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Abstract  

This project studies the failures of elevators maintained by Strukton Worksphere 

using anomaly detection.  

 

Elevators are highly used equipment in our society full of tall buildings. The elevator 

is generally safe but not exempt from accidents that cause customers unnecessary 

stress, such as; getting stuck in the elevator, a door to open manually, among others. 

For this reason, monitoring the elevator is essential to prevent unnecessary stress and 

reduce costs for customers.  

 

Elevators' monitoring is done by Strukton's Worksphere. A company focused on 

maintenance to improve the quality of service. This research designs an anomaly 

detection algorithm to monitor the failures for elevators maintained by Strukton using 

anomaly detection. 

 

The research in this project follows several steps; i) An historical data review to 

understand the conditions of the elevators failures in Strukton and identify the critical 

elevator parts; ii) Sensor monitoring during a specific period; iii) Data processing 

where the sensor data is analyzed and classified by identifying the most relevant 

features in anomaly detection; And iv) Using Local outlier factor algorithm to detect 

the anomalies. 

 

The conclusions of the project show that the door at the elevators is a critical failure 

point for the elevators maintained by Strukton because it was a recurrent problem 

mentioned by  Mechanics and clients.  

 

Four elevator doors were monitored with a sensor during a determined period. The 

Local Outlier Factor algorithm was used to determine the limit for classifying the 

anomalies. The model showed a low specificity because the monitoring period was 

short, and there was not enough failure data available.  

 

This PDEng project generated an algorithm to implement the anomaly detection 

analysis for elevators maintained by Strukton besides possible improvements given 

more of failure data. It is important to remark that the model is just demonstrated for 

the elevators studied in this project. It is not possible to generalize to all the elevators 

in Strukton until more data evidence becomes available. 
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1. Introduction 

This project aims to understand and detect elevator anomalies to improve maintenance 

policies for elevators in Strukton.  

 

Maintenance is a significant method for decision making not only in the industry but 

also in ordinary people's life because it has a positive impact on cost, quality of the 

product, reliability, and company image.  

 

Maintenance has three main categories: 

1. Corrective maintenance performed only after the occurrence of failures. 

2. Preventive maintenance planned based on time or process iterations. 

3. Predictive maintenance analyzes the equipment status health by predicting 

failures based on historical data, statistical inference method, and engineering 

approaches (Susto, 2015). Inside the predictive maintenance, we consider in 

this project condition-based maintenance, which refers to maintenance based 

on sensor measurement limits.  

 

For this PDEng project, the third category of maintenance guides the design and 

application of a predictive maintenance model for the elevator maintained by Strukton. 

There are two main reasons for selecting predictive maintenance: 

 

First, data has become more than an instrument, a necessity. The need to analyze data 

and turn it into reliable sources that work in our favor has become a priority for 

companies that want to continue improving and remain competitive in the market. For 

companies, proper data use promotes agility and improvement in internal actions by 

taking decisions based on facts, and according to the data (Hiba Alsghaier, 2017). 

 

Second, Strukton is a company focused on rail, buildings, and civil engineering that 

works in technology-driven fields, maintenance, and management. One of Strukton's 

companies is  Strukton Worksphere.  

 

Strukton Worksphere specializes in the management, maintenance, and building for 

providing the costumers smart spaces to work, travel, and stay by the use of data. 
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Strukton prioritized a quality service by a balance between Management and 

Maintenance.  

 

Therefore, for this project, predictive maintenance allows us to combine the innovation 

using data analysis with the mentality of the company. Using a predictive maintenance 

model prevents and resolves unforeseen failures before they affect the client.  

 

This project report proposes predictive maintenance as a tool to improve elevator 

maintenance in Strukton. To achieve the goal of this project, different statistical 

techniques for the modeling were used to determine how to continue improving 

efficiency and effectiveness and for Strukton to have a better response to the constant 

demand for maintenance activities. 
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2. Scope 

2.1 Problem definition 

Strukton Worksphere is responsible for maintaining and operating offices, hospitals, 

data centers, among other buildings in the Netherlands.   

Strukton needs to work with reliable, high quality, and precise equipment where real 

data provide the required knowledge to take actions for preventing or avoiding any 

technical failures in equipment. 

 

One of Strukton's primary service operations is elevator maintenance. The value of 

efficient, securely working elevators in modern cities is significant because building 

occupants need quick access to different floors in taller buildings. Thus, elevator 

failures need to be kept low. 

Strukton records elevator failures for its customers. In Table 2-1, the percentage of 

analyzed reported failures per year since 2006  is shown.  

 

In 2016 the database was updated; for this reason, the number of elevators inactive is 

considerably high- 1572 -.Which means this value is not realistic because it includes 

elevators before idle. That means since 2017 the percentage can be considered close to 

reality (See Table 2-1)  

 

Table 2-1.  Elevators failures  

Year  Total register 

as Installed 

Equipment 

Inactive 

Total Number 

of Equipment 

Failures  Failures 

(%) 

2006 258 
 

2324 111 4,8 

2007 330 4 2654 915 34,5 

2008 525 
 

3175 2231 70,3 

2009 457 
 

3632 3077 84,7 

2010 403 4 4035 3800 94,2 

2011 540 28 4571 3389 74,1 

2012 466 3 5009 3330 66,5 

2013 322 58 5328 3430 64,4 

2014 355 24 5625 3201 56,9 
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2015 376 19 5977 2499 41,8 

2016 246 1572 6204 3020 48,7 

2017 340 387 4972 2989 60,1 

2018 211 554 4796 3048 63,6 

 

For the years 2017, 2018, the percentage of failure takes a value of around 60% 

percentage of failures per year; these values are the closest representation of reality 

considering the problem with the database. 

 

 

Figure 2-1. Failure percentage per year 

 

This data review shows; 

▪ There are inconsistencies in the database, and it could be challenging for this 

project.  

▪ The elevator failure percentage per year is around 60%. This percentage means 

that the elevator regularly fails.  For this reason, it is essential to analyze the 

failures considering the frequent use of this equipment in our society and the 

impact failure can have on Strukton costumers.  
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Therefore this PDEng project analysis not only helps to improve the client confidence 

and satisfaction with Strukton's service but also to increase the organization within 

the company in terms of data collection for maintenance. 

2.1.1 Objective  

Design a predictive maintenance platform based on historical data review and develop 

an anomaly detection model to improve predictive maintenance. 

2.1.2 Specific objectives 

We break down the Objective into eight specific objectives:  

 

▪ Understand the operation of Strukton; 

▪ Evaluate the conditions of the database in Strukton for this project fulfillment; 

▪ Literature Review; 

▪ Historical data analysis; 

▪ Identify the critical failure part on elevators 

▪ Identify features for failures; 

▪ Classification of features for anomaly detection; 

▪ Apply an anomaly detection model. 

2.2 End Result 

This project, as mentioned above, aims to analyze the failures in the elevators 

maintained by Strukton and classify relevant features for the failures. Within the 

development of the objectives, the expected deliverables are the literature review, a 

historical failure analysis to identify the most common failure in the elevators, and an 

algorithm for predictive maintenance in elevators. This project follows three main 

steps described below: 
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Literature review report. The results provided in this stage are an analysis of 

elevators, including their parts, review of Strukton maintenance policies for elevators, 

and state of the art in elevators failure prediction. 

 

Historical data analysis. Using the historical data provided by Strukton, information 

about the elevators recorded in terms of maintenance, and failures reported by the 

costumers and the mechanic report, this project provides a statistical analysis with the 

most common failures event and the cause of this failure. 

 

The benefits for the company about the failures characteristic includes  

 

▪ Identification of weak point in the maintenance data collection  

▪ Create the primary focus for maintenance policies 

▪ Select a main predictive maintenance focus 

 

Anomaly detection algorithm. This step includes the implementation of the sensor 

on several elevators to monitor the critical failure part. 

