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This thesis develops a scalable predictive maintenance system for elevator op-
erations by integrating gradient-boosted machine learning models, cloud-based 
automation, and interactive web visualization into a comprehensive end-to-end 
pipeline. A Gradient Boosted Trees (GBT) classifier was trained using PySpark 
and MLflow on the Databricks Lakehouse platform. The trained model was then 
deployed on a cloud-based virtual machine provisioned through the CSC Pouta 
Infrastructure-as-a-Service (IaaS) environment, enabling automated inference 
via scheduled execution. The system continuously monitors failure probabilities, 
triggers alerts based on defined thresholds, and delivers insights through auto-
mated email notifications and an interactive web dashboard built with Flask. The 
key contribution of this project lies in constructing a modular and reproducible 
predictive maintenance pipeline that demonstrates real-world applicability to in-
dustrial equipment monitoring tasks. 
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TAMK Tampere University of Applied Sciences  

TCP Transmission Control Protocol 

TN True Negative, correctly predicted negative class 

TP True Positive, correctly predicted positive class 
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1 INTRODUCTION 
 

 

Predictive maintenance is a cutting-edge strategy that uses sensor data and data 

analysis technology to monitor equipment status in real time, thereby identifying 

potential problems before failures occur. Compared with traditional preventive 

maintenance, predictive maintenance relies on real data from equipment opera-

tion rather than fixed maintenance cycles based on statistical lifespans. Therefore, 

it can arrange maintenance tasks more flexibly and reduce the risk of unplanned 

downtime (KONE, 2025). 

 

As an important part of urban infrastructure, elevator systems are highly sensitive 

to mechanical wear, ambient humidity, vibration and other factors in high-fre-

quency, high-load operating environments. In terms of public safety and continu-

ity of service, any failure can have serious consequences. It has therefore be-

come a critical need to detect and intervene in advance of abnormal conditions 

in key elevator components. Through real-time monitoring and data modelling, 

predictive maintenance can provide more predictive decision support for elevator 

operation and maintenance. 

 

The "24/7	Connected Services" predictive maintenance platform launched by 

KONE and data analysis company Solita demonstrates the powerful potential of 

modern analytical technology in this field. The platform collects equipment status 

data in real time based on IoT sensors, then combines cloud analysis with ma-

chine learning models to analyse and model abnormal fluctuations in elevator 

operation. Based on available case data, the deployment of the platform was as-

sociated with a 40%	reduction in maintenance requests, a 50% decrease in pas-

senger entrapment incidents, and early identification of approximately 70% of 

faults (Solita, 2025). 

 

The strength of such predictive systems lies in the ability to establish a data-

driven loop that spans sensor data collection, model-based risk analysis, auto-

mated alerts, and visualization feedback. This thesis aims to design and imple-

ment a fully integrated predictive maintenance system for elevator equipment. 
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The system covers the complete pipeline from data ingestion, cleaning, and fea-

ture engineering to model training, remote deployment, scheduled execution, and 

real-time alerting. Furthermore, it provides a web-based interface to visualize 

equipment health status. With GBTClassifier as the central prediction model, and 

utilizing technologies such as the Databricks Lakehouse architecture, MLflow for 

experiment tracking, CSC Pouta for cloud deployment, and Flask for web visual-

ization, this project delivers a practical, reproducible, and scalable solution for 

intelligent maintenance with broader potential for industrial applications. 

 

In conclusion, the application of predictive maintenance in elevator systems is 

becoming increasingly feasible with the advancement of IoT and AI technologies. 

By building an end-to-end system with automation and visualization capabilities, 

this project aims to enhance equipment reliability and operational safety while 

contributing to the digital transformation of urban infrastructure maintenance. 
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2 PROJECT BACKGROUND AND KEY TECHNOLOGIES 
 

 

2.1 Project Objective and Scenario 
 

This project aims to develop a predictive maintenance system for elevator oper-

ations, capable of providing end-to-end automation from sensor data to failure 

warning. The system utilizes sensor data collected through IoT, and a supervised 

machine learning model is trained to predict potential failures in elevator door 

mechanisms. Data processing and model development are conducted on the 

Databricks Lakehouse platform, which provides scalable computation and ver-

sion-controlled support for the entire pipeline. 

 

The architecture includes data processing, model training, automated deploy-

ment, and visualization. All automated through scheduled tasks on a CSC Pouta 

cloud server, a cloud-based IaaS environment, and is capable of hourly auto-

mated inference and remote alerting.  

 

By combining IoT sensing, machine learning, and web-based reporting, this so-

lution provides a scalable framework for predictive maintenance in industrial en-

vironments where safety and uptime are critical. 

 

 

2.2 Predictive Maintenance in Elevator Industry 
 

Predictive maintenance is a proactive strategy that utilizes sensor data and ana-

lytical models to detect early signs of equipment degradation before actual fail-

ures occur. By continuously monitoring the operational status of mechanical sys-

tems and analysing patterns over time, it enables timely interventions that can 

significantly reduce unexpected downtime and maintenance costs (Mobley, 

2002). 

 

In the elevator industry, where equipment reliability and passenger safety are 

critical, traditional reactive or periodic maintenance strategies are no longer suf-

ficient. Sudden failures in elevator doors can lead to service disruptions, safety 
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hazards, and customer dissatisfaction. Vibration monitoring has emerged as a 

core enabler of predictive maintenance in elevator systems. By continuously re-

cording motor vibration patterns and analysing deviations from standard behav-

iour, maintenance teams can detect mechanical issues.  

 

 
Picture 1. Predictive Maintenance Framework in Elevator Systems 

(Yordanov & Britannica, Predictive Maintenance in Lift Systems & Elevator 

Components, 2023; 2007) 

 

As illustrated in PICTURE	1, modern predictive maintenance frameworks integrate 

IoT sensors, machine learning models, and real-time automated responses to 

deliver a complete monitoring and alerting cycle. This approach not only reduces 

safety risks but also enables data-driven decision-making for long-term reliability 

and cost efficiency in elevator operations (Yordanov, Lift Motor Monitoring and 

Real time Failure Prevention Predictive Maintenance of Lift Installations, 2023). 

 

 

2.3 Dataset and Development Environment 
 

The dataset used in this project is the Elevator Predictive Maintenance Dataset, 

which is provided by Huawei German Research Centre and publicly released on 

the Kaggle platform. This dataset is collected from various IoT sensors of the 
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elevator door opening and closing system, covering key parameters such as mo-

tor rotation speed, environmental humidity, and physical vibration. It is mainly 

used to evaluate and model the health status of elevator door components in 

predictive maintenance scenarios. 

 

 
Picture 2. Histograms of Revolutions, Humidity, and Vibration 

 

The data is recorded in a sequence with a frequency of 4Hz, covering the daily 

peak and night operation period from 16: 30	to 23: 30. The raw data is provided 

in CSV format, with the file name predictive_maintenance. csv, containing a total 

of 112,001	rows and 9 columns. All the variables in the table are numerical. The 

target variable is Vibration, and the other parameters related to the device are 

Revolutions, the humidity of the environment, and 	5	anonymous sensors x1– x5. 

 

 
Picture 3. Raw Data Summary and Missing Value in the Vibration Column 

 

Model development and experimentation were created on the Databricks Lake-

house platform, a cloud-native environment built on Apache Spark. This platform 

offers scalable computation, integrated notebook support, and built-in version 

control. In the development process, raw CSV data were uploaded to the Data-

bricks File System (DBFS). The Spark runtime automatically inferred column 

types and supported downstream operations like missing value handling, feature 

engineering, and model training. 
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Faced with limited computing resources on the Databricks Community Edition, 

including limited RAM and a single-node runtime, the project applied data sam-

pling and streamlined transformation steps. Although the platform has these lim-

itations, it still supports a full pipeline from data ingestion to model export, ensur-

ing reproducibility and consistency throughout the process. 

