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This thesis explores the use of artificial intelligence (AI) to advance lift traffic modelling, 

specifically to increase the accuracy of daily trip estimations as well as their impact on esti-

mated annual energy consumption. Based on a dataset of more than 100,000 lifts supplied 

by one of the world's leading lift manufacturers, the study compares certain assumptions 

utilised by other articles based on the standard ISO 25745-2 to data-driven models. The paper 

applies machine learning methods such as XGBoost, LightGBM, and CatBoost to predict 

average daily trip numbers given building and lift characteristics. The findings reveal that in 

certain situations the ISO-based approach overestimates trip quantities, especially for tall 

buildings with greater trip numbers in a day, hence contributing to inaccuracy of energy 

consumption reporting. The machine learning models exhibit better predictive performance 

as well as a higher degree of conformity to real-world data fluctuations. This study also 

analyses the effect of improving trip estimation accuracy in five lift modernisation scenarios, 

indicating substantial saving by modernisation as well as the relative changes in running 

energy estimation with improved trip estimation. The implications of this study demonstrate 

the potential of AI-driven modelling in enabling more accurate environmental assessment as 

well as sustainable decision-making in the lift sector.  
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1  Introduction 

1.1  Key Concepts and Objective 

As global awareness of sustainability intensifies, the building industry faces increasing pres-

sure to reduce energy consumption and carbon emissions. Among various building systems, 

lifts may appear to contribute a modest share of total energy use, yet their impact becomes 

substantial in mid and high-rise structures. Accurate estimation of lift energy consumption 

is therefore a key component in sustainability assessments, environmental product declara-

tions (EPDs), and CO₂ emission calculations (Dong et al., 2023). 

Governments are also enacting building energy disclosure laws; for instance, certain city 

ordinances require large buildings to report annual energy consumption, implicitly pushing 

owners to track lift energy use as part of their total building performance. In Europe, the 

European Green Deal and related policies aim to transform the building stock by 2030 and 

2050 to drastically reduce emissions. This includes improving building energy efficiency 

through renovations, a context in which lift modernisations are actively encouraged for both 

safety and environmental reasons (Haavisto, 2022) 

In practice, industry guidelines support a hybrid method of energy reporting, favouring direct 

measurement wherever possible, supplemented by standardized calculations. Both the Inter-

national Organization for Standardization (ISO) and Germany’s VDI have published stand-

ards to facilitate consistency in lift energy reporting. Notably, ISO 25745-2:2015 (and its 

updated series) and VDI 4707 define testing procedures and assign energy-efficiency classes 

(ranging from A to G) based on measured energy consumption in standby and travel modes, 

normalized to a standard usage profile (ISO 25745-2, 2015) (Tukia, 2019). These classifica-

tions, now commonly cited by manufacturers, allow for meaningful product comparisons. 

The ISO 25745 methodology estimates annual energy consumption using test-based power 

measurements combined with a formula incorporating total lift trips recorded annually. 

However, one of the primary variables in calculating lift energy use is the daily and annual 

trip count. Traditional estimation methods, such as those outlined in ISO 25745-2, rely on 

predefined usage categories based on building type and height, assigning a representative 

number of trips to each category (ISO 25745-2, 2015) While useful, these assumptions some-

times Can overlook the dynamic and unpredictable nature of lift usage in practice, which can 

lead to inaccurate energy and emissions reporting in certain cases. 
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To address this issue, the main objective of this study is to enhance the precision of annual 

energy consumption estimation in lifts by improving the prediction of average daily trip 

counts. By leveraging historical data collected from connected lift systems and applying 

machine learning models, this research aims to uncover more accurate and scalable ways of 

predicting lift usage patterns. 

1.2  Scope, and Research Questions 

The dataset used in this study, is provided by KONE company which is one of the global 

leaders in lift industry. This dataset comprises operational and dimensional data from over 

100,000 lifts, enabling the development of robust models for estimating the trips taken on a 

daily average basis and, subsequently, per year. 

This refined trip count estimation is then applied within KONE’s internal energy calculation 

tool to assess its impact on the predicted annual energy consumption — both for existing 

lifts and those undergoing modernisation. The focus is strictly limited to the effect of trip 

number estimation on annual energy consumption, excluding other influencing factors such 

as average load per trip or displacement distance. 

To guide the research, the following questions are investigated: 

1. Can historical data from connected lift devices be effectively used in machine learn-

ing models to predict average trip numbers? 

2. Is there a measurable relationship between the dimensional characteristics of a lift, 

building characteristics, and its daily trip frequency? 

3. Can machine learning models outperform traditional estimation approaches, such as 

ISO-based methods or static floor-based lookups? 

4. How does the refinement of trip number estimation influence the output of KONE’s 

internal energy consumption tool? 

5. In the context of modernisation, how does more accurate trip estimation affect the 

comparison of energy consumption before and after upgrades? 

By addressing these questions, this thesis aids in the progress of smarter, data-driven tools 

for environmental assessment in the lift industry, promoting greater transparency and more 

effective sustainability practices. Artificial intelligence was used in this work for the lan-

guage maintenance. 
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2  Literature Review 

Lifts typically constitute a modest share of a building’s overall energy use on an annual 

basis. For instance, one study found that a typical range on the order of 2–10% of building 

energy attributable to lift systems (Al-Kodmany., 2015). This share, however, is not fixed 

and varies with building characteristics, most notably with building height. In low-rise build-

ings the lift impact remains at the lower end of this range, whereas in high-rise buildings the 

proportion grows substantially (Al-Kodmany., 2015). Studies showed that in in tall build-

ings, lifts can account for around 17-25% of total building energy demand (Makar et al., 

2022). That means taller buildings depend more on lifts, so making those systems more en-

ergy-efficient can have a bigger impact. Moreover, the effect of efficiency improvement has  

an effect on energy consumption so that Tukia et al. (2018) further argued that, with effi-

ciency improvements, lift systems may account for just 1–8% of total electricity consump-

tion. This section first reviews the most widely used methodologies for calculating lift en-

ergy consumption of builings, then explores the impact of modernisation strategies, and fi-

nally provides a theoretical background for the machine learning models applied later in the 

study. 

2.1  Lift Energy Consumption 

Energy efficiency in lifts is an important topic in the building and construction industry. 

Various methodologies exist to estimate a lift energy consumption, each offering a unique 

perspective on how energy is used. Energy labelling also is one of the most important con-

cepts in this industry since it can determine how efficient a lift is based on its annual energy 

consumption. 

Several international models provide a framework for calculating energy consumption in 

lifts. Among them, the ISO 25745-2:2015 standard, a global benchmark, and the VDI 4707-

1 (2009) guideline offer structured approaches and are the most common frameworks being 

used in the industry and by research to estimate lift energy consumption characteristics. This 

section explains these two frameworks, their advantages and drawbacks.  

ISO 25745-2:2015 offers a clear framework for estimating lift energy consumption by di-

viding it into two key areas: running energy (used when the lift is moving) and non-running 

energy (power consumed while idle or in standby mode).  Besides the simulation method, 

which is accepted by the standard, short-term physical measurements are also used—
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particularly in cases where certification of a lift’s energy efficiency class by an accredited 

third party is required. Instead of relying on long-term tracking, the standard allows for short-

term measurements taken from either an actual lift in use or a controlled test environment to 

efficiently estimate overall energy consumption (Barney & Lorente, 2013). The standard 

specifically calls for measuring running energy by tracking a set reference cycle, which usu-

ally means observing how much power the lift uses when it travels empty from the bottom 

floor to the top and back down again, including door operations at both landings. Addition-

ally, a short cycle needs to be conducted when certain conditions, set in the standard, apply. 

To comply with the ISO 25745-2 standard, measure of standing idle power which is the 

energy the lift consumes when it is not moving but power is on. Using these inputs, ISO 

25745-2 outlines formulas to project daily and annual consumption. The standard also de-

fines usage categories (based on trips per day) and load factors to account for typical pas-

senger loads, which adjust the reference-cycle energy to more realistic “average trip” energy

. These two concepts are discussed in more detail in chapter 2.2. 

Furthermore, VDI 4707-1 (2009), an earlier German standard, set the stage for ISO 25745 

by using short-term measurements to evaluate how efficiently lifts use energy. It classified 

lifts into efficiency ratings from A to G, based on two key factors: travel energy, which is 

the power used while the lift moves with a set load, and standby energy, which is the elec-

tricity it consumes while waiting between trips. It categorized lifts based on how often they 

are used whether low, medium, or high frequency, to better reflect energy consumption 

across different types of buildings. (Barney & Lorente, 2013). 

To compare these two methodologies, it is good to mention that ISO 25745-2 expanded and 

improved on this approach, closely following the measurement principles of VDI 4707. In 

fact, ISO 25745-1 and 2 officially standardized the measurement and analysis methods that 

VDI 4707 originally introduced. However, ISO took this a step further by introducing more 

standardized duty profiles and widening the range of usage categories, even adding an extra-

high usage category for buildings with exceptionally high lift demand. (Chan et al, 2016) 

One key improvement in ISO 25745-2 is its focus on longer idle measurements such as 

checking power consumption after 30 minutes of inactivity to account for energy savings in 

deep standby modes (ISO 25745-2, 2015). In addition, VDI 4707 did not put much focus on 

longer idle periods, instead looking at shorter inactivity times. ISO 25745-2, however, takes 

into account how lifts save energy by automatically turning off lights and ventilation after 
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being idle for a while. This means it gives a more accurate picture of energy-saving features 

like LED lighting and sleep modes when calculating non-running energy. (Barney & 

Lorente, 2013) While both standards estimate annual energy use using short-term tests and 

simulations, ISO 25745-2 provides a more thorough and globally recognized method.  

Numerous studies have evaluated how well ISO 25745-2 calculation methods perform 

against real-world data and other approaches. For example, Tukia et al. (2016) collected 

actual energy use data from a mid-rise office building (via installed energy meters) and com-

pared the results to the estimates produced by the ISO 25745-2 standard and the older VDI 

4707-1 scheme. They found that both the ISO and VDI methods provide a useful baseline 

but can diverge from actual usage if the input parameters like number of trips or idle times 

are misinterpreted. Their analysis highlighted key points to improve the accuracy of these 

schemes: for instance, correctly identifying the lift’s usage category and total number of 

starts (trips) is crucial for a good prediction. 

2.2  Running Energy Consumption Calculation 

The VDI 4707-1:2009 guideline and ISO 25745-2:2015 standard provide two widely utilised 

methodologies for estimating energy consumption and labelling energy efficiency in lifts. 

While the VDI guideline takes a focused approach tailored to specific lift technologies, the 

ISO standard offers a more comprehensive framework applicable across various contexts. 

Both methodologies emphasize the importance of load modelling, power quality considera-

tions, and the incorporation of energy management strategies to optimize lift performance. 

In both methodologies the daily energy consumption consists of daily running energy and 

daily non-running energy. And the annual consumption is obtained by multiplying the daily 

energy consumption with the number of days the lift is in operation (Tukia, 2019). 

Given the primary focus of this thesis on daily energy consumption and the significance of 

daily trip counts, only the aspects of these methodologies relevant to daily running energy 

consumption calculation will be discussed. 

• VDI 4707-1:2009 daily energy consumption 

This approach involves calculating Espc which called the travel-specific energy demand 

(Wh/kgm)  

𝐸spc =
𝐸rc 𝑘

2𝑄𝑆rc
 (1) 
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where Q is the rated load (kg), Src is cycle length (m), and k is a load factor which depends 

on the counterbalance ratio of lift, , usually ranging from 0.4 to 0.5 of the rated load. 

According to VDI, Erd, daily running consumption (Wh) is calculated by: 

Erd = EspcQsnom (2) 

where snom is the total distance travelled during a day. This distance is calculated assuming 

that the lift moves at the nominal speed during the operational hours, which vary depend-

ing on the usage category of the lift system (Tukia, 2019). 

The total daily energy consumption then is calculated by adding daily non-running energy 

consumption resulting from standby demand. And finally, the total annual energy consump-

tion is obtained by multiplying the daily energy consumption with the number of operating 

days which is supposed to be 365 in VDI (Tukia, 2019). 

• ISO 25745-2:2015 daily energy consumption 

According to (ISO 25745-2:2015), it provides a widely referenced method for predicting lift 

usage and energy consumption. The methodology is being used in this standard is partially 

similar to VDI method but with some changes. 

The standard defines two methodologies for estimating energy consumption. The first ap-

proach determines energy consumption per meter of travel under unloaded conditions. It 

calculates the energy used per cycle as: 

Erav = Erc.
sav

src
  (3) 

Where Erav is the average unloaded running cycle energy and Erc is the total energy for a 

reference cycle. Sav and Src are the mean travel distance and reference travel distance respec-

tively. 

The second approach which is more detailed focuses on acceleration, deceleration and door 

operation energy use and introducing new method for calculating the cycle energy. 

Both methodologies in ISO standard use the same equation to estimate daily running energy 

According to the ISO 25745-2 standard, the formula for calculating the daily running energy 

consumption of a lift is provided: 

Erd = (
KlndErav

2
) (4) 
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Where Erv is the running energy consumption of an average cycle (Wh), nd is the number of 

trips per day and Kl is the load factor. 

The daily trips number in this standard is estimated based on predefined usage patterns that 

elaborated in Table 1. And the load factor is calculated as: 

Kl = 1 − 𝑄𝐶𝑘  (5) 

Where Q is average per-unit load and Ck is a coefficient based on counterweight ratio. the 

different value of Ck  is provided in the standard based on different values of counterbalance 

ratio 

Both Q and  Ck values are provided in the standard, with Q determined based on the usage 

category and rated load, and Ck corresponding to specific counterweight settings (ISO 

25745-2., 2015).  

In this standard, the usage of an individual lift is categorized according to Table 1 and the 

prediction of usage category is referred to the observation or a trip counter and for cases that 

data is not available, usage category and accordingly the number of trips is suggested in this 

table based on categorizing the lifts that have some characteristics. Based on this table, the 

lifts are separated into six categories based on use. The variables for assessing the use cate-

gories are number of daily trips, average range of lifts, and average rated speed. The use 

categories go from very low use intensity (1) up through extremely high use intensity (6). 