 

This project provides the anomaly detection model to observe when a potential failure 

is occurring. By using this model, the company can: 

 

▪ Detect anomalies in elevator sensor's signal 

▪ Re-schedule maintenance according to anomalies  

▪ Improve the failures control by detecting anomalies  

2.3 Delimitations 

Predictive maintenance analysis requires enough historical data and sensor data but 

also enough failure events for a more accurate model. The delimitation of this project; 

 

▪ Location: This study is focusing on elevators maintained by Strukton; this 

means that all of the historical data is from elevators in the Netherlands.  
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▪ Sample size: This project started in August 2018 until August 2020, and the 

monitoring for failure began in October 2019- a short period-. The small 

amount of failure, during the monitoring period, is a limitation. 

 

Another limitation is the number of elevators monitored. As the elevators 

belong to the customer, the client must approve the monitoring. For this 

reason, this project just monitored four elevators selected by convenience but 

not because of a sample selection method. 

 

▪ Sensor: The sensor is a limitation because it was not possible to implement 

different amounts of sensors in different locations.  
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3. Literature review  

The purpose of this project, as explained before, is to use predictive maintenance by 

an anomaly detection model for the analysis of failures in the elevator maintained by 

Strukton. This description already shows several points to define; What is an elevator? 

What is predictive maintenance? And what is anomaly detection?  

3.1 Elevators 

Elevators are standard equipment for transportation in now modern cities in a 

considerable amount of buildings due to prescriptive demand.  

 

The new elevators came from the design of Elisha G in 1853 that was adopted by the 

masses because they looked safe. In 1857 were inaugurated the first elevator in New 

York. In 1871 the first hydraulic elevator that used water as source power was 

operated. The first commercial and successful electric elevator install in 1889, and it 

replaces the water as a source because of two essential advantages: a) The versatility 

to be applied to any buildings around the world b) Electric elevator did not have a 

virtual height limitation (Barney, 1986) 

 

Two main elevators are most used in commercial centres, housing, university, schools: 

the hydraulic and the traction elevator. In this project, the most common elevators are 

the traction,  in the historical data review from the Strukton database, it is also 

analysed some hydraulic elevator but in less proportion. A more detail definition of 

these two types of elevators;  

 

1) The hydraulic elevator has a power unit, usually in the machine room. The 

unit coupled with a tank (oil reservoir), flow control valve, shutoff valve, pump, 

motor and safety valves (Mehta, 2010) 

2) Traction elevator transmits lifting force to the hoist ropes of an elevator by 

friction between the grooves of the machine drive sheave and the hoist ropes. 

The ropes are connected from the car to the counterweight and wrapped over 
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the machine. For high-speed elevators, the ropes are double wrapped 

(Strakosch, 1983)  

Because of speed and more safety, the more often used elevators are traction. In this 

study, this type of elevator has the highest presence in the analysis of failures. 

 

Elevator safety  
 

During the 1950s, the building market started growing. With an emerging industry, 

the building changed to taller architectures; the elevators became more complicated 

every time, but the safety remains. In 1983 around two million elevators were 

providing 312000 rides every year having a few accidents, meaning that in general, 

elevators are safe. There is no other transportation way with such an amount of moves 

per week and a few accidents. Nevertheless, 1000 accidents were registered that could 

have been avoided with better inspection or maintenance.  

 

Safe means to be reliable for all possible risks. The risk behind the registered accidents 

cited above could have come from a technical device, the environment, personal 

behaviour, or a combination of the three of them. In general, the smaller the risk, the 

higher the safety. Any elevator maintenance provider aims to define the threshold of 

the risk. This risk threshold is also of crucial importance for this Strukton project.  

 

In addition to these safety concerns, other elevator system failures do not necessarily 

implicate an accident (Barney, 1986). For this project, the problem also focuses on 

components failures that do not significantly affect safety but instead lead to 

unconformity from the customer side. The general accidents and failures problems are 

Shearing, Crushing, Falling, Impact, Trapping, Fired, Electric shock, Damage to the 

material, due to wear or corrosion.  

 

A review of safety/ failure in elevators papers showed the article "Implementation of 

risk-based inspection for elevator maintenance. A report made by (Park, 2010) ". This 

article aims to calculate the failure probability in elevators from Korea. Besides to 

identify the consequence of the failures. For this propose are using techniques systemic 

decision making. 
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The number of accidents per year increase after 2006 to a higher percentage of the 

accident. For this article, accidents are all the situations that cause a direct affection 

on the elevator user.  

 

Also, it was studied the elevator breakdown. With a database of three years of study 

in two manufactures companies. Where the most common cause of failure for those 

elevators was button and position indicators, with 23.3% of the failure, followed by 

failures at the Hall(floor) door and Car door with 18.1% and 17.1%, respectively. And 

the third most common cause of failure is in the controllers, with 9.1% of the failures. 

 

The elevators are generally healthy equipment made to have the lowest possible risk 

against human life. However, there could often have risk situations that cause high 

levels of stress and unconformity in users due to unexpected failure or problems that 

lead to minor injuries. 

 

A company like Strukton seeks customer satisfaction and, therefore, a constant 

improvement in the quality of the service provided. The use of maintenance for the 

prevention of equipment failures is vital. 

3.2 Maintenance 

Maintenance has a high cost in manufacturing and production plants. In a different 

type of company, support can be between 15 and 60 percent of the cost. The reason for 

the high-cost levels is the reduced maintenance that is related to lack of data analyst 

for quantifying the repairing of the machinery, equipment, and system.  

 

For the industry, there are two more common types of maintenance management; 

corrective maintenance and predictive maintenance:  

 

i) Corrective maintenance. The purpose of this technique is to reaper the 

machinery when it brakes. It is a reactive management technique because 

the maintenance is planned after the equipment fails. 

ii) Preventive Maintenance (PvM). This type of support is time-driven. It 

means that maintenance planning based on the operation time. For this 
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project, the kind of maintenance to use is predictive maintenance (Mobley, 

2002). 

Predictive Maintenance (PdM). 

 

Predictive maintenance has a different definition depending on its role. For some 

companies, PdM signifies analysis of the vibration and rotation of the equipment, to 

detect failures and prevent accidents or as a monitoring mechanism. The most 

common instrument for predictive maintenance is the monitoring  of system efficiency. 

The goal is to get data to estimate the maximum interval between repairs and 

minimum cost. 

 

Predictive maintenance uses the operating condition of equipment for the optimization 

of the entire operation of the system. The optimal PdM uses a balance between the 

maintenance tool (e.g., vibration monitoring, thermography, tribology) and the costs. 

 

Predictive maintenance is based on a preventive maintenance program. Preventive 

maintenance use probability and statistics to estimate the failure time. For example, 

preventive maintenance calculates the meantime to failure MTTF to determine the 

maintenance time, predictive maintenance, make the life estimation directly 

monitoring the mechanical condition of the system to determine the actual mean-time-

to-failure or degradation for each equipment. PdM management program optimizes 
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the availability of the system and reduces the maintenance cost. Besides, it improves 

the quality and productivity of the plants. (Mobley, 2002). 

 

Predictive Maintenance Strategy demands vs. to pursue several steps. These steps are 

fundamental for controlling the process. The levels are described below: 

 

1) Data acquisition and processing.  

This step prepares the database for the analyses by analyzing errors, outliers, 

and NAs. 

2) Determine the parameters. This step is necessary to estimate the monitoring 

parameters. For this step can be used techniques such as statistical 

multivariate, data mining/methodologies to classified the parameters; 

3) Detection/Monitoring. It is crucial to establish the monitoring time-

periodic(e.g., weekly, monthly) or aperiodic; 

4) Fault diagnosis. To diagnostics and secondarily forecast the failure, it is 

necessary to apply a proper model. There are different methods of machine 

learning, statistical to obtain a particular result. For this project, the fault 

diagnosis is orientated to a more mathematical approach. 

As indicated in the literature, several techniques exist for carrying out maintenance of 

elevator systems.  

