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Abstract
Purpose – This study addresses the challenge of extracting effective state features for intelligent fault diagnosis 
in elevator door systems, aiming to enhance model representational capability for reliable decision-making and 
accident prevention in real-world engineering.
Design/methodology/approach – The proposed discriminative multi-scale residual network (DMSRN) uses a 
one-dimensional multi-scale architecture to capture rich and hierarchical features, combined with a novel 
feature discriminative enhancement strategy that enhances intra-class compactness and inter-class separability, 
thereby improving feature discriminability.
Findings – Comprehensive experimental results validate the superiority of the proposed approach. The 
DMSRN achieves an average diagnostic accuracy that exceeds the best baseline method by more than 18.16%, 
demonstrating a substantial competitive advantage in fault diagnosis for elevator door systems.
Originality/value – The key contribution of this research lies in the novel integration of multi-scale feature 
learning with a specialized feature discriminative enhancement mechanism. This combination offers significant 
practical value by improving diagnostic reliability in safety-critical elevator applications.
Keywords Elevator door system, Intelligent fault diagnosis, Multi-scale residual network, Metric learning
Paper type Research article

1. Introduction
The proliferation of high-rise structures in contemporary urban settings has established 
elevators as a critical component of vertical transit systems (Ren et al., 2024). Nevertheless, 
failures in these systems, including irregular door movement, passenger entrapment,
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operational noises and sudden impacts, may lead to serious outcomes, compromising both 
passenger safety and operational integrity. Statistics indicate that door system faults account 
for over 80% of elevator-related accidents (Wang et al., 2018), highlighting the pressing 
demand for reliable and precise fault diagnosis techniques to facilitate timely maintenance of 
elevator door mechanisms.

Traditional fault diagnosis approaches, such as rule-based expert systems, rely heavily on 
domain knowledge, requiring experts to meticulously define fault signatures and develop 
corresponding diagnostic procedures. Moreover, periodic shutdown maintenance often entails 
substantial time, labor and financial resources. In recent years, data-driven diagnostic 
techniques have gained increasing attention in the field of prognostics and health management 
for their potential to enhance asset reliability (Lu et al., 2025a). For instance, Bai et al. (2021) 
developed a fault prediction model based on an optimized particle swarm optimization–back 
propagation algorithm. Chen et al. (2019) provided a comprehensive review of various 
artificial intelligence techniques applied in elevator fault diagnosis, including back 
propagation neural networks, radial basis function networks, K-means clustering and 
support vector machines (SVMs). A key limitation of these approaches is their inadequate 
capability in learning discriminative features, for which deep learning presents a promising 
alternative.

In contrast to traditional machine learning methods, deep learning-based diagnosis has seen 
rapid development due to its capability to autonomously extract hierarchical features in a cost-
effective manner. For example, Kim et al. (2023) utilized a variational autoencoder with a 
restricted latent space and Bayesian optimization to construct a margin-maximized hyperspace 
for accurate elevator door fault classification. Similarly, Wang et al. (2021) implemented a 
distributed deep learning model that incorporates geolocation information by processing 
features through hidden parameters of the network. Chen et al. (2025) introduces a principal 
component analysis–long short-term memory method for fault diagnosis of an elevator. Pan 
et al. (2024) conducted research on fault prediction method of elevator door system based on 
techniques including graph neural networks, long-short-term memory networks and so on. 
Wan et al. (2025) combined variational mode decomposition and multi-scale convolutional 
neural network (CNN) and applied them to intelligent fault diagnosis of the center-opening 
elevator door system. Lu et al. (2025b) proposed a multi-scale convolution capsule network 
with data augmentation and attention mechanisms and realized positive elevator fault
diagnosis. 

Nevertheless, traditional convolutional neural networks often exhibit limited feature 
representation capacity, owing to their single-scale receptive fields and susceptibility to 
gradient vanishing, which can compromise the reliability of intelligent diagnostic systems. 
Moreover, the discriminative feature extraction for elevator door systems remains an 
understudied area. To address these limitations, this article proposes a discriminative multi-
scale residual network (DMSRN), which integrates a one-dimensional multi-scale residual 
architecture with metric learning. This design optimizes the structure of the feature space, 
enabling the extracted deep features to be not only separable but also semantically 
discriminative. As a result, the proposed model enhances the reliability of intelligent fault 
diagnosis. The main contributions of this work are summarized as follows.