The use categories are employed in order to provide comparable results based on energy 

efficiency instead of total energy use (ISO 25745-2., 2015). 
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Table 1- Number of trips per day and operating days per year.; published by ISO 25745-2, 2015 

The ISO 25745-2 standard has been widely used as a direct or baseline reference for esti-

mating the number of daily trips in many research studies. For instance, a new estimation 

method based on this standard is presented in Table 2, where the estimated number of daily 

Usage cate-

gory 
1 2 3 4 5 6 

Usage inten-

sity 
Very low Low Medium High Very high 

Extremely 

high 

Number of 

trips per day 

(Typical 

range) 

50 

(<75) 

125 

(75 to <200) 

300 

(200 to 

<500) 

750 

 (500 to 

<1000 

1500 

 (1000 to 

<2000 

2500 

 (≥2 000) 

Typical 

buildings 

and usage 

(Operating 

days 

per year) 

Residential 

building up 

to 6 dwell-

ings (360d) 

Residential 

Care Home 

Small office 

or adminis-

trative 

building 

with few op-

erations 

Residential 

building 

up to 20 

dwellings 

(360 d) 

Small office 

or 

administra-

tive 

building 

with 2 to 

5 floors (260 

d) 

Small hotels 

(360 d) 

Office car 

parks 

(260 d) 

General car 

parks 

(360 d) 

Main line 

railway 

stations (360 

d) 

Library (312 

d) 

Entertain-

ment centres 

(360 d) 

Stadia (in-

termittent) 

Residential 

building 

with up to 

50 

dwellings 

(360 d) 

Medium-

sized 

Office or ad-

ministrative 

building 

with up to 

10 floors 

(260 d) 

Medium-

sized hotel 

(360 d) 

Airports 

(360 d) 

University 

(260 d) 

Small hospi-

tal (360 

d) 

Shopping 

centre 

(360 d) 

Residential 

building 

with more 

than 50 

dwellings 

(360 d) 

Large office 

or adminis-

trative 

building 

with more 

than 

10 floors 

(260 d) 

Large hotel 

(360 d) 

Very large 

office 

or adminis-

trative 

building 

over 100 m 

height (260 

d) 

Very large 

office 

or adminis-

trative 

building 

over 100 m 

height (260 

d) 
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lift trips categorized by building type and number of floors, following the classification prin-

ciples outlined in ISO 25745-2. Each usage category is associated with a normally distrib-

uted number of trips, where μ represents the average (mean) and σ the standard deviation, 

reflecting variations in lift demand across different building profiles. 

Table 2-Determination of the number of trips per day per lift estimated by ISO 25745-2 standard. (Tukia et 

al., 2019) 

Number of floors (nfl), {building 

type} 
Usage Category 

Number of trips, 

Normally distributed, average (μ) 

and standard deviation (σ) 

nfl ≤ 2 1 μ = 50, σ = 12.5 

2 < nfl ≤ 5 OR {entertainment} 2 μ = 125, σ = 37.5 

5 < nfl ≤ 10 OR airport {5% of 

public transport} OR {hospital} 

(nfl < 4) OR {retail} 

3 μ = 300, σ = 100 

10 < nfl ≤ 25 OR {hospital} 

( nfl ≥ 4) 
4 μ = 750, σ = 125 

nfl > 25 5 μ = 1500, σ = 250 

nfl > 25 (second category) 6 μ = 2500, σ = 250 

Based on the discussion in this section, two primary methodologies are used to estimate 

running energy consumption. By combining daily running energy consumption with the total 

number of operating days, the total annual energy consumption can be calculated. 

Although these standards provide a structured framework for estimating the number of daily 

trips, its practical application is sometimes limited. In real-world scenarios, the required de-

tailed data may not be available, and the method's reliance on representative values for each 

category can restrict the precision of the estimations. 
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2.3  Lift Energy Efficiency and Modernisation Impact 

In recent years, various modernisation solutions have been developed to improve energy 

efficiency and to reduce energy consumption in lift systems. These solutions can be catego-

rized into hardware and software improvements. 

Replacing older geared systems with gearless traction technologies, particularly those using 

Permanent Magnet Synchronous Motors (PMSMs), has demonstrated significant energy-

saving potential (Wang et al., 2017). The adoption of Machine Room-Less (MRL) designs 

and regenerative drives further enhance performance by reducing space requirements and 

recovering braking energy (Anh & Duc, 2022). Incorporating energy-efficient lighting, such 

as LEDs, also contributes to lower energy use and heat generation in confined spaces (Al-

Kodmany, 2015). 

Software innovations have likewise played a key role in improving efficiency. Advanced 

control systems, including Destination Control Systems (DCS) and intelligent dispatching 

algorithms, optimize lift operations by reducing unnecessary stops and minimizing idle times 

(Zheng et al., 2013; Wang et al., 2012; Latif et al., 2016). Additionally, standby energy-

saving solutions, such as motion-sensor lighting and adaptive ventilation can significantly 

reduce energy consumption during non-operational periods (Sachs et al., 2015). These ap-

proaches align with global standards such as ISO 25745 and VDI 4707. 

This section explores these modernisation technologies, their functionality, and their impact 

on energy efficiency in lift systems. Later in the result part, the six case studies energy con-

sumption of six common lift configuration is studied and the effect of modernisation in en-

ergy consumption for these cases is analysed. 

Lift Technology  

Lifts are generally categorized into two main types based on their operating mechanism: 

hydraulic and traction lifts. The hydraulic lifts are lifts operated by a piston that moves within 

a cylinder. A motor runs hydraulically supplied oil into the cylinder in order to push the 

piston. The piston raises the lift cab. Despite the regeneration possibility usually the potential 

energy of hydraulic lifts is lost and electrical valves control the release of the oil for a gentle 

descent (De Almeida et al., 2012). Typically, Hydraulic lifts operate at very low speeds and 

are therefore suited to low-rise situations. Hydraulic lifts are capable of high loads and are 

often used as a goods lift to carry heavy items. These lifts are less energy efficient as they 
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require more power and generate excessive heat, contributing to higher operating expendi-

tures (KONE, 2020). Conversely, traction lifts use steel or carbon-fibre cables or ropes to 

hang the car, which is powered through an electrically powered sheave (pulley). Ropes are 

attached to a counterweight, which counteracts the weight and saves energy required for 

transportation. Due to their improved energy efficiency, higher speeds, and more comforta-

ble ride, this system makes the use of traction lifts the most popular in the case of mid-rise 

buildings as well as tall buildings. (De Almeida et al., 2012). In 2012, The research identified 

that geared traction lifts dominate the market of installed base in Europe with over two-thirds 

of the market share, being affordable and popular in buildings. Gearless traction lifts with 

8% market share have the preference in offices as well as shopping malls because they use 

less energy as well as perform well. Hydraulic lifts cover the remaining market with their 

use mainly being in low-rise buildings (De Almeida et al., 2012). However, the market of 

new installation for lifts is dominated by gearless lifts. 

The traction lifts have two different types: geared and gearless. Geared traction uses a gear-

box attached to an electric motor to turn the hoist sheave and move the rope. They operate 

on either Direct Current (DC) or Alternating Current (AC) and can usually reach speeds of 

up to 2.5 m/s, which is slower than gearless traction lifts but faster than many other types. 

These lifts can travel generally up to 30 m and lift loads up to 2500 kg with 1:1 roping 

suspension (KONE, 2020). While a gearless lift operates without a gearbox and use a direct 

drive system where the motor is directly connected to the hoist sheave. These lifts have 

higher energy efficiency, greater speed capabilities (up to 12 m/s) and travel distance over 

150 meters (KONE, 2020). A study showed that gearless traction uses 25 percent less energy 

than geared ones (Al-Kodmany., 2015). Also, another study showed that efficient motor se-

lection can have impact on energy saving. For example, Permanent Magnet Synchronous 

Motors (PMSMs), used in gearless lifts, offer up to 30% energy savings compared to tradi-

tional motors. It exhibits a high-power density and a favourable torque-to-inertia ratio, which 

contributes to their ability to operate efficiently across various load conditions (Wang et al., 

2017). This efficiency is particularly evident during startup and acceleration phases, where 

gearless systems can provide smoother and more energy-efficient operation (Wang et al., 

2017). In contrast, geared systems often experience energy losses due to the mechanical 

friction and inertia associated with the gear train, which can lead to increased energy con-

sumption during operation (Ang et al., 2022). 
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Regenerative vs Non-Regenerative Drive 

Regenerative drives recover energy during specific operating conditions by capturing brak-

ing energy and converting the resulting harnesses mechanical energy and converts it into 

electricity for reuse within the building’s electrical system or used for subsequent trips. This 

process can significantly reduce the overall energy consumption of the lift system. Studies 

indicate that regenerative lifts can save between 20% to 43% of energy compared to their 

non-regenerative counterparts, depending on usage patterns and building characteristics 

(Anh & Duc, 2022). Figure 1 shows the consumption and generation in lifts with electrical 

drive and in Table 3 all scenarios that drive system cause generating energy or saving energy. 

Depending on the operational pattern in lift, saving and generating energy are different. For 

instance, in high-rise buildings where lifts frequently ascend and descend, the potential for 

energy recovery is maximized, making regenerative systems particularly advantageous 

(Thebuwena et al., 2024). 

Table 3- Scenarios for generating energy through regenerative drive 

Scenario Conventional System Regenerative Drive 

Lightly loaded lift going up 
Energy lost as heat; counter-

weight does most of the work 

Harnesses braking energy & con-

verts mechanical power into elec-

tricity 

Heavily loaded lift going down 
Energy lost as heat; gravity does 

most of the work 

Harnesses braking energy & con-

verts mechanical power into elec-

tricity 

Lift slowing down Energy lost through braking 

Harnesses braking energy & con-

verts mechanical power into elec-

tricity 

Cooling system efficiency 
Excess heat requires cooling sys-

tem 

Eliminates excess heat, reducing 

cooling needs 

Compact design efficiency Larger, less efficient drives 
Smaller, compact, and more effi-

cient 
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Figure 1- Regenerative drive system functionality (Thebuwena et al., 2024) 

Control Systems 

Lift control systems are the chief system accountable for lift movement, safety, and operat-

ing efficiency. These systems incorporate both hardware and software to ensure optimal op-

eration, smooth trips, and traffic regulation. Lift control technology has evolved significantly 

in recent years, transitioning from relay-based systems to microprocessor-driven and IoT-

enabled controllers. The functionality and evolution of lift control systems have undergone 

significant advancements to enhance efficiency and improve user experience. 

For example, in grouped lifts, the primary function of a lift control system is to manage the 

dispatching of lifts in response to passenger requests. Traditional systems operated on a sim-

ple call-response mechanism, where lifts were dispatched to the nearest call button. How-

ever, this method often resulted in inefficiencies, particularly in high-rise buildings where 

multiple lifts operate simultaneously (Zheng et al., 2013). 

The introduction of Destination Control System (DCS) has significantly improved lift effi-

ciency, this system which is widely used by manufacturers, such as KONE, improves lift 

efficiency by grouping passengers traveling to the same or nearby floors, reducing the num-

ber of stops per trip. Unlike traditional dispatching, where passengers enter a lift and select 

their floor inside the cab, DCS requires users to input their destination before boarding, al-

lowing the system to assign them to the most efficient lift. This method significantly reduces 

waiting and travel times, as it prevents unnecessary stops and evenly distributes passengers 

among available lifts. DCS also incorporates AI, travel forecasting, and optimization 
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algorithms, which help predict peak traffic hours and adjust lift operations accordingly. By 

minimizing stop-and-go movement, DCS cuts down on acceleration and deceleration cycles, 

leading to lower energy consumption. Additionally, since lifts operate in a more structured 

and predictable manner, they spend less time idling, allowing them to enter standby mode 

more frequently, further enhancing energy efficiency and sustainability in high-rise build-

ings (Latif et al, 2016). 

Moreover, the development of advanced algorithms, such as genetic algorithms and fuzzy 

logic, has further enhanced the efficiency of lift control systems. These algorithms optimize 

dispatching strategies based on various factors, including passenger demand, travel distance, 

and energy consumption (Wang et al., 2012). The use of such algorithms has been shown to 

reduce energy consumption by minimizing the number of trips and optimizing lift routes. 

Furthermore, the implementation of advanced control algorithms is crucial for optimizing 

the use of regenerative energy. These algorithms manage the flow of energy between the 

lift's motor and the energy storage systems, ensuring that energy is utilised effectively. For 

instance, Kermani et al. (2021) highlights the importance of indirect field-oriented control 

strategies, which provide flexibility in managing the regenerative energy received from the 

lift's motor. This allows for better energy management, particularly during peak demand 

periods when energy consumption is high. 

Although group dispatching can significantly influence lift energy consumption, its impact 

is considered outside the scope of this project. This is due to the use of ISO 25745-2 as the 

selected methodology, which does not incorporate group dispatching effects within its en-

ergy calculation framework. 

Lighting 

The role of car lighting in lifts is a critical factor in energy consumption and efficiency, 

particularly in the context of modern building designs that prioritize sustainability. The im-

plementation of Operation of Car Light (OCL) systems, which automatically switch off 

lights when the lift is vacant for a programmable time limit, can lead to significant energy 

savings. (KONE internal,2020). In addition, LED spotlights represent the most energy-effi-

cient lighting option among incandescent, halogen, and fluorescent lamps, consuming up to 

80% less energy than incandescent bulbs and lasting significantly longer. The integration of 

LED technology in lift ceilings not only reduces energy consumption but also minimizes 

heat generation, which is particularly beneficial in confined spaces. LEDs can operate 
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effectively in various ceiling designs, including those with reflective surfaces, enhancing 

their efficiency by maximizing light distribution and reducing the need for additional fix-

tures. Furthermore, recent advancements in LED technology have led to the development of 

highly efficient white organic light-emitting diodes (WOLEDs), which have shown potential 

for applications in solid-state lighting, offering luminous efficacy comparable to fluorescent 

lamps (Al-Kodmany., 2015). 

Standby Option 

Lifts spend a vast majority of their operational time on standby or in an idle state, with energy 

utilised in cabin lights, ventilation, and display screens. The installation of standby solutions 

that limit energy expenditure in these states as a matter of course is seen as a cost-effective 

measure in improving lift energy efficiency. Sachs, Misuriello, and Kwatra (2015) report 

that standby energy usage can be a high portion of a complete lift energy expenditure, par-

ticularly in buildings with minimal usage, and its minimization can achieve energy savings 

up to 80%. Such energy-saving technologies are in terms of motion-sensor-based lights, 

power-saving ventilation shut-offs, and adaptive power management solutions that dynami-

cally reduce standby power utilization. 

Standby energy minimization is a central requirement in global energy efficiency require-

ments, i.e., ISO 25745, VDI 4707, and ASHRAE 90.1, which specify regulatory require-

ments on power minimization in standby operation (Sachs et al., 2015). Incentive strategies 

as well as energy code requirements in buildings fuel additional application in sustainable 

vertical travel. Due to its effectiveness in greatly reducing overall lift energy usage, standby 

power management in new lift installations as well as lift upgrading is a vital component in 

making lift operation more ecologically sound. 

2.4  Factors Affecting the Number of Lift Trips 

This section studies how building characteristics, population, and lift design parameters such 

as speed and load capacity affect the number of daily lift trips. Both direct and indirect in-

fluences on lift demand and trip frequency are examined to provide a comprehensive under-

standing of lift usage patterns. 

Building Population 

The total number of people in a building is a primary driver of lift demand. Design guidelines 

often assume that a certain percentage of occupants will use the lifts during peak periods 
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(Al-Sharif & Seeley, 2010). A typical case is the morning up-peak in office buildings, which 

is commonly used to dimension lift systems. According to CIBSE Guide D, in a multi-tenant 

office, approximately 11–15% of the building population may call lifts within a 5-minute 

up-peak period (Al-Sharif & Seeley, 2010). 

Travel Height and Number of Served Floors 

Taller buildings with more served floors typically see greater lift usage, as occupants rely on 

lifts rather than stairs. More floors also mean longer travel distances per trip, which can 

reduce the number of trips each lift can make per hour. One study notes that increasing 

building height and density “escalate the need for vertical transportation, expanding lift 

usage” (Ang et al, 2022). In design calculations, a greater number of floors increases the lift 

round-trip time, meaning each lift completes fewer trips in a given time, so more or faster 

lifts are needed to handle the same demand. The number of served floors directly correlates 

with the potential for stops; more floors typically result in a higher likelihood of passengers 

requesting service at various levels, thereby increasing the number of trips required to ac-

commodate demand (Al-Sharif et al., 2016). This relationship is particularly pronounced in 

buildings with mixed-use spaces, where different floors may serve distinct functions, leading 

to varied traffic patterns throughout the day. 