Strukton is interested in exploring methods for predictive maintenance, considering 

they already use preventive and corrective maintenance; for this reason, predictive 

maintenance is the best option to improve their current maintenance approach for 

elevators using the four levels of predictive maintenance (Data acquisition and 

processing, Determine parameters, Detection and monitoring, and Fault diagnosis). 
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4. Methodology   

Predictive maintenance has different approaches; this chapter displays step by step 

how the process has been carried out in this PDEng project and provides an analysis 

of failures. The project involved two main phases:  

 

❖ Phase 1: Analysis of Strukton's historical elevator data. The failure data 

already recorded by Strukton until the start point of the project has been 

studied. This has the goal of providing an insight into the failure behaviour of 

the elevators maintained by Strukton, the cause of failures, and the 

maintenance policies. The result includes the definition of critical failures of 

the elevator and the most common cause of failure.  

 

❖ Phase 2: Sensor data analysis; This includes the sensor data corresponding 

to the measurement of the critical elevator part from the "old data analysis" 

item. This provides a summary and estimation of relevant features for 

failure/maintenance classification and anomaly detection limits.  

Detail for each phase is provided in the following section(s). 

4.1 Phase 1: Strukton historical elevator data 

The analysis of historical elevator data refers to a review of the data Strukton already 

had about the elevator's failures. The study of this historical database for elevator 

malfunctions in Strukton involved two steps: data acquisition/processing and data 

analysis. 

Step 1: Data acquisition and processing  

Step 1 involved building the database with relevant variables and preparing it for 

analysis. Two primary sources were used to obtain the data from Strukton: SAP 

(Systems, Applications & Products in Data Processing) and internal software using 

queries to extract the information,  
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Then, the cleaning database process involved Detecting outliers, Missing data, and 

language problems. Table 4-1 highlights these three categories. 

 

Table 4-1. The historical database cleaning process 

▪ Detect outliers  The problem definition showed issues 

with the database for the years before 

2016. In this stage, those errors were 

classified by detecting per year 

abnormal values. 

▪ Missing data  Detecting missing values by classifying 

and verification. 

▪ Language problems  Strukton databases are in the Dutch 

language.  

The Mechanic reports the information 

about failures in Dutch and in-text 

variables, a description of the same 

problem for different people can be 

differently described corrupting the 

meaning. For this reason, the language 

problem approach evaluates the 

translation with various sources to see 

Step 2: Data analysis  

The elevator database in Strukton includes mostly text variables. This project referred 

to the use of Latent Dirichlet allocation (LDA) and Probabilistic Co-Occurrence to 

analyse the meaning of the texts through keywords.  

 

1) LDA is a probabilistic model for a corpus. The method assumes that the 

documents are a random mixture of latent topics. The topic is distributed over 

words. LDA represents the topics by the probability of the words. The basic idea 



 Technische Universiteit Eindhoven University of Technology 

 

15 
 

is that topics represent the documents, so the word that has a higher likelihood 

in each topic provides an idea of what the topic is about. 

 

To estimate LDA there are several methods such as; the variational method, 

expectation method, and Gibbs method: 

 

▪ Gibb sampling uses a Monte Carlo Markov- chain algorithm. This technique 

generates a sample from a joint variable when only the conditional distribution 

of each variable can be efficiently computed. 

▪ Expectation maximization uses an algorithm to discover the maximum 

likelihood estimates of the parameters when the data model depends on certain 

latent variables. 

▪ Variational Bayes Inference is a type of expectation-maximization that uses a 

parametric approximation to the posterior distribution of both parameters. 

(Jelodar, 2019).  

 

2) Probabilistic Co-Occurrence analysis connects semantically similar words that 

occur in the same context: 

  

▪ Defines the co-occurrence distribution of each word, the weighted average of 

the word distribution of all the documents where the term occurs. 

▪ Then, this semantic similarity is computed to measure their co-occurrence 

distribution.  

▪ The co-occurrence word distribution is compared with the word distribution 

of a text to measure how current the word is in the text. 

4.2 Phase 2: Sensor data analysis 

The sensor analysis represents the second phase of this project. The four stages 

developed in this phase are described below.  
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Step 3: Data acquisition and processing  

The data acquisition for sensor data analysis depended on the type of sensor, and the 

type of sensor was related to the outcome based on the critical part to monitor. 

 

The critical elevator part to monitored in this project was based on the historical data 

analysis results.  

Selecting a  sensor type represented a difficult decision because of a lack of background 

for sensor analysis in the elevators. So, for this project, the type of sensor was selected 

because of two reasons:  

 

▪ Experience with the sensor from the company and the mechanics in the 

company, in this case, Strukton;  

▪ The mechanical evaluate the options to obtain data related to the door, and 

according to the mechanical evaluation, the current sensor motor has a strong 

relationship with the process to evaluate. 

The sensor used in this analysis was a motor current sensor. A motor current sensor 

is a mechanical device that measures current modes and converts it in a regular 

measurement, for example, Amperes. 

 

The sensor data was collected during a specific period. This period was based on the 

available time for the PDEng project. The collected sensor data was exported to an 

excel format, and used for the analysis, such as: reviewing possible outliers, missing 

data, and converting the database into a readable format for R. 

Step 4: Parameter selection 

This step includes the feature calculation to reduce the amount of data and improve 

the understanding of the data.  

 

To reduce the amount of data in this step, are new variables are calculated from the 

raw data. But there was not a particular instruction about the type of features to 

include. In the literature for sensor data, there are plenty of functions between the 

most common; peak-to-peak factors, Impulse factor, and Root means square.  
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In this project, besides peak-to-peak, Impulse factor, and Root means square, we also 

included statistical parameters. Below are the definitions of the features calculated as 

initial parameters (Riffenburgh, 2012): 

 

▪ Media. Represent the  arithmetic mean, it is represented with sum of 𝑦𝑖 

divided by the sample size. 

(4-1) 

�̅� =
∑ 𝑦𝑖

𝑛
 

 

▪ Median. This represents a concentration of 50% of the sample. The 

mathematical expression below; 

(4-2) 

𝑀𝑒𝑑𝑖𝑎𝑛 = {
𝑛 + 1

2
} 

 

▪ Skewness. This feature represents the level of asymmetry on the movement 

of the elevators. Formulation below; 

(4-3) 

𝑏 =
(1

𝑛⁄ ) ∑ (𝑦𝑖 − �̅�)3𝑛
𝑖=1

[(1
𝑛 − 1⁄ ) ∑ (𝑦𝑖 − �̅�)2𝑛

𝑖=1 ]
3 2⁄

 

 

▪ Deviation represents the variation or dispersion in the data in this case 

movement. 

(4-4) 

𝑠 = √
∑ 𝑦2 − 𝑛�̅�2

𝑛 − 1
 

 

▪ Kurtosis defines how big the distribution of the elevator movement tail differs 

from a normal distribution, the description below; 
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(4-5) 

𝑘 =
∑

(𝑦𝑖 − �̅�)4

𝑛⁄𝑛
𝑖=1

𝑠4
 

 

▪ Maximum. Represents the maximum value in the data, in this case, the value 

of the maximum ampere in the movement. 

 

(4-6) 

𝑚𝑎𝑥 = {Max(𝑛)} 

 

▪ Minimum. Represents the minimum value of the data, for this case, the 

minimum amperes in the movement.  

(4-7) 

𝑚𝑖𝑛 = {Min(𝑛)} 

 

▪ Peak to peak defines the difference between the maximum, and the minimum 

value shows the maximum change in the movement.  

(4-8) 

𝑝𝑡𝑝 = 𝑚𝑎𝑥 − 𝑚𝑖𝑛 

 

▪ Movement size. Represents the sample size in this case the elevator 

movement size; 

(4-9) 

𝑚𝑠 = 𝑛 

▪ Impulse factor, represents the division between the maximum value and the 

average; 

(4-10) 

𝐼 =
𝑚𝑎𝑥

�̅�
 

▪ Root mean square, also define as quadratic media. 
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(4-11) 

𝑅𝑀𝑆 = √
∑ 𝑦𝑖

2

𝑛
 

Step 5: Feature classification 

In this step, the idea was to filter the features because not all the features calculated 

were relevant in this project. So, to detect the relevant features, techniques such as the 

correlation matrix, the embedded method, and the logistic model provided an 

understanding of the feature's behavior and described the most relevant for this 

project. Below are the definitions of the three techniques.  

