
  

  

Abstract—The door system is the core part of the elevator. An 
accurate diagnosis of the door system can aid engineers in 
troubleshooting and reduce maintenance costs. However, the 
research of fault diagnosis based on elevator operation and 
maintenance data is still in its infancy. With the development of 
the industrial Internet-of-things, real-time monitoring data of 
elevator can be collected and used for fault diagnosis modeling. 
This paper investigates a machine learning-based approach to 
achieve accurate elevator door fault diagnosis. An experimental 
study was conducted based on the monitoring data collected 
from the real-world elevator door system. The experimental 
results revealed that XGBoost algorithm can accurately identify 
the fault type of the elevator door. 

I. INTRODUCTION 

With the acceleration of urban development, the elevator 
has become indispensable equipment in daily life. However, 
in the actual operation of the elevator, the failure of the 
elevator door system often leads to the phenomenon of 
stopping the elevator and trapped people, which seriously 
endangers the life safety of passengers [1, 2]. Therefore, 
modeling and analysis of elevator operation and maintenance 
data through big data analysis technology is of great 
significance for elevator maintenance. When the elevator fails 
or is about to fail, it can accurately and quickly locate the fault 
area and find out the cause of the failure. Traditional fault 
diagnosis is generally based on expert system, which combines 
the knowledge of domain experts and uses knowledge 
representation and knowledge reasoning techniques in 
artificial intelligence to simulate complex problems that can 
only be solved by the domain experts [3, 4]. However, expert 
system needs to be dominated by domain experts and design a 
large number of rules, and it has no learning ability and poor 
portability. This dependence is not conducive to the 
popularization of methods, but also affects the accuracy of 
diagnosis results. Nowadays, with the rapid development of 
industrial Internet and artificial intelligence technology, real-
time monitoring data of elevator equipment can be collected 
and analyzed [5]. However, it is of great significance to mine 
the characteristic information related to faults and analyze the 
types of faults from massive monitoring data. 

In the context of industrial big data, fault diagnosis is 
gradually becoming intelligent with the rapid development of 
artificial intelligence and machine learning [6]. In the field of 
fault diagnosis, machine learning has attracted extensive 
attention because of its powerful learning ability and training 
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mode [7]. It can learn the complex relationship between input 
and output automatically, and achieves end-to-end modeling 
from original data to predicted results, reducing the need for 
expert knowledge and improving the accuracy and efficiency 
of fault diagnosis[8]. However, the research of fault diagnosis 
based on elevator operation and maintenance data is still in its 
infancy. The fault diagnosis of elevator door system is mainly 
based on the classification and modeling of faults, but there is 
no in-depth study on different fault modes classification tasks 
[9]. 

To address the above issues, this paper proposed a machine 
learning-based approach for elevator door system fault 
diagnosis based on elevator operation and maintenance data, 
and realizes accurate classification of common fault modes of 
the door system. This approach is suitable for multi-feature 
fault detection of the elevator door system. A fault diagnosis 
model can be trained using XGBoost algorithm, which can 
identify the failure mode of the door system. It can reduce the 
workload of maintenance personnel and the cost of elevator 
operation and maintenance, which is of great significance to 
improving the intelligent operation and maintenance level of 
the elevator. The rest of this paper is organized as follows: 
Chapter 2 overview. Chapter 3 introduces the methods. 
Chapter 4 summarizes the experimental results and analysis. 
Chapter 5 Concludes. 

II. LITERATURE REVIEW 
Fault diagnosis refers to the detection of the running status 

of the device to find exceptions and analyze the exceptions to 
maintain the device to ensure that the device can work properly 
[10-13]. With the increasing importance of fault diagnosis in 
equipment maintenance, more machine learning algorithms 
are introduced into the field of fault diagnosis[14-16]. 