 

 
Picture 4. Data File Storage Structure in the Databricks Lakehouse Platform 

 

In addition, the project integrates several essential Python libraries to support 

analytics and visualization tasks. PySpark was used for data preprocessing and 

model training, while MLflow handled the tracking of experiments and model ver-

sions. For local data manipulation, the project relied on Pandas and NumPy, and 

exploratory data analysis was conducted using Matplotlib and Seaborn. Evalua-

tion metrics and ROC curve generation were carried out with the help of scikit-

learn. All these components were seamlessly coordinated within the Databricks 

notebook environment, enabling a modular, maintainable, and fully end-to-end 

machine learning workflow. 

 

 

2.4 Data Platform and Architecture 
 

Predictive maintenance systems involve a large amount of high-frequency data 

from IoT sensors, requiring a platform that not only offers efficient processing 

capabilities but also supports modelling, analysis, and visualisation. The Lake-

house model combines the flexibility of a data lake with the transactional con-

sistency of a data warehouse, enabling the full data collection process, storage, 

analysis, modelling and deployment (Michael Armbrust, 2020). This architecture 

is particularly suitable for heterogeneous data processing and machine learning 
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training tasks in industrial scenarios, significantly reducing engineering complex-

ity and latency associated with traditional multi-platform setups. 

 

 

2.4.1 Databricks Lakehouse 
 

Databricks Lakehouse is a unified data architecture that combines the elasticity 

of a data lake with the strong transactional support of a data warehouse. In tradi-

tional architectures, data lakes are good at storing massive amounts of unstruc-

tured data, but do not support transactional consistency or optimized query per-

formance; while data warehouses are suitable for structured data analysis, they 

are often limited in scalability and flexibility compared to modern architectures. 

Lakehouse uses Delta Lake technology to overlay a transactional metadata man-

agement mechanism on top of the data lake, implementing advanced features 

such as ACID transactions and Schema evolution (Armbrust, et al., 2020). 

 

Lakehouse supports efficient reading and updating of sensor data, allowing fea-

ture generation, label construction, and iterative training in the model training pro-

cess to be performed under a unified data view. Its powerful version control also 

ensures data consistency between different model experiments, thereby signifi-

cantly improving the stability and tuning efficiency of the prediction model. 

 

 
Picture 5. Lakehouse Architecture: Unifying Data Lakes and Data Warehouses  

                (Databricks, 2024) 
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Lakehouse combines the advantages of data warehouse and data lake in terms 

of function, as shown in PICTURE	5, on the left, the traditional data warehouse 

supports BI reports and SQL queries for structured data; the data lake on the right 

is suitable for large-scale unstructured data, stream processing and machine 

learning. Lakehouse, as an intermediate fusion platform, supports unified 

metadata governance, security control and cross-platform analysis, and improves 

the consistency of modelling and the transparency of data processing in elevator 

predictive maintenance tasks. 

 

 

2.4.2 Data Architecture 
 

In the Databricks platform, there are two main ways to store data: Databricks File 

System and Delta Table. In the early stages of this project, the raw sensor data 

was uploaded to the path /FileStore/tables/	in DBFS in CSV file format and read 

in the form of Spark DataFrame. This method has the characteristics of low entry 

threshold and flexible reading, which is suitable for prototype development and 

initial modeling. However, as data cleaning and model iteration go deeper, the 

demand for transaction consistency, version control, and data tracking gradually 

increases. At this point, Delta Table provides more powerful support. It is built on 

Apache Parquet and enhances the ACID transaction features, supporting time 

travel, automatic schema evolution, and fine-grained data governance capabili-

ties (Brenner Heintz, 2019). 

 

 
Picture 6. Delta Lake Bronze–Silver–Gold Architecture 

               (Databricks, Productionizing Machine Learning with Delta Lake, 2019) 

 

Delta Table organizes data in a three-layer structure of "Bronze-Silver-Gold": the 

bronze layer is responsible for the access and persistence of raw data, the silver 
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layer is responsible for filtering, cleaning and replenishment, and the gold layer 

is used for aggregation, modelling and visual analysis. This structure makes the 

data engineering process clearer and greatly improves the stability of model train-

ing and online prediction. 

 

In terms of resource control, the community version of Databricks has restrictions 

on DBFS storage space and does not support automatic version control, while 

Delta Table has stronger fault tolerance and concurrency performance in the en-

terprise version. DBFS is initially used for development and debugging, and the 

modelling and prediction processes are migrated to the Delta table structure to 

achieve more stable maintainability and engineering standardization. 

 

 

2.5 Modelling Concepts and Design 
 

The supervised learning workflow covered all key steps needed for predictive 

modelling, including feature construction, model selection, training control, and 

performance evaluation. A Gradient-Boosted Trees (GBT) classifier was chosen 

as the main model; it can handle complex feature sets and maintain strong gen-

eralization. To help the model recognize patterns in time-series data more effec-

tively, lag features were created using a sliding window technique. This approach 

allowed the model to learn from recent historical trends in sensor readings, mak-

ing it more responsive to gradual changes in equipment condition. 

 

 

2.5.1 EDA and Feature Engineering Concepts 
 

In machine learning projects, EDA (Exploratory Data Analysis) is a key pre-step 

in the modelling process, mainly used to understand data distribution, discover 

potential relationships between variables, and identify missing values and outliers 

(malamahadevan, 2025). In this project, EDA was applied to the visual analysis 

of elevator sensor data to help identify the main variables that affect equipment 

performance, such as the obvious upward trend of vibration before equipment 
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failure. By drawing histograms and correlation heat maps, it was preliminarily de-

termined that there was a strong negative correlation between vibration and re-

maining life. This finding directly determined the solution for feature construction. 

 

 
Picture 7. Exploratory Data Analysis: A Critical Step Before Modelling 

                (MarkovML, 2024) 

 

Exploratory data analysis serves as a bridge between raw data collection and 

meaningful inference. Within this project, EDA played a similar role by uncovering 

early signals of degradation through statistical visualization, helping to identify the 

strong correlation between vibration levels and the remaining useful life (RUL) of 

elevator components. 

 

Lag features refer to using variable values at several moments in the past as 

inputs at the current moment. Feature engineering involves creating new features 

from the existing data to enhance the model (Baig, Canamusa, Leskinen, 

Happonen, & Leppänen, 2025). For instance, the current vibration value may re-

flect not just the present state of the system but also be influenced by changes 

that occurred in the previous 3 to 5 seconds. By constructing variables such as 

vibration_lag_1	and vibration_lag_2, the model can learn and capture the dynamic 

changes in the equipment state, which can more accurately predict future trends. 

 

In International Standards about condition monitoring and diagnostics of ma-

chines, RUL is defined as remaining time before system health falls below a de-

fined failure threshold, or before the system passes into a state in which it needs 

to be repaired or replaced (Katser, 2023). On the other hand, the project uses 
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Remaining useful life as one of the core indicators for fault prediction. RUL rep-

resents the available time between the current moment and the complete failure 

of the equipment. Each time series sample is counted backward until its corre-

sponding vibration exceeds a set threshold such as 1.0, and then the remaining 

number of cycles is calculated as the RUL value. Creating RUL enhances the 

model’s sense of temporal dynamics and enables the transformation of binary 

fault labels into continuous regression targets. 

 

Through the above feature engineering process, the original elevator sensor data 

is effectively structured and converted into a high-dimensional input tensor con-

taining historical dynamics and fault trends, which provides effective input infor-

mation for GBTClassifier model training. 

 

 

2.5.2 Implementation of GBTClassifier Model in PySpark 
 

Gradient Boosted Trees (GBT) is an ensemble learning method based on an ad-

ditive model. It gradually approximates the target function by serially combining 

multiple weak learners, usually shallow decision trees. It is one of the most widely 

used nonlinear modelling techniques in industrial predictive maintenance (Chen, 

Huang, Cohn, Zhang, & Zhou, 2022). Compared with traditional single decision 

trees, GBT can better handle complex interactions between features and has 

stronger robustness when facing high-dimensional and noisy data. Therefore, it 

is particularly suitable for device status prediction tasks in IoT scenarios. 