(1) A feature extractor with one-dimensional multi-scale residual mechanism is designed 
to enhance the quality of the extracted features. By integrating the powerful concepts 
of multi-scale parallel processing and fast identity mapping, it addresses the core pain 
points of traditional CNN in terms of depth, multi-scale processing, and training 
stability.

(2) A feature discriminative enhancement strategy that applies metric learning to 
optimize the feature space, explicitly improves semantic discriminability through 
enforced intra-class compactness and inter-class separation.
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(3) A novel and simple framework called DMSRN is proposed for automatically and 
accurately diagnosing faults of elevator door systems. Experimental findings, 
including accuracy, confusion matrices and feature visualization obtained from the 
laboratory datasets, have demonstrated the superior diagnosis performance of the 
DMSRN method.

The remainder of this article is structured as follows. Section 2 details the proposed DMSRN 
methodology. Section 3 presents and discusses the experimental setup and results. Finally, 
Section 4 concludes the study and Section 5 outlines potential directions for future research.

2. Related work
2.1 Residual networks
Residual networks are widely applied in various fields, including rolling element bearing fault 
diagnosis (Ni et al., 2023), bird song recognition (Hu et al., 2023), classification of power 
quality disturbances (Pan et al., 2025) and so on. The fundamental advantage of residual 
networks over conventional networks lies in their ability to overcome the degradation 
problem, where increasing the depth of a neural network leads to higher training error rather 
than better performance. By introducing skip connections, residual networks allow the input to 
bypass one or more layers, effectively teaching the network to learn a residual function rather 
than the full underlying mapping. This architecture mitigates the vanishing gradient problem 
by providing a gradient highway that enables smoother backpropagation to earlier layers. 
Consequently, Residual networks can be scaled to hundreds or even thousands of layers, 
achieving significantly higher accuracy and faster convergence while remaining easier to 
optimize than their single-path counterparts.

2.2 Multi-scale convolutional architectures
Compared to single-scale designs, the key advantage of multi-scale convolutional 
architectures lies in their superior ability to handle scale variation and capture richer 
hierarchical features. While single-scale models employ a fixed kernel size and thus a static 
receptive field at each layer, multi-scale architectures process input data through multiple 
parallel pathways or hierarchical levels with varying spatial resolutions and kernel sizes. This 
enables the network to simultaneously extract fine-grained local details like edges and 
textures, as well as broad global context, including object shapes and spatial relationships. By 
integrating these complementary perspectives, multi-scale models become more robust in 
detecting objects of vastly different sizes, ranging from small distant instances to large 
foreground objects. Moreover, this approach often enhances computational efficiency; rather 
than simply increasing network depth to enlarge the receptive field, multi-scale designs 
decompose convolutions into factored operations, achieving stronger representational 
capacity with fewer parameters. As a result, they consistently deliver improved accuracy in 
challenging tasks such as medical image segmentation (Yin et al., 2023) and 
Electroencephalogram-based motor imagery decoding (Liu et al., 2022).

2.3 Metric-learning
Metric learning is widely utilized in tasks such as facial recognition and image retrieval, as it 
enables models to learn an effective embedding space where semantically similar samples are 
mapped to adjacent positions (Li et al., 2023). Depending on the learning paradigm, current 
mainstream metric learning methods are generally categorized into comparison-based (Wu 
et al., 2025), proxy-based (Chan et al., 2023), and center-based losses (Dong and Lam, 2024). 
Among these, center-based loss is increasingly favored for its superior optimization stability 
and rapid convergence. Specifically, center loss functions by simultaneously learning a 
centroid for each class and penalizing the distances between individual samples and their 
corresponding centers. While the traditional Softmax loss ensures inter-class separability, it
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does not explicitly encourage intra-class compactness. Center loss addresses this by directly 
minimizing intra-class variation, thereby producing tighter feature clusters. Furthermore, 
unlike triplet loss (Zhou et al., 2024), which requires computationally expensive hard-sample 
mining, center loss is highly efficient as it only involves updating class centers. Consequently, 
center loss is typically employed as a joint supervision signal with Softmax, i.e. the latter 
ensures global separability while the former enhances local compactness. This dual-objective 
approach results in more stable training and faster convergence compared to purely pair-based 
methods.