 

1) Correlation matrix 

The correlation matrix is based on covariance value that indicates the shared behavior 

or independence between two parameters or variables; the covariance value is 

standardized by dividing by the product of standard deviations of the two variables. 

This calculation provides, as a result, the Pearson correlation coefficient (Riffenburgh, 

2012); 

 

 

2) Embedded method 

There are in the literature three primary variable selection methods; filtering, 

wrappers, and embedded methods (Hwang, 2017). 

 

Embedded methods differ from the other two because feature selection and learning 

interact. Filter methods do not use learning.  

 

Wrapper methods use a learning machine to measure the quality of the features 

without including knowledge about the specific structure of the classification or 

regression function, which means filter and wrapper approaches methods do not 

separate the learning from the feature selection part role (Guyon, 2006). 

 

3) Akaike's information criterion (AIC) and Logistic model 
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The logistic model is introduced because it is the model considering the type of 

response variable in the project. The AIC determines  the relevancy of the variables 

for that model; 

 

A logistic model is a mathematical modeling approach that can be used to describe the 

relationship of several Xs to a dichotomous dependent variable (Kleinbaum, 2010) 

 

Figure 4-1. Logistic model representation  

 

After applying the logistic model, the importance of the variable is tested by using 

the AIC, widely used for selecting the best model among the candidate models. The 

model having the smallest AIC among the candidate models is the best. The 

multinomial logistic regression model shows the best model subset.  

 

However, the AIC may perform poorly; that is, a model having too many parameters 

tends to be chosen as the best model when the sample size is small, or the number of 

unknown parameters is large. Such a problem is often resolved by using a bias-

corrected AIC (Yanagihara, 2012). 

 

With the principal features obtained from the techniques before described, the next 

step represents the anomaly detection. 

Step 6: Detection/Monitoring: Failure diagnosis 

An anomaly occurs when the data has patterns that are not according to the "normal" 

behavior. Because anomalies can lead to potential elevator failure, this research takes 

the direction of Anomaly detection to identify these failures. 
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The anomaly detection techniques have the aim to monitor the equipment for 

detecting defects or possible failures caused by degradation or different features. The 

data behavior in anomaly detection has a temporal aspect and time series analysis. 

These anomalies required control in real-time, and as soon and the alert occurs, it is 

necessary to take the steps needed to prevent the failure (Chandola, 2009) 

 

This step included the application of the Local Outlier Factor (LOF) as an anomaly 

detection technique (Chandola, 2009) that is used to detect outliers or anomalies that 

cannot be detected using global approaches. LOF evaluates each event's uniqueness 

based on its distance from the k-nearest neighbors. This method compares the object's 

local density with the nearest neighbor. 

 

Local outlier factor. LOF is equal to the average of the ratios of local reachability 

densities of k-nearest neighbors and object 𝑝 (Paulauskas, 2015) (See the formula in 

Annex 1)  

 

When applying the Local Outlier Factor, it is essential to observe the accuracy of the 

model. The accuracy was measured by comparing the result from the model against 

the failures report.  

 

The accuracy is based on; i) sensitivity represents the true positive plus false negative, 

in other words, the sensitivity refers to the healthy elevators correctly identify as 

healthy; ii) specificity refers to the true negatives in combination with the false 

positives, which means the elevators with failures are correctly classified as so.  

 

 The model was the last step. It provided an anomaly detection model that can be used 

in future failure detection. 

  
Test result 

  
Positive Negative 

True condition Positive True positive False-negative 

Negative False-positive True negative 

Table 4-2. Accuracy diagnostic 
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5. Implementation 

This chapter shows the application process of the six steps already described in the 

methodology. This chapter aims to provide a guide for the anomaly detection analysis 

in this project, and in this way, it can be used as an example for future application in 

Strukton. 

Step 1: Data acquisition/processing for historical elevator 

data in Strukton 

In Strukton, the data collection for the elevator involved three stages (see Table 5‑1.). 

First, the client reports a failure (phone, email, BMS) or FMIS (client management 

system); this call generates a ticket that is sent for approval. Approval delivers the 

necessity of assistance. 

 

Table 5-1. Work-flow system for failure dataset 

 

 

Then, if the request is approved, the system continues with the second stage, which is 

the planning and execution. This section creates a work request, prepare the materials, 

and scheduling a Mechanic to fix the failure. When the Mechanic receives a schedule, 

and the Materials are ready, then the work can start. 
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The Mechanic does the inspection and provide a report over the equipment status in 

case the problem is not fixed; another planning should be made. 

 

Table 5-1 showed the process of reporting a failure and already displayed two main 

key variables; Mechanic failure report and Costumer failure report. Using Table 5-1 

to detect additional variables, the final database for historical data analysis contained 

the variables in Table 5-2. 

 

Table 5-2. Variable description Failure 

Variable Description Units 

1. Service order The identification number of 

the service 

NA 

2. Failure date  Report the day of the failure 

was add  in the system 

Month/Day/Year 

3. Repair date Mention the day when the 

problem was fixed 

Month/Day/Year 

4. Equipment An equipment number NA 

5. Equipment 

description 

Specifications of the lift NA 

6. Location City/zipcode/adress NA 

7. Cause description Cause failure classification Bad conditions, 

External, Improper 

use, Incorrect 

maintenance interval, 

incorrect material/ 

component, molest, 

other, SAO, undefined 

defect. 

8. Cause text Variable text with the failure 

description according to the 

client 

NA 
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9. Mechanic findings Variable text with the failure 

description according to the 

Mechanic 

NA 

10. Condition  Represent the initial 

condition of the equipment 

according to the Mechanic 

From 0,1: Great 

conditioning until 6; 

Terrible conditions. 

Step 2: Data analysis for historical data 

When the step before, "data acquisition and processing" was completed, in this step, 

"data analysis," the goal was to show the critical elevator part in terms of failures, 

which means identifying the typical failure for the client and the mechanics.  

 

For the data analysis in this project, we considered an article (Park, 2010) to define 

the initial hypothesis. According to this article, the most common failures in elevators 

are at the door with a 58% percentage of events. Additionally, the Mechanics at 

Strukton, mentions failures at the door as a common problem. Based on the article and 

the Mechanics experience in Strukton, two hypotheses are made:  

 

H_1: The door represents the highest percentage of failure in the elevator.  

 

H_2: The leading causes of failure are because of changed adjustment parts or 

materials 

 

Figure 5-1 Principle failures in the elevator 
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For the hypothesis demonstration, the variables "Cause description" and "Cause text" 

had the primary interest because those variables represent the failure description by 

the Mechanic and the customers.  

 

In the methodology, the techniques for the analysis in this stage were LDA and Co-

occurrence.  

 

For the calculation of the LDA, we used the R project package topicmodels with a 

Dutch language package for the elimination of possible stopword, points, spaces that 

are not important in the text analysis. Then we applied the function LDA with the 

Gibbs method. The result of the LDA function graphed the key terms. 

 

Together with the LDA, the co-occurrence analysis applied to the same variables 

"Cause description" and "Cause text" showed the connection between the words. The 

package in R cooccur displays the interaction graph. 

Step 3: Data acquisition/processing sensor data 

Steps one and two provided the result of the critical elevator part. The essential part 

of the elevator was crucial to this project because of the cost and time reasons this 

project was unable to monitor all the elevator's part. So, the essential part, according 

to the client and the Mechanic provides a starting analysis point. 

 

The accelerometer was added to four elevators. One in the Strukton Worksphere 

building at Son and the other three sensors were at  High Tech Campus. Those 

elevators were used in this experiment because of the accessibility to monitor: the 

costumers allowed monitoring their elevator. The data collection, as explained in the 

methodology, was by using a current motor sensor.  