 

The project utilises GBTClassifier from the pyspark.ml. classification	module, ex-

ecuted on the Databricks-based PySpark framework. The model improves its pre-

dictive accuracy by successively fitting new decision trees to correct the residuals 

of prior iterations. In the specific implementation process, sensor data under mul-

tiple historical time windows are integrated into feature vectors and standardized 

to enhance the convergence efficiency of the model. Finally, the binary classifi-

cation modelling of "fault" and "non-fault" states is completed in combination with 

GBTClassifier 

 



17 

 

The final model evaluation used AUC and ROC curve indicators. The results 

showed that the GBT model has good predictive ability in identifying potential 

elevator door failures, verifying its application value in predictive maintenance 

(Databricks, pyspark.ml.classification.GBTClassifier, 2025). 

 

 

2.5.3 MLflow for Experiment Tracking 
 

In the process of machine learning modelling, experimental management is to 

ensure model repeatability and result traceability. MLflow is an open-source ma-

chine learning lifecycle platform designed for managing experimental processes. 

It supports parameter recording, result indicator tracking, model version control, 

and visual management (Databricks, 2025). 

 

During the development of the elevator predictive maintenance system, MLflow 

was integrated into the Databricks platform to automatically record each 

GBTClassifier training process, including key information such as input feature 

dimensions, training set ratio, AUC value, and recall rate. All experimental data 

is uniformly stored in the Databricks experiment page and can be viewed intui-

tively through the Web UI.  

 

 
Picture 8. MLflow Tracking of GBTClassifier Training Runs 

 

This MLflow interface on Databricks Community Edition clearly records each run 

of the GBTClassifier model training process, including feature dimensions, eval-

uation metrics, and run durations. The final model persisted and exported via 
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MLflow's model management and successfully deployed to the remote Pouta 

cloud platform. 

 

 

2.5.4 Evaluation Metrics: AUC, ROC, Confusion Matrix 
 

To evaluate the performance of the GBTClassifier model in predicting whether an 

elevator equipment is about to fail, a variety of classification evaluation indicators 

are used. The most critical ones include AUC (Area Under Curve), ROC (Re-

ceiver Operating Characteristic) curve and confusion matrix. 

 

AUC represents the area under the ROC curve, which is used to measure the 

model's ability to distinguish between positive and negative samples at different 

thresholds. The closer the AUC is to 1, the better the performance (Fawcett, 

2006). 

 

The confusion matrix shows the four prediction results of TP, TN, FP, and FN, 

which can be further calculated for accuracy, recall, and precision. Considering 

the imbalance of data, recall is particularly important to reduce the risk of missing 

faults. (Takaya Saito, 2015) 

 

                                                                                                                           (1) 

																																												𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦	 = 	 (𝑇𝑃	 + 	𝑇𝑁)	/	(𝑇𝑃	 + 	𝑇𝑁	 + 	𝐹𝑃	 + 	𝐹𝑁)			

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	 = 	𝑇𝑃	/	(𝑇𝑃	 + 	𝐹𝑃)			

						𝑅𝑒𝑐𝑎𝑙𝑙	 = 	𝑇𝑃	/	(𝑇𝑃	 + 	𝐹𝑁) 

 Where: 

 
TP (True Positive): Number of correctly predicted positive instances 

TN (True Negative): Number of correctly predicted negative instances 

FP (False Positive): Number of negative instances incorrectly predicted as positive 

FN (False Negative): Number of positive instances incorrectly predicted as negative 

 

These metrics provide a comprehensive evaluation of the model's classification 

performance. And these indicators also ensure the GBTClassifier is both effective 

and reliable for predictive maintenance applications. 
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2.6 Cloud Platform and Scheduling 
 

Cloud platforms and scheduling tools play a critical role in operationalizing ma-

chine learning models. This section presents the cloud deployment strategy using 

CSC Pouta and explains how Cron is used to schedule regular inference jobs in 

prediction task scheduling. 

 

 

2.6.1 CSC Pouta and IaaS 
 

This project uses CSC Pouta, the Finnish national scientific cloud computing plat-

form, which is built on OpenStack and provides elastic cloud resources in the 

Infrastructure as a Service (IaaS) model. Users can create virtual machine in-

stances according to project requirements, configure CPU, memory, and storage 

resources, and remotely manage the model deployment environment through 

SSH. 

 

Pouta's community cloud cPouta is particularly suitable for academic research, 

with good security isolation and resource visualization management interface. It 

supports data volume mounting, persistent storage and public network access, 

which greatly facilitates the transfer process of machine learning models from 

local training to online deployment (CSC – IT Center for Science, 2025). 

 

With IaaS mode, users do not need to worry about the maintenance of the under-

lying hardware but only need to use computing and storage resources on demand, 

with good scalability and deployment flexibility (Jyväskylä University of Applied 

Sciences, 2025). In this project, the trained GBTClassifier model is encapsulated 

and uploaded to the Pouta instance to achieve remote real-time inference. 

 

 

2.6.2 Cron and Cron Job Scheduling 
 

In cloud deployment, the model's inference tasks need to be executed regularly 

at a fixed frequency to achieve continuity and automation of predictive mainte-

nance. To this end, the system uses Cron, a classic task scheduling tool in the 
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Linux operating system, to manage the periodically running inference script 

	predict_with_model. py. 

 

Cron is a built-in job scheduler commonly used in Unix-like operating systems, 

designed to execute predefined scripts or commands automatically based on a 

fixed timetable. Its scheduling mechanism is controlled through the crontab con-

figuration file, where time expressions follow a “minute-hour-day-month-weekday” 

syntax. This format enables flexible scheduling options, allowing tasks to run on 

an hourly, daily, weekly, or monthly basis (Ubuntu Community, 2016).  

 

Within the current setup, the inference script is triggered precisely at the start of 

every hour. The execution output is appended to a local log file, while a built-in 

mail notification system forwards the job status to a designated email address. 

This integration not only improves system traceability but also enhances long-

term maintainability in unattended environments. 

 

 

2.7 Web Interface and Visualization 
 

To enhance the usability and responsiveness of the predictive maintenance sys-

tem, this project developed a browser-accessible web interface that displays 

model inference results in the form of charts and interactive tables. The interface 

enables real-time status feedback for maintenance teams, transforming raw pre-

diction outputs into actionable insights. 

 

 

2.7.1 Flask as the Backend Framework 
 

As a backend development framework, Flask is a micro web framework written 

in Python. It has the advantages of flexible development, clear structure, few de-

pendencies, and easy deployment. It is suitable for quickly building lightweight 

data service interfaces (Grinberg, 2018).In this project, Flask is used to build the 

model output interface and front-end rendering logic. By encapsulating the API 

interface, the backend can return the model inference results in JSON format and 

pass it to the front-end page for dynamic rendering. 
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In addition, the template engine Jinja2 provided by Flask supports HTML pages 

to embed dynamic variables, and combined with JavaScript plug-ins such as 

DataTables, it can realize interactive functions such as data paging, sorting, and 

keyword search. The project uses the Flask Blueprint module to organize various 

functional routes, and divides different page functions into independent sub-mod-

ules, such as forecast table view, trend analysis view, and high-risk warning view 

to achieve clear layering and easy scalability of code logic. 

 

 

2.7.2 Development with Gunicorn 
 

Gunicorn, as a WSGI (Web Server Gateway Interface) compatible web applica-

tion server, wraps the Flask application as a sustainable backend service. Guni-

corn was adopted as the WSGI-compliant production server. Gunicorn is a Py-

thon HTTP server known for its efficiency and ability to handle concurrent re-

quests via multi-process architecture (Gunicorn Developers, 2025). TCP port 

5000 is pre-opened in the server security group to ensure that the front-end page 

can access the service through the public network address. 

 

By combining Flask for rapid backend development and Gunicorn for production-

grade deployment, the system achieves both ease of implementation and opera-

tional robustness, delivering a responsive and maintainable web visualization 

module that supports real-time predictive maintenance feedback. 

 

This chapter outlines the main design goals of the project, introduces the dataset, 

and details the entire modelling process. It also provided a clear overview of the 

technical platforms and system architecture involved. 
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3 SYSTEM IMPLEMENTATION 
 

 

3.1 End-to-End System Workflow 
 

This section provides a detailed overview of the end-to-end system workflow de-

veloped for predictive maintenance of elevator operations. The solution inte-

grates multiple critical stages including data preparation, feature engineering, 

model training, cloud deployment, automation, and real-time inference, to form 

an end-to-end solution. 