3. Methodology
This section presents the proposed framework for enhancing the accuracy and reliability of 
intelligent fault diagnosis in elevator door systems. The framework integrates a one-
dimensional MSRN with a metric learning-based feature discriminative enhancement 
strategy, enabling effective extraction of discriminative state features and accurate fault 
identification.

3.1 Problem definition
Some notations and definitions should be firstly described. There are n train labeled samples x in
training dataset D train ¼ fðx i ; y i Þgn traini¼1 and n train unlabeled samples in test dataset
D test ¼ fx i gn testi¼1, where y denotes the labels of M health states of elevator door systems. The
goal is to learn powerful fault diagnosis models using labeled fault data. That is to say, the 
category prediction function f s (·) established on the basis of the training dataset can be well 
applied to prediction tasks on test datasets that have not participated in model training.

3.2 Overview of the proposed DMSRN method
Figure 1 displays the overview of the proposed DMSRN. Its framework includes a feature 
extractor G based on MSRN and a classifier C based on fully connected layers. By integrating 
the multi-scale one-dimensional residual architecture with metric learning, DMSRN forms an 
effective fault diagnosis framework for elevator door systems.

Predicted LabelsFailed  lift door system

(1) Data preparation (2) Feature extraction

Metric learning

(3) Fault Classification

Back propagation

...

Data and Segmentation

Training data

Forward propagation

Different health states

Centers of different 
health states

Boundary

Distance reducing

cL
mL

Figure 1. Structure of the proposed DMSRN method. Source(s): Created by authors
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3.3 One-dimensional MSRN
The one-dimensional MSRN represents an advanced architecture tailored for processing 
sequential one-dimensional data, such as time-series signals, through the incorporation of 
residual learning across multiple scales. Its fundamental concept aims to mitigate the 
vanishing gradient problem while improving feature propagation via residual blocks equipped 
with skip connections, thereby facilitating more stable training and enhanced hierarchical 
feature extraction.

The basic residual block in a one-dimensional residual network can be mathematically 
represented as Eq. (1)

r ¼ gðz; fWgÞ þ z; (1)

where z represents the input to the residual block, gðz; fWgÞ is the residual function (e.g. a 
series of one-dimensional convolutional layers with weights W), and r is the output of the 
block. The skip connection (the addition of z) allows the network to learn residual mappings, 
which are often easier to optimize than the original mappings.

In a multi-scale configuration, the network processes input data across varying scales or 
resolutions. This is accomplished through parallel convolutional layers with diverse kernel 
sizes or dilation rates, enabling the extraction of features at distinct temporal granularities. The 
outputs from these parallel pathways are subsequently fused, typically via concatenation or 
summation, to construct a comprehensive feature representation.

As illustrated in Figure 2, a typical building block of the one-dimensional MSRN 
comprises three parallel convolutional layers with kernel sizes of 3, 5 and 7. The outputs from 
these layers are integrated and processed through an activation function before being 
propagated to subsequent residual blocks or layers.

The overall architecture generally consists of multiple such residual blocks stacked in 
sequence, with potential downsampling operations interspersed between blocks to reduce 
temporal dimensionality and expand the receptive field. This hierarchical design facilitates 
effective learning of multi-level representations, capturing both localized patterns and broader 
contextual features within the input data.

3.4 Feature discriminative enhancement strategy
The model incorporates metric learning to improve feature discrimination by increasing 
separability between classes. To this end, the center loss function is utilized, which learns a 
unique class center for each category and constrains the distance between feature 
representations and their respective centers. This approach enhances feature representation 
by jointly enforcing intra-class compactness and inter-class separability, as illustrated in 
Figure 3.

The center loss consists of two processes, i.e. (1) Learning the class centers of deep 
features; (2) Using the learned class centers to constrain the features belonging to that class.
For the training set fðx i ; y i Þgn traini¼1 , the center loss L center is defined as:

L center ¼
1
2 
X n train

i¼1

�
�x i −c y i

�
�2

2 (2)

where c y i is the y i th class center of the features.
Since c y i cannot be directly obtained, it is first randomly initialized and then gradually 

optimized during model training. The network parameters are updated in each small batch of 
sample training. Meanwhile, the gradient of c y i is calculated to update the position of the center. 
The calculation process of the gradient of L center with respect to x i and c y i is as follows:
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∂L center
∂x i 

¼ x i � c y i ; (3)