5.1.1 Sensor collection process 

The sensor database was collected during 20 weeks, starting Oct-09-2019 until 

March-01-2020, with a total of 329,350 series of movements from four elevators. 
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Table 5-3. data collection time overview 

 

 

Table 5-3 show the distribution of the data collection. In yellow are the planned 

maintenance weeks, blue represents failures not related to the door, red represents 

door failure, and the green represents - no failure -  healthy data. Most of the data were 

healthy, and there were just presented failures at the door during the week a week 18.  

 

The variables from the sensor database are described below; 

 

▪ Railobject, The lift number;  

▪ Railname, The type of sensor data,  

▪ Time_, Represent the week of the measurement 

▪ MeasuramenID, The measurement ID 

▪ MesuarementeDateTime, The exact date of the data collection 

▪ Kolom0, Kolom1..: Represent the values in ampere of the door motor.  

Table 5-4 has a representation of the database with the variables before mention. 

 

Table 5-4. Overview sensor data 

 

 

Weeks Beginning End LT503 LT504 LT505 SONL

Week 0 10/9/2019 10/13/2019

Week 1 10/14/2019 10/20/2019

Week 2 10/21/2019 10/27/2019

Week 3 10/28/2019 11/3/2019

Week 4 11/4/2019 11/10/2019

Week 5 11/11/2019 11/17/2019

Week 6 11/18/2019 11/24/2019

Week 7 11/25/2019 12/1/2019

Week 8 12/2/2019 12/8/2019

Week 9 12/9/2019 12/15/2019

Week 10 12/16/2019 12/22/2019

Week 11 12/23/2019 12/29/2019

Week 12 12/30/2019 1/5/2020

Week 13 1/6/2020 1/12/2020

Week 14 1/13/2020 1/19/2020

Week 15 1/20/2020 1/26/2020

Week 16 1/27/2020 2/2/2020

Week 17 2/3/2020 2/9/2020

Week 18 2/10/2020 2/16/2020

Week 19 2/17/2020 2/23/2020

Week 20 2/24/2020 3/1/2020

Date rage Elevator

Test data 
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5.1.2 Sensor data cleaning  

The database cleaning process involved translating the sensor data to excel format 

during this process; some of the data had NAs. 

 

NAs missing data, so it was necessary to review the NAs for the individuals, 

identifying the typical movement size. 

 

Identify outliers' movement. The translating data process was to, for example, an 

elevator generally movement size is 1000, but suddenly, the movement is 3000. This 

event can be either failure, outlier or mistake. For this reason, in this project, we are 

not considering rare situations with no repetitions and no report of failure by the 

Mechanic. 

 

The cleaning process also included detecting gaps and outliers. For this database, the 

format change in the data creates outliers; for example, a value that supposed to be 

3.45 into 343. So, during the cleaning, the outliers ware also treated reviewed. The 

cleaning provided a cleaned database for the calculation of the features. 

Step 4: Parameter selection 

Step 4 calculated the parameters described in the methodology. These parameters 

were calculated for the entire series, that is, all the moving process until the door open 

and close.  
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Figure 5-2: Sensor data behavior 

 

Figure 5-2 represents the elevators' door movement. It starts with a negative value 

until reaching a maximum peak that oscillation before the maximum peak represents 

the opening. Then, the peak represents a fully open door that decreases until it remains 

at a fixed point, time the door keeps open. Finally, when the constant decrease to re-

start, the oscillation represents the door closing. The negative value in the movement 

represents the power of the motor to keep force on the door. 

 

Besides sensor-data behavior, other exciting features to add were the average, Impulse, 

Kurtosis, maximum, and variance of the opening process. 

 

Table 5-5. Features data overview 

 

 

The features calculated are shown below;  

 

▪ Media, average amperes in the complete movement in Amperes.  

Opening 

Open 

Closing 



 Technische Universiteit Eindhoven University of Technology 

 

29 
 

▪ Opening media (op_Media), average amperes for the movement of the door 

opening oscillation in Amperes. 

▪ Median, Total median of the movement in Amperes. 

▪ Skewness, The skewness of the movement in Amperes. 

▪ Deviation (Sd), Deviation of the movement in Amperes.  

▪ Opening deviation(op_sd), Deviation for the opening movement in Amperes. 

▪ Kurtosis, Kurtosis of the movement. 

▪ Opening kurtosis (Op_kurto), Kurtosis of the door opening in Amperes.  

▪ Maximum,  maximum of the total movement in Amperes.   

▪ Opening maximum (op_max), This means the maximum of the opening 

oscillation in Amperes. 

▪ Peak to peak (ptp), The maximum menus the minimum of the total movement 

in Amperes.  

▪ Opening peak to peak ( Op_ptp), The maximum menus the minimum of the 

opening oscillation in Amperes.  

▪ Sample, Size of the movement. 

▪ Minimum, Minimum value form the series in Amperes.  

▪ Impulse (I_p), The Impulse of the series in Amperes.  

▪ Opening Impulse (Op_ip), The opening Impulse oscillation in Amperes. 

▪ Root mean square, The RMS of the serie in Amperes 

All these features were calculated using functions in R with the package moments and 

e1071. And the functions mean, median, skewness, sd, Kurtosis, max, and min. 

Step 5: Feature classification  

The feature classification identified the relevant variables in the failure or maintenance 

of the elevators. This step did not include the elevator in SONL because it did not have 

faults, and its graphical behavior was different from the other elevators. Additionally, 

the limit for the anomaly detection model would be affected because of an increase in 

the range. 

 

To better classify the parameter concerning the failures, a new variable 𝑦 was created 

based on the information report by the Mechanic over the failures in the elevators: 
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𝒚 = {𝟏: 𝐀𝐧𝐲 𝐤𝐢𝐧𝐝 𝐨𝐟 𝐞𝐯𝐞𝐧𝐭 (𝐅𝐚𝐢𝐥𝐮𝐫𝐞 𝐨𝐫 𝐌𝐚𝐢𝐧𝐭𝐞𝐧𝐚𝐧𝐜𝐞);  𝟎: 𝐍𝐨𝐫𝐦𝐚𝐥 𝐰𝐨𝐫𝐤𝐢𝐧𝐠. } 

 

This new variable 𝑦 was contrasted with the features by the embed method using the 

package glmnet from the R project. The process of calculation contained; 

 

i) Scaling the features with function scale,  

ii) Applying the model by the function cv.glmnet for binomial response variable this 

is because of the variable 𝑦. 

The additional technique explained in the methodology to use as a contrast technique 

against the embedded was the AIC with the logistic model. The process in R for the 

calculation of the AIC was a break in three steps: 

 

i) Scaling the features 

ii) Calculation of the logistic model using the function glm  

iii) Calculate the AIC for the model using the function stepAIC and package 

MASS 

Step 6: Detection/Monitoring: Failure diagnosis  

The relevant features were defined with step 5. This step, "Failure diagnosis," used 

the local outlier factor to detect the outliers. The steps to calculate the Local outlier 

Factor in R is described below: 

 

i) The features were scaled using function scale 

ii) Apply the function LOF from the package DDoutlier. 

iii) The LOF function has a parameter k, which the k-neighbor as initially, it 

is unknown it was tasted different values from k and constructed the 

accuracy. 

iv) The accuracy was calculated with function confusionMatrix from the 

packed caret. 

v) Find the optimum thresholds from the accuracy  

vi) Finally, it was implemented in the model in a dashboard created using the 

package Shiny in R. 
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6. Results  

6.1 Strukton historical elevator data  

Table 6-1 has the frequency percentage of failure for the "Cause description" variable 

that represents the cause of failure description.  

 

Table 6-1 shows that the higher percentage of failure is explained by "incorrect 

materials," the second most common cause of failure, "other" and third cause 

description is an "undefine defect." The lowest failure percentage is in maintenance 

planning. 

 

There are two main conclusions with Table 6-1, there is a low percentage of failure 

because of maintenance planning. However, there are several mistakes while defining 

the maintenance materials because they generate unexpected failure. Additionally, 

there is a high percentage of knowledge missed because there is not an explanation of 

the cause of the failure by typing other or undefined defects. 