 

 
Picture 9. End-to-End Predictive Maintenance System Workflow: from IoT-based 

data collection and model training to cloud deployment, automation, and real-time 

API-based inference. 

 

As illustrated above, this modular and technology-integrated design ensures 

scalability and reproducibility while enabling a seamless transition from IoT sen-

sor data collection to actionable maintenance insights. The following subsections 

will describe each major phase in detail, starting with data cleaning and prepro-

cessing on the Databricks platform. 



23 

 

3.2 Data Cleaning and Preprocessing on Databricks  
 

The raw data generated from IoT devices is loaded into the Databricks Lake-

house platform, where initial data integrity checks and preliminary cleaning oper-

ations are performed. An analysis of the raw dataset revealed that the vibration 

column contained a considerable number of missing values (NaN), totally 

2,438	rows. Given that vibration is the key target variable in the prediction task, 

imputing or interpolating missing values may lead to statistical bias and affect the 

reliability of the model outcomes. Therefore, this project deleted the rows con-

taining missing values. The original raw data set was cleaned using Spark's 

dropna(	)	method, and the data volume was reduced from the initial 112,001	rows 

to 109,563	rows, and a total of 2,438	rows with missing values were removed. 

 

 
Picture 10. Data Cleaning Result After Removing Missing Vibration Values 

 

In terms of feature selection, this project retains the ID as the sequence index 

and selects revolutions, humidity, and vibration as input feature columns. The 

time series sliding window features will be constructed based on these three later. 

To generate the label variables required by the model, the project uses the con-

cept of "Remaining Useful Life" (RUL). The global maximum value of vibration is 

obtained through the window function, and based on this, the RUL of the current 

record is calculated:  

 

                                 RUL = max(vibration) - vibration.                                      (2) 

 

To convert the continuous RUL into a binary label, the threshold is set to 30. 

When the RUL of a record is less than or equal to 30, it is marked as a potential 

fault (label = 1), otherwise, it is marked as a normal state ( label = 0). 
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To further advance the modelling time series, the project adopts a sliding window 

strategy to construct lag features with a length of 40. For each input variable, a 

delayed version of the past 40 − time steps is generated, forming a total of 120 

feature columns. Since the sliding window operation will cause the previous part 

of the sample to lose necessary historical data, resulting in missing values in the 

newly generated feature column, the dropna(	)	 method is used again to clear 

these incomplete sample records. 

 

After completing the construction of the lagged features, the project uses Vec-

torAssembler to merge all lagged variables into a column of feature vectors as-

sembled_features to meet the model's input requirements for a unified feature 

structure. The feature vector is standardized through StandardScaler to generate 

an input vector features with a unified numerical scale for model training. This 

process enhances the model's ability to capture time series trends and improves 

the numerical stability of feature expression. 

 

 

3.3 Model Training and Evaluation 
 

After completing the feature engineering process, a binary classification model 

was built using the GBTClassifier from PySpark's MLlib. The goal of the model is 

to predict whether a given equipment state indicates the need for maintenance 

(label	 = 	1). The modeling process was encapsulated using a Pipeline structure, 

which consisted of three main stages: feature vector assembly via VectorAssem-

bler, feature standardization using StandardScaler. To evaluate the model's gen-

eralization ability, the dataset was randomly split into training and testing sets in 

a 9: 1	ratio. This approach ensures that the model is trained on most of the data 

while maintaining an independent subset for unbiased performance evaluation. 

 

To enable complete traceability of the training process and reproducibility of re-

sults, the project integrated MLflow to track key elements such as model hyperpa-

rameters, performance metrics, and model artifacts. After training, the model had 

persisted in the native Spark ML format and stored at the specified path 

/FileStore/models/gbt_pipeline_model/. This storage format preserves the entire 

pipeline structure, including preprocessing steps and the trained GBTClassifier, 
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ensuring that the model can be reloaded and reused without loss of configuration. 

The model was successfully reloaded using PipelineModel. load(	), confirming the 

integrity of the saved artifact and validating the effectiveness of the persistence 

and restoration process. This workflow allows for seamless model versioning, au-

diting, and future deployment in production environments. 

 

 
Picture 11. Reloading the Trained Model and Prediction Probabilities 

 

The model demonstrated strong predictive performance on the test set, which 

consisted of 11,072	samples. And 10,506	samples were predicted as "no mainte-

nance required" (label	 = 	0), while 566 samples were predicted as "maintenance 

required" (label	 = 	1). 

 

A detailed analysis of the confusion matrix reveals that the model correctly iden-

tified 562 positive samples and 10,505	negative samples, with only 4 false posi-

tives and 1 false negative. These results indicate that the model achieves both 

high precision and high recall, particularly in detecting maintenance-required 

cases. 

 

In addition, the model achieved an Area Under the ROC Curve (AUC) value close 

to 0.99,	as evaluated using the BinaryClassificationEvaluator. This suggests that 

the classifier possesses a high discriminative ability between the two classes. 
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The low rate of misclassification further confirms the model's robustness and suit-

ability for real-world predictive maintenance applications, where minimizing both 

false alarms and missed detections is critical. 

 

 
Picture 12. Prediction Result Distribution 

 

The model showed very strong performance in the elevator fault prediction task. 

It reached high accuracy and recall while keeping the false alarm rate low. The 

model correctly identified almost all the cases that required maintenance, with 

only a very small number of false negatives. This makes the model both reliable 

and useful in real-world applications, especially in scenarios where missing a fault 

could lead to safety issues. Its good balance between correct predictions and low 

false alerts also suggests that it's a strong option for deployment in practical 

maintenance systems. 

 

 

3.3.1 Model Export and Migration to CSC Pouta 
 

After completing model training and validation, the trained GBT pipeline model 

was exported and compressed for reuse and deployment on the CSC Pouta cloud 

platform. Due to path restrictions in the Databricks Community Edition, the model 

could not be directly downloaded from the default DBFS location. To work around 

this, the model was first copied to a temporary local directory /tmp, compressed 

into a . zip file, and then uploaded to a DBFS path that supports browser-based 

access. This made it possible to download the model externally and prepare it for 

cross-platform deployment. 
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The trained Spark ML pipeline model was first saved locally at /tmp/

gbt_pipeline_model_local using mlflow. spark. save_model(	)	as part of the export 

workflow. After the model was saved, the entire directory was compressed into 

a . zip	file with the help of Python’s shutil module. A compressed archive was 

created using the shutil. make_archive(	)	command. 

 

Once the . zip	file was generated, it was transferred from the local file system 

back into the Databricks environment using the dbutils. fs. cp(	)	command. The 

destination path was set to /FileStore/models/gbt_pipeline_model. zip, which 

supports access through a web browser. The file in a public directory, it became 

available for external download or transfer to the target deployment platform. 

 

 
Picture 13. Saved Model Directory and Compressed Archive in DBFS 

 

To ensure compatibility across different runtime environments, the model export 

directory includes a set of metadata files automatically generated during the sav-

ing process. These files consist of MLmodel, conda. yaml, python_env. yaml, and 

requirements.txt, each describing the package dependencies, environment con-

figurations, and entry points required for model loading. 

 

 
Picture 14. Exported Spark ML Model Structure Generated by MLflow 
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After uploading the compressed model, the .zip file was downloaded and ex-

tracted on the target platform. The saved folder included all necessary files and 

environment info, so the model could be restored directly using 

PipelineModel. load(	)	 without manually reinstalling any dependencies. 

 

The process confirmed that the Spark ML pipeline could run smoothly outside the 

original development environment. The files generated by Databricks MLflow, in-

cluding dependency records and entry points, ensured that the model could be 

reused without compatibility issues during transfer. 

 

 

3.3.2 Environment Setup on CSC Pouta 
 

To deploy and run the Spark-based prediction model on the Pouta cloud platform, 

the required operating environment was manually configured in an 

Ubuntu	22.04	virtual machine instance, which was named 𝑚𝑜𝑑𝑒𝑙 − 𝑣𝑚	for clarity. 

