjectives and adverbs. However, in air-
craft assembly defect texts, there are many professional terms
that cannot be distinguished by POS. Furthermore, these pro-
fessional words characterize the quality defects exclusively.
Thus, there is a need to define a proprietary attribute annota-
tion rule to classify the words segmented from defect texts
and add additional semantic information to vocabulary lists.
From table 4, all these words are divided into nine categor-
ies. As the components, locations and actions are the most
important basis for identifying a defect, the words of these
three categories should be endowed with the highest weight
in the text embedding. During this phenomenon, the material
and correlation of defects are endowed with a medium weight.
Other categories that are not that critical to defect diagnosis
are set with the lowest weight. The weight values are pre-
determined by expert experience. In this article, we assume
A1 = 0.5, A, = 0.3 and A3 = 0.2. Additionally, the annotation
methods for different attribute categories are also different.
Manual tagging refers to determining word categories based
on expert knowledge, whereas retrieval from forms involves
identifying word categories by searching the defect record
datasets.

Algorithm 1. The semi-supervised annotation algorithm for
keywords.

Step 1: Sets =0;

Step 2: Given an un-annotated word vector y;, calculate the
similarities between y; and each center vector, which
can be expressed by using the cosine similarity
measure as cos< LYy (S>> _ o

Yol ) = BT

Step 3: The category label for y; is annotated as 8; = aj,

| =arg max cos <yj A > ;

Step 4: Update the center word vector of the /th category,
= (s+1).
N ’

Step 5: Compute the maximum cosine-distance change of all
centroid vectors, A = max (1 —cos <i1(“'+]),il(“') >)

Step 6: IfA <10 %ors= 20, terminate; otherwise set

s = s+ 1, and repeat step 2—6

Note that the number of segmented words is so large that
we cannot annotate the categories of all words manually within
a feasible time. Therefore, here we employ a semi-supervised
annotation method. That is, a small portion of words is annot-
ated manually according to expert knowledge. Let y1<°> €
R™! and g;, =1, 2,---, 9, denote the initial center word
vector and the label of the /th category, respectively. The
attribute annotation procedure for un-annotated word vectors
is summarized in algorithm 1.

The per-iteration computational cost of algorithm 1 is
O (NLm), where N is the number of unlabeled words, L the
number of attribute classes and m the embedding dimension.
In our implementation, the annotation process converges typ-
ically in approximate 10 iterations and the time cost shows
near-linear scalability with vocabulary size.

After completing the attribute annotation, the weighted text
vector can be obtained by

Z Xiv;
Vit = =——, )
X

i=1

where v; is the word vector, n is the word number of a
text and X; is the attribution weight of v;. The flowchart
of weighted text embedding is shown in figure 6. From
figure 6, the weighted text representation, which combines
word frequency, relationship between words and expert know-
ledge, can characterize the quality defect more specifically and
exactly.

4.3. Defect diagnosis based on the SSAE

A defect diagnosis method for aircraft assembly with weighted
text embedding and an SSAE network is proposed in this
section. To further improve the performance of the SSAE-
based classifier, we consider the sparsity of the output class
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Figure 6. Text representation by attribute annotation and the
word2vec algorithm.
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Figure 7. Detailed structure of the classification module in the
SSAE.

label. Note that this diagnosis task is a multi-class classifica-
tion problem. Thus, a SoftMax classifier is added to transform
the output of the last encoder into the class label, as shown in
figure 3. The labeled data is needed in the model training for
this supervised learning.

The weighted text embedding based on the vectors of
keywords is used to represent the defect description texts. Let
Viext = [V1,-++, Vin] be an m-dim text vector, and input Viey
into the SSAE network. Let O = [01,0,,- -+ 0] be a vector
output of the last encoder of the SSAE, where k is the number
of neurons in the encoder. Then, according to the data map-
ping and transformation procedure of the SSAE, the output O
can be calculated as follows

o =0 (0 (Wahy (Viex) +b1) +-++), hj(x) = o (Wyx+b)),
(8)

where j=1, 2,---, L and L is the number of hidden layers.
The vector O can be regarded as a dimension-reduced realiz-
ation of text representation by the multi-layer encoders. The
detailed structure of the classification module in the SSAE is
shown in figure 7, which assumes four types of quality defects
as an example.