Type of Building and Traffic Patterns 

The type of building—whether residential, commercial, or mixed-use—also affects lift traf-

fic patterns and the number of trips. For instance, in office buildings, lifts handle heavy 

traffic surges during the morning rush, lunchtime, and evening departure, leading to a higher 

number of trips each day. In contrast, residential buildings have a more evenly spread-out 

usage throughout the day. Studies have shown that lifts in commercial buildings tend to 

operate with heavier loads, at higher speeds, and make more trips compared to those in res-

idential settings (Ang et al, 2022). but the presence of amenities such as gyms or pools can 

create additional demand for lift services. Moreover, the design of the building, including 

the layout of floors and the distribution of lift shafts, can influence how effectively lifts serve 

different areas, thereby impacting the number of trips made (Al‐Kodmany, 2015). 

Group Size and Passenger Demand  

The number of lifts in a group has a big impact on how often each lift needs to run. When 

there are more lifts working together, the overall passenger demand is shared, meaning each 
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individual lift makes fewer trips. Research and simulations have shown that increasing the 

number of lifts reduces waiting times and minimizes the number of stops per ride, since 

passengers are spread across multiple cars. For instance, if a building increases its lift group 

size from 2 to 4, the workload is better distributed, allowing each lift to make fewer round 

trips in the same amount of time. A study found that adding more lifts improved service, as 

passengers could ride in separate cars, reducing the number of stops and making trips faster. 

On the other hand, smaller lift groups mean each lift has to work harder, making more trips 

to accommodate all calls. (Fernández & Cortés, 2015). 

Speed and Load Considerations 

The capacity (rated load) and speed of a lift play an important but indirect role in how well 

it meets passenger demand and how many trips it makes each day. In simple terms, larger 

and faster lifts can carry more people per trip and complete more trips in the same amount 

of time, helping to serve more passengers efficiently. However, there are practical trade-offs 

to consider: 

Rated load: A larger lift can move more passenger per trip, meaning that it can potentially 

reduce the number of trips needed to move a population demand, For instance, doubling 

capacity could allow half as many trips if usage is at full load. On the other hand, if the car 

is large, it can cause longer boarding times since each stop takes longer as people shuffle in 

and out (Al.Sharif et al, 2016). This diminishing return means designers do not simply max-

imize car size; an oversized car might make fewer trips because each trip has more dwell 

time at floors. Empirical design rules limit single lift capacity (e.g. rarely above ~2000 kg/26 

persons for passenger lifts) to avoid such inefficiency (Al.Sharif et al, 2016). Therefore, 

capacity must be balanced a suitably large car helps reduce crowding and efficiently handles 

peak traffic, ensuring that passengers do not have to wait for the next ride. However, if a lift 

is too large compared to actual demand it might lead to more trips. 

Rated speed: The rated speed plays an important role in how quickly it completes a roundtrip. 

In taller buildings, higher speeds can significantly reduce travel time, allowing the lift to 

complete more trips per hour, as long as there is enough demand. However, this relationship 

is not always straightforward. Since lifts need time to accelerate and decelerate, a higher 

speed does not always make a difference for short trips, where they might not reach their 

maximum speed. Therefore, for short distance it might have no impact on trip time and trip 

number. For example, a study showed that increasing lift speed from 2 m/s to 3 m/s had no 
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impact for a short 4-meter rise, because lift cannot exceed the speed of 1.4 m/s (Christy, 

2014). In essence, speed is a tool to match lift handling capacity to passenger demand – a 

higher speed lift can meet a high demand with fewer trips by cycling faster, whereas a slower 

lift might be overwhelmed unless supplemented by additional units. 

Therefore, rated load and speed do not create demand, and they do not have direct effect of 

trip number, but they determine how well the lift system can accommodate that demand. An 

inadequate lift will force passenger to wait longer time or even defer trips some people may 

avoid waiting long time and take stairs instead. These two factors indirectly influence the 

daily trip count: a high speed, high-capacity lift might make more trips per day if demand 

calls for it (Al.Sharif et al, 2016). 

Thus, in analysing lift trips per day, one must consider both demand side (building type, 

population) and supply side (lift performance parameters). 

2.5  Theoretical Background 

In the context of predicting the number of daily trips in lifts using historical data, a compre-

hensive understanding of the machine learning models employed is essential. This chapter 

will delve into three Boosted Trees, followed by an overview of performance measures in-

cluding Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and R² score. Each 

section will synthesize relevant literature to provide a robust theoretical background. 

2.5.1  Gradient Boosting Method 

Gradient boosting, as proposed by Friedman in 2001, is an iterative ensemble technique that 

builds models sequentially, where each new model is trained to correct the errors made by 

the previous models by combining many weak models, each one focusing on the remaining 

errors of the ensemble. It generalizes the boosting idea (known from AdaBoost for classifi-

cation) to arbitrary differentiable loss functions, making it applicable to both regression and 

classification with different loss choices. Friedman’s original work demonstrated how this 

gradient-based boosting paradigm can be applied to optimize common loss functions (e.g. 

least-squares for regression) and produced robust, state-of-the-art results in practice (Fried-

man in 2001). For a regression problem, a common choice of loss is the root mean squared 

error (RMSE), effectively the square root of the mean squared error. Using RMSE (or equiv-

alently MSE) as the loss, the gradient boosting algorithm can be described in the following 

iterative steps (Friedman in 2001). 
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Initialize a constant model ( 𝐹0(𝑥)) that minimizes the loss on the training data. For RMSE 

loss, 𝐹0(𝑥) is typically chosen as the mean of the target values (since the mean minimizes 

the sum of squared errors) for this case, 𝐹0(𝑥) is calculated as follows: 

𝐹0(𝑥) =
1

𝑁
∑ 𝑦𝑖

𝑁
𝑖=1    (6) 

In this equation yi is the target value and N, is the total number of training examples.                             

For each iteration t = 1, 2, …, T1, compute the pseudo-residuals 𝑟𝑖,𝑡 for each training example 

i. These are given by the negative gradient of the loss with respect to the current model’s 

prediction: 

𝑟𝑖,𝑡 = −
∂𝐿(𝑦𝑖,𝐹(𝑥𝑖))

∂𝐹(𝑥𝑖)
|

𝐹(𝑥𝑖)=𝐹𝑡−1(𝑥𝑖)
 , for i = 1,…,N (7) 

Intuitively, 𝑟𝑖,𝑡  represents the direction and magnitude of the error for each data point 

under the current model 𝐹𝑡−1.Where ( 𝐿 ) is the loss function which is considered as MSE 

(Mean Squared Error) which simplifies the 𝑟𝑖,𝑡 to: 

𝑟𝑖,𝑡 = 𝑦𝑖 − 𝐹𝑡−1(𝑥𝑖) (8) 

Since 𝐿(𝑦, ŷ) =
1

2
(𝑦 − ŷ)2 has derivative 

𝜕𝐿

𝜕ŷ
=  −(𝑦 − ŷ). In other words, with MSE loss 

the pseudo-residual is just the difference between the actual value and the current predicted 

value (Friedman in 2001). 

Next step, fit a weak learner (ℎ𝑡(𝑥)) which is often a decision tree on the training data 𝑥𝑖 

using the pseudo-residuals {𝑟𝑖,𝑡} (Friedman in 2001). 

And finally, update the model: 

𝐹𝑡(𝑥) = 𝐹𝑡−1(𝑥) + 𝜂 ℎ𝑡(𝑥) (9) 

Where ( 𝜂 ) is the learning rate, which is used to scale the addition, controlling how much 

the new learner corrects the model (Friedman in 2001). 

 
1 Although the iteration index t is defined to range from 1 to a maximum value T, in practice, the actual number of iterations may be 

determined dynamically. If the addition of new models no longer leads to meaningful improvements in reducing the residuals or overall 

loss, the boosting process can be stopped early. In such cases, the current value of t is considered the effective stopping point and serves 
as the final value of T. 
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Over time, several specialized implementations of gradient boosting have been developed, 

such as XGBoost, CatBoost, and LightGBM. These variations introduce optimizations and 

features, like handling of categorical variables or speed enhancements, that will be discussed. 

• LightGBM 

LightGBM, introduced by Ke et al. (2017), is an optimized gradient boosting framework 

designed to enhance efficiency and scalability, particularly for large datasets. It employs 

a histogram-based algorithm that discretizes continuous features into bins, significantly 

reducing computational cost and memory usage during training. Unlike traditional level-

wise tree growth, LightGBM utilises a leaf-wise growth strategy, which prioritizes split-

ting leaves that yield the highest loss reduction, leading to faster convergence and im-

proved accuracy. Additionally, LightGBM incorporates Gradient-based One-Side Sam-

pling (GOSS), which retains instances with large gradients while sampling from those 

with smaller gradients, ensuring more efficient learning. It also features Exclusive Fea-

ture Bundling (EFB), which groups mutually exclusive sparse features to reduce dimen-

sionality, further enhancing training speed. Moreover, LightGBM natively supports cat-

egorical feature handling, allowing efficient splits without the need for extensive pre-

processing (Ke et al, 2017). These optimizations enable LightGBM to outperform tradi-

tional gradient boosting implementations in both training speed and predictive accuracy, 

making it a popular choice for large-scale machine learning tasks. 

• CatBoost 

CatBoost, developed by Yandex (Prokhorenkova et al., 2018), is a gradient boosting al-

gorithm designed to handle categorical features efficiently while reducing biases found 

in traditional boosting methods. One of the key challenges it addresses is prediction shift, 

a form of bias caused by the way standard boosting models use training targets in itera-

tive updates (Prokhorenkova et al., 2019). In conventional boosting, the model at itera-

tion m is trained using all available target values up to m – 1. This means that a sample’s 

prediction is influenced by its own target in earlier iterations, leading to target leakage. 

Over many iterations, this effect accumulates, causing the model to fit patterns that in-

clude partial information about the true outputs. As a result, the predictions for training 

data become different from those for unseen test data, introducing a bias that reduces the 

model’s ability to generalize (Prokhorenkova et al., 2019). To solve this problem, Cat-

Boost introduces ordered boosting, a technique that ensures target values used for 
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training do not introduce bias into the model’s predictions. This method helps prevent 

target leakage, leading to more reliable and accurate models, especially when dealing 

with categorical data (Prokhorenkova et al., 2019). 

• XGBoost 

XGBoost (Extreme Gradient Boosting), introduced by Chen & Guestrin (2016), en-

hances the traditional gradient boosting framework by incorporating regularization and 

scalability into its design. Unlike standard boosting methods, XGBoost explicitly in-

cludes a regularization term in its objective function, which helps control model com-

plexity and prevents over fitting. If we define 𝑓𝑘(𝑥) as the k-th tree, where each tree has 

leaf weights w and T leaves, the overall objective function in XGBoost can be written 

as: 

𝐿 =  ∑ 𝐿(𝑦ᵢ, ŷᵢ)𝑛
𝑖=1 + ∑ (𝑓𝑘)

𝑘=1   (10) 

where the first term represents the standard loss function (such as squared error for re-

gression or logistic loss for classification) which in this study Root Mean Squared Error 

(RMSE) is chosen as loss function, and the second term Ω(f) is a regularization penalty:  

(𝑓) = 𝛾𝑇 +
1

2
𝜆 ∑ 𝑤𝑗

2𝑇
𝑗=1   (11) 

Here, T is the number of leaves in a single decision tree and γ penalizes the total number 

of leaves in a tree, while 𝜆 applies an L2 regularization on the leaf weights wj to smooth 

their values, reducing the risk of extreme predictions (Chen & Guestrin, 2016). Each leaf 

node in a tree represents a prediction region where a subset of training samples falls. The 

value assigned to each leaf is called 𝑤𝑗 the leaf weight, which determines the predicted 

value for samples reaching that leaf. Mathematically, the optimal 𝑤𝑗 is derived using a 

Newton step formula: 

𝑤𝑗
∗ =

−(∑ ᵢ∈𝐼ⱼ𝑔ᵢ)

(∑ ᵢ∈𝐼ⱼℎᵢ+𝜆)
  (12) 

 gi is the first-order gradient of the loss function with respect to the predicted value, ℎ𝑖 is 

the second-order derivative (Hessian), which adjusts the weight update based on the cur-

vature of the loss function. 𝐼𝑗 represents the set of training samples assigned to leaf j. 

This formulation ensures that each leaf weight is optimized to reduce the overall loss 
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while avoiding extreme values due to the presence of the λ term, which acts as a regu-

larize (Chen & Guestrin, 2016). 

In the special case where λ=γ=0, this objective function simplifies to standard gradient 

boosting, but the inclusion of regularization ensures that XGBoost uses simpler, more 

generalizable models. (Chen & Guestrin, 2016) 

2.5.2  Hyperparameters in Gradient Boosting  

Gradient boosting algorithms have several hyperparameters that can significantly influence 

their performance. Some of the most critical hyperparameters include: 

1. Learning Rate (𝜂): This parameter controls the contribution of each tree to the final 

prediction. A smaller learning rate typically leads to better performance but requires 

more trees to achieve convergence, increasing computational cost (XGBoost, 2025).  

2. Number of Estimators (𝑛est): This hyperparameter specifies the number of boosting 

stages to be run. More estimators can lead to better performance but may also in-

crease the risk of overfitting (XGBoost, 2025).  

3. Minimum Child Weight: In XGBoost, this parameter sets the minimum sum of in-

stance weights (Hessians) needed in a child (leaf) (XGBoost, 2025). This effectively 

means a node will not be split if the resulting leaf would have too few samples (or 

too little total Hessian weight). For example, if min_child_weight = 5, any split that 

results in a leaf with a total Hessian (which for binary logistic roughly corresponds 

to number of samples times a factor) less than 5 is discarded (XGBoost, 2025). In 

regression tasks (where Hessian can be constant 1), this is like requiring at least 5 

instances in each leaf (XGBoost, 2025). 

4. Subsample: This is the fraction of training instances to use for fitting each tree (sto-

chastic boosting). For example, subsample = 0.5 means each tree is trained on a ran-

dom 50% of the data. (XGBoost, 2025). 

5. Gamma (γ): This is the parameter discussed earlier that specifies the minimum loss 

reduction required to make a further partition on a leaf node. It acts as a regularization 

term, with higher values leading to more conservative models (XGBoost, 2025).  

6. Column Subsampling (colsample_bytree,,colsample_bylevel, colsample_bynode): 

XGBoost allows sampling of features (columns) in addition to rows. 
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colsample_bytree is the fraction of features to randomly select for each tree; colsam-

ple_bylevel applies at each tree level; colsample_bynode at each split node 

(XGBoost, 2025). These can be used separately or in combination. For example, 

colsample_bytree = 0.8 means each tree is built using 80% of the features which is 

randomly chosen (XGBoost, 2025). 

7. Lambda (λ): This parameter represents the L2 regularization weight. It helps to con-

trol overfitting by penalizing large coefficients in the model. A higher value of (λ) 

increases the regularization effect, which can lead to simpler models that generalize 

better to unseen data. Regularization is crucial in preventing the model from fitting 

noise in the training data (XGBoost, 2025). 

8. Scale Positive Class Weight: This hyperparameter is particularly useful for imbal-

anced datasets. It adjusts the balance of positive and negative weights, allowing the 

model to pay more attention to the minority class during training. Setting this param-

eter appropriately can significantly improve the model's performance on imbalanced 

datasets by reducing bias towards the majority class (XGBoost, 2025). 