After the basic setup, a floating public IP address 195.148.21.75	was assigned to 

the instance, and port 22 was opened in the security group settings to allow SSH 

access from outside the network. Since the default image did not include Java or 

Spark, the environment had to be configured from scratch to support the loading 

and execution of the PySpark model. 

 

Spark is a distributed computing framework built on Java. Its operation depends 

on the Java Virtual Machine (JVM). The first step is to install the Java Develop-

ment Kit. Use the commands 𝑠𝑢𝑑𝑜	𝑎𝑝𝑡	𝑢𝑝𝑑𝑎𝑡𝑒	and 𝑠𝑢𝑑𝑜	𝑎𝑝𝑡	install openjdk-11-

jdk -y to install the Java Development Kit to provide a basic operating environ-

ment for Spark. 

 

A stable version of Spark compatible with Hadoop	3	was selected from the official 

Apache Spark website. In this project, the version 𝑠𝑝𝑎𝑟𝑘 − 3.5.5 − 𝑏𝑖𝑛 −

ℎ𝑎𝑑𝑜𝑜𝑝3	was used. The corresponding . 𝑡𝑔𝑧	installation package was uploaded 

to the home directory of the virtual machine using the 𝑠𝑐𝑝 command. Once up-

loaded, the package was decompressed using tar −𝑥𝑣𝑧𝑓	to obtain the complete 

Spark installation directory. 
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To simplify access and standardize execution paths, the extracted Spark direc-

tory was relocated to /𝑜𝑝𝑡/𝑠𝑝𝑎𝑟𝑘.  ~/. 𝑏𝑎𝑠ℎ𝑟𝑐	file was then modified to include 

the 𝑆𝑃𝐴𝑅𝐾_𝐻𝑂𝑀𝐸	and 𝐽𝐴𝑉𝐴_𝐻𝑂𝑀𝐸	variables, along with an updated PATH. Af-

ter applying the changes with source	~/. 𝑏𝑎𝑠ℎ𝑟𝑐, the Spark CLI tools became ac-

cessible from the terminal. 

 

 
Picture 15. Spark Environment Configuration on CSC Pouta 

 

As part of the verification process, the spark-shell command was executed to 

launch the Scala-based interactive environment. The session started normally, 

indicating that the Spark installation and environment configuration had taken ef-

fect as expected. To enable model operations via PySpark, the Python API for 

Apache Spark was installed using pip install PySpark, ensuring that the environ-

ment could support pipeline loading and inference in subsequent steps. 

 

At this point, the cloud platform has complete dependencies such as Java, Spark, 

and PySpark, meeting the requirements for loading and performing inference with 

Spark Pipeline models. 

 

 

3.3.3 Model Loading on CSC Pouta 
 
After completing the construction of the operating environment, the project loaded 

the GBT Pipeline model exported from Databricks into the CSC Pouta virtual ma-

chine to achieve cross-platform deployment verification. The model file gbt_pipe-

line_model.zip was first uploaded from the local to the main directory of the virtual 

machine using the 𝑠𝑐𝑝 command and then unzipped to obtain the standard Spark 

PipelineModel file structure. This structure includes the 𝑚𝑒𝑡𝑎𝑑𝑎𝑡𝑎/	directory and 

the 𝑠𝑡𝑎𝑔𝑒𝑠/	 subdirectory, the latter of which contains three stage modules in turn: 

𝑉𝑒𝑐𝑡𝑜𝑟𝐴𝑠𝑠𝑒𝑚𝑏𝑙𝑒𝑟 , 𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑𝑆𝑐𝑎𝑙𝑒𝑟 , and 𝐺𝐵𝑇𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟 , which completely re-

tains the model parameters and processing logic in the original training process 
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Picture 16. Structure of a Saved Spark ML Pipeline Model 

 

To verify the callability of the model in the PySpark environment, the project suc-

cessfully loaded the model in the configured Spark environment using from 

pyspark.ml import PipelineModel and calling PipelineModel.load 

𝑔𝑏𝑡_𝑝𝑖𝑝𝑒𝑙𝑖𝑛𝑒_𝑚𝑜𝑑𝑒𝑙. No error messages of missing dependencies or abnormal 

paths appeared during the loading process, indicating that the exported Spark 

Pipeline model has good cross-platform compatibility and structural consistency. 

 

 
Picture 17. Loading and Verifying a PipelineModel in PySpark 

 

This experiment verified that the model can still be successfully loaded and rec-

ognized after being migrated from the Databricks community environment to a 

standalone server, realizing cross-platform deployment of the model. It also pre-

pared a technical foundation for subsequent prediction verification and automa-

tion, demonstrating the reusability of Spark ML Pipeline in real scenarios. 
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3.4 Model Execution Automation and Scheduling  
 

The project began to implement the automated prediction capabilities of the pre-

dictive maintenance model, a Python script named 𝑝𝑟𝑒𝑑𝑖𝑐𝑡_𝑤𝑖𝑡ℎ_𝑚𝑜𝑑𝑒𝑙. 𝑝𝑦	was 

designed and executed on the Pouta cloud server. This script serves as the entry 

point for invoking the trained model and generating real-time inference results 

based on newly received data. 

 

The script first initializes the Spark session and loads the original CSV data file 

predictive − maintenance. csv, which is consistent with the data source during 

model training, to ensure that the feature structure and data format are strictly 

aligned with the expected input of the model. Although new data collected from 

the IoT sensor system should be used in a real deployment environment, the 

main purpose of this process is to verify the integrity of the model deployment 

and whether the running logic is smooth. Therefore, the same data set as the 

training phase is selected as the test input to eliminate problems caused by data 

differences. 

 

 

3.4.1 Automated Prediction Script Design and Execution 
 

Focusing on the three core input variables revolutions, humidity, and vibration, 

the script constructs lag features using a 40 − step	sliding window, exactly mir-

roring the sequence modelling strategy applied during training. This temporal 

transformation allows the system to capture trends and fluctuations in the time 

series. After feature construction, the . dropna(	)	 method is applied once again to 

remove any incomplete records caused by the windowing process, ensuring that 

every sample includes a full set of historical features. 

 

Once the data preparation was complete, the script proceeded to load the Spark 

Pipeline model previously exported from Databricks and deployed on the CSC 

Pouta cloud virtual machine. Using the command PipelineModel.load  

𝑔𝑏𝑡_𝑝𝑖𝑝𝑒𝑙𝑖𝑛𝑒_𝑚𝑜𝑑𝑒𝑙, the full model structure was successfully restored and ap-

plied to the current dataset for prediction. The inference process returned two key 
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fields: prediction, indicating the binary classification result, and probability, con-

taining the probability vector associated with both classes. 

 

To enhance the interpretability of the output for risk assessment, a user-defined 

function (UDF) was applied to extract the probability value associated with label	1, 

indicating potential failure. This value was stored in a new column, prob_1, serv-

ing as a risk score to quantify the likelihood of maintenance needs.  

 

As a subsequent step aimed at improving data accessibility and integration, the 

script regenerated sequential IDs using the monotonically_increasing_id(	)	 

method and introduced a categorical risk_level field, classifying prob_1	into Low, 

Medium, and High based on predefined thresholds. The results were converted 

from a Spark DataFrame to a Pandas DataFrame and exported as a CSV 

filepredict_output. csv, structured for seamless integration into the web front-end. 

 

 

3.4.2 Scheduled Execution via Cron Jobs 
 

To achieve the continuous automatic operation of the elevator fault prediction 

system in actual application scenarios, this project configured a Cron-based 

scheduled task scheduling system on the Pouta cloud server. This function can 

ensure that the prediction task is executed on time and the operation results are 

automatically sent to the specified mailbox for remote monitoring and operation 

and maintenance response. 

 

First, the mail service component mailutils is installed in the Ubuntu virtual ma-

chine to implement the system's internal mail sending function. During the instal-

lation process, the system pops up the Postfix configuration interface, and the 

project selects the "Internet Site" mode to enable external mail communication 

based on the SMTP protocol.  
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Picture 18. Postfix Configuration Interface 

 

Internet Site means that this server will send emails directly via the SMTP proto-

col. In this mode, the virtual machine will be regarded as a host that can send 

mails directly through SMTP, which is suitable for sending monitoring task notifi-

cation emails. 