During the classifier process, the output O of the encoders
is mapped to be a scalar dj, i =1,--- ,4. These scalars form

the class labels. Based on the coding sparsity, the output
vector [dy,d,,ds,ds] for defect text vector Vi is repres-
ented by a binary number. That is, we can use [1,0,0,0],
[0,1,0,0], [0,0,1,0] and [0,0,0,1] to denote the first type
(label (Viext) = 1), the second type (label (Viex) = 2), the third
type (label (Viex,) = 3) and the fourth type (label (Viex) = 4) of
quality defect, respectively. Through the classification mod-
ule, the actual output d; is expressed by using the SoftMax
function and weight W, ; as

S _ e (-w.;'0) i=1.---.4 9
[ Z?:lexp (*WCJTO)’ -

When defect samples are equally sampled from the four
types and there are N/4 in each class, the ideal output for all
samples in the output node d; can be shown as

di=|1,---,1,0,---,0,0,---,0,0,---,0
S—— Y Y—— —
N/4 N/4 N/4 N/4
d»=0,---,0,1,---,1,0,---,0,0,---,0
S—— Y —— —
N/4 N/4 N/4 N/4
d;=0,---,0,0,---,0,1,---,1,0,--,0
S—— Y Y—— —
N/4 N/4 N/4 N/4
d4: 07"'7070,'”70707"'70,1,'”71
S—— ~——
N/4 N/4 N/4 N/4

(10)

Equation (10) reflects the sparsity in the output of the clas-
sification module.

Note that, if a sample belongs to the ith defect type, the
output d; should be equal to 1. Otherwise, d; is equal to O.
However, in real diagnosis scenarios, the predicted class label
is not exactly equal to 1 or 0 due to data noise. Hence, for a
new defect sample with text vector Vi, the identified type is
designed as

label (vtext> = argmax (Ell> ,i=1,---,4. (11)

Before implementing the defect diagnosis using the SSAE,
a model training and a classification process is needed. The
historical quality defect records are organized to constitute
the training dataset 7, which is in the form of Chinese
text. Then, T and the corresponding class labels are used to
train an SSAE network. In the test process, the type of new
defect data is identified by equation (11). The detailed pro-
cedure for the intelligent diagnosis framework is summarized
below.
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Training dataset 7, class label, new defect data’t,
dictionaries of technical terms.

Input

Step 1: Conducting Chinese word segmentation for the defect
descriptions T based on the Jieba method and
dictionaries.

Extracting the keywords from the segmented words by
using the TextRank algorithm. Calculating the
representation vectors of the keywords with the
word2vec algorithm.

Annotating the attributes of keywords using algorithm
1 and assigning weights for each attribute with expert
knowledge. Obtaining the text vectors based on the

Step 2:

Step 3:

weighted sum of word vectors V = {th(“) } The
training dataset T in the form of Chinese text is
transformed into vectors V.

Training the SSAE-based classifier with the sample set
V and their class labels. First, the initial parameters of
the encoders and decoders are estimated by
pre-training. Second, the final weights of encoders and
classifier are obtained based on gradient descent
algorithms.

For a new defect datat, tragsforming it into vector ‘N/}m
based on Steps 1-3. Input Viex into the trained SSAE

Step 4:

Step 5:

to generate an output as d ,32,33,34] .

Output:  Defect type label of t, i.e. label (t) = argmax (8,-) ,

=1, 4.