9. Column Subsampling by Level: This parameter specifies the fraction of features to 

be sampled at each tree level. By controlling the number of features used for each 

tree, it can help in reducing overfitting and improving model robustness. A lower 

value can lead to more diverse trees, which may enhance the ensemble's overall per-

formance (XGBoost, 2025). 

10. Column Subsampling by Node: this parameter controls the fraction of features to be 

sampled at each node. This hyperparameter allows for more granular control over 

feature selection, potentially leading to better model performance by ensuring that 

each tree node is trained on a diverse subset of features (XGBoost, 2025). 

Certain hyperparameters are essential for inclusion in the model, while others may be con-

sidered or omitted depending on the characteristics of the dataset. An increase in the number 

of hyperparameters results in a more complex system, which in turn demands greater com-

putational resources for implementation. Therefore, selecting the most appropriate hyperpa-

rameters is crucial to maintaining both model quality and computational efficiency. In Py-

thon, predefined functions assign default values to specific hyperparameters; however, not 

all potential hyperparameters are incorporated by default. Based on the dataset properties 
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and specific modelling objectives, additional hyperparameters may be introduced or ex-

cluded to optimize predictive accuracy and overall model performance. 

2.5.3  Importance of Hyperparameter Tuning 

The performance of gradient boosting methods is highly sensitive to the choice of hyperpa-

rameters. Therefore, careful tuning is essential to achieve optimal results. Various methods 

can be employed for hyperparameter tuning, including: 

• Grid Search: Grid search is a widely used technique for hyperparameter optimization. 

It involves defining a fixed set of possible values for each hyperparameter and ex-

haustively evaluating all possible combinations. This method ensures that the opti-

mal combination within the predefined grid is tested. However, it can become com-

putationally expensive, especially as the number of hyperparameters increases, due 

to the exponential growth in evaluations (Bergstra & Bengio, 2012). Despite its com-

putational inefficiencies, grid search remains popular in scenarios with a manageable 

search space or sufficient computational resources. It is often coupled with cross-

validation to ensure that the selected hyperparameters generalize well to unseen data 

(Bergstra & Bengio, 2012). 

• Bayesian Optimization: This method improves upon random and grid search by us-

ing a probabilistic model, often a Gaussian process, to guide the search for optimal 

hyperparameters. Instead of randomly selecting hyperparameters, it balances explo-

ration and exploitation: (Snoek, Larochelle & Adams, 2012). 

1. Exploration: It searches areas of the hyperparameter space where perfor-

mance uncertainty is high. 

2. Exploitation: It focuses on regions that have previously shown promising re-

sults. 

A key acquisition function in Bayesian optimization is Expected Improvement (EI), 

which identifies the next hyperparameter set that maximizes the probability of per-

formance improvement. This method is effective for optimizing expensive-to-evalu-

ate models, such as deep learning architecture, by minimizing the number of evalu-

ations required to find the best solution. Compared to random search, Bayesian opti-

mization needs fewer evaluations to find optimal hyperparameters but has higher 
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computational overhead due to maintaining and updating the surrogate model 

(Snoek, Larochelle & Adams, 2012). 

• Random Search: This is a substitute for grid search where hyperparameters are sam-

pled randomly from a defined distribution instead of searching through all possible 

combinations. Bergstra and Bengio (2012) showed that random search tends to be 

superior to grid search because random search is a more efficient exploration of hy-

perparameter space. One advantage of random search is that it mitigates the "curse 

of dimensionality" better than grid search. In many machine learning problems, only 

a subset of hyperparameters significantly affects model performance (Bergstra & 

Bengio, 2012), By randomly sampling, random search can often find good configu-

rations without needing to evaluate every possible combination. This is particularly 

useful when computational resources are limited. However, random search lacks the 

ability to incorporate prior knowledge from previous evaluations. Each set of sam-

pled hyperparameters is chosen independently, which means the method may still 

require a large number of evaluations to find optimal settings. (Bergstra & Bengio, 

2012) 

• Optuna:  is an advanced framework for hyperparameter optimization, developed by 

Akiba et al. (2019), that improves upon traditional methods by dynamically adjusting 

the search space during trials. Unlike grid and random search, which require setting 

the hyperparameter range in advance, Optuna allows for flexible adjustments based 

on ongoing trial results. Optuna utilises: 

▪ Tree-structured Parzen Estimator (TPE): A Bayesian optimization technique 

that effectively models promising hyperparameter regions. 

▪ Multi-armed bandit strategies: These strategies dynamically allocate re-

sources to promising hyperparameter values. 

▪ Trial pruning: Optuna can halt underperforming trials early, conserving com-

putational resources if a hyperparameter configuration shows poor perfor-

mance at the outset. 

This adaptive approach enhances efficiency, making Optuna particularly effective for 

large-scale hyperparameter tuning tasks in deep learning and gradient boosting models 

(Akiba et al, 2019).  
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3  Methodology 

This chapter summarizes problem identification, sources of data, and analysis strategies ap-

plied for improved estimation of lift energy consumption beyond normal ISO-based condi-

tions. This chapter presents the research motivation, a comprehensive description of given 

data from KONE, and explanations for the two considered modelling strategies—Polyno-

mial Fit and Machine Learning. The chapter further provides descriptions for using the 

CRISP-DM methodology as the guidance framework, making sure that technical modelling 

and business targets go hand in hand through the analysis procedure. 

3.1  Problem Identification 

As it was discussed in literature review, many companies and researchers rely on ISO25745-

2 standards to estimate energy consumption in lifts. KONE, as an important member in the 

lift industry, provides Environmental Product Declarations (EPD). This report evaluates the 

environmental impact of a product throughout its lifecycle. This includes aspects such as 

material sourcing, manufacturing, transportation, energy consumption, and end-of-life dis-

posal. KONE’s EPD reports energy consumption and CO₂ emissions of its lift systems, help-

ing stakeholders understand their environmental footprint. The methodology used in these 

reports follows the framework established by ISO 25745-2, which provides guidelines for 

calculating lift energy consumption. For instance, one of KONE’s modernisation solutions, 

MonoSpace Upgrade DX, showcases how CO₂ emissions are distributed across different 

lifecycle stages. Figure 2 illustrates the carbon footprint distribution for this modernisation, 

breaking down emissions from manufacturing, delivery, installation, energy use, mainte-

nance, and end-of-life processes. This figure emphasizes that operational energy use is the 

largest contributor to overall CO₂ footprint of a lift, reinforcing the importance of improving 

energy efficiency (KONE EPD, 2023) 
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In the EPD report, operational energy consumption is calculated using the ISO 25745-2 

framework, which defines a structured methodology for assessing energy efficiency. For 

example, In Table 3, the impact of modernisation on lift energy consumption and CO₂ emis-

sions is illustrated through the KONE MonoSpace Upgrade DX case. For the calculation, 

KONE, as reported in the Environmental Product Declaration (EPD), follows the ISO 

25745-2 methodology. The calculation considers the Belgium national grid mix (0.26 

kgCO₂e/kWh) and assumes Usage Category 3 (300 trips/day) for an existing gearless trac-

tion lift with a non-regenerative V3F PMSM drive, with the following characteristics: rated 

load of 630 kg, rated speed of 1 m/s, and travel height of 12 meter (KONE EPD, 2023) 

Table 3- Annual energy consumption before and after modernisation for the MonoSpace Upgrade DX 

(KONE EPD,2023) 

 
Annual energy consumption 

[kWh] 

Operational emissions over 15 

years [kgCO2e] 

Lift before the modernisation with 

MonoSpace Upgrade DX 
1528 5710 

Lift after modernisation with Mon-

oSpace Upgrade DX 
841 3143 

Reduction before and after mod-

ernisation 
667 2567 

Given the importance of operational energy consumption and its direct impact on CO₂ emis-

sions in environmental reports, a more precise estimation of energy consumption can lead to 

a better prediction of the environmental impact of lifts. Although ISO 25745-2 provides a 

Figure 2- Distribution of carbon footprint for KONE Monospace Upgrade DX (KONE EPD,2023) 
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structured methodology, it relies on predefined usage categories and representative numbers 

for estimating the number of trips per day. 

Instead of relying solely on simplified ISO assumptions, this study aims to use historical 

operational data to find patterns between trip numbers, building characteristics, and lift di-

mensional characteristics. By doing so, the study analyses the effect of trip numbers on an-

nual energy consumption across five modernisation cases. Tukia (2019), in his doctoral dis-

sertation, introduced a simplified version of ISO’s trip estimation model. He mapped floor 

numbers to expected usage categories, making it easier to estimate lift trips in real-world 

scenarios. Table 4 represents his extracted model, which simplifies the ISO framework. 

Table 4- Segmenting the usage category to the number of floors (Tukia, 2019). 

Number of served floors Usage Category Number of Trips Interval Represented Trip Number 

2 1 10-75 50 

3 - 6 2 75-199 125 

7 - 11 3 200-499 300 

12 - 26 4 500-999 750 

>27 5 1000-2000 1500 

This study examines historical lift data and introduces two alternative methods for estimating 

lift trips and energy consumption: 

1. Polynomial Fit Model (Baseline model): The baseline model takes a more granular 

approach, focusing on the number of floors and building types to establish a contin-

uous, empirically derived function for estimating the daily number of lift trips. In 

contrast to floor-based representation method, this method utilises the historical data 

that was used in this study to determine a fitted function for only one part of dataset 

that was introduced as train set that predicts the median number of lift trips per day 

based on the number of served floors. This approach is applied separately to five 

different building types: residential, office, hotel, medical, and other sectors, ensur-

ing a sector-specific adaptation. Two functional forms, polynomial and logarithmic, 

are tested for each sector. The fitted functions are saved and later applied to the test 

dataset for prediction, after which error metrics are computed to evaluate model ef-

fectiveness. 
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2. Machine Learning: A more advanced technique that integrates multiple lift and build-

ing characteristics, enabling the capture of additional variability. This is assumed that 

at the time of installation all the parameters have been taken into account for design-

ing the lifts, so by looking at historical data and by having trips information of these 

lifts after installation, machine learning approach can help to model different scenar-

ios not only in terms of floor number but also other factors to introduce more precise 

estimation than baseline and what have been used so far through ISO standard. 

The results from these two approaches will be compared with the simplified ISO-derived 

table to evaluate their accuracy and effectiveness in estimating energy consumption. To en-

able comparison with this approach, referred to as the representative number method (first 

assumption), the test dataset was segmented into floor-based groups based on the classifica-

tion defined in Table 4. Based on this approach a new column is created that stores the rep-

resentative trip number based on the number of served floors. And later result of prediction 

by these two methods will be compare with this method. 

3.2  Data Collection 

In the pre-processing phase of this work, information extraction was performed using SQL 

(Structured Query Language) for information extraction from a variety of disparate sources. 

Information extracted was processed and consolidated for uniformity and completeness. 

Once pre-processing, the finished dataset was exported in JSON format for easier analysis. 

Python was utilised for analysis, leveraging a range of specific packages for processing and 

statistical analysis of information. Anaconda was included in the computational environ-

ment, with VS Code and Jupyter Notebook being utilised for development, offering efficient 

environment. 

The dataset for use in this analysis was delivered by KONE, a renowned global lift and 

escalator manufacturer. It is a rich, full-fledged one with information about 100,000 lifts, 

providing a picture of their operational and technical information. The dataset was captured 

via two key sources in the infrastructure of the organisation: 

• Internal Database: There is a rich in-house database with a wealth of information 

regarding the technical and physical specifications of the lifts, including rated speed, 

rated load, group size, and geographical location. All such information was derived 

and compiled from rich in-house databases of the corporation. 
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• Telemetry Data: Some of the information is in the form of telemetry information 

received through telemetry systems installed in the lifts. These use sensors to track 

real-time operational data, such as lift stops and usage patterns. Telemetry infor-

mation mirrors actual lift performance through documentation of operational statis-

tics such as trips and days operated. 

Table 5 shows the available features and columns in the aforementioned dataset. 

Table 5- Overview of dataset columns and their value ranges 

Feature Description Value Range 

Rated Speed The maximum speed of the lift, measured in meters per second (m/s) 0.5-8 m/s 

Rated Load 
The maximum load capacity of the lift car, measured in kilograms 

(kg). 
200-4000 kg 

Group Size The number of lifts managed under the same group control unit 1-8 units 

Building Type 
The type of building that lift has been installed labelled by the com-

pany. 

Residential, Of-

fice, Hotel, Air-

port, etc. 

Location 
The geographical location of the lift installations, including the city 

and country. 

Different coun-

tries in Europe, 

and Asia 

Number of 

Served Floors 
The number of floors the lift serves within the associated building. 2-50 floors 

Travel Height 
The distance between the lowest and highest landings that the lift 

travels, measured in meters 
2-300 m 

Average Trips 

per Day 

Extracted by dividing the total number of annual trips to the number 

of operating days, considering some thresholds to apply the effect of 

weekly variability in number of trips for some types of buildings 

such as offices. 

10-2000 trips 

3.3  Research Strategy 

There are various methodologies for conducting machine learning applications in different 

domains. Since for many machine learning applications, the knowledge of data scientists 

alone is often insufficient, the involvement of domain experts is essential. One of the most 
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widely adopted data mining methodology frameworks is the Cross-Industry Standard Pro-

cess for Data Mining. (Martínez‐Plumed et al., 2021)  

The CRISP-DM framework has emerged as a widely adopted methodology for conducting 

data science research and projects. This iterative process model provides a structured ap-

proach to navigating the complexities of the data analysis lifecycle, from understanding the 

business context to deploying and maintaining the final solution. (Martínez‐Plumed et al., 

2021) 

The CRISP-DM process consists of six main phases: Business Understanding, Data Under-

standing, Data Preparation, Modelling, Evaluation, and Deployment. (Martı́nez et al., 2021) 

Each phase requires thoughtful consideration of the inherent variability and dependencies 

within the data analysis workflow. This iterative, cyclic nature of the CRISP-DM process 

allows for flexibility and continuous improvement throughout the data science project lifecy-

cle. (Martı́nez et al., 2021) 

Business Understanding phase lays the foundation for the entire project, where the researcher 

or data science team delves into the specific business objectives, identifies the critical suc-

cess factors, and develops a project plan that aligns with the organization's strategic goals. 

This initial phase ensures that the subsequent phases remain focused and relevant to the 

problem at hand (Jaggia et al., 2020). 

Data Understanding phase involves exploring and analysing the available data to gain in-

sights into its quality, relationships, and potential issues. This phase is crucial in identifying 

the variability inherent in the data and understanding how it might impact the modelling and 

deployment stages (Ayele, 2020). 

Data preparation phase encompasses the tasks of cleaning, transforming, and integrating the 

data to ensure it is suitable for the modelling process (Singh et al., 2022). 

Modelling phase involves the selection and application of appropriate machine learning or 

statistical techniques to the prepared data, with a focus on capturing and addressing the iden-

tified variability (Singh et al., 2022). 

Evaluation phase assesses the performance of the models, considering the original business 

objectives and the identified variability. And finally, the Deployment phase involves the 

integration of the developed models into the organization's operational systems, ensuring 

their long-term maintenance and continuous improvement (Singh et al., 2022). 
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This study utilised a machine learning model to investigate energy usage within the lift in-

dustry. Cultivating a thorough comprehension of the industry and augmenting domain ex-

pertise prior to data analysis is indispensable. Furthermore, as the CRISP-DM methodology 

not only addresses data analysis and understanding but also ensures alignment between data 

and business objectives, it was the preferred approach adopted for this research endeavour. 