 

Use the crontab	 − e	command to edit the current user's scheduled task list. To 

automatically execute the prediction script	predict_with_model. py	every hour, 

add the following scheduling command to Crontab: 

 
Picture 19. Scheduled tasks and email notification settings in Crontab 
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This command means that the system will execute the prediction script once 

every hour and save the output information to the log file predict_hourly. log. If 

there is any standard output or error output during the script running, the system 

will automatically send it to the mailbox to achieve the perception of the running 

status and the traceability of operation and maintenance. 

 

 

3.4.3 Email Notification and Remote Monitoring 
 

To verify the effectiveness of automation and notification, the project continuously 

observed the email triggering. As shown in PICTURE	20,	 during the system 

operation, whenever the Cron task is triggered at an hourly time, such as 

0: 00, 1: 00, 2: 00,  etc., the system automatically executes the prediction script 

predict_with_model. py	 and sends its standard output to the specified email 

address through the Postfix email service. The figure shows 6 consecutive emails 

sent by the Cron Daemon of the same server model-vm, and the receiving time 

is the 01st second of the corresponding hour, indicating that the email delivery 

delay is extremely small and the system response is extremely timely. 

 

 
Picture 20. Cron hourly task execution email 

 

In addition, combined with the email notification function, system administrators 

can timely understand the model operation status and prediction risk level without 
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logging into the virtual machine, significantly improving the system response effi-

ciency and maintainability. This email notification design greatly enhances main-

tainability in remote deployment environments and is suitable for nighttime oper-

ation, unattended operation, or status monitoring needs in industrial scenarios. 

 

The prediction workflow created in this section completes the automation process 

from data reading, feature engineering, model loading, execution results and out-

put, mainly providing a technical foundation for scheduled prediction and risk 

warning after system deployment. Through this script, the scheduled Cron Job 

can realize hourly or daily prediction task operation, with high scalability and 

warning functions. 

 

 

3.5 Web Application Design and Cloud Deployment 
 

To enable real-time visualization and remote accessibility of predictive mainte-

nance results, this project includes a lightweight web application built with the 

Flask framework. The primary purpose of this interface is to display model outputs 

in an intuitive format through tables, trend charts, and alert dashboards.  

 

The application is hosted on an Ubuntu virtual machine in the CSC Pouta cloud 

environment. Combined with a Gunicorn server and system service configuration, 

the system achieves continuous operation and public availability, allowing 

maintenance staff to access risk insights at any time. 

 

 

3.5.1 Flask Frontend Structure and Module Routing  
 

This system builds a lightweight web service based on Flask to display the ele-

vator maintenance data results generated by the prediction model. To ensure 

clear logic and distinct modules, the overall web application is organized into mul-

tiple sub-directories with clear functions. 

 

The root directory of the system is webapp/,	where app.py is the core running 

entry, responsible for instantiating the Flask application and registering all web 



36 

 

port functions. The functional routing code is centrally managed in the routes/ 

directory and encapsulated as an independent module using the Blueprint mech-

anism provided by Flask. It specifically includes three sub-modules: table. py	is 

responsible for the display of prediction data, alerts.py provides an alarm view of 

the high-risk elevator list, and trend. py	implements the trend chart display of the 

elevator failure probability. 

 

 
Picture 21. The web system structure 

 

To improve the visualization effect and data interactivity, the prediction data ta-

ble uses the JavaScript plug-in DataTables, which supports paging display, key-

word search, column sorting and other functions, so that users can browse 

large-scale elevator maintenance data efficiently. 

 

 

3.5.2 Flask Application Hosting Setup 
 

The system is deployed on Finland’s CSC academic cloud platform, cPouta, us-

ing an Ubuntu	22.04	LTS virtual machine as the backend server with public ac-

cess enabled. The web interface is built with the Flask framework. During the 

initial development phase, the application was launched using python3	app. py, 
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relying on Flask’s built-in development server. This setup requires manual SSH 

login to start the service and lacked background persistence, making it unsuitable 

for long-term deployment. To ensure stability and allow users to access the sys-

tem at any time, a transition from development mode to a production-ready de-

ployment was necessary. 

 

Gunicorn was first installed on the server using the pip	install	gunicorn	command 

to enable production-grade deployment of the Flask application. A custom 

systemdservice file named predictive − maintenance. service	was then created 

under /etc/systemd/system/,	specifying the service name, execution command, 

working directory, and restart policy. This setup allows the application to launch 

automatically during system boot. After the configuration file was created, the 

commands sudo	systemctl	daemon − reload , sudo	systemctl	start	predictive −

maintenance, and sudo	systemctl	enable	predictive − maintenance were executed 

in sequence to reload system services, start the new service, and ensure its per-

sistence across reboots. System status checks confirmed that the service was 

running as expected, with Gunicorn actively listening on port 0.0.0.0: 5000	and 

fully capable of handling incoming requests. 

 

 
Picture 22. Deployment of Flask Web Service Using Gunicorn and System 
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At the same time, to ensure that external users can access the port, configure 

the security group rules of the instance in the cPouta management console and 

add an IPv4 inbound rule to allow TCP protocol requests from any address 

(0.0.0.0/0)	to access port	5000. The addition of this rule ensures that the port 

bound to Gunicorn after startup can be accessed normally by external browsers. 

 

 
Picture 23. Security Group Configuration Allowing Ingress on Port 5000 

 

After completing the above configuration, users can continuously access the pre-

dictive maintenance system deployed on the backend through http://

195.148.21.75: 5000/api/	without manually connecting to the virtual machine. 

This method realizes the stable hosting of the elevator monitoring system in the 

cloud and provides a basis for the visualization and risk warning page. 

 

This chapter presented the full implementation of the predictive maintenance sys-

tem, covering data preprocessing, model training with GBTClassifier, and deploy-

ment on the CSC Pouta cloud platform. Automated inference was achieved using 

Cron scheduling, and results were visualized through a Flask-based web inter-

face. These components form a reproducible, scalable, and end-to-end solution 

for predictive maintenance in elevator systems. 
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4 ANALYSIS, RESULTS AND VISUALIZATION 
 

 

4.1 Feature Correlation Analysis 
 

In predictive maintenance operations, accurately understanding the relationship 

between sensor variables and their correlation with equipment failure states is a 

prerequisite for building a reliable model. This project focuses on the elevator 

door opening and closing system, analysing key sensor characteristics - revolu-

tions, humidity and vibration to evaluate their role in predicting potential elevator 

failures. 

 

Before inputting sensor features into the prediction model, it is necessary to first 

analyse the linear relationship between the features to evaluate their correlation 

and avoid potential multicollinearity issues. The project selected three key feature 

variables: revolutions, humidity, and vibration, calculated their Pearson correla-

tion coefficients, and created a heat map to evaluate the linear correlation be-

tween the variables. 

 

 
Picture 24. Correlation Matrix of Revolutions, Humidity, and Vibration 
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The correlation between revolutions, humidity, and vibration is weak overall. As 

the correlation coefficient between revolutions and humidity is −0.12, the corre-

lation coefficient between revolutions and vibration is −0.13, and the correlation 

coefficient between humidity and vibration is 0.12. The absolute values of all val-

ues are less than 0.15, indicating that there is no obvious linear dependence be-

tween these input features, and they can be regarded as relatively independent 

variables. 

 

Furthermore, to analyse the relationship between these features and fault status, 

the project added two prediction target labels: RUL and fault label. A new corre-

lation heat map was then generated to include both. 

 

 
Picture 25. Correlation Matrix of All Features Including RUL and Fault Label 

 

It can be observed that vibration is significantly negatively correlated with RUL 1, 

indicating that as the vibration amplitude of the elevator equipment increases, its 

remaining service life is significantly shortened; while the correlation with the fault 

label is positive  0.54 indicating that the larger the vibration value, the more likely 

the equipment is in a potential fault state. 
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This conclusion is highly consistent with the actual experience of elevator mainte-

nance: before the door system becomes abnormal, it is often accompanied by 

continuous high-frequency vibration caused by unstable motor operation or aging 

of components. Therefore, vibration is an important signal source for early fault 

perception and plays a core discriminant role in model features. 