In the field of artificial intelligence, classical machine 
learning algorithm has been widely used in various fault 
diagnosis scenarios due to their lightweight property and 
strong analytical performance [17]. Liu et al. [18] used 
Bayesian network model of elevator fault diagnosis, and 
reasoning mechanism based on Monte Carlo study the model 
parameters and structure, but a Bayesian network for the 
expression form of the input data is extremely sensitive, and 
the model of classification effect is heavily dependent on the 
correlation between input attributes, when attribute correlation 
is larger, the classification of the model effect is very bad. Liu 
et al. [19] used the decision tree classification algorithm to 
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diagnose elevator faults, but the decision tree model had high 
requirements for training data and could not effectively train 
unbalanced data sets. Ye et al. [20] proposed a solution to 
improve the accuracy of rolling bearing fault detection. The 
method is based on variational mode decomposition (VMD), 
multiscale permutation entropy (MPE) and the particle swarm 
optimization-based support vector machine (PSO-SVM). Wu 
et al. [21] proposed a support vector machine (MPSO-SVM) 
transformer diagnosis method based on improved particle 
swarm optimization, which overcomes the shortcomings of 
PSO-SVM, such as slow convergence speed and easy to fall 
into local optimum. 

With the development of artificial intelligence, deep 
learning has been applied to all aspects of industrial production 
with its powerful learning ability [22].In the field of bearing 
fault diagnosis, Chen et al. [23] proposed an inverted residual 
convolution neural network model for bearing fault diagnosis, 
which reduced the feature loss in the process of down sampling, 
and adopted the concept of lightweight to reduce the 
calculation of the model. Gu et al. [24] proposed a multi-sensor 
fault diagnosis model based on long and short-term memory 
network (LSTM), which used the LSTM network to extract 
detailed fault information in frequency domain features after 
wavelet transformation for fault analysis. Chen et al. [25] 
proposed an integrated model to predict the automobile failure 
time using a merged-LSTM algorithm. In the field of gearbox 
fault diagnosis, Shi et al. [26] proposed a long and short-term 
memory network model based on two-way convolution to 
automatically extract the space-time characteristics of 
vibration and speed data, so as to detect gearbox fault 
categories. Li et al. [27] proposed an adaptive neural network 
model integrating instantaneous speed to carry out end-to-end 
learning guided by speed information. By combining 
instantaneous speed information, fault detection of planetary 
gearbox can be realized under different working conditions. In 
the field of elevator fault diagnosis, Bai et al. [28] used BP 
neural network model for elevator fault diagnosis, but bp 
neural network convergence speed is slow, poor convergence, 
and easy to fall into local extremums, often converging to 
different local minima, resulting in poor classification effect. 

Although traditional machine learning and deep learning 
have rich research results on fault diagnosis in industrial 
scenarios, the research on fault diagnosis of elevator 
equipment is very limited. And the research towards the 
elevator door machine system fault diagnosis algorithm for 
intelligent operations has the important significance of the 
elevator, this paper puts forward a fault diagnosis algorithm 
based on XGBoost elevator door system, help operations 
engineers in the identification of elevator door machine system 
health, reduce the operational cost of the lift, effectively 
enhance the level of the elevator of the intelligent operations. 

III. METHODOLOGY 
The elevator door system mainly consists of a door 

machine, car door, layer door and its related components. With 
the development of elevator manufacturing technology and big 
data technology, elevator door systems can sense and collect 
more and more data, including door motor current, door motor 
command speed, door motor feedback speed, car door position, 

switch threshold signal, opening and closing time, opening and 
closing state and so on. 

The condition monitoring data of the elevator door system 
is collected from the door control system, which is a type of 
time series data. This paper presents an XGBoost-based door 
machine fault diagnosis method. Feature variables closely 
related to faults were found through mechanism analysis, and 
the maximum value, minimum value, average value, standard 
deviation, skewness and kurtosis in each fixed time window 
were statistically analyzed by sliding window approach, and 
then the XGBoost model was introduced for training. Figure 2 
shows the sliding window approach process with a step size of 
1s and window length of 4s. The meanings of the six statistical 
variables are shown in Table 1. The flow chart of fault 
diagnosis is shown in Figure 1, and the steps are as follows. 

Figure 1.  The sliding window approach. 

 

TABLE I.  MEANINGS OF STATISTICAL VARIABLES 

Index Statistical 
variables Descrition 

1 Maximum 
value 

The maximum value of the instances in a time 
window 

2 Minimum 
value 

The minimum value of the instances in a time 
window 

3 Mean value The mean value of the instances in a time 
window 

4 Standard 
deviation 

The Standard deviation of the instances in a 
time window 

5 Skewness Direction and degree of skew of statistical 
data distribution in time window 

6 Kurtosis 
The number of features representing the peak 
value at the mean of the probability density 
distribution curve in a given time window 

 

• Through mechanism analysis, determine which sensor 
signals are strongly related to the fault to be collected. 