Additionally, since this study necessitated multiple iterative cycles to analyse the data and 

ensure the reliability of data selection and pre-processing, the CRISP-DM framework was 

employed. Figure 3 shows the iterative nature of the CRISP-DM process. 

 

Figure 3-CRISP-DM framework, research methodology 

4  Data  

4.1  Data Understanding 

The primary libraries utilised for analysis in such a case include Pandas, NumPy, Matplotlib, 

and Seaborn, with each tool having a specific function in both visualization and exploration. 

Pandas was utilised for data manipulation, including loading, cleaning, and summation of 

the data. NumPy supported efficient numerical computations, particularly in working with 

arrays and in calculation of statistics. Matplotlib and Seaborn supported visualization of dis-

tributions, trends, and correlations in the data, with a deeper analysis of the dataset being 

conducted before developing and deploying a machine algorithm.  
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The first step for understanding data, is finding the distribution of different features and their 

correlation with target which is the prediction of average daily trips, also since the aim of 

thesis is finding better model and more precise way to calculate the trip number, historical 

data also is compared with the first assumption mentioned in Table 4. 

4.1.1  Analysing of Historical Data against Representative Number Method (First 

Assumption) 

Since the first assumption is what Tukia (2019), introduced in his dissertation and we call it 

as a first assumption, the historical data examined against this assumption. For that, data has 

been categorised in floor bins mapping to the Table 4, for different building types, to see 

how much percentage of lifts work in the same introduced range in this assumption. Also, 

since in ISO 25745-2:2015, have a same pattern for labelling the usage category for offices 

also same based on floors, by analysing the historical data trips number and comparing with 

what introduced in this assumption and standard, we will have better understanding of real 

data against this assumption. dataset was subsequently divided into five groups based on the 

number of building floors. The distribution of usage categories within each of these floor-

based groups was then analysed for each of the three building segments: residential, office, 

and mixed-use. Figure 4 represents the proportion of each usage category for the office sec-

tors as a sample within each floor bin for these respective segments. 

As Figure 4 shows, for buildings with 3 to 6 floors, approximately 35% of the lifts were 

categorized as having "Very Low" usage (Category 1). In buildings with 7 to 11 floors, usage 

Categories 2 ("Low") and 3 ("Medium") were observed with 31% and 44% respectively.  

each accounting for 42% of the lifts. This analysis suggests that the anticipated usage cate-

gory for most floor ranges might be overestimated. lifts in taller buildings (those with more 

floors) tend to exhibit a lower usage intensity than the standard categorization would predict. 
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Figure 4- Distribution of trips per day for each floor category in office building. Categories: 1, very low us-

age; 2, low usage; 3, medium usage; 4, high usage; 5, very high usage 

Figure 5 illustrates the 5th and 95th percentiles of daily lift trip counts across different floor 

levels, using a sample of office buildings for Malaysia. This subset was intentionally selected 

to explore extreme usage conditions and to evaluate how well the predefined ISO-based 

assumptions, referred to here as the representative number method, align with actual data. In 

the figure, the shaded rectangles represent ISO usage categories, while the black dashed lines 

indicate the representative trip numbers suggested for each floor range. The comparison 

highlights several inconsistencies. For buildings with more than 27 floors (UCG5), the ISO’s 

recommended trip number (1,500 trips/day) is clearly above even the 95th percentile of ob-

served data, suggesting a significant overestimation. In contrast, for the 3 to 6 floor range 

(UCG2), the ISO’s minimum suggested trip count (75 trips/day) is higher than the 5th per-

centile of actual usage, again pointing to overestimation at the lower bound. Although some 

ranges, such as the maximum value for UCG2, do align with observed upper percentiles, 

others deviate notably from reality. This analysis of extreme cases reveals that ISO-based 

assumptions do not consistently reflect real-world lift behavior across all building types. 

Overestimations are most pronounced in taller buildings, while some lower- and mid-rise 

categories show partial mismatches. These discrepancies can result in substantial 
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miscalculations, exceeding 1,000 trips per day in some cases, which, in turn, significantly 

impact energy consumption estimates. 

 

Figure 5-Analysis of extreme trip numbers by served floors 

4.1.2  Relationship Between Floor Count and Daily Trip Frequency 

Building upon established domain knowledge and insights from prior literature, the number 

of served floors in a building is a key factor affecting the frequency of lift trips per day. 

Taller buildings tend to support higher passenger volumes and longer travel distances, which 

collectively lead to increased lift usage. To investigate this pattern, the dataset was seg-

mented based on the number of floors in each building, grouping together buildings with the 

same number of floors, and the resulting distribution of daily lift trips was visualized as a 

boxplot, shown in Figure 6. 

In this figure, each box represents the interquartile range (IQR), capturing the middle 50% 

of trip data, with the lower and upper bounds indicating the 25th and 75th percentiles, re-

spectively. The horizontal line within each box corresponds to the median number of trips 

per day for that floor group. Whiskers extend to the most extreme data points within 1.5 

times the IQR, while points beyond these whiskers are considered outliers. The y-axis shows 

the number of trips per day, ranging from approximately 0 to over 2,500. 

The figure clearly illustrates that, in general, buildings with more floors experience a higher 

number of trips per day. This is evident from the upward trend in both the median and upper 

quartile values as floor count increases. However, lower-rise buildings show greater 
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variability in trip frequency, with wider boxes and more outliers, suggesting that additional 

building-specific factors such as building function, occupancy levels, or lift configurations 

may strongly influence lift usage in these cases. This observation highlights the limitations 

of using only the number of floors as a predictor of trip frequency and underscores the value 

of incorporating other relevant variables for more accurate modelling. 

 

Figure 6-Boxplot of daily lift trip counts across buildings grouped by number of served floors. Each box rep-

resents the interquartile range (25th to 75th percentile), with the horizontal line indicating the median value. 

Whiskers extend to 1.5 times the interquartile range, and points beyond are shown as outliers. Y-axis values 

are omitted to protect proprietary source information.  

4.1.3  Relationship Between Building Type and Daily Trip Frequency 

Building type exerts a significant influence on daily trip frequency. This is evident in nu-

merous instances where buildings with lower floor counts exhibit higher trip volumes due to 

their specific function. To validate this observation, Figure 7 depicts the median daily trip 

frequency for various building types. As illustrated, the median trip frequency for medical 

facilities is notably higher compared to that of office or residential buildings. 
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Figure 7- Categorising the median number of daily lift trips across different building types. Y-axis values are 

omitted to protect proprietary source information; figures are presented to highlight relative differences be-

tween categories 

4.1.4  Influence of Rated Speed and Load Capacity on Daily Trip Frequency 

The boxplots in Figure 8 and 9 show distributions of average daily lift trips for various loads 

and rated speeds. The initial hypothesis is that larger loads and rated speeds would have 

more trips because of their higher capacity for situations of higher demand. Generally, the 

expectation is confirmed by the plots with higher median numbers of trips for higher loads 

and rated speeds, at least up to about 2-3 m/s for rated speed and to about 1500-2000 kg for 

loads. There is considerable variation within each class (as gauged by box height) and many 

outliers indicating that these variables alone cannot be used to make accurate enough pre-

dictions. This suggests that other factors like building type, floors served by lifts, and pattern 

of use take their role in influencing lift demand.  

While a general upward trend is evident, correlation of rated speed/load to number of trips 

appears to be non-linear. Trip frequency increase tends to level off at higher levels of 

speed/load, suggesting that other limiting factors become dominant. This would make linear 

model assumptions questionable in properly characterizing the relationship. Models that 

possess the capability to model non-linearity as well as feature interactions (e.g., Random 

Forests, Gradient Boosting, or neural networks) would thus be good to consider. Outliers in 
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conditions of variability further make it necessary to include more features and even build 

interaction terms to make the model more powerfully predictive. 

 

Figure 8- Boxplot of daily trips by lift rated speed. Boxes show interquartile range with median line; outliers 

are shown as points. Y-axis values are omitted to protect proprietary data and highlight relative differences. 

 

Figure 9- Boxplot of daily trips by lift rated load. Boxes show interquartile range with median line; outliers 

are shown as points. Y-axis values are omitted to protect proprietary data and highlight relative differences. 

4.2  Data Preparation 

Data preparation is a critical phase in the machine learning workflow, as the quality and 

structure of the dataset directly influence the performance of the trained models. A well-

prepared dataset ensures that the model can learn effectively from the data, leading to more 

accurate predictions and generalizations. The importance of data preparation can be under-

scored by several key factors that need to be considered during the cleaning and preparation 

of datasets. the process of data cleaning is essential to eliminate inconsistencies and errors 

that can skew model training. As noted by Rezig et al., (2021) data conditioning often 
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involves addressing discrepancies within the dataset, which can include handling missing 

values, outliers, and irrelevant features. This step is crucial as it directly affects the model's 

ability to learn from the data. 

In this work, train model data is expansive and dispersed. Additionally, the data consists of 

measured characteristics of apparatus that have been stored on a human interactive platform. 

As counts that have been measured daily by linked sensors may contain errors within them-

selves, proper cleansing of data and in-depth scrutiny must be done before application. 

Cleansing of data and preparation shall be elaborated in this work part. 

4.2.1  Missing Value and Outlier Handling 

To ensure data quality before AI model training, initial pre-processing steps were conducted, 

including missing value handling and outlier detection. 

Missing Value Handling 

The dataset was first analysed for missing values by calculating the number and percentage 

of null values in each column. Based on this analysis, some missing values were removed, 

while others were imputed using appropriate statistical methods such as mean, median, or 

interpolation. This step was necessary to prevent gaps in the dataset that could negatively 

impact model performance. 

However, a special case arose with the travel height variable, which represents the vertical 

distance (in meters) that a lift travels. Many values in the column were missing or had a 

value that was clearly too small, indicating that perhaps the unit of measure was not cohesive. 

While regression-based imputation using the relationship between floor number and travel 

height was considered, it was ultimately avoided due to the high correlation between these 

two features, which posed a risk of overfitting. Instead, the decision was made not to use 

interpolation, and this column was retained only as an auxiliary feature where valid values 

were available. 

Outlier Handling 

The strategy that has been applied for identifying outlier was finding extreme usage of lifts 

based on the framework Tukia (2019) outlined and in this thesis pointed out in Table 4. This 

analysis revealed a discrepancy between the predicted and observed usage categories. Spe-

cifically, a majority of lifts were observed to operate at a usage level one category lower than 
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the predicted category. While a portion aligned with the predicted category, a smaller subset 

exhibited usage patterns falling into other categories. 

To mitigate the impact of these discrepancies and enhance data quality, 13% of outliers, 

defined as those falling outside the range of one category above or below the predicted usage 

level, were removed from the dataset. This outlier removal strategy aimed to normalize the 

distribution of usage categories and improve the reliability of subsequent analyses. 

4.2.2  Feature selection and Engineering 

During the data understanding phase, initial exploration revealed complex relationships be-

tween the available features and the target variable, average daily trips. While certain fea-

tures may exhibit a general linear relationship, individually, the rated speed and rated load 

showed a high variability and no clear pattern with the average daily trips. This suggests that 

their influence is intertwined and/or moderated by other factors. Furthermore, data limita-

tions restrict the use of potentially crucial features like the number of dwellings in residential 

buildings or accurate travel height measurements, as these exhibit substantial data incom-

pleteness. This scarcity of reliable data for key variables could limit model performance if 

those variables were included directly. 

To address these challenges and enhance the model's predictive capabilities, feature engi-

neering will be employed. The initial exploration resulted in an engineered the "load in 

speed" feature (rated load multiplied by rated speed) which is shown in Figure 10 demon-

strates a stronger positive correlation with average daily trips. This variable effectively cap-

tures the combined impact of a lift's capacity and speed, revealing a more pronounced pattern 

than either feature alone.  
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Figure 10-Boxplot of daily lift trips by the product of rated load and rated speed (kg·m/s), used here as an 

engineered feature representing lift throughput capacity. Boxes show interquartile range with median lines; 

outliers are shown as points. Y-axis values are omitted to protect proprietary data and emphasize relative pat-

terns. 

Also since the combination of floor number and building type can determine the range of 

trip number, one column is added to the data frame which have 2-story buildings, low-rise, 

mid-rise, and high-rise buildings which label to the lift by considering their building floor 

number then a new feature is introduced which taking into account this category and also 

the type of the building, since the model of this machine learning is tree-based, having better 

categorical features can lead to better model performance. Figure 11 shows the process of 

creating and labelling new features. 

 

Figure 11- Process of creating a new engineered feature 
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By creating more features and testing them we will make selection based on feature impor-

tances that will bring to the model. Ultimately, the aim is to find and develop an exhaustive 

list of features that capture well the drivers behind lift trip frequency, which lead to a more 

accurate and dependable prediction model. The first list of features that were integrated into 

the model includes the Table 6 below. 

Table 6-Initial feature selection 

Feature Name Description Type 

Rated Speed Maximum operating speed of the lift (m/s). Numerical 

Rated Load Maximum weight capacity of the lift (kg). Numerical 

Speed-Load (Engi-

neered) 
Combination of speed and load to capture their joint impact. Numerical 

Installation Country 
Country where the lift is installed, influencing regulations 

and usage. 
Categorical 

Number of Served 

Floors 
Total number of floors the lift serves. Numerical 

Group Size Number of lifts operating as part of a coordinated group. Numerical 

Building Type 
Classification of the building (e.g., residential, commercial, 

mixed-use). 
Categorical 

Building Height Clas-

sification (Engineered) 

Merged building type information to define (low-rise, mid-

rise, or high-rise) 
Categorical 

4.2.3  Handling Categorical Features and Numerical Features 

Before using the model's functionalities, preparation of the features for usage in the model 

has to be performed. The Category Encoders library for Python provides a stable collection 

of encoding methods for categorical values, for use in machine learning. The library provides 

varying methods of encoding, including notably One-Hot Encoding and Target Encoding, 

with varying purposes and use. 

One-Hot Encoding is a widely used technique that transforms categorical variables into a 

format that can be provided to machine learning algorithms to improve predictions. It creates 
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binary columns for each category in the variable, where a '1' indicates the presence of a 

category and '0' indicates its absence. This method is particularly effective for nominal cat-

egorical variables with a limited number of categories, as it prevents the model from assum-

ing any ordinal relationship among categories (McGinnis et al., 2018). However, one-hot 

encoding can lead to high dimensionality when applied to features with many categories, 

which can negatively impact model performance due to increased computational complexity 

and potential overfitting (McGinnis et al., 2018). 

In contrast, Target Encoding is a technique that replaces a categorical variable with the mean 

of the target variable for each category. This method is particularly useful in scenarios where 

the categorical variable has a high cardinality, as it reduces dimensionality while preserving 

the relationship between the categorical feature and the target variable (Rodríguez et al., 

2018). However, care must be taken to avoid target leakage, which can occur if the target 

information is inadvertently included in the training data (Rodríguez et al., 2018). 