Compared with traditional natural language processing, the
proposed intelligent diagnosis framework integrates field and
expert knowledge and deep learning algorithms, which can
make the text embedding more accurate and the output more
accurate and reliable diagnosis results. With these diagnosis
results, quality engineers can make maintenance actions and
quality improvements effectively and quickly.

5. Experiment verification

5.1 Dataset

In order to verify the effectiveness and accuracy of the
proposed intelligent diagnosis framework, practical aircraft
assembly-related data is acquired from the assembly line of an
aircraft manufacturer. There are five types of quality defects in
the dataset. Each type has 500 defect records and thereby the
total size is 2500. For each defect type, we take 400 records
as the training dataset and the other 100 as the testing dataset.
Moreover, the class label for each defect type is represented
by sparse coding. Details of the dataset are shown in table 5.

5.2. Methods for comparison

To demonstrate the effectiveness of the SSAE classifier, com-
monly used diagnosis algorithms, including SVM (support
vector machine), ANN (artificial neural network), DNN (deep
neural network), LSTM, BiLSTM, and SAE, are used for

Table 5. Details of the quality defect dataset.

Number of
Defect type Abbreviation records Class label
Oversize ([ # %) OV 500 [1,0,0,0,0]
Assembly clearance AC 500 [0,1,0,0,0]
CREBCIATRE)
Hole mis-spacing HS 500 [0,0,1,0,0]
(FLHEF R 1#)
Surface damage SD 500 [0,0,0,1,0]
GRIEH)
Crack (B440) CR 500 [0,0,0,0,1]

defect diagnosis in aircraft assembly. The classification res-
ults obtained by these six algorithms are compared with the
diagnosis results from the SSAE.

In general natural language processing or text mining
research, deep learning methods have become more and more
popular recently. Considering the temporal characteristics of
speech and text, LSTM and BiLSTM, which are RNN, are
two widely used deep learning methods for processing serial-
ized information and speech recognition. Without losing gen-
erality, the traditional classification method, the SVM, is also
used for comparison here. The kernel function of the SVM
is set to a radial basis function. The nodes of the input layer
of these network-based methods are 50, and the number of
nodes in the output layer are 5. In an ANN, only one hidden
layer is considered, while two hidden layers are considered in
DNNs. The BiLSTM consists of two LSTM networks in bi-
direction. A softmax layer is taken as the output of these net-
works. A dropout layer is added before the softmax layer for
the LSTM, BiLSTM and DNN to avoid overfitting. All batch
sizes and epochs are set as 128 and 100, respectively. The SAE
is used to show the development necessity from the SAE to the
SSAE.

5.3. Results

Since all historical quality defect records are unstructured data
and presented in Chinese text, we need to transform the raw
data into structured data. First, based on the defect, general and
stop-word dictionaries, the defect records in continuous text
are segmented into vocabulary lists with the Chinese word seg-
mentation algorithm. Then, the word2vec model is employed
for word vector representation. After attribute annotation,
the obtained word vectors are integrated into text vectors by
weighted text embedding. Table 6 shows several examples of
the processed data. All the vectors are 50-dimensional, but
some elements are omitted for better presentation. Then, a
vector and its corresponding class label form a pair of train-
ing data, in which the former is the input and the latter is the
output.