 

At the same time, the correlation between humidity and label is 0.16, and revolu-

tions is 0.15. Although not as significant as vibration, it still has a certain reference 

value in assisting in judging whether the equipment has potential faults. 

 

Humidity changes may cause corrosion of elevator door rails and reduced lubri-

cation, which indirectly affects the smoothness of equipment operation. And ir-

regular fluctuations in motor speed can also be regarded as early signals of ab-

normal equipment load or component jamming. 

 

In summary, this analysis verifies the rationality of feature selection in this project. 

Vibration, as a highly correlated variable, provides strong predictive signal sup-

port for the model, while humidity and revolutions add the ability to capture fault 

signs from the environmental and dynamic perspectives. This makes the model 

have engineering significance and practical value in fusing and identifying poten-

tial faults from multi-source signals. 

 

 

4.2 GBTClassifier Model Performance Analysis 
 

After completing the feature construction and training process, this project uses 

GBTClassifier (Gradient-Boosted Tree Classifier) in PySpark MLlib as the main 

prediction model to classify and model the elevator sensor data. The goal of the 

model is to identify whether the equipment is in a potential failure state and sup-

port early warning and maintenance scheduling. The performance of the model 

on the test set was comprehensively evaluated using multiple indicator dimen-

sions such as confusion matrix, classification report, and ROC curve. 
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To test the performance of the model, the project divided the cleaned and pro-

cessed data set into 90%	training set and 10%	test set. The model training pro-

cess is managed and recorded by MLflow to ensure that parameter settings, 

model structure and performance indicators are traceable and reproducible. After 

training, the model has persisted in Spark ML Pipeline format and successfully 

deployed to the remote Pouta cloud platform for offline inference and prediction 

verification. 

 

 
Picture 26. Confusion Matrix of the GBTClassifier Model 

 

First, from the prediction results of the model in the test set, the confusion matrix 

shows that the model correctly identified 10,505	 normal label = 0	 samples and 

562 faulty label = 1	 samples out of a total of 11,072	 samples, with only 4 false 

positives and 1 false negative.  

                                                                                                                           (3) 
	Total	Samples	 = True	Negatives + False	Positives + False	Negative + True	Positives	 

																															= 10,505 + 4 + 1 + 562 

																															= 11,072 
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More specifically, GBTClassifier successfully captured most of the potential fault 

conditions, with almost no missed detections. This is particularly critical for ele-

vator maintenance scenarios, where missing a fault could cause passengers to 

be stranded, the elevator to get stuck, or even potential safety hazards. 

 

 
Picture 27. Classification Report with Precision, Recall, and F1-Score 

 

Further analysis from the classification report shows that the model has an accu-

racy of 99.99%	and a recall of 99.96%	in the normal state 𝑙𝑎𝑏𝑒𝑙	0, and a recall of 

99.82%	and an accuracy of 99.29%	in the faulty state 𝑙𝑎𝑏𝑒𝑙	1. This means that the 

model is extremely sensitive in detecting faults and can identify almost all faulty 

samples while maintaining a very low false positive rate. 

 

The overall accuracy reached 99%,	and the weighted average F1-score was 

0.9995, indicating that the model was highly stable and balanced in multiple clas-

sification indicators. 

 

 
Picture 28. ROC Curve and AUC Score for Binary Classification 
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In binary classification, the ROC curve serves as a standard tool for evaluating a 

model’s ability to distinguish between positive and negative classes. The curve 

generated from this model shows an AUC score of 1.0000, indicating consistently 

strong separation performance across all threshold settings. The shape of the 

curve reflects near-perfect discrimination, suggesting that the decision boundary 

learned by the model closely aligns with the true class distribution. 

 

Combining the above indicators, the GBTClassifier model showed performance 

close to the "industrial deployment standard" in the elevator maintenance predic-

tion project, especially in the fault recall rate 0.9982	and false alarm control 

4	false	positives. Its high reliability, high accuracy and extremely low false alarm 

rate make it very suitable for deployment in the real-time predictive maintenance 

system of elevators or similar key equipment, providing reliable early warning ba-

sis for operation and maintenance personnel, and further reducing the risk of 

equipment downtime and maintenance costs. 

 

 

4.3 Model Prediction Risk Level and Results 
 

Once the model deployment and environment configuration were completed, the 

project successfully ran the prediction script predict_with_model. py in the Ubuntu 

virtual machine of the CSC Pouta cloud platform and completed the model infer-

ence process based on historical elevator operation data. The script replicates 

the behaviour of a deployed system by automatically executing each step of the 

prediction task, including data loading, feature construction, model restoration, 

and result generation. These outputs form the basis for building downstream 

components such as the alert system and the front-end interface. 

 

The result of model inference is presented in Spark DataFrame format and finally 

saved as a local CSV  file predict_output. csv , which includes four key fields: 

prediction, prob_1, ID	 and 	risk_level. 

 

Respectively, the prediction column indicates the binary classification result for 

each sample, where a value of 1 suggests a potential fault in the elevator com-
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ponent and 0 denotes a normal condition. The prob_1	column holds the confi-

dence score for  𝑙𝑎𝑏𝑒𝑙	1, extracted from the binary probability vector using a user-

defined function (UDF), representing the likelihood of failure. 

 

To maintain clarity in the output structure, a new 𝐼𝐷 column is generated as a 

sequential index. The risk_level label is assigned based on the value of prob_1: 

samples with prob_1	 > 	0.5 are marked as High, while those at or below the 

threshold are labelled as Low. 

 

In this operation, the prediction results of all samples are at the Low risk level, 

indicating that the current input data does not trigger the model's anomaly detec-

tion. This result meets the test purpose - to verify whether the model's inference 

process in the migrated environment can be executed completely and stably. The 

following is an example of the first ten results displayed after the prediction script 

is run:  

 

 
Picture 29. Prediction Output with Probability and Risk Level Tags 

 

The output file predict_output. csv	is saved to the host directory /home/ubuntu/,	 

serving as the primary data source for the web-based front-end system. This file 

provides structured prediction results that support various visual components, in-

cluding trend plots and risk alert interfaces. 
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4.4 Web-Based Integration and Visualization 
 

To support intuitive risk interpretation and streamline maintenance workflows, a 

lightweight web service was developed using the Flask framework. Serving as 

the front-end interface of the elevator fault prediction system, it enables real-time 

access to model results and system outputs. The interface is structured into three 

core views: a Data Overview Table, a Trend Visualization Page, and an Alert 

Dashboard. Each component addresses a specific operational need in predictive 

maintenance scenarios. 

 

The front-end page provides high-performance data rendering and interactive 

display. The system backend provides an /api/data interface to respond to the 

predictive maintenance results in a structured JSON format. This interface is pro-

cessed by the Flask backend and is called and returned by the table.py module 

in the Flask Blueprint. The interface is compatible with the request protocol of the 

DataTables front-end plug-in and supports paging, sorting, and keyword search. 

 

 
Picture 30. JSON Response from Flask API Endpoint 

 

The data overview page shows all the prediction results generated by the model, 

including the predicted value, failure probability and the risk level (Low / Medium 

/ High) corresponding to each elevator sensor data. To improve data interactivity 

and usability, the page uses the JavaScript plug-in DataTables, which enables 

the table to have dynamic functions such as paging browsing, keyword search, 

and column sorting. This design allows operation and maintenance engineers to 

quickly locate high-risk records or specific elevator numbers within a certain 

range, thereby improving maintenance efficiency. 
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Picture 31. Interactive Web Table of Elevator Health Predictions 

 

Secondly, the Trend Analysis Page visualizes fault probabilities over time, outlin-

ing a continuous trajectory of predicted risk that serves as an indicator of overall 

system health. Through the record number on the horizontal axis and the risk 

probability curve on the vertical axis, it is easy to analyse the gradual evolution of 

the equipment status and identify the hidden risk points or abnormal fluctuation 

areas that continue to rise. This page provides important support for medium- 

and long-term risk monitoring and strategy optimization. 