• Data sets containing multiple common man-made 
fault samples are collected through the elevator big 
data platform, and each sample contains a multi-
channel feature item and label item corresponding to 
the fault type, and the data sets are divided into 
training sets and test sets according to a certain 
proportion. Among them, the training set is used to 
train the model, and the test set is used to test the 
generalization ability of the model after training. 

• The sliding window approach was used to calculate 
six statistical features of each data in each time 



  

window, including maximum value, minimum value, 
mean value, standard deviation, skewness and kurtosis. 

• By means of the grid search, the parameters in the 
XGBoost model are tuned to find the best parameter 
combination. 

• After the training, save the model and input the test set 
into the model. 

A.  XGBoost 
XGBoost algorithm, proposed by Professor Tianqi Chen in 

2016, uses the negative gradient of the loss function as the 
residual value of the current fitting to achieve an accurate 
classification effect. XGBoost improves the traditional GBDT 
objective function by adding regular terms based on the 
original function, reducing the possibility of over-fitting and 
speeding up the convergence speed. The most important 
feature of the algorithm is that it supports multi-thread 
computation and uses regularization enhancement technology 
to reduce over-fitting, so as to ensure the robustness of the 
model. At the same time, loss function can be customized, 
sparse feature processing, allowing missing values, etc., which 
has the advantages of flexibility, fast computing speed, not 
easy to be interfered with by outliers and good robustness. 
Objective function: 
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Substitute formula (2), (3), (4) and (5) into Formula (1), and 
the final result is: 
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Figure 2.  The overall flow of the methodology. 

 



  

IV. EXPERIMENTAL STUDY 

A. Experimental Setup and Data 
In order to verify the validity of the proposed model, the 

experimental data of a civil elevator in a residential area were 
collected through a fault injection experiment and analyzed by 
simulation. Through the statistical analysis of the maintenance 
records of the maintenance personnel, it is found that the main 
human factors leading to the failure of the elevator door system 
include: blocking door by hand (BDBH), object to block the 
door (OBTD), door groove blocked by an object (DGBO). 
BDBH usually causes the elevator doors to not close the first 
time, and then return to normal the next time the passenger 
enters the elevator. OBTD can cause the elevator door to 
remain closed for a long time until the object is removed. 
DGBO will not cause the elevator door to be unable to close, 
but it will affect the speed of the elevator door closing in the 
process of the elevator door closing so that the elevator door 
cannot close normally within the specified time. The 
identification of these faults can provide information for the 
operation and maintenance schedule. Therefore, in the 
injection failure experiment, artificial hands, with a box to 
block the door, the foreign body into the elevator door, and 
then let the elevator door open and close operation. For each 
type of fault experiment, 10 groups were collected, each group 
lasted for 30 s, and the collection frequency was every 40ms. 
The sampled data included the position of the door engine, 
given speed, feedback speed and working current. The 
malfunction injection experiment categories are shown in 
Table 2. 

The collected original data were processed by sliding 
window, and six statistical features of maximum value, 
minimum value, mean value, standard deviation, skewness 
and kurtosis in each sampling signal time window were 
counted. 24 features consistent with model input were 
obtained after data processing. At the same time, data sets with 
different window lengths and steps of 1s were made for the 
data, including 1s, 2s, 4S, 6s, 8s, 10s and 12s. 

TABLE II.  THE MALFUNCTION INJECTION EXPERIMENT CATEGORIES. 

Index Experimental class Abbreviations 
1 normal opening and closing doo NOCD 
2 blocking door by hand BDBH 
3 door groove blocked by object DGBO 
4 object to block the door OBTD 

 

In order to evaluate the classification efficiency of the 
model, accuracy, precision, recall and F1 values were used to 
comprehensively evaluate the model. The specific formula is 
as follows: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

𝑃𝑟 𝑒 𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

𝑟𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

𝐹1 =
2𝑇𝑃

2𝑇𝑃+𝐹𝑃+𝐹𝑁
               (10) 

where, TP represents the number of correctly identified 
categories; FP represents the number of other categories 
incorrectly identified as such; FN represents the number of 
categories misidentified as other categories. 

 In this experiment, an XGBoost algorithm was designed to 
do the elevator door system fault diagnosis model. After 
several experiments, the model parameters were finally 
adjusted as table 3. 