After obtaining the text vectors as in table 6, the SSAE-
based classifier can be determined by supervised learning. A
total of 2000 data samples (400 for each defect type) are used
to train the SSAE network and 500 data samples (100 for
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Table 6. Examples of the processed data format for the defect records by weighted text embedding.
No. Class label Vector
1 [1,0,0,0,0] [0.6572463 , 0.10706615, 0.05572755, —0.754483, 0.5369991, 1.0088301, ...... ,
0.6806897, —0.00469302, 1.2699736, —0.13783777, 0.11444575, 0.24955863]
2 [0,1,0,0,0] [0.7542916 , —0.01749352, —0.36677638, —0.4563792, —0.4995486, —0.281815, ...... s
0.55768025, 0.21790005, 1.2711376, 0.06936119, 0.06145719, 0.44860455]
3 [0,0,1,0,0] [0.75164133, 0.1171543, —0.24626656, —0.56207055, —0.7033588, —0.145031, ...... ,
0.62114483, 0.03707135, 1.4960561, 0.11143543, 0.08778881, 0.23797192]
4 [0,0,0,1,0] [0.7957793, —0.04374009, —0.1335192, —0.48980123, —0.80299264, —0.25000, ...... ,
0.43382773, 0.07181711, 1.3889766, 0.21212052, 0.01927389, 0.29392081]
5 [0,0,0,0,1] [0.6246822, 0.11401705, —0.15698974, —0.791429, —0.44586647, —0.17210977, ......
0.33895493, 0.17126107, 1.2494333, —0.02494708, 0.03535834, 0.2714129]
_dl - dz ...... d3 - d4 d5 54 ° ® o ea a mE R eee o GG
1.0 1 'E—"]' L ':\f F.“E,'! ill 1 --n'! i
I : ! I H
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Figure 8. Output of the SSAE for the training dataset.

each defect type) are taken as the testing samples to verify the
effectiveness of the diagnosis framework. To design the SSAE,
each 50-dimensional vector sample is input into the basis mod-
ule of the SSAE, and thus the input layer has 50 nodes. There
are five nodes in the output layer corresponding to five defect
types, which are respectively denoted by d,, d», d3, d4 and ds.
During the training process, the number of basis modules in
the SSAE is set to three, the epoch size is 100 and the batch
size is 128. Hidden sizes 256 — 96 — 16 are selected after
a two-stage process combining heuristic scaling and a cross-
validated grid search. The text vectors and corresponding class
labels are used to train the SSAE network. Figure 8 shows the
output of the training dataset using the SSAE. It is found that
the sparsity of the class labels is clear, and most of the out-
puts of the five nodes can indicate the defect type of training
samples accurately.

To identify defect types for the 500 testing samples, the text
vectors of these samples are input into the trained defect dia-
gnosis framework and the corresponding output can be calcu-
lated based on the classification process shown in table 5. The

200 300 400 500

Number of samples

100

Figure 9. Classification result of quality defects by the SSAE.

classification results of these testing samples are displayed in
figure 9, whose horizontal axis and vertical axis represent the
true class labels of the testing samples and the estimated class
labels, respectively.

Most samples are correctly classified. For example, for the
1st-100th samples, their true defect type is OV, and obviously
most samples in 1st-100th are identified as defect type OV.
Furthermore, the confusion matrix of the diagnosis results by
the SSAE is shown in figure 10.

For example, the (5, 1)th element in the matrix means 83
samples belonging to class OV are classified correctly and the
(5, 2)th element means that 10 samples belonging to class OV
are misclassified as class AC. The total diagnosis accuracy
of the SSAE-based classifier is 82.2%, which means effect-
iveness in practical applications with only a small amount
of data. For defect type HS (hole spacing), 90% of these
samples can be identified correctly. Meanwhile, the misclas-
sified rates between classes SD and CR are more than other
pairs of defects. In addition, 10% samples of class OV and
15% samples of class AC are misclassified as classes AC and



J. Reliab. Sci. Eng. 1 (2025) 035401

Z Wang et al
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10 3 0 4
ov AC HS SD CR
Predicted label

Figure 10. Confusion matrix of the diagnosis results for the five defect types by the SSAE.

HS, respectively. This is because similarity between the seg-
mented words of these defect types is higher, or the attributes
of some vocabularies is closer. To further illustrate the effect-
iveness of the SSAE classifier, the confusion matrix results for
comparative methods are shown in figure 11.