Figure 12 illustrates the process of categorical feature encoding on the data before training 

the AI model. The code example demonstrates a two-step process where low-cardinality 

categorical values are encoded with One-Hot Encoding (OHE) and high-cardinality categor-

ical features are converted with Target Encoding (TE). The training data are fed into the 

fit_transform() function first, where the encoders learn from the training data and apply the 

transformation in the process. OHE expands categorical values into a number of binary col-

umns, and TE replaces categorical values with the target mean for each category. To prevent 

data leakage, the transform() function is then invoked on the test data, where the learned 

transforms on the training data are uniformly applied without refitting. 
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Figure 12- Categorical feature encoding process 

4.3  Modelling 

In this subsection, the approach for developing and tuning the predictive models is presented. 

Three commonly used gradient-boosted frameworks were used, i.e., LightGBM, XGBoost, 

and CatBoost, with each of them being known for working with structured data and for hav-

ing ample parameters for solving data imbalance and overfitting. In this subsection, the data 

splitting strategy is presented. The default parameters of each model, the new parameters, 

and the process of tuning parameters with the utilization of Optuna are introduced. The ap-

proach for maintaining a stable validation process and the factors considered for solving 

computational cost are also presented. 

To facilitate the process, the following Python libraries from the environment for Scikit-

learn and some machine learning frameworks such as LightGBM, XGBoost, CatBoost, and 

Optuna were utilised. 

4.3.1  Train-Test Splitting and Data Partitioning:  

The encoded dataset was divided into training (80%) and validation (20%) subset. This en-

sures that the model is trained on one subset of the data while evaluated on unseen data, 

preventing overfitting. The random seed also was set to ensure reproducibility across differ-

ent runs. The Figure 13 represents the encoding a well as the train and test process. 
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Figure 13-Preparing the train and validation set for finding the best hyperparameter 

4.3.2  Model Selection and Hyperparameters Tuning 

Gradient Boosting Machines (GBMs) were selected for this study due to their high predictive 

accuracy, resilience to overfitting, and capacity to handle mixed data. Given the three cate-

gorical and five numerical features, some of which are highly correlated, GBMs such as 

LightGBM and CatBoost offer native categorical support, reducing the need for extensive 

pre-processing. Moreover, GBMs emphasize misclassified points in each boosting cycle, 

making them effective for imbalanced or complex datasets. Consequently, three different 

GBM models were implemented using their respective Python libraries. Each library has a 

set of default hyperparameters which is visible in table 7.  

Table 7- Default value of hyperparameters for LightGBM, XGBoost, and CatBoost library 

Hyperparameters LightGBM XGBoost CatBoost 

Learning Rate 0.1 0.3 0.03 

Number of Leaves 31 - - 

Max Depth No limit 6 6 

Subsample 1 1 - 

Colsample_bytree 1 1 - 

Iteration - - 1000 

L2 Leaf Regularization - - 3 

In the experiments, I observed the dataset has some imbalance nature (some target values 

can potentially be overrepresented compared to others). To counter the potential majority 

range bias, we added and tuned known hyperparameters for overfitting and handling includ-

ing: Lambda to control the strength of L2 regularization, Gamma to make the algorithm 
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conservative (fewer splits) and avoid overfitting and finally Min_child_weight to make the 

model conservative by not allowing small leaves to happen likely. 

Figure 14 is the concise illustration of the tuning process for XGBoost. 

 

Figure 14- Optuna optimization and finding the best hyperparameters 

After identifying the best hyperparameters for all models, I re-trained them using the whole 

train set without the addition of another early-stopping method. This ensures the resulting 

models make the maximum possible use of all the train data available. 

The Figure 15 illustrates the architecture of the predictive model developed in this thesis. 

The XGBoost model is used, incorporating hyperparameters, tuning, and various building 

and lift attributes. Inputs such as building type, number of floors, and lift trip distribution 

percentiles are processed by the trained algorithm to estimate the average number of lift trips. 
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Figure 15- Final model structure 

5  Results 

In this chapter, I present the results obtained from four distinct approaches to predicting the 

average number of trips per day for lifts. I begin by introducing each method and then assess 

their accuracy and reliability using a range of error metrics. The methods under investigation 

include: 

• Representative Number Method (First Assumption): 

This approach employs a representative value based on floor categorization. It is inspired 

by previous studies and aligns with the usage categories defined in ISO 25745-2. 

• Polynomial Fit Model (Baseline): 

Utilizing historical data, this model incorporates building type and the number of served 

floors to fit a simple polynomial function. 

• Advanced Machine Learning Models: 

Also based on historical data, this approach leverages three different gradient boosting 

models, including Category Boosting, XGBoost, and LightGBM. The models are tested 

in two cases: first, without applying the travel distance of the lift as an auxiliary feature, 

and second, after incorporating this feature. The results of both cases are compared to 

assess the impact of this additional parameter. 

Furthermore, we explore five different use cases to evaluate the impact of modernisation 

under two distinct scenarios: one that does not emphasize energy efficiency and another that 

focuses on energy efficiency. This analysis investigates how variations in the predicted num-

ber of trips influence energy calculations by comparing both the actual values and the results 

from each predictive method. 
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5.1  Representative Number Method (First Assumption) 

The performance of the Floor-Based Representation Method on the test dataset is summa-

rized in Table 8 Since this method assigns a representative trip number based on predefined 

categories; the training set does not influence the error metrics. Therefore, only the evalua-

tion metrics for the test set are reported. These results will later be compared with those of 

other predictive methods to assess relative accuracy and reliability. 

Table 8- Performance metrics representative number method 

Error Parameter Value for Test Set 

Coefficient of determination (𝑅2 Score) 0.266 

Mean Absolute Error (MAE) 117.42 

Root Mean Squared Error (RMSE) 165 

The results indicate that this method struggles to provide accurate predictions, as evidenced 

by the high RMSE (165) and MAE (117.42) values, along with a low R² score (0.266), which 

signifies weak correlation with actual data. The scatter plot in Figure 16 further illustrates 

the discrepancy between actual and predicted values, where predictions cluster around spe-

cific levels, demonstrating the lack of flexibility in this approach. The primary limitation of 

this method is its rigid categorization and introducing one representative number for many 

different cases.  As a result, the method fails to adapt to variations in real-world data, making 

it an unreliable approach for precise trip prediction. 
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Figure 16- Comparison of the test set with the representative trip number method. The red line indicates the 

ideal scenario where all predicted and actual values perfectly align 

5.2  Polynomial and Logarithmic Fit Model (Baseline Model): 

The second predictive method utilises the training dataset to establish a fitted function that 

predicts the median number of lift trips per day based on the number of served floors. This 

approach accounts for variations across different building types, ensuring that predictions 

are tailored to specific sectoral characteristics. The training data was first categorized into 

five sectors: residential, office, hotel, medical, and others, and within each sector, the median 

number of trips per operating day was calculated for different floor counts. Two mathemat-

ical functions, polynomial and logarithmic, were fitted to these sector-specific datasets to 

model the relationship between the number of floors and lift usage patterns. 

After fitting both functions to the training dataset, their performance was evaluated using R² 

(coefficient of determination) and RMSE (root mean squared error). The polynomial model 

consistently outperformed the logarithmic model, exhibiting higher R² values and lower 

RMSE values in all sectors. Consequently, the polynomial function was selected as the final 

model for predicting trips per day in the test dataset. The fitted models were then applied to 

the test data, where predictions were generated, and error metrics were computed to evaluate 

the model’s accuracy. Figures 17 to 21 illustrate the fitted models for different building 

types. In these figures, the blue dots represent actual median trip values from the training 
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dataset, while the red and green curves represent the polynomial and logarithmic fits, respec-

tively. It is evident from these visualizations that the polynomial function provides a better 

approximation of the data points across most sectors. The polynomial function demonstrated 

superior predictive capability across all building sectors compared to the logarithmic func-

tion. In the residential sector (Figure 21), the polynomial model achieved an R² of 0.90, 

whereas the logarithmic model had an R² of 0.84, confirming the polynomial function’s bet-

ter fit. Similarly, for office buildings (Figure 20), the polynomial function attained an R² of 

0.75, slightly outperforming the logarithmic model. The hotel (Figure 17) and medical (Fig-

ure 18) sectors exhibited lower overall R² values, 0.75 and 0.45, respectively, indicating that 

the relationship between floors and trips is less predictable in these building types. In the 

other building category (Figure 17), the polynomial model achieved R² = 0.79, further vali-

dating its general applicability. 

 

 

 

 

 

 

 

Figure 17- Polynomial and logarithmic trend fitting based on the median of historical data in the hotel sector 
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Figure 18- Polynomial and logarithmic trend fitting based on the median of historical data in the medical 

sector 

Figure 19- Polynomial and logarithmic trend fitting based on the median of historical data in the other sec-

tor 
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the overall test set evaluation for this method yielded an RMSE of 120.59, an MAE of 82.80, 

and an R² score of 0.654, showing a moderate correlation between predicted and actual trip 

values. Compared to the floor-based representation method, which had a significantly lower 

R² score of 0.266, this approach represents a substantial improvement in prediction accuracy. 

The scatter plot in Figure 22 further highlights this enhancement, where the baseline poly-

nomial predictions (blue dots) are more closely aligned with the red ideal prediction line 

compared to the floor-based method’s results.  

Figure 20- Polynomial and logarithmic trend fitting based on the median of historical data in the office sec-

tor 

Figure 21- Polynomial and logarithmic trend fitting based on the median of historical data in the residential 

sector 
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Figure 22- Comparison of the test set with the baseline predicted trip number method. The red line indicates 

the ideal scenario where all predicted and actual values perfectly align 

Furthermore, Table 9 presents the results of the baseline model evaluation, including the 

calculated error parameters. 

Table 9- Performance metrics for the baseline model 

Error Paremeter Value for Train Set Value for Test Set 

Coefficient of determination (𝑅2 Score) 0.66 0.65 

Mean Absolute Error (MAE) 81.98 82.80 

Root Mean Squared Error (RMSE) 120.81 120.59 

 

5.3  Advanced Machine Learning Models without Auxiliary Feature (XGBoost) 

The first phase of the machine learning-based prediction involved training three gradient 

boosting models—XGBoost, LightGBM, and CatBoost—on a pre-processed dataset. The 

pre-processing included encoding categorical variables and scaling numerical features to en-

sure consistency across different inputs. The training data consisted of features such as the 

number of floors, business type, geographic location, rated load-speed interaction, and group 

size, but without incorporating the auxiliary feature (lift travel height). Each model under-

went hyperparameter tuning using Optuna to optimize predictive performance. After train-

ing, the models were evaluated on the test dataset, and the XGBoost model emerged as the 

best performer based on error metrics, leading to its selection for further analysis. Figure 23 
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presents the scatter plot of actual vs. predicted values using this model, where the distribution 

of points around the red dashed ideal prediction line indicates model performance. 

  

Figure 23- Comparison of the test set with the machine learning (XGBoost) model without an auxiliary fea-

ture. The red line indicates the ideal scenario where all predicted and actual values perfectly align 

Table 10 shows the error parameters result for this model, as it is shown, The XGBoost 

model without auxiliary correction achieved an R² score of 0.798 on the test set, marking a 

significant improvement over previous methods such as polynomial regression (R² = 0.654) 

and floor-based representation (R² = 0.266). The RMSE was 92.17, while the MAE stood at 

63.62, signifying that the model captures a strong correlation between lift trips and input 

features 

Table 10- Performance metrics for XGBoost model without an auxiliary feature 

Error Parameter Value for Train Set Value for Test Set 

Coefficient of determination (𝑅2 Score) 0.87 0.80 

Mean Absolute Error (MAE) 52.51 62.2 

Root Mean Squared Error (RMSE) 73.61 89.62 

MAPE 45% 48% 

75th Percentile of Error 36% 40% 
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The close agreement between the model's performance on the training and test sets, as evi-

denced by comparable 𝑅2 Score and acceptable differences in RMSE and MAE, suggests a 

lack of overfitting. Furthermore, the high 𝑅2 Score value indicates that the model effectively 

captures a significant portion of the variability within the data. 

Feature importance analysis was then performed, and the results, summarized in Table 11, 

reveal number of served floor as the most influential factor in predicting daily trip frequency. 

The table also presents the relative importance of other contributing features after analysing 

the feature importance, two features that did not have effect on model and only causes over-

fitting due to high correlation with each other and with rated load-speed engineered feature, 

were removed and this removal reduced the difference between train and test result. There-

fore, although removing these two features did not have effect on test result but made model 

more reliable. 

 Table 11- The percentage of important features in model prediction 

5.4  Advanced Machine Learning Models with Auxiliary Feature (XGBoost) 

Domain knowledge suggests that travel height is a potentially significant factor in predicting 

daily trip frequency. However, the dataset exhibited limitations in terms of travel height data 

availability and accuracy. Approximately 25% of data points lacked travel height values, 

while an estimated 50% of the available values were deemed inaccurate, often indicating 

implausibly low values (less than 3 meters). 

In the second phase of machine learning-based predictions, the same XGBoost model was 

retrained with an additional auxiliary feature: travel height. This feature represents the max-

imum of vertical distance the lift travels from the first landing door to the last one, which is 

Important Features Percentage of Mean Permutation Importance Scores 

Number of Floors 65% 

Business Type 11% 

Rated Load-Speed 11% 

Group Size 4% 

Installation Country 5% 

Building Height Classification 

(Engineered) 
4% 
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a crucial factor influencing trip counts. Only test samples with valid travel height values 

greater than 3 meters were included in this phase to ensure data quality. The model’s base 

predictions were first generated, after which a secondary auxiliary correction model 

(XGBoost) was trained to predict the residual errors based on the travel height. The final 

predictions were obtained by adding these corrections to the original model’s outputs. Figure 

24 illustrates the results of this enhanced model, showcasing the impact of travel height on 

improving alignment with actual values. 

  

Figure 24- Comparison of the test set with the machine learning (XGBoost) model with an auxiliary feature. 

The red line indicates the ideal scenario where all predicted and actual values perfectly align 

Feature importance analysis within this refined model confirmed the significance of travel 

height as a predictive factor. Also, as it is shown in Table 12 The introduction of the auxiliary 

feature significantly enhanced model performance, increasing the R² score to 0.850 on the 

test set. The RMSE was reduced to 75.43, and the MAE dropped to 54.92, demonstrating a 

clear improvement in predictive accuracy. Moreover, the percentage of predictions within a 

30% error margin rose to 73%, confirming the auxiliary feature’s role in refining the model’s 

estimations. 

By comparing the residuals of the main model (without travel height) to those of the model 

incorporating travel height, an improvement in model performance was observed. 
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Specifically, a 33% reduction in RMSE and a 24% reduction in MAE were achieved com-

pared to the baseline model. This improvement underscores the potential of travel height as 

a valuable predictor when accurate data is available. Furthermore, it suggests that the inclu-

sion of complete and accurate travel height data for all observations could lead to a substan-

tial enhancement in model accuracy and predictive power. 

Table 12-- Performance metrics for XGBoost model with auxiliary feature 

Error Parameter Value for Train Set Value for Test Set 

Coefficient of determination (𝑅2 Score) 0.88 0.85 

Mean Absolute Error(MAE) 52.92 54.92 

Root Mean Squared Error (RMSE) 70.19 75.43 

MAPE 40% 45% 

75th Percentile of Error 34% 38% 

 

5.5  Models Comparison and Discussion 

A comparative analysis was conducted among four models: the representative number 

method, the baseline model, the AI model (XGBoost), and the AI model (XGBoost) incor-

porating travel height as an auxiliary feature. For the representative method the R² Score 

showed that the generalization of this method is not acceptable while this method in some 

cases can even perform better than AI model, but it cannot be a reliable approach when it 

comes to different pattern especially for the lifts which work in usage category four. The 

second approach meaning the baseline model achieved an R² value of 0.65 on the test set, 

indicating although this method has better ability to capture the complex relationships within 

the data, still some improvements can be done to make generalization better. By using the 

AI model which consider more features than baseline and uses advance regression methods 

than simple polynomial model, the performance improved significantly with R-squared 

(0.80), with better generalization and predictive power. 