Δc j ¼

P m

i¼1
δðy i ¼ jÞ 

� 
c j � x i 

�

1 þ 
P m

i¼1
δðy i ¼ jÞ

; (4)

where, if y i ¼ j, then δðy i ¼ jÞ ¼ 1; otherwise, δðy i ¼ jÞ ¼ 0. For the center c y i of j, it is 
updated in the following way:

Figure 2. Details of the one-dimensional MSRN. Source(s): Created by authors
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c tþ1 
j ¼ c 

t
j � αΔc tj; (5)

where c tj represents the feature center at time t and needs to be continuously updated during the 
model training process. α is a scalar used to control the learning rate of the center to avoid 
disturbances caused by some mislabeled samples. In this article, the default value of α is 0.5.

The center loss promotes the formation of tight clusters around class centers in the feature 
space, which significantly clarifies inter-class boundaries and enhances feature 
discriminability.

3.5 Objective function optimization
In conjunction with the center loss, the standard cross-entropy loss is employed to jointly train 
the feature extractor and the fault classifier for the classification task.

L c ¼ − 
X n train

i¼1
y i log CðGðx i ÞÞ (6)

The overall training object of DMSRN can be summarized as follows:

L all ¼ L c þ λL center (7)

where λ is the weighting coefficient of different losses. With Adam optimizer, the computation 
of parameters at each training epoch q is formulated in Eqs. (8) and (9).

θ ðqÞ G ← θ ðqÞG � μ 
�

∂L c
θ ðqÞ G

þ λ 
∂L center
θ ðqÞ G

� 

; (8)

θ ðqÞ C ← θ ðqÞC � μ
∂L c
θ ðqÞ C

(9)

where μ denotes the learning rate.

3.6 Diagnosis process using proposed DMSRN method
Figure 4 introduces the diagnosis process using proposed DMSRN method step by step.

Figure 3. Schematic diagram of central loss. Source(s): Created by authors
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4. Experimental verification
This section presents a comprehensive evaluation of the proposed DMSRN’s diagnostic 
performance and practical utility, conducted on a custom-built laboratory dataset for elevator 
door systems.

4.1 Datasets description
Figure 5 illustrates the test bench used for evaluating the elevator door system in a laboratory 
setting. Avibration sensor was mounted on the inner surface near the outer edge of the car door 
to collect real-time operational data at a sampling frequency of 10 Hz. The system was 
subjected to four health conditions: normal operation (labeled as 0), missing one threshold 
slide block (labeled as 1), missing two threshold slide blocks (labeled as 2) and debris presence 
in the threshold (labeled as 3). From the collected data, samples with a length of 1,024 points 
were extracted, resulting in 720 samples per fault class.

4.2 Implementation details
To evaluate the effectiveness and superiority of the proposed DMSRN, comparative 
experiments are conducted against one-dimensional CNN, SVM, MSRN and intra-domain 
adversarial network (IDAN) (Huang et al., 2025). Implementation details of these comparison 
methods are introduced as follows. Specifically, the architecture of CNN used in this 
experiment is introduced in Table 1. The architecture of MSRN is the same as that of DMSRN 
presented in Figure 2. The fault classifier of CNN, MSRN and DMSRN are both composed of 
two fully connected layers. CNN, MSRN and DMSRN employ the same experimental 
settings. The Adam optimizer with betas of (0.9, 0.99) is adopted for model training, with the

Test phase

Step 1:  Collecting 
vibration data

Step 3: Inputting training 
samples into the proposed 

DMSRN for training

Step 4: Outputting the 
trained DMSRN

Step 3: Inputting test 
samples into the trained 

DMSRN for test

Step 4: Outputting fault 
diagnosis result

Step 2:  Splitting data 
into training samples

Step 1:  Collecting target 
vibration data

Step 2:  Splitting data 
into test samples

Training phase

Figure 4. Diagnosis process using proposed DMSRN method. Source(s): Created by authors

Permanent magnet motorDoor vane assembly

Car door panel

SillDoor slider

Car door guide railDrive belt

Door operator assembly

Figure 5. Test bench of elevator door system. Source(s): Created by authors
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learning rate μ empirically set to 0.001. IDAN is a state-of-the-art fault diagnosis method 
which leverages multi-scale branches, an improved adversarial learning mechanism and a 
perspective sharing strategy to extract generalized fault representations. The hyperparameters 
and architectures of IDAN are adopted from those of the reference of Huang et al. (2025). To 
ensure the robustness and stability of the model, a sixfold cross-validation strategy was 
employed. In this approach, the total dataset was partitioned into six disjoint subsets. In each 
iteration, 5 folds were used for training the model, while the remaining fold served as the test 
set to evaluate performance. The training uses 100 epochs with a batch size of 10. Additionally, 
SVM employs a linear kernel, with the regularization coefficient varying across the set {0.01, 
0.1, 1, 10, 100, 1,000}, and the results are recorded at each traversal.