 

Table 6-1. Frequency of cause description 

Cause description Percentage (%) 

Bad condition 1.2 

External 15 

Improper use 2 

Incorrect maintenance interval 1 

 1. Incorrect material 30 

Molest 14 

 2. Other 21 

SAO(corrective maintenance) 0.3 

 3. Undefine defect 15.6 

 

There is also observed a relatively high percentage of failure because of "Molest" and 

"External." These are situations not directly controlled and could be challenging to 

predict. 
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After analyzing the cause of failure description, we now study the failure type. Figure 

6-1 shows the LDA analysis for the variable Mechanic Findings. One of the most 

common works within the Graphics in Figure 6-1 is the door besides lift. 

 

Figure 6-1 (1) has the most critical word "again" lift, and new. This Figure does not 

allow us to comprehend the general topic of the Figure thoroughly. However, it could 

be it is talking about problems or failures happening again. 

 

 

Figure 6-1. LDA for variable Mechanic Finding 

 

 

Figure 6-1 (2). This Figure expresses the most common word, "Door," and "Check." 

With this information, the meaning of Figure 6-1(2) can be explained. The Mechanic 

found a problem at the door or something connected to the door. Therefore the door 

has to be checked. 

  

Figure 6-1 (3). With this Figure, it is observed that the most common words are 

"Door" and "replace." This can be explained, the Mechanic found a problem at the 

door, and it implicated replacement of it or a component at the door. 
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Figure 6-1 (4). This Figure has, as the most common words, "Door," "Weather," 

"Replacement." That could mean that there has to be done replacement at the door 

again. 

 

Now, analyzing the cause failure described by the client, Figure 6-2 (1) shows a cause 

of failure is because the door is not opening.  

 

Figure 6-2 (2) Does not have a precise meaning. However, it shows that it is a 

malfunction at the elevator.  

 

Figure 6-2 (3) This Figure express possible failures at the door. There is a malfunction 

a the elevator is stuck.  

 

 

Figure 6-2 LDA for variable Causa Text 

 

 

Figure 6-2 (4). Refers that the client contact by phone is reporting a malfunction. 
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Figure 6-3. Probabilistic co-occurrence for Mechanic Findings 

 

According to the LDA, the door is a common word mentioned by the Mechanic and 

clients. Now, observing the relationship between the words. Figure 6-3 displays the 

probabilistic co-occurrence by a network figure. 

 

The most highlighted lines have a stronger correlation. As was shown with LDA  

before, the elevator gets stuck, and the door is not opening. Confirming the result 

explained. 

 

 

Figure 6-4. Probabilistic co-occurrence for Cause Text 

 



 Technische Universiteit Eindhoven University of Technology 

 

35 
 

Figure 6-4, as expected because of the graphic, door not opening is highly correlated 

with the lift in addition to malfunction. 

 

In conclusion, the main failures are not because of interval maintenance. It represents 

one of the lowest causes. In contrast, incorrect material, molest are the essential cause 

of failure to analyzed. 

  

In general, the most common cause of failure described by the client and the Mechanic 

is the door. This result goes according to the literature. The problem behind those 

failures can be mostly incorrect materials according to the cause description. 

 

The main result from this step is that the door is one acute failure, and the material 

can be influencing this fact. The critical point from to analysis in this project is the 

elevator door mechanics and evaluate application anomaly detection at the door. 

 

With this result, the two hypotheses are fulfilled because the failure most commons 

are at the door, and the material is the higher failure description. With this conclusion, 

the door became a monitoring target. 

6.2 Sensor data analysis  

The sensor data analysis result shows the output to the current sensor motor data 

from the door mechanism. Figure 6-5 shows the movement in four elevators 

monitored: "LT503", "LT504", "LT505" and "SONL".  

The movement (see Figure 6-5) starts with a negative oscillation that immediately 

changes until reaching a peak. The peak means that the door is fully open, and then 

the peak decrease to remain constant. The constant means that the elevator door is 

still fully open. And finally, when the signal starts the oscillation again, it indicates the 

closing process of the door.  

 

Figure 6-5 also shows that the elevator SONL has different patterns observed on the 

data review for the features the elevator in SONL showed behavior opposite the other 

elevators; there is not an exact oscillation, the peak decrease is more prolonged than 

the other three elevators, and the closing oscillation is in negative. 
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Figure 6-5. The general behavior of movement elevators 

 

Step 4 mentioned three stages in the methodology (Correlation matrix, Embedded 

method, and Logistic model). The output from these three analyses is displayed 

below. 

 

1) Correlation matrix  

Figure 6-6 shows the feature correlation matrix, where the features from the opening 

process and the feature for all the movements process are highly correlated, which 

means that it is not significantly different from calculating features per the whole 

series or break the value. Additionally, Figure 6-6 shows that the Impulse has a 

shallow relationship with the other features. 
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Figure 6-6. Correlation matrix between the features 

 

2) Embedded method (LASSO) 

A dichotomous variable 𝒚 has been created based on failure events (see Step 5 from 

Implementation). This new variable is used as a response variable for the application 

of the LASSO model. The results of this model are displayed below.  

 

𝒚 = {
𝟏: 𝑭𝒂𝒊𝒍𝒖𝒓𝒆 𝒐𝒓 𝒎𝒂𝒊𝒏𝒕𝒆𝒏𝒂𝒄𝒆

𝟎: 𝑵𝒐𝒓𝒎𝒂𝒍 𝒃𝒆𝒉𝒂𝒗𝒊𝒐𝒓
} 

 

Figure 6-7 shows the outcome of the LASSO model without the SONL elevator. It 

shows two values of lambda 𝝀 (The two vertical lines),  the factor that determines the 

better features amount.  

 

Figure 6-7 shows that the minimum lambda 𝝀 includes 11 variables. However, this 

minimum lambda 𝝀 remains for an extended period, then eliminating features 

indicating that the Optimum value of lambda 𝝀 is reached with seven variables. 
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In the correlation matrix, Figure 6-6, most of the variables in the minimum lambda 

𝝀 have a high correlation with the variables in the Optimal lambda 𝝀; I prefer to use 

the Optimal lambda 𝝀 instead of the minimum lambda 𝝀 because reduces the number 

of variables to use, and the deviance is not significantly different from the minimum 

lambda 𝝀. This means, for this case, that the best model includes seven features.  

 

We applied the LASSO model for the database, including SONL, to compare.  

For LASSO case, we also use the Optimal value of lambda 𝝀 to decide the more 

relevant features. It provided seven features. 

 

 

Figure 6-7. LASSO model parameters 

 

3) Logistic regression model.  

 

In the logistic model, the application was also using the dichotomic variable 𝒚 already 

mentioned with the embedded method. This logistic model is tested by using AIC 

backward, forward, and both. 

 

𝒚 = {
𝟏: 𝑭𝒂𝒊𝒍𝒖𝒓𝒆 𝒎𝒂𝒊𝒏𝒕𝒆𝒏𝒂𝒄𝒆

𝟎: 𝑵𝒐𝒓𝒎𝒂𝒍 𝒃𝒆𝒉𝒂𝒗𝒊𝒐𝒓
} 
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4) Analysis Correlation matrix, Embedded method, and AIC logistic model 

Table 6-2 compares all the methods used to classify the features. The first is the emb

edded method including and excluding the elevator in SONL. The second method is 

the logistic model using the selection method AIC, excluding the cases of the  

elevator in SONL. 

 

In green are the relevant variables for each case. The last column shows the result of 

this selection, where yellow to be considered. 

 

The feature Media Median, movement size, door opening Kurtosis, and door opening 

maximum were relevant in all of the cases, So they are highly relevant. Minimum  

was very important for three of the methods that make it essential too.  

 

Deviation and Peak to Peak.  The Deviation is relevant in three of the methods; it 

was included as essential.  And, Peak-to-Peak is appropriate for the most crucial  

selection AIC both and Embedded method without SONL. For this reason, we select 

the peak- to-Peak for the door opening movement. 