By adding the auxiliary feature of travel height, performance enhanced even further, as it 

reached an R-squared of 0.85. It illustrates how valuable the feature of travel height is as a 

predictor. Though data limitations are present with respect to this feature, this experiment 

clearly displays its ability to offer improved performance. In summary, R-squared value 
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showed improvement from representative method, baseline model, towards the machine 

learning model with auxiliary feature by 219%, 30% respectively. 

In terms of error metrics, the machine learning model registered significant drops in MAE 

(47%, 24.39%) and MAPE (51%, 27.18%) relative to the typical method and the baseline 

respectively. These were improved upon even further with the combined auxiliary machine 

learning model, witnessing even higher drops in MAE (53%, 34%) and MAPE (54%, 31.8%) 

for the above models. These findings emphasize the critical role of feature engineering and 

the effectiveness of advanced AI methods in improving predictive accuracy. The incorpora-

tion of complete and accurate travel height data for all observations has the potential to fur-

ther enhance the performance of these models. 

Figures 20 and 21 and 22 visually compared the predictive performance of the representative 

method, baseline, machine learning model, and machine learning model with auxiliary fea-

ture. The plot demonstrates that both AI-based models exhibit superior performance com-

pared to the baseline model. The predicted values from the AI models are more closely clus-

tered around the ideal scenario, represented by the red dashed line, where predicted values 

perfectly align with actual value 

5.6  Analysing the Effect of Trip Numbers on Energy Consumption for Five Cases 

In this section, the aim is to analyse how differences in expected traffic quantities affect the 

projected benefits of modernisation in some of the most common lift modernisation cases 

today. For this purpose, five different cases have been selected. These cases are defined 

based on their technical characteristics as well as the components and technologies they in-

corporate. Two different modernisation approaches have been considered: 

1. A typical modernisation solution 

2. An energy-efficiency-focused modernisation approach 

For each case, energy consumption has been calculated under three different scenarios and 

compared using four different trip estimation methods: 

1. Actual recorded values from connected device 

2. Machine learning output with auxiliary features 

3. Baseline model predictions 

4. Representative model based on ISO assumption 
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The results will indicate the impact of improved trip estimates on the accuracy of the calcu-

lations of the energy consumption in three main categories: running energy consumption, 

non-running energy consumption, and lighting energy consumption. It is intended that anal-

ysis will prove how improved methods of estimating trips can improve the accuracy of mod-

ernisation benefit predictions 

5.6.1  Case 1 

As shown in Table 13, Lift Case 1 is a residential building lift with a gearless, non-regener-

ative traction system. In a typical modernisation, one of the KONE modernisation products 

introduces a new gearless drive, an updated controller (KCE), and LED signalization, while 

keeping most components unchanged. However, in the energy-saving modernisation ap-

proach, additional upgrades focus on efficiency, including a regenerative drive, LED ceiling 

lighting, automatic car light shutoff, and a door upgrade to further optimize energy consump-

tion and sustainability. 

Table  13-Characteristics of lift. Case 1: dimensional, building, and technical specifications 

Dimensional 

Characteris-

tics 

Value Of the 

Dimensional 

Characteristics 

Technical 

Characteristics 
Existing Lift 

Modernisation 

typical changes 

Modernisation 

with Energy 

Saving emphasis 

changes 

Building Type Residential Technology Traction Traction Traction 

Number of 

Served Floor 
6 floors 

Geared vs 

Gearless 
Gearless 

Gearless (new 

drive) 

Gearless (new 

drive) 

Rated Speed 1 m/s 

Genera-

tive/non-Gen-

erative 

Non-Regener-

ative 
No change Regenerative 

Ceiling Light 

Type 

Fluorescent 

ceiling 
No change LED ceiling 

Rated Load 1000 kg 

Operating of 

Car Light 
No No change Yes 

Signalization Incandescent LED LED 

Group Size 1 

Machine 

Room Place 

Machine 

Room Less 
No change No change 

Controller 

Type 

25-year-old 

microproces-

sor 

Modern micro-

processor 

Modern micro-

processor 

Travel Height 15 m 

Roping Sus-

pension Type 
2:1 No change No change 

Other Upgrade 

Option 
No No change Door Upgrade 
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Table 14 shows the trips number for actual scenario, the output of machine learning predic-

tion, the prediction of baseline model, and representative number reported from ISO 25745-

2. 

Table 14- Case1- comparing the result of trips number with different methods 

Estimation 

method 

Actual 

value 

Machine learn-

ing prediction 

Simple polynomial fit 

(Baseline) 

ISO-based representative 

Number 

Daily Trip 

Number 
98 104 trips 118 trips 125 trips 

Annual Trips 35574 37752 42834 44649 

Based on reported KONE internal energy calculation tool the annual energy consumption 

was calculated and the effect of changing the annual trip number is reported in Table 15. 

Based on this table, the results indicate that changes in lighting and non-running energy 

consumption are negligible across different trip estimation methods, as these values remain 

nearly constant. However, running energy consumption shows variation, highlighting the 

impact of more precise trip estimations. Compared to actual values, the estimated method 

results in only a 5.8% difference in running energy, whereas the baseline model prediction 

leads to a 20% deviation, and the ISO-based floor representative model exhibits the largest 

error at 25%. 

Table 15- Case 1- result of annual energy consumption (kwh/year) calculation in different scenarios of trips 

number estimation 

Daily 

Trips Es-

timation 

Method 

Light-

ing Be-

fore 

Mod-

ernisa-

tion 
(kWh/a) 

Lighting 

After 

Modern-

isation 

(kWh/a) 
 

Lighting 

After 

Energy-

Saving 

Mode 
(kWh/a) 

Non-

Running 

Before 

Modern-

isation 
(kWh/a)  

Non-

Run-

ning 

After 

Mod-

ernisa-

tion 
(kWh/a) 

Non-

Run-

ning 

After 

En-

ergy-

Saving 

Mode 
(kWh/a) 

Run-

ning 

Before 

Mod-

ernisa-

tion 
(kWh/a) 

Run-

ning 

After 

Mod-

ernisa-

tion 
(kWh/a) 

Run-

ning 

After 

En-

ergy-

Saving 

Mode 
(kWh/a) 

Actual 

(98 trips) 
557 557 77 839 601 596 358 311 204 

Machine 

Learning 

(104 

trips) 

557 557 77 838 600 596 380 330 216 

Baseline 

model 
556 556 78 835 598 594 431 375 245 
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(118 

trips) 

ISO-

based 

repre-

sentative 

number 

(125 

trips) 

556 556 78 834 597 593 450 391 255 

By modernizing the lift, as shown in Figure 25, energy consumption significantly decreased, 

demonstrating the impact of modernisation solutions. In a typical modernisation scenario, 

total annual energy consumption (sum of lighting, non-running, and running energy) de-

creased from 1754 kWh/year to 1469 kWh/year in the actual trip estimation case, represent-

ing a 16% improvement in energy efficiency. Similarly, for the estimated trip case (104 

trips), total energy consumption dropped from 1775 kWh to 1487 kWh, yielding a 16.2% 

efficiency improvement. However, when modernisation was implemented with an energy-

saving focus, the reduction was even more significant, especially in lighting energy con-

sumption. In this scenario, total energy consumption decreased to 877 kWh in the actual trip 

case, marking a 50% reduction. The trend continues across other estimation methods, with 

energy-saving-focused modernisation reducing total energy from 1775 kWh to 889 kWh 

(estimated case), from 1822 kWh to 917 kWh (baseline case), and from 1840 kWh to 926 

kWh (ISO-based representative trip number case).  

These results emphasize that while typical modernisation provides notable energy savings, 

an energy-saving-focused approach leads to even greater reductions, particularly by opti-

mizing lighting energy usage, contributing significantly to overall sustainability and opera-

tional efficiency. 
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Figure 25-Case1- Annual energy consumption (kWh/year) based on actual trip numbers, comparing three 

scenarios: before modernisation, after standard modernisation, and after modernisation energy optimized 

5.6.2   Case 2 

As shown in Table 16, Lift Case 2 also is in a residential building and the other characteris-

tics which is visible in this table. In a typical modernisation, another KONE upgrade solution 

is implemented, which includes a new geared drive system and an updated KCE controller, 

while other components remain unchanged. However, in the energy-saving modernisation 

approach, additional enhancements include LED ceiling lighting, automatic car light shutoff, 

and improved signalization, optimizing energy efficiency and sustainability. 

Table 16- Characteristics of lift. Case 2: dimensional, building, and technical specifications 

Dimensional 

Characteristics 

Value Of the 

Dimensional 

Characteristics 

Technical 

Characteristics 
Existing Lift 

Modernisation 

typical changes 

Modernisation 

with Energy 

Saving emphasis 

changes 

Building Type Residential Technology Traction Traction Traction 

Number of 

Served Floor 
7 floors Geared vs 

Gearless 
Geared 

Geared (new 

drive) 

Geared (new 

drive) 

Rated Speed 1 m/s 

Genera-

tive/non-Gen-

erative 

Non-Regener-

ative 
No change No change 

Ceiling Light 

Type 

Fluorescent 

ceiling 
No change LED ceiling 

Rated Load 630 kg 
Operating of 

Car Light 
No No change Yes 
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Signalization Incandescent LED LED 

Group Size 1 

Machine 

Room Place 

Machine 

Room above 
No change No change 

Controller 

Type 

Micropro-ces-

sor 

Modern micro-

processor 

Modern micro-

processor 

Travel Height 18 m 

Roping Sus-

pension Type 

1 

:1 
No change No change 

Other Upgrade 

Option 
No No change No change 

Table 17 compares the estimated number of trips per year using different calculation meth-

ods. The actual recorded trips were 208 per day, while the machine learning model predicted 

199 trips. The baseline model estimated 181 trips, whereas the ISO-based representative 

number projected 300 trips. 

Table 17- Case2- Comparing the result of trips number with different methods 

Estimation 

Method 

Actual 

Value 

Machine Learning Predic-

tion 

Baseline 

Model 

ISO-Based Representa-

tive 

Trips per Day 208 199 181 300 

Annual Trips 75,920 72,635 66,065 109,500 

Again, using the KONE internal energy calculation tool, annual energy consumption 

(kwh/year) was calculated, demonstrating the effect of varying trip estimations. Table 18 

shows that, as with case 1, lighting and non-running energy consumption remain relatively 

stable across different trip estimates. However, running energy consumption varies signifi-

cantly, reflecting the importance of precise trip estimation. Compared to actual values, the 

machine learning model introduces 5% difference in running energy consumption, whereas 

the baseline model deviates by 13%, and the ISO-based floor representative model shows 

the largest discrepancy at 44%. 

 

 

 

 

 



74 
 

Table 18- Case 2- result of annual energy consumption (kWh/year) calculation in different scenarios of trips number esti-

mation 

Furthermore, in this case by modernizing the lift, as shown in Figure 26, total energy con-

sumption significantly decreased. In a typical modernisation scenario, total annual energy 

consumption reduced from 4487 kWh to 1544 kWh in the actual trip estimation case, repre-

senting a 65.6% improvement in energy efficiency.  

However, when modernisation was performed with an energy-saving focus, the reductions 

were even more considerable. In this scenario, total energy consumption dropped to 1416 

kWh in the actual trip case, marking a 68.4% reduction. The trend persists across other trip 

estimation methods, with modernisation energy optimized, decreasing total energy from 

4430 kWh to 1357 kWh (estimated case), from 4345 kWh to 1291 kWh (baseline case), and 

from 4918 kWh to 1754 kWh (ISO-based representative trip number case). 

Trips 

Estima-

tion 

Method 

Light-

ing 

Before 

Mod-

ernisa-

tion 
(kWh/a) 

Light-

ing Af-

ter 

Mod-

ernisa-

tion 

(kWh/a) 
 

Light-

ing Af-

ter En-

ergy-

Saving 

Mode 

(kWh/a) 

Non-

Run-

ning 

Before 

Mod-

ernisa-

tion 

(kWh/ye

ar) 

Non-

Run-

ning 

After 

Mod-

ernisa-

tion 

(kWh/a) 

Non-

Run-

ning 

After 

En-

ergy-

Saving 

Mode 

(kWh/a) 

Running 

Before 

Modern-

isation 

(kWh/a) 

Running 

After 

Modern-

isation 

(kWh/a) 

Running 

After 

Energy-

Saving 

Mode 

(kWh/a) 

Actual 

(208 

trips) 

2350 209 81 1090 549 549 1047 786 786 

Ma-

chine 

Learn-

ing 

(199 

trips) 

2351 209 55 1077 550 550 1002 752 752 

Base-

line 

model 

(181 

trips) 

2352 209 54 1082 553 553 911 684 684 

ISO-

based 

repre-

senta-

tive 

number 

(300 

trips) 

2344 208 84 1064 536 536 1510 1134 1134 
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Figure 26- Case2-Annual energy consumption (kWh/year) based on actual trip numbers, comparing three 

scenarios: before modernisation, after standard modernisation, and after modernisation energy optimized 

5.6.3  Case 3 

The characteristics of Lift Case 3, including its building type, technical specifications, and 

modernisation details, are summarized in Table 19. This case is similar to case 1 with only 

difference in building type that this change has impact on operating days and also trips pat-

tern. 

Table 19- Characteristics of lift. Case 3: Dimensional, building, and technical specifications 

Dimensional 

Characteristics 

Value Of the 

Dimensional 

Characteristics 

Technical 

Characteristics 
Existing Lift 

Modernisation 

typical changes 

Modernisation 

with Energy 

Saving emphasis 

changes 

Building Type Office Technology Traction Traction Traction 

Number of 

Served Floor 
5 floors Geared vs 

Gearless 
Gearless 

Gearless (new 

drive) 

Gearless (new 

drive) 

Rated Speed 1 m/s 

Genera-

tive/non-Gen-

erative 

Non-Regener-

ative 
No change Regenerative 

Ceiling Light 

Type 

Fluorescent 

ceiling 
No change LED ceiling 

Rated Load 1000 kg 

Operating of 

Car Light 
No No change Yes 

Signalization Incandescent LED LED 
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Group Size 2 

Machine 

Room Place 

Machine 

Room Less 
No change No change 

Controller 

Type 

25-year-old 

microproces-

sor 

Modern micro-

processor 

Modern micro-

processor 

Travel Height 15 m 

Roping Sus-

pension Type 
2:1 No change No change 

Other Upgrade 

Option 
No No change Door Upgrade 

The lift operates 260 days per year, and trip estimations were derived using different meth-

ods. The actual recorded trips, the machine learning model predicted, the baseline model, 

and the ISO-based representative number projected can be found in Table 20. 