 

 
Picture 32. Time-Series Visualization of Elevator Failure Risk 

 

Finally, the Alert Dashboard page highlights the elevator records that are consid-

ered high risk by the model in a list format. This page is mainly for early warning 
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and key inspection scenarios. Its content focuses on records with predicted prob-

abilities higher than a threshold such as 0.7, and is visually enhanced in red bold 

font to assist operation and maintenance decision-makers in quickly identifying 

potential fault targets. Each record contains the elevator number and fault prob-

ability value, giving teams a direct view of urgent maintenance targets and helping 

prioritize responses without delay. 

 

 
Picture 33. Alert Dashboard for High-Risk Elevator Records 

 

Through the integration of these three web interfaces, the system delivers a vis-

ualization solution for equipment health monitoring. The interface design not only 

fully maps the model prediction structure but also fits the actual operation and 

maintenance workflow of the elevator industry, providing efficient equipment sta-

tus feedback for predictive maintenance. 

 

This chapter analyses and demonstrates that the project has completed the core 

closed-loop implementation of the elevator predictive maintenance system from 

modelling to visualization. The high-performance classification model based on 

GBTClassifier shows extremely high accuracy in the test set, and the data pro-

cessing and model inference process are implemented in the CSC Pouta cloud 
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platform environment through script automation execution, scheduled task 

scheduling and Web front-end integration. 

 

Fault prediction and anomaly detection are output in a structured format and pre-

sented in real time through a Web interface built with the Flask framework, sup-

porting visual monitoring of the health status of elevator equipment and enhanc-

ing the availability of prediction results. The project's end-to-end prediction sys-

tem has flexible deployment, easy scalability and visual integration, meeting the 

engineering needs of remote monitoring and early warning of elevator predictive 

maintenance. 

 

This chapter demonstrated how the predictive maintenance pipeline performs in 

practice, ranging from the identification of critical features to model inference and 

frontend delivery. Through high-accuracy classification, automated execution, 

and real-time risk visualization, the system transitions from a concept into a prac-

tical tool tailored for real-world elevator maintenance scenarios. 
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5 DISCUSSION AND FUTURE WORK 
 

 

This project developed a predictive maintenance pipeline for elevator operations, 

combining modelling, automation, and web-based visualization into a unified 

workflow. By processing IoT sensor data into structured and lagged inputs, the 

project trained a Gradient-Boosted Tree model that delivered high accuracy and 

recall in predicting potential failures. Model training and experiment tracking were 

done on the Databricks Lakehouse platform, and the final setup was deployed to 

a remote CSC Pouta cloud server to enable automated prediction and alert feed-

back as a complete loop. 

 

The value of the system lies not only in enhanced model accuracy, but in its end-

to-end implementation. Data cleaning, feature construction, model training, 

scheduled execution, and visualization are all seamlessly integrated, forming a 

lightweight predictive maintenance workflow that runs in practice. The web 

frontend presents the prediction results through tables, trend charts, and an alert 

dashboard, giving maintenance teams a clear view of potential risks and helping 

them respond faster and plan more effectively. 

 

However, there are also many practical challenges in the implementation of the 

system. First, the Databricks Community Edition environment has resource and 

stability limitations. Each time it is used, the system will allocate a temporary com-

puting environment runtime cluster, which will be automatically disconnected 

within 2 hours by default. After disconnection, the cluster needs to be restarted, 

and all code must be manually re-executed in the notebook. This process seri-

ously affects development efficiency and brings additional complexity to model 

debugging and experimental reproduction. When processing large-scale data 

tasks in Spark, frequent computing resource recycling will cause interruptions. 

The community version does not support advanced features such as continuous 

operation, automatic triggering, or GPU support, which also limits the application 

possibilities of some deep learning methods. For future enterprise deployment, 

using the enterprise version of Databricks or alternatives such as AWS EMR or 

GCP Dataproc could be considered to enhance system stability and ensure sus-

tained computational capacity. 
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Another challenge is the data source. This project uses the Elevator Predictive 

Maintenance Dataset provided by Huawei Research Centre Germany and pub-

licly released on the Kaggle platform. The dataset lacks precise timestamp infor-

mation, making it difficult to associate the data with real-world time or contextual 

events, such as peak hours or maintenance cycles. In addition, it does not contain 

identifiers such as elevator ID, floor location, or task type, which limits the ability 

to perform general analysis across multiple elevators or deployment sites. 

 

To address these limitations, the project used lag features and a Remaining Use-

ful Life label during the feature engineering phase, serving as proxy representa-

tions of temporal structure. These features simulate time-dependent equipment 

behavior and enable the estimation of degradation trends, partially compensating 

for the lack of actual time references. By leveraging window functions and sliding-

window techniques, the model was given a basic level of temporal awareness, 

allowing it to detect operational dynamics even within a static dataset. 

 

Although this project has been initially implemented, there is still room for optimi-

zation. The current model divide’s fault labels based on static thresholds. The 

model output prob_1	was interpreted using fixed thresholds, where values under 

0.3	were considered low risk, between 0.3	and 0.7	as medium, and above 0.7	as 

high. In the future, dynamic thresholds can be explored to improve the adaptabil-

ity of the model under different operating conditions, where the risk level is no 

longer determined by fixed values but instead adjusts based on the distribution 

of current predictions, historical baselines, or contextual variables such as equip-

ment type or operational cycles. Such adaptive strategies would enhance the 

model's robustness across diverse working conditions.  

 

In addition, future work could consider using deep learning architectures like 

LSTM or Transformer models to better handle sequential data and improve the 

system’s ability to learn complex time-based behaviours. LSTMs are particularly 

effective at learning long-term dependencies between data points, allowing them 

to retain and use information from earlier time steps. This makes LSTMs ideal for 

processing tasks that require long-range memory, where the order and context 

of data are critical, such as time series prediction, natural language processing, 

and speech recognition (Kamran, 2024). LSTM networks utilize memory cells to 



52 

 

preserve temporal dependencies, making them particularly suitable for identifying 

gradual degradation or cyclical behaviors, such as wear patterns arising from fre-

quent elevator door operations during high-traffic periods. Meanwhile, Trans-

former architectures, through their self-attention mechanisms, enable the model 

to capture long-range temporal relationships, offering enhanced sensitivity to in-

frequent or abrupt failure events. 

 

In this project, GBTClassifier was chosen as the main model during the modelling 

stage for several practical reasons. First, GBT works well with small datasets and 

doesn’t need large amounts of data to achieve good performance. This makes it 

a good choice for industrial settings where data may be limited in the early stages. 

Second, GBTClassifier is fast to train and run, and it doesn’t require a lot of com-

puting power, which is helpful for running on cloud virtual machines with limited 

resources. Feature importance helps explain why the model made a certain pre-

diction, which helps build trust in the system. Details of the training process are 

provided in Appendix 1. 

 

Taking prediction accuracy, deployment cost, and interpretability into account, 

GBTClassifier proved to be a lightweight, stable, and practical model for this pro-

ject. However, in the future, when more test data is available, and the system 

becomes more complex, deep learning models like LSTM or Transformer could 

be used to further improve performance and adaptability. 

 

Beyond elevator maintenance, the architecture of this system is highly general-

izable and can be adapted to predictive maintenance tasks for other industrial 

assets, such as rolling doors, factory machinery, or even wind turbines. With ad-

justments to input data and model parameters, it can be quickly tailored to fit the 

monitoring requirements of various equipment, demonstrating strong cross-in-

dustry potential. 

 

By building a structured workflow that connects data preparation, feature engi-

neering, GBT-based modelling, cloud deployment, scheduled automation, and 

web-based visualization, this thesis project successfully implemented an end-to-

end predictive maintenance workflow for elevator operations, demonstrating a 

complete path from model training to real-world application. 
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APPENDICES  

Appendix 1. Databricks Notebook Export: Model Training (train_model.html) 

This appendix presents the exported HTML notebook from Databricks, containing 

the full code and outputs related to the model training and evaluation steps. The 

notebook documents data preprocessing, feature engineering, GBTClassifier 

model training, evaluation, and MLflow experiment tracking. 
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