 

The analysis concludes that the variables of interest are the Media, Median, Deviatio

n, Opening max, sample, and opening Kurtosis and minimum. 

 

Table 6-2.Feature classification 

Techniques 

/Features 

Embedded method Logistic model 
 

Including 

Son 

Not Inc 

Son 

AIC 

both 

AIC 

backward 

AIC 

forward 

 

Media 1 1 1 1 1   
 

Median 1 1 1 1 1 
 

Skewness 0 0 0 0 1 
 

Deviation 1 0 1 1 1 
 

Kurtosis 0 0 1 1 1 
 

Maximum 1 0 1 1 1 
 

Opening max 1 1 1 1 1 
 

Minimum 0 1 1 1 1 
 

Peak to peak 0 1 0 0 0 
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Sample 1 1 1 1 1 
 

Opening deviation 0 0 1 1 1 
 

Opening kurtosis 1 1 1 1 1 
 

Opening peak to 

peak 

0 0 1 0 0 
 

Opening impulse 0 0 0 0 1 
 

Opening Media 0 0 0 0 1 
 

Root mean square 1 0 0 1 1 
 

Impulse 0 0 0 0 0   

Relevant = 1 , Not relevant=0 
 

6.2.1 Anomaly detection 

For the anomaly detection analysis, the variables,  Media, Median, Deviation, Opening 

max, sample, and opening Kurtosis already classified as the critical features in this 

analysis, are used to calculate the LOF. The results are displayed in Table 6-3.  

 

As the parameter of the function LOF is unknown, it is used three values for k to 

compare the accuracy, sensitivity, and specificity. Additionally, there are set thresholds 

from to evaluate the failures. 

 

Table 6-3. Comparison of the threshold with performance 

K- 

neighbors 

Thresholds Accuracy Sensitivity Specificity 

K=2.5 0.9999 0.9834 0.9999015 0.0002176 

0.999 0.9826 0.999008 0.001523 

0.98 0.9641 0.97997 0.01849 

0.85 0.838 0.84975 0.13534 

K=5 0.9999 0.9834 0.9999015 0.0002176 

0.999 0.9826 0.999004 0.001305 

0.98 0.9642 0.98001 0.02089 

0.85 0.8379 0.84972 0.13338 

K=10 0.9999 0.9834 0.9999015 0.0002176 

0.999 0.9826 0.999008 0.001523 
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0.98 0.9641 0.97997 0.01828 

0.85 0.8379 0.84974 0.13446 

 

Table 6-3 shows when decreasing the quartile percentage that represents the limits, 

the accuracy decrease, and the specificity increase as expected. So, when reducing the 

quartile; the model includes more values it is most likely to characterize healthy 

elevator as failures elevators but also considering the low percentage of failure in the 

database when decreasing the quartile increase the possibilities to classify the elevator 

failure as actual failures. 

 

Additionally, Table 6-3 shows that the different values of k are not representing 

significative differences in the accuracy of the model.   

 

With this analysis, the model in Figure 6-8 to use in this analysis is based on the k=2.5 

in green. With quartile 0.85 representing the values to review, the 0.95 quartiles are 

potential failures, and quartile 0.999 are failures.  

 

The maximum accuracy of this model is 98,96% that means the 98,96 percent of the 

time the model will classify the healthy elevators correctly, and the maximum 

specificity is 0.1353, which is relatively low but high for this case. Whit this specificity, 

it is still a high possibility to classify healthy lift as broken or with the defect. In this 

sense, for future research, the main goal is to increase the specificity by obtaining more 

failure events. 
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Figure 6-8. Anomaly detection representation 

 

With Figure 6-8 and Table 6-3, it is possible to define the alarm system for 

monitoring. Express below. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 6-4. Anomaly alarm for failure detection 

 

𝐸𝑙𝑒𝑣𝑎𝑡𝑜𝑟𝑠 = 𝐿𝑇503, 𝐿𝑇504 , 𝐿𝑇505 
𝑞0 = 𝑞𝑢𝑎𝑟𝑡𝑖𝑙𝑒(𝑑𝑎𝑡𝑎, 0.85) 
𝑞1 = 𝑞𝑢𝑎𝑟𝑡𝑖𝑙𝑒(𝑑𝑎𝑡𝑎, 0.99) 

𝑞2 = 𝑞𝑢𝑎𝑟𝑡𝑖𝑙𝑒(𝑑𝑎𝑡𝑎, 0.999) 
 

𝑰𝒇 (𝑳𝑶𝑭 ≥  𝒒𝟎& 𝑳𝑶𝑭 ≤ 𝒒𝟏){ 
𝑦 = "𝑅𝑒𝑣𝑖𝑒𝑤" 
} 𝒆𝒍𝒔𝒆 𝒊𝒇 (𝑳𝑶𝑭 > 𝒒𝟏 &𝑳𝑶𝑭 ≤ 𝒒𝟐){ 

𝑦 = ”𝑃𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 𝑓𝑎𝑖𝑙𝑢𝑟𝑒” 
}𝒆𝒍𝒔𝒆 𝒊𝒇(𝑳𝑶𝑭 > 𝒒𝟐){ 
𝑦 = "𝐹𝑎𝑖𝑙𝑢𝑟𝑒"" 
}𝒆𝒍𝒔𝒆 { 
𝑦 = ”𝐻𝑒𝑎𝑙𝑡ℎ𝑦” 
} 
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6.2.2 Monitoring implementation  

The anomaly detection monitoring algorithm. Using this information, we build a 

dashboard using shiny from the R project.  

 

The dashboard has several functions. Figure 6-9 display the first tab panel, and it has 

9 points: 

1- The title 

2- The first tab, "Feature description." 

3- The elevators data 

4- The graphic, select options (boxplot, time series, plot) 

5- Represent the variables to select  

6- Represent the groups for the graphic (Not in every plot) 

7- The graphic display  

8- Data table depending on the selection 

 

Figure 6-9. Failure description monitoring dashboard 

 

The second page is displayed in Figure 6-10. 

1- The anomaly detection tab 

2- Date 

3- Graphic displaying LOF and the thresholds 
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4- Table with the features and the model 

5- Percentage of the model(Failure, healthy, potential failures and to review) 

 

Figure 6-10. Anomaly detection monitoring dashboard 

The next phases can do the monitoring: 

 

(Phase 1 and Phase 2 can be added to the dashboard model if the computer power can handle 

the amount of data) 

 

Phase 1: Calculate the features; Media, Median, Deviation, Opening max, sample, 

and opening Kurtosis using the code below using R:  

 

Media=apply(df2,1,function(x) mean(na.omit(x))) 

Median= apply(df2,1, function(x) median(na.omit(x))) 

Sd= apply(df2,1, function(x) sd(na.omit(x))) 

op_max= apply(df2,1, function(x) max(na.omit(x)[na.omit(x)<max(na.omit(x))])) 

sample=apply(df2,1, function(x) length(na.omit(x))) 

op_kurto= apply(df2,1, function(x) kurtosis(na.omit(x)[na.omit(x)<max(na.omit(x))])) 

 

Phase 2: Create a database and exported (optional) 

 

dfs=data.frame() 

write.csv(dfs, file = "features.csv") 

 

Phase 3: Add this database to the folder with the ui and server file (Figure 6-11) 
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Figure 6-11. Database folder 

 

Phase 4: save and run the app (Figure 6-12) 

 

 

Figure 6-12. Example how to run the app for shiny dashboard. 

6.2.2.1 Anomaly detection of future improvements  

 

As mentioned before, the database lacks data on failures. For this reason, with a larger 

percentage of failures, the logistic model can be recalculated to re-evaluate the relevant 

features. The calculation process in R is displayed below. 

 

model <- glm(events ~ ., family = binomial(link = 'logit'), data = my_data) 

summary(model) 

require(MASS) 

stepAIC(model, direction = "backward", trace = FALSE) 
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Using this, it is possible to tests again the relevancy of the model for features 

improvements in the specificity. 
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7. Conclusions and recommendations  

This chapter includes the conclusion and recommendation in this project. The 

conclusion shows the results and findings obtained in the analysis process, and the 

recommendation shows things to improve in the study and for Strukton in the future. 