From the confusion matrices of the diagnosis results by dif-
ferent diagnosis methods, we can see that the diagnosis per-
formances of the LSTM and BiLSTM are not good. This is
contrary to the consensus that LSTM-based algorithms are
more suitable to deal with temporal data, especially in speech
recognition. Although the network structures of the LSTM and
BiLSTM are more complex than those of other methods, they
are prone to over-fitting because of insufficient quality defect
data. Hence, for many engineering applications in which it is
hard to collect big data, an appropriate non-complex model
would be preferred. The DNN with two hidden layers here is
the simplest deep learning method, as it achieves better res-
ults than the other methods in figure 11. This indicates that a
relatively simple model can avoid overfitting effectively and
thereby lead to better diagnosis effect. The diagnosis accuracy
of the SVM is at an intermediate level among these six meth-
ods. This suggests that traditional methods can still be used in
practical situations due to their simple structure and low com-
putational cost.

Detailed information about the misclassified samples for all
five quality defects is presented in table 7. The total classific-
ation accuracies of the SVM, ANN, DNN, LSTM, BiLSTM
and SAE are 78.6%, 80.6%, 81.6%, 70.0%, 74.6% and 81.2%
respectively. Obviously, the accuracy generated by these six
methods is lowet than that of the SSAE, which indicates that
the SSAE with accuracy of 82.2% performs better than the

other diagnosis methods. The comparative results further val-
idate the effectiveness and superiority of the SSAE for quality
defect diagnosis.

5.4. Discussion

Having established the SSAE’s superior aggregate perform-
ance, we now analyze its behavior in detail. Some example
comparisons of word segmentation results between different
defect types are shown in figures 12—14.

The words in red are the same, the words in purple are all
attributed with the high weight A;. The left part of figure 12
represents that sample 1 belonging to class OV is misclassi-
fied into class AC, while the right part presents that sample 2
belonging to class AC is identified correctly. From the com-
parison in figure 13, we can see that some words are the same
in these two samples, and some other keywords with high
weights have similar locations in the sentence text. Hence,
sample 1, which is close to the characteristics of class AC
but deviates from the main characteristics of class OV, is eas-
ily misclassified. From the comparison between sample 3 and
sample 4, the similar conclusion can also be drawn. In addi-
tion, it is interesting to find that the number of misclassified
samples from AC to OV, and from HS to AC, are much less.
This is because the features of most samples in class AC are
different from the main characteristics of class OV, so are
HS and AC. According to figure 14, both misclassification
rates between class SD and class CR are higher. Comparing
sample 5 with sample 6 in figure 14, we can find that the
defect descriptions are similar, especially the sentence struc-
tures. Hence, these two defect types are easy to confuse.
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Figure 11. Confusion matrix of the classification results obtained by different methods for quality defects: (a) SVM, (b) ANN, (c) DNN, (d)
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Table 7. Number of misclassified samples for the five quality
defects and the total diagnostic accuracy of seven different methods.

Defect Diagnosis method

types SVM ANN DNN LSTM BiLSTM SAE SSAE
ov 25 20 21 21 23 20 17
AC 29 24 27 32 37 23 25
HS 12 15 10 31 20 12 10
SD 13 15 13 33 16 15 16
CR 28 23 21 23 31 24 21

Accuracy 78.6% 80.6% 81.6% 70.0% 74.6%  81.2% 82.2%

Sample 1

Defect OV = AC

S TRYAEE, RS AR R E,
AR 38 2/ T/ e, WA/ IS =h/ 7
i/ EISRE R

According to/ engineering/ disposal/
description, rocker pieces/ assembly/
size/ oversize, for / mechanism/ actions,
has no/ effects, mechanism/ actions /
meet/ the requirements of/ drawings.

Sample 2

Defect AC W AC

F T RRAL L, B e 21K 1
5 ik S R, 22 e 7
IR/ 23R,

According to/ engineering/ disposal/
description, measure/ skin/ deviation/
area/ and/ radome/ clearance, this area’s/
clearance/ meet/ the requirements of/
clearance.

Figure 12. Comparison of the word segmentation result of defects

OV and AC.