4.3 Results and analysis
Figure 6 provides the iterative curves of training accuracy and training loss of the proposed 
DMSRN in the whole training phase, the convergence of which shows the optimization of 
the model.

As for the test results based on sixfold cross-validation strategy, the fault diagnostic 
accuracies of the elevator door system using different methods are exhibited in Table 2 and 
Figure 7. The proposed DMSRN demonstrates a significant improvement of 58.85%, 43.06%, 
18.16% and 10.60% in accuracy compared to CNN, SVM, MSRN and IDAN, respectively. 
For a more detailed and intuitive comparison, confusion matrices of different methods are 
presented in Figure 8. Compared with the proposed DMSRN, CNN, SVM, MSRN and IDAN 
exhibit inferior performance in identifying health states of the elevator door system. The 
results verify the advantage of the proposed DMSRN over other comparison methods.

Table 1. Architecture of CNN in this experiment

Layer Operation and parameters

1-Conv Kernel 8–15 3 1, stride 2, BN, ReLU
2-Conv Kernel 16–15 3 1, stride 4, BN, ReLU
3-Conv Kernel 32–15 3 1, stride 4, BN, ReLU
4-Conv Kernel 64–15 3 1, stride 4, BN, ReLU
5-AveragePool Kernel 256–8 3 1, stride 1

Figure 6. Iterative curves during training phase. Source(s): Created by authors
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Table 2. Diagnostic accuracy of different methods

Methods 1st time 2nd time 3rd time 4th time 5th time 6th time Average
Standard
deviation

SVM 29.67 30.72 28.3 27.5 30.00 27.5 28.95 1.37
CNN 44.47 44.93 46.97 44.21 43.16 44.67 44.74 1.25
MSRN 69.54 70.26 69.67 70.79 70.2 67.37 69.64 1.20
IDAN 76.72 77.76 76.13 78.37 76.42 77.78 77.20 0.89
DMSRN 88.82 85.07 88.55 87.04 88.62 88.68 87.80 1.49

Figure 7. Box plot of diagnostic accuracy and standard deviation of different methods. Source(s): Created by
authors

(a) (b) (c)

(e)(d)

Figure 8. Confusion matrices of different methods: (a) SVM, (b) CNN, (c) MSRN, (d) IDAN and (e) DMSRN.
Source(s): Created by authors
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To visually assess the robustness of the extracted features, t-distribution stochastic 
neighbor embedding is applied to project the high-dimensional features of the elevator door 
system dataset into a two-dimensional space. As shown in Figure 9, the features learned by 
CNN, SVM, IDAN and MSRN exhibit less distinct clustering, indicating limited 
discriminative power. In contrast, those extracted by the proposed DMSRN show well-
separated clusters corresponding to different health states, demonstrating qualitatively 
stronger feature discrimination. Based on the abovementioned analysis, the experimental 
results attest to the superior diagnostic capability of DMSRN over all comparative methods in 
intelligent fault diagnosis for elevator door systems.

4.4 Ablation experiments on multi-scale branches
To evaluate the effectiveness of the proposed multi-scale residual architecture in DMSRN, two 
sets of ablation experiments were conducted. As illustrated in Table 3, the diagnosis accuracies 
of multi-scale branches significantly outperform any single-scale branch. Moreover, the 
influence of the number of residual blocks and channel multiplier, i.e. depth and width, on 
diagnostic accuracy is investigated and the results are summarized in Table 4. Consider 
minimizing network complexity as much as possible, (Depth, width)5(3,3), which brings the 
best result is set as the optimal network settings.