TABLE III.  KEY PARAMETERS OF XGBOOST. 

Parameter Value Parameter Value 

Learning_rate 0.2 Min_child_weight 5 

Max_depth 10 Gamma 0 

Subsample 0.8 Colsample_bytree 0.8 
  

In order to verify the validity of the XGBoost gate system 
fault diagnosis model, the following three experiments were 
designed. All experiments were conducted on Intel I5-6500 
3.20Ghz PC with 2*8GB memory and sklean, a machine 
learning library. 

In order to find the appropriate time window size, the door 
system fault diagnosis model based on XGBoost was 
established. The model was trained with 7 data sets made and 
verified by the ten-fold cross-validation method, so as to avoid 
the influence of data set division on the model classification 
results. The results of Accuracy Precision, Recall and F1 
values in each different time window were analyzed. 

 Compare the performance of different algorithms. In this 
paper, the advantages of the fault diagnosis model based on the 
XGBoost gate system are analyzed by comparing the support 
vector machine (SVM), random forest (RF) and k nearest 
Neighbor method (k-NN). Among them, SVM, RF and k-NN 
are implemented using sklean machine learning library and 
use default parameters. The experimental data set uses a time 
window of 4s data set. The results of accuracy, precision, 
recall and F1 values of gate system fault diagnosis under 
different algorithm models were compared. 

B. Experimental Results 
 The results of experiment 1 are shown in the following table. 
Figure 3 shows the accuracy, precision, recall and F1 values of 
fault classification of 7 data sets divided by different window 
sizes. 

It can be seen from Figure 3 that when the time window is 
short, the data set contains insufficient information due to too 
short window time, and the four performance indicators are all 
low. When the time window reaches 10s, the data set contains 
sufficient information due to its window, and each indicator 
exceeds 95%. In order to better display the classification effect 
of the model on various faults in the data set, the diagnosis 
results are visualized through the confusion matrix, as shown 
in Figure 4. 

It can be seen from the confusion matrix that the 
classification effect of DGBO and NOCD is very good, but the 



  

judgment accuracy of BDBH and OBTD is relatively poor. 
Since both BDBH and OBTD may completely hinder the 
operation of car doors and floor doors, there is a certain 
similarity in data.The results of experiment 2 are shown in 
Figure 5, which shows the results of different models on the 
accuracy, precision, recall and F1 values of the data set with a 
time window of 4S. As can be seen from the figure, the 
XGBoost algorithm proposed in this paper has improved in 
accuracy, precision, recall and F1 values compared with 
traditional SVM, RF and k-NN. 

Figure 3.  Comparison in different time Windows. 

 
Figure 4.  The Confusion matrix of XGBoost modelling. 

 
Figure 5.  Comparison of the results of different algorithms. 

 

V. DISCUSSION 
The experimental results have demonstrated that XGBoost 

can achieve good performance in terms of accuracy, precision, 
recall and F1 values. With the increase of the window size, the 
performance of XGBoost tends to be converged. In the actual 
elevator operation scenario, the large window size will cause 
a heavy burden to the data transmission unit, especially for the 
elevator service company which monitors thousands of 
elevators. Hence, the window size which is 4s or 6s is 
suggested to be taken for the real-world application. In the 
future, this work will be further extended with the 
development of edge computing. The current fault diagnosis 
strategy is transmitting the condition monitoring data in the 
customer end to the operation centre for fault diagnosis, which 
is high in data transmission cost and latency. Edge computing 
that enables the algorithms to be deployed in the edge device 
can bring tangible benefits to the elevator fault diagnosis. 

VI. CONCLUSION 
When the elevator door system fails, the traditional expert 

system has low fault diagnosis efficiency due to its difficult 
acquisition and poor learning ability. In this paper, a fault 
diagnosis model of elevator door systems based on XGBoost 
is proposed, which can effectively identify whether and what 
kind of faults occur in elevator door system from massive 
detection data. For fault diagnosis modelling, the key features 
within the sliding window are first extracted and then fed into 
the XGBoost algorithm. Accuracy, precision, recall and F1 
values were used as evaluation indexes to compare with SVM, 
RF and k-NN. The results show that the proposed method can 
achieve a more accurate fault diagnosis of elevator door 
systems, which can help engineers to identify the health status 
of elevator door machine systems, and reduce the elevator 
operation and maintenance costs.  
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