M4/ FARhR, S IR A A A
BE/ TR — NI, SRR TR
O, AT/ LA = A — AN B RIFL, T
L/ Bt .

Sample 3

Defect AC mp HS

ML/ ARRR, R B 2 A4 251 5
- B/ B A, L/ L

According to/ the drawings, referring to/
the view/ right side/ truss/ should/ install/
a bracket, in/ right side/ actually, truss/ is
with/ a surplus/ hole, details/ are / in / the
attached figure.

According to/ the drawings, find/ both/
left side/ right side/ are interference
with/ a/ threaded part, details/ are / in /
the attached figure.

Figure 13. Comparison of the word segmentation result of defects
AC and HS.

Nevertheless, the diagnosis performance by the SSAE
network is satisfactory overall. Practically, we still need
to improve diagnostic accuracy by extending the frame-
work to handle more categories, rarer defects and fresher
domain-specific terminology. To achieve this, three light-
weight enhancements should be conducted: (i) the SoftMax
layer can be freely resized to any number of categories,
while focal-loss training and synonym-based data augment-
ation will compensate for class imbalance; (ii) the semi-
supervised annotation step only needs a handful of seed words
to initialize a new class centroid, so incorporating additional
defect types incurs minimal manual effort; and (iii) continuous
expansion of the technical thesaurus, supplemented by sub-
word embedding, will keep the out-of-vocabulary rate low,
further stabilizing performance when new, domain-specific

Sample 6

Defect CR ™ CR

FRAR/ CRAL B, PR
HOURTIRIZ L, ATI5

Sample 5

Defect SD = SD

R/ TR AL B, 5 R/ b/ s

RISV & RAR SR, P
FOCNBIE, KL e/ G T WM.

According to/ engineering/ disposal/
description, skin/ pits/ are revised/ to
/meet / the requirements of/ drawings,
both sides/ are done with/ fluorescent
penetration, detection results / are / in /
the attached figure.

AN, W/ SRR AREUAE L
a5 LV LR .

According to/ engineering/ disposal/
description, use/ lacquer/ remove/ crack/
surface/ paint layer/ crack, implement/
fluorescent penetration, determine/ the
actual/ scope of/ crack, detection results
/ are/ in/ the attached figure.

Figure 14. Comparison of the word segmentation result of defects
SD and CR.

terminology emerges. These measures require no re-design of
the SSAE backbone yet provide a clear potential pathway to
higher accuracy and broader applicability.

6. Conclusions and future work

An intelligent diagnosis framework for quality defects in air-
craft assembly was proposed. The quality defect records in
the form of long Chinese text were segmented into individual
words, which were then transformed into vectors by word2vec.
Expert knowledge-based semi-supervised attribute annotation
was used to give weights to the keywords. Then, the text
vectors were obtained by the weighted sum of word vec-
tors. Furthermore, an SSAE network was developed for text
classification. The effectiveness and generalization ability of
the proposed framework was illustrated by practical aircraft
assembly-related data from the assembly line of an aircraft
manufacturer.

Although the framework accurately diagnoses quality
defects, the numerical information embedded in some text
records is currently ignored, leaving part of the data under-
utilized. Future work will therefore (i) mine these mixed-type
data to improve diagnostic accuracy, (ii) continually enlarge
the technical-term dictionary through structured expert elicita-
tion to refine keyword weighting, (iii) distill a domain-adapted
Deepseek-style model to a sub-1-billion-parameter backbone
that can run on-premise, ground it in an aircraft-assembly
defect knowledge graph, and then the hybrid approach can
be evaluated by (a) benchmarking F1-score, precision, and
recall against the current SSAE on a held-out dataset, and (b)
conducting an expert-panel assessment of explanation quality
before and after language-model integration, and (iv) replace
the deterministic SSAE with a variational AE so the system
can output calibrated uncertainty intervals alongside defect
classes, which are valuable for quality-assurance decisions.
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