Table 20- Case3- Comparing the result of trips number with different methods 

Estimation 

Method 
Actual 

Value 

Machine Learning Predic-

tion 

Baseline 

Model 

ISO-Based Representa-

tive 

Trips per Day 168 160 150 125 

Annual Trips 42000 40000 37500 31250 

In this case, the machine learning model had a 5% difference in running energy prediction, 

whereas the baseline model deviated by 10%, and the ISO-based model showed the largest 

discrepancy at 24%. The detail reported consumption for different parts (running, non-run-

ning, and lighting) is shown in Table 21. 

Table 21- Case 3- result of annual energy consumption (kWh/year) calculation in different scenarios of trips 

number estimation 

Trips 

Estima-

tion 

Method 

Lighting 

Before 

Modern-

isation 

(kWh/a) 

Light-

ing 

After 

Mod-

ernisa-

tion 

(kWh/

a 
 

Light-

ing Af-

ter En-

ergy-

Saving 

Mode 

(kWh/a) 

Non-

Run-

ning 

Before 

Mod-

ernisa-

tion 

(kWh/a) 

Non-

Run-

ning 

After 

Mod-

ernisa-

tion 

(kWh/a

) 

Non-

Running 

After En-

ergy-

Saving 

Mode 

(kWh/a) 

Run-

ning 

Before 

Mod-

ernisa-

tion 

(kWh/

a) 

Run-

ning 

After 

Mod-

ernisa-

tion 

(kWh/

a) 

Run-

ning Af-

ter En-

ergy-

Saving 

Mode 

(kWh/a) 

Actual 

(168 

trips) 

398 398 57 565 415 412 422 367 240 

Ma-

chine 
383 383 55 544 399 396 402 350 229 
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Also from the modernisation effect perspective, this case is the same as case 1, Modernisa-

tion significantly reduced total energy consumption, as shown in Figure 27. In the actual trip 

case, total energy decreased from 1385 kWh to 1180 kWh (15% improvement) with standard 

modernisation. The modernisation energy optimized approach further reduced it to 709 kWh 

(49% improvement). Similar trends were observed in other estimation methods, with energy-

saving. 

 

Figure 27- Case3-Annual energy consumption (kwh/year) based on actual trip numbers, comparing three sce-

narios: before modernisation, after standard modernisation, and after modernisation energy optimized 

5.6.4  Case 4 

In lift Case 4, modernisation is performed using KONE modernisation solution, replacing 

the gearless drive system, upgrading the controller to modern microprocessor, and enhancing 

1385

1180

709

0

200

400

600

800

1000

1200

1400

1600

Before Modernization After Modernization After modernization energy
optimized

kw
h

/y
ea

r

Case3. Anuual Energy Consumption 

Learn-
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signalization with LED ceiling lighting. An energy-saving-focused modernisation further 

introduces automatic car light shutoff and a door upgrade. The details of the modernisation 

solution can be found in Table 22. 

Table 22- Characteristics of lift. Case 4: dimensional, building, and technical specifications 

Dimensional 

Characteristics 

Value Of the 

Dimensional 

Characteristics 

Technical 

Characteristics 
Existing Lift 

Modernisation 

typical changes 

Modernisation 

with Energy 

Saving empha-

sis changes 

Building Type Office Technology Traction Traction Traction 

Number of 

Served Floor 
11 floors 

Geared vs 

Gearless 
Gearless 

Gearless (new 

drive) 

Gearless (new 

drive) 

Rated Speed 2.5 m/s 

Genera-

tive/non-Gen-

erative 

Regenerative No change No change 

Ceiling Light 

Type 

Fluorescent ceil-

ing 
No change LED ceiling 

Rated Load 1600 kg 

Operating of 

Car Light 
No No change Yes 

Signalization Incandescent LED LED 

Group Size 1 

Machine 

Room Place 

Machine Room 

above 
No change No change 

Controller 

Type 
Microprocessor 

Modern micro-

processor 

Modern micro-

processor 

Travel Height 45 m 

Roping Sus-

pension Type 
1:1 No change No change 

Other Upgrade 

Option 
No No change Door Upgrade 

This lift operates 305 days per year, and trip estimations were derived using different meth-

ods. The trips number in different methods can be found in Table 23. 

Table 23- Case4- Comparing the result of trips number with different methods 

Estimation 

Method 

Actual 

Value 

Machine Learning Predic-

tion 

Baseline 

Model 

ISO-Based Representa-

tive 

Trips per Day 653 584 381 300 

Annual Trips 199,165 178,120 116,205 91,500 
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In this case also the effect of trips deviation is on running energy consumption mostly and 

as it is shown in Table 24, compared to the actual running energy consumption, The machine 

learning model had a 10% error in prediction of running energy consumption, whereas the 

baseline model deviated by 36%, and the ISO-based model showed the highest discrepancy 

at 50%, emphasizing the importance of precise trip estimations. 

Table 24- Case 4- result of annual energy consumption (kwh/year) calculation in different scenarios of trips 

number estimation 

Also, Modernisation significantly reduced total energy consumption. In the actual trip case, 

total energy decreased from 36,376 kWh to 22,239 kWh (39% improvement) with standard 

modernisation. The energy-saving-focused approach further reduced it to 20,338 kWh (44% 

improvement). Similar reductions were observed across other methods. 

Trips 

Estima-

tion 

Method 

Lighting 

Before 

Modern-

isation 
(kWh/a) 

Light-

ing 

After 

Mod-

ernisa-

tion 

(kWh/
a) 
 

Light-

ing Af-

ter En-

ergy-

Saving 

Mode 

(kWh/a) 

Non-

Run-

ning 

Before 

Mod-

ernisa-

tion 

(kWh/a) 

Non-

Run-

ning 

After 

Mod-

ernisa-

tion 

(kWh/a) 

Non-

Running 

After En-

ergy-

Saving 

Mode 

(kWh/a) 

Run-

ning 

Before 

Mod-

ernisa-

tion 

(kWh/a) 

Run-

ning 

After 

Mod-

ernisa-

tion 

(kWh/a) 

Run-

ning Af-

ter En-

ergy-

Saving 

Mode 

(kWh/a) 

Actual 

(653trip

s) 

2378 2378 561 7619 6448 6387 26379 13413 13390 

Ma-

chine 

Learn-

ing 

(584trip

s) 

2380 2380 552 7780 6584 6522 23592 11996 11975 

Baseline 

Model 

(381trip

s) 

2389 2389 442 7495 6232 6166 16696 8565 8551 

ISO-

based 

Repre-

senta-

tive 

(300 

trips) 

2392 2392 429 7675 6381 6314 13146 6744 6733 
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5.6.5  Case 5 

This case is same as case one and only the type of building is hotel which will affect the 

pattern and trips number. The details of the modernisation solution can be found in Table 

25. 

Table 25- Characteristics of lift. Case 5: dimensional, building, and technical specifications 

Dimensional 

Characteristics 

Value Of the 

Dimensional 

Characteristics 

Technical 

Characteristics 
Existing Lift 

Modernisation 

typical changes 

Modernisation 

with Energy 

Saving empha-

sis changes 

Building Type Hotel Technology Traction Traction Traction 

Number of 

Served Floor 
6 floors 

Geared vs 

Gearless 
Gearless 

Gearless (new 

drive) 

Gearless (new 

drive) 

Rated Speed 1 m/s 

Genera-

tive/non-Gen-

erative 

Non- Regenera-

tive 
No change Regenerative 

Ceiling Light 

Type 

Fluorescent ceil-

ing 
No change LED ceiling 

Rated Load 630 kg 

Operating of 

Car Light 
No No change Yes 

Signalization Incandescent LED LED 

Group Size 1 

Machine 

Room Place 

Machine Room 

Less 
No change No change 

Controller 

Type 

25-year-old mi-

croprocessor 

Modern micro-

processor 

Modern micro-

processor 

Travel Height 16 m 

Roping Sus-

pension Type 
2:1 No change No change 

Other Upgrade 

Option 
No No change Door Upgrade 

This lift operates 365 days per year, and trip estimations were derived using different meth-

ods. The actual recorded trips were 398 per day, while the machine learning model predicted 

291 trips. The baseline model estimated 265 trips, and the ISO-based representative number 

projected 125 trips which is summarised in table below: 

 

 



81 
 

Table 26- Case5- Comparing the result of trips number with different methods 

Estimation 

Method 

Actual 

Value 

Machine Learning 

Prediction 

Baseline 

Model 

ISO-Based 

Representative 

Trips per Day 398 291 265 125 

Annual Trips 145,270 102,565 96,725 45,625 

Table 27 also shows the energy consumption in different parts which shows the estimation 

of running energy consumption in comparison with actual consumption differs by changes 

in trips number where the machine learning model had a 10% error with actual value, 

whereas the baseline model deviated by 18%, and the ISO-based model had the highest de-

viation at 53%. 

Table 27- Case 5- result of annual energy consumption (kwh/year) calculation in different scenarios of trips 

number estimation 

Trips 

Estimatio

n Method 

Light-

ing Be-

fore 

Mod-

ernisa-

tion 
(kWh/a) 

Light-

ing 

After 

Mod-

ernisa-

tion 
(kWh/a) 

Light-

ing Af-

ter En-

ergy-

Saving 

Mode 
(kWh/a) 

Non-

Run-

ning 

Before 

Mod-

ernisa-

tion 
(kWh/a) 

Non-

Run-

ning Af-

ter 

Mod-

ernisa-

tion 
(kWh/a) 

Non-Run-

ning Af-

ter En-

ergy-Sav-

ing Mode 
(kWh/a) 

Run-

ning 

Before 

Mod-

ernisa-

tion 
(kWh/a) 

Run-

ning 

After 

Mod-

ernisa-

tion 
(kWh/a) 

Running 

After 

Energy-

Saving 

Mode 
(kWh/a) 

Actual 

(398 

trips) 

416 416 86 688 465 461 982 859 600 

Machine 

Learning 

(291 

trips) 

417 417 83 709 479 475 693 607 423 

Baseline 

Model 

(265= 

96725 

trips) 

417 417 82 711 481 477 654 572 399 
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ISO-

based 

Repre-

sentative 

(125 

trips) 

419 419 52 721 482 478 308 270 188 

In addition, Modernisation decreased overall energy consumption considerably. In the real 

trip scenario, overall energy fell from 2086 kWh to 1740 kWh for standard modernisation 

(17% improvement). The focus on the energy-saving approach decreased it eventually to 

1147 kWh (45% improvement). Such declines were typical for the other methods: 

Machine Learning: 1819 kWh down to 1503 kWh (17% reduction), again down to 981 kWh 

(46%), Baseline: 1782 down to 1470 kWh (17% reduction), again down to 958 kWh (46%), 

and ISO-Based: 1448 down to 1171 kWh (19% reduction), again down to 718 kWh (50%). 

5.7  Comparison of different cases and effect of modernisation and trips number 

in results 

This research proves the dramatic reduction in lift energy consumption due to modernisation 

solutions. In all cases, both conventional as well as energy-saving-oriented modernisations 

showed considerable cuts in power consumption. In Case 1, for example, modernisation de-

creased energy consumption by as high as 50%, Case 2 demonstrated 65% savings, and Case 

4 resulted in an astounding reduction of 54%. 

1. Trip Estimation Accuracy and Running Energy Deviation 

In terms of trip estimation accuracy, Cases 1, 2, and 3 closely aligned with the ISO-

defined usage categories. However, despite this alignment, deviation in running energy 

estimation remains significant due to variations in representative numbers and actual trip 

values. In some cases, where the representative number significantly differs from the 

actual range, running energy estimation errors become more pronounced. for instance, 

the deviation in running energy estimation was 25% in Case 1, 44% in Case 2, and 24% 

in Case 3. However, in Cases 4 and 5, where the actual trip numbers did not fit within 

the ISO-defined representative categories, the discrepancy increased substantially to 

50% and 53%, respectively. This indicates the limitation of covering all trip variations 

within this classification. Also, as it was shown in Section 4.1.1 based on real data anal-

ysis, all chosen cases characteristics belonged to the range where the 5th and 95th 
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percentiles of trip numbers fell into the ISO category. However, if these cases would 

have been chosen from the characteristics that, for example, the floor number was more 

than 20 floors, the inability to predict trip numbers precisely became more evident. 

2. Impact of Trip Estimation Error on Total Energy 

Despite these deviations, the impact of trip estimation errors on total energy consumption 

was relatively minor in cases where running energy contributed a smaller share of overall 

consumption. For example, in Case 1, while the running energy deviation from actual 

values was 25%, its share of total energy was only 20%, leading to an overall deviation 

of just 5%. 

6  Discussion and Conclusion 

The findings of this study demonstrate that utilizing historical data from connected lift sys-

tems in combination with machine learning methods can significantly improve the estima-

tion of average daily trip numbers. This advancement directly contributes to more accurate 

predictions of annual energy consumption in lifts, which is vital for sustainability assess-

ments and CO₂ emissions reporting. 

However, the model’s accuracy is inherently influenced by the quality and scope of the input 

data. While the dataset used in this research was large and representative in many aspects, 

the inclusion of additional contextual variables could have further enhanced the predictive 

power of the model. For instance, detailed demographic data on the number of residents in 

buildings and population density information across different building types could introduce 

valuable variation, allowing the model to better distinguish usage patterns and improve trip 

number estimation. 

Moreover, this study focused solely on trip number estimation. Yet, the machine learning 

approach has promising potential for predicting other influential factors in lift energy con-

sumption. These include the load factor per trip and the average travel distance, both of 

which can also be derived or approximated using connected device data. By extending the 

current modelling framework to include these variables, even more comprehensive and ac-

curate energy consumption estimates can be achieved. 

Another important insight is the opportunity to combine machine learning-based predictions 

with the structure of existing standardized methods, such as those defined in ISO 25745-2. 

While ISO provides a useful framework for classification and estimation, it relies on 
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assumptions that may not always reflect real-world usage. By integrating data-driven pre-

dictions for key input parameters, like trip count, load, and travel distance, into the ISO 

calculation structure, the limitations of static assumptions can be mitigated, leading to more 

reliable and case-specific results. 

Ultimately, the convergence of traditional engineering standards with real-time data and ma-

chine learning models offers a powerful pathway toward enhanced energy transparency and 

precision in sustainability reporting for lift systems. This synergy not only improves the in-

ternal accuracy of energy calculation tools but also strengthens the credibility of environ-

mental product declarations (EPDs) and life cycle assessments (LCAs) that depend on these 

estimates. 

This thesis contributed towards improvement in the accuracy of the annual lift energy con-

sumption estimates by bridging the gap in the prediction of daily trip counts. Conventional 

ISO-based methods tend to employ representative trip number based on building height, 

type, and population in the residential sector. In certain instances, whenever the ISO-pro-

posed representative trip number greatly varied as compared to the actual value, the estimate 

would not be accurate. Using machine learning methodologies on a large dataset provided 

by KONE, with the addition of dimensional as well as operational features, this research 

indicated improvement in the accuracy of trip estimates. Using models like XGBoost, espe-

cially with the addition of auxiliary features such as travel height, had higher performance 

as compared with the baseline method as well as the ISO-based method. R² value improved 

from 0.65 (baseline) up to 0.85 (AI model + auxiliary features), while error metrics like 

MAE as well as MAPE decreased. In addition, this research evaluated the effect of modern-

isation on the energy consumption in five typical cases of modernisation as well as the effect 

of the accuracy in trip estimates on the outcomes before versus after modernisation. The 

research findings show that in situations where the ISO-representative trip value differed 

considerably as compared to the actual value, the model could offer an improved prediction, 

especially in estimating running energy consumption. 
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