4.5 Discussion on computational burden
To assess the computational complexity of the proposed DMSRN, Table 5 summarizes the 
floating-point operations (FLOPs), number of parameters and storage demands. While the 
multi-scale branches and metric learning modules introduce additional computational cost, 
this is offset by the enhanced feature extraction capacity of DMSRN. Moreover, as model 
training is performed offline, the overall computational burden remains acceptable. During 
testing, DMSRN achieves inference speeds comparable to those of state-of-the-art methods, 
preserving time efficiency. These findings underscore the model’s potential for real-time fault 
diagnosis in practical engineering scenarios.

Figure 9. Feature visualization of different methods: (a) SVM, (b) CNN, (c) MSRN, (d) IDAN and 
(e) DMSRN. Source(s): Created by authors
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4.6 Sensitivity analysis for weighting coefficient
To conduct sensitivity analysis, a grid search was implemented on weighting coefficient λ for 
center loss, which is drawn from the range of {0.01, 0.1, 0.5,1}. As reported in Table 6, 
diagnostic accuracy is positively correlated with values of the weighting coefficient because λ 
determines the contribution of center loss in feature learning. The value of λ ¼ 1 bringing 
about the highest accuracy is recommended in this study.

4.7 Analysis of diagnostic performance with different noise in test conditions
In real-world scenarios, the test data may be affected by noise. To investigate the diagnostic 
performance of already-trained DMSRN as the additional stochastic noises in the test samples 
vary, we utilized the models to diagnose samples with different signal-to-noise ratios (SNRs) 
in the task. The method of adding noise to test samples according to SNRs is shown in Eq. (10). 
The training samples were not added with noise. Table 7 lists the accuracies with different test 
SNRs by different methods. A smaller SNR indicates stronger noise is applied, which mostly 
results in lower classification accuracies. It can be observed that although noise significantly 
destroys the performance of models, the general diagnostic performance of the proposed 
DMSRN is superior to comparison methods.

ex ¼ x þ torch:randn likeðxÞ·

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

meanðx 2 Þ
10 SNR=10

s 

(10)

Table 3. Diagnostic accuracy of different branches

Methods Branch of kernel size 3 Branch of kernel size 5 Branch of kernel size 7
Multi-scale
branches

Accuracy 83.75 83.22 79.61 87.76

Table 4. Diagnostic accuracy of different network settings

(Depth, width) (1,1) (1,2) (1,3) (2,1) (2,2) (2,3) (3,1) (3,2) (3,3)

Accuracy 43.20 45.78 56.80 54.30 68.41 70.64 69.60 77.21 87.71

Table 5. The computational burden of different methods

Evaluation criterion SVM CNN MSRN IDAN DMSRN

FLOPs/(M) 0.02 2.29 5.97 10.2 7.89
Parameters Number/(M) 0.01 0.13 0.37 0.51 0.42
Storage Occupancy/(MB) 0.01 0.67 1.98 5.11 3.20
Training Time/(s) 1.5 66 99.5 123 102.3
Test Time/(s) 1.0 1.3 1.4 1.5 1.3

Table 6. Diagnostic accuracy of different values for weighting coefficient

Value 0.01 0.1 0.5 1

Accuracy 70.02 72.39 82.65 87.14
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where ex and x represent the noisy and original signals, respectively; SNR represents signal to 
noise ratio; torch:randn like is the function for generating Gaussian white noise in Pytorch; 
mean ð·Þ represents the operation of calculating the mean.

5. Conclusion
The intelligent fault diagnosis of elevator door systems is critical to operational safety, yet 
remains challenging due to the difficulty in extracting discriminative state features via deep 
learning. To overcome this limitation, a DMSRN method is proposed for enhanced intelligent 
fault diagnosis of elevator door systems. The model leverages a one-dimensional multi-scale 
architecture to extract representative features, combined with a metric learning-based feature 
discriminative enhancement strategy that enhances feature discriminability by promoting 
intra-class compactness and inter-class separation. Experimental validation shows that 
DMSRN achieves a significant performance advantage, improving average diagnostic 
accuracy by over 18.16% compared to the best baseline method, thereby substantially 
increasing the reliability of fault identification in elevator door systems.

6. Future work
Future work will focus on the following aspects: (1) optimizing the model architecture to 
further improve fault recognition accuracy and inference efficiency; (2) enhancing the model’s 
generalization capability to enable reliable diagnosis under diverse operating conditions and 
environments and (3) investigating the relationship between the physical mechanisms 
underlying typical elevator door faults and the representations learned by the artificial 
intelligence model.
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