7.1.1 Conclusion  

 

▪ The type of material is the biggest cause of failure. For this reason, it could be 

one of the main factors for failures at the door. 

 

▪ For feature classification, the embedded method and the logistic model does 

not show big differences; for this reason, either of those models can be used for 

selecting the relevant variables. 

 

▪ The accuracy of the model is high, with 98,26%; however, the specificity is low 

because of the small percentage of failures in the given dataset. This means that 

the model can be applied in the field as a beta version being conscious of the 

high amount of false alarms and, at the same time, using the amount of false 

alarm to correct the classification of the model.  

 

▪ The anomaly detection model is not demonstrated to generalize for all the 

elevators maintained by Strukton. The lack of samples reduced the possibility 

of confirming the accuracy of the model in a different type of elevator. For this 

reason, the initial model just applies for a specific kind of elevator, and one of 

the objectives is to analyze the adaptability of the model to other equipment. 

 

▪ The methodology and implementation in this project can be used in other types 

of equipment to analyze failures. However, the kind of failure detection 

technique relates to the characteristic of the data. 
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7.1.2 Recommendation  

 

▪ In the historical data analysis, the variable "cause description: should be more 

specific. Because the Mechanic, most of the time, was selected "other type of 

failure" or "undefine defects," limiting future knowledge. 

 

▪ As well as the "Mechanic description," the "cause text" can be improved by 

creating options for the client to describe the problem.  

 

▪ In the sensor data, the time and sources did not allow implementing the sensor 

in more elevators and also obtain more failure data. For this reason, in the 

future, the sample should be as broad and vary as much as possible and 

containing more failures. 

 

▪ This project provides the basis and methodology of studying the failures for 

the elevator. The next step is to build the database either by recreating the 

faults in the lab or waiting until the equipment fails. 

 

▪ The process of building a database demand time and sources. The primary step 

now is to create a database with failures and a representative sample size that 

provides a more significant model of the failure behavior. Collecting a database 

with the features instead of the raw data can increase the sample size. Next 

suggested features to collect data; i) the relevancy in this project, and ii) 

usability  to calculate other features: Media, Median, Deviation, maximum, 

minimum., sample size, ∑ 𝑦𝑖 and ∑ 𝑦𝑖
2, Frequency peak. 

 

▪ Also, the recommendation before recreating the model is to increase the sample 

size. A different amount of elevators with failure can provide a better 

understanding. And, for example, the elevator could not have similar healthy 

behavior but the same unhealthy behavior. 

 

▪ The type of analysis that can be implemented is always dependent on the kind 

of data. If we want to classy if the failures, then we should have enough failure 
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data. So, it is crucial first to understand; what do you want to obtain from the 

database? And then design the data collection system. 

 

▪ The number of failures should be as many as possible because it would increase 

the capability of the model to predict the failures. The idea is to test the model 

until reach and specificity and accuracy are acceptable by the company. 

 

▪ The application of this methodology is possible for other equipment. Still, 

before the use, I suggest collect enough failure data, and perhaps it is possible 

to use more advanced techniques such as a Remaining useful Life. 

 

▪ The Remaining Useful Life was one of the more exciting models to apply in 

features analysis, but with the low percentage of failures, a good start is the 

anomaly detection. For future implementations, the Remaining useful Life is 

the next step to apply. 
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9. Annex 

Annex 1: Formulas  

1. LDA 

Having a corpus 𝐷 with 𝑀  total document documents. A document d has 𝑁𝑑   words  

where (𝑑 ∈ 1, … … … , 𝑀), LDA models have the following characteristics; 

 

▪ Select a multinomial distribution 𝜑𝑡 for topic 𝑡(𝑡 ∈ {1, … . . , 𝑇}) From a 

Dirichlet distribution with parameter 𝛽. 

▪ Choose a multinomial distribution 𝜃𝑑 for document  𝑑(𝑑 ∈ {1, … . . , 𝑀}) 

From a Dirichlet distribution with parameter 𝛼. 

▪ For a word 𝑤𝑛(𝑛 ∈ {1, … … . , 𝑁𝑑}) In document d.  There are two options in 

this point i) Select a topic 𝑧𝑛 from 𝜃𝑑 and ii) Select a word 𝑤𝑛 frim 𝜑𝑧𝑛 

The probability of the observed data  Dis obtained as represented in equation  

 (9-1) 

𝑝(𝐷|𝛼, 𝛽) = ∏ ∫ 𝑝(𝜃𝑑|𝛼) (∏ ∑ 𝑝(𝑧𝑑𝑛|𝜃𝑑)𝑝(𝑤𝑑𝑛|𝑧𝑑𝑛, 𝛽)

𝑧𝑑𝑛

𝑁𝑑

𝑛=1

) 𝑑𝜃𝑑

𝑀

𝑑=1

 

 

 

 

Where 𝛼 is the parameters of topic Dirichlet, 𝑇 is the number of topics, 𝑀  the 

number of documents; 𝑁 is the Size of the vocabulary. With LDA, the words of the 

documents generate a vocabulary that is applied to discover hidden topics 

 

2. Probabilistic co-occurrence  

The document is simplified to a bag of words considering a set of 𝑛 tern occurrences  

Ⱳ each is the instance of a term 𝑡 in 𝑇 = {𝑡1, … . . 𝑡𝑚}  and each occurrence in a source 

document 𝑑 in a collection 𝐶 = {𝑑1, … . . 𝑑𝑚}. So, 𝑛(𝑑, 𝑡) is the number of occurrence 

of term 𝑡 and 𝑛(𝑡) = ∑ 𝑛(𝑑, 𝑡)𝑑  the number of occurrences 𝑡 and 𝑁(𝑑) = ∑ 𝑛(𝑑, 𝑡)𝑡  

The numbers are term occurrences in 𝑑. The probability distribution can be defined 

as (Wartena, 2010): 
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(9-2) 

𝑸(𝒅) =
𝑵(𝒅)

𝒏
    𝒐𝒏  𝑪 

𝒒(𝒕) =
𝒏(𝒕)

𝒏
    𝒐𝒏  𝑻 

 

 

 

 

3. Embedded methods  

One of the ways to use an embedded method is by LASSO -Least Absolute Shrinkage 

and Selection Operator.  

Lasso provides a linear regression with standardized predictors 𝑥𝑖𝑗 and centered 

response values  𝑦𝑖 for 𝑖 = 1,2, … . . 𝑛 and 𝑗 = 1,2, … . . 𝑝 the lasso solves the 𝑙1-

penalized regression problem of finding 𝛽 = {𝛽𝑗} to minimize 

 

(9-3) 

∑ (𝑦𝑖 − ∑ 𝑥𝑖𝑗𝛽𝑗

𝑗

)

2

+ 𝜆 ∑|𝛽𝑗|

𝑝

𝑗=1

𝑛

𝑖=1

 

 

This is equivalent to minimizing the sum of squares with a constraint of the 

form∑|𝛽𝑗| ≤ 𝑠  

It is similar to ridge regression, which has a constraint ∑ 𝛽𝑗
2

𝑗 ≤ 𝑡 . Because of the 

form of the 𝑙1-penalty, the lasso does variable selection and shrinkage, whereas ridge 

regression, in contrast (Tibshirani, 2011). 

 

Local outliers 

 

(9-4) 

𝐿𝑂𝐹𝑘(𝑝) =
∑

𝑙𝑟𝑑𝑘(0)
𝑙𝑟𝑑𝑘(𝑝)0∈𝑁𝑘(𝑝)

‖𝑁𝑘(𝑝)‖
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Annex 2: Project Overview 

In total, the design strategy can be visualized as follows 

 

 
Project 

kick off 

Historical data 

analysis  
Elevator 

maintenance 

policies 

Where is the 

critical failure in 

elevator? 

Sensor 

implementation  

Features 

classification 

Anomaly detection 

Testing 

Dashboard 

Testig  

Demo Report 

End-

project 


