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Cost estimation is in important role in industrial gearbox manufacturing, where accurate cost 

prediction from the first quotation request is beneficial for the manufacturing company. The 

problems in traditional cost estimation methods are that they often rely on expert judgement, 

can take a long time, and often struggle to capture complex relations between component 

parameters and manufacturing costs. 

The objective of this work is to develop a data-driven cost estimation tool for industrial 

gearboxes. This study applies modern machine learning methods to predict the 

manufacturing costs based on the historical component data. 

Three machine learning models are developed and evaluated using historical data. Models 

are trained with the dataset split into a train and test set and evaluated with commonly applied 

performance metrics. Performance metrics applied in this work include coefficient of 

determination (𝑅2), root mean square error (RMSE) and mean absolute error (MAE). Data 

filtering and iterative development were applied to improve estimation accuracy. 

Results show that machine learning models are capable of capturing nonlinear relations in 

the data and provide accurate cost estimations. The best performing models achieved high 

prediction accuracy and outperformed a linear regression model. Results show that data-

driven modelling improve cost estimation accuracy and provide a practical approach for 

supporting decision making. 

Developed models are integrated into a cost estimation tool designed for engineering use.  
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Kustannusarviointi on tärkeässä roolissa teollisuusvaihteiden valmistuksessa, jossa tarkka 

kustannusennuste ensimmäisestä tarjouspyynnöstä lähtien on hyödyllinen yritykselle. 

Perinteisien kustannustenarviointimenetelmien ongelmana on, että ne ovat usein riippuvaisia 

asiantuntija-arviosta, voivat olla aikaa vieviä sekä niiden kyky arvioida komponenttien 

parametrien ja valmistuskustannusten välisiä monimutkaisia yhteyksiä on rajallinen. 

Tämän työn tavoitteena on kehittää datapohjainen työkalu kustannustenarviointiin 

teollisuusvaihteille. Työssä sovelletaan moderneja koneoppimismenetelmiä 

valmistuskustannusten ennustamiseen historiallisen komponenttidatan perusteella. 

Työssä kehitetään ja arvioidaan kolme koneoppimismallia historiallisen datan avulla. Mallit 

koulutetaan jakamalla data opetus- ja testijoukkoon, joiden ennustus tarkkuutta arvioidaan 

yleisesti käytetyillä suorituskykymittareilla. Työssä käytetyt suorituskyky mittarit ovat 

selitysaste (𝑅2), keskineliövirheen neliöjuuri (RMSE) ja keskimääräinen absoluuttinen virhe 

(MAE). Arviointitarkkuuden parantamiseksi työssä käytetään datasuodatusta ja iteratiivista 

kehitysprosessia. 

Tulokset osoittavat, että koneoppimismallit kykenevät mallintamaan datassa esiintyviä 

epälineaarisia yhteyksiä ja tuottamaan tarkkoja kustannusarvioita. Parhaiten suoriutuvat 

mallit saavuttivat korkean ennustetarkkuuden ja pystyi ennustamaan kustannuksia 

tarkemmin, kuin lineaarinen regressiomalli. Tulokset osoittavat, että datapohjainen 

mallinnus parantaa kustannusarvioinnin tarkkuutta sekä tarjoaa käytännöllisen 

lähestymistavan päätöksenteon tukemiseen. 

Kehitetyt mallit integroitiin insinöörikäyttöön suunniteltuun käyttöliittymään. 
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1  Introduction 

Kumera Drives Oy is a growing company specializing in designing and manufacturing 

industrial gearboxes. Like the gearbox in vehicles, the industrial gearboxes are made to 

transfer torque and reduce rotational speed. Compared to gearboxes in vehicles, industrial 

gearboxes are in most cases driven by an electric motor, have only one gear ratio, and deliver 

vast amounts of output torque. Kumera drives Oy delivers gearboxes to multiple different 

fields of industry, for example, pulp and paper, mining, and mineral industries (Kumera 

Drives Oy n.d). Kumera Drives Oy has multiple different types of gearboxes in their 

catalogue, helical and bevel-helical gearboxes shown in Figure 1 being the most common 

types. 

 

 

The gear ratio is tailored according to the use case. Catalogue gearboxes have gear ratios 

ranging from close to 1:1 ratio up to 630:1 in helical gearboxes and up to 3550:1 in bevel-

helical gearboxes, and 46 different sizes across all types of helical and bevel-helical models 

(Kumera Oy, 2025). A one stage in gearboxes mean that there is one gear pair, whereas a 

multi-stage gearbox has multiple gear pairs. For large gear ratios, there is a need to make the 

gearbox a multi-stage gearbox to be able to keep the size of the gearbox reasonable. The 

benefit of the multi-stage gearbox is the size management, but the downside of having 

multiple gear pairs is slightly lower efficiency. The efficiency can be estimated to be 0.99 

Figure 1. Most common types of gearboxes, A) Helical gearbox 

B) Bevel-helical gearbox (Kumera Oy n.d). 
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per stage (Kumera Oy 2025a). In the case of gearboxes, the benefits outweigh the 

disadvantages.  

Cost can be divided into direct and indirect costs (Hashemi, Ebadati and Kaur 2020). Cost 

for standard components such as shafts, bearings, and gears is determined by different 

factors, such as size and weight of the component, whether the component is manufactured 

in-house or purchased. The total cost for a gearbox is determined by the cost of components 

and optional equipment. Kumera Drives Oy offers multiple different optional equipment 

choices for one-stage and multi-stage gearboxes, as shown in Table 1 (Kumera Oy). 

Table 1. Optional equipment 

 Multi-stage F-, G-, D- 

Bevel Gearbox 

(Kumera Oy 2025b) 

One stage helical gear-

box 

(Kumera Oy 2025c) 

One stage bevel-helical 

gearbox 

(Kumera Oy 2025d) 

Motor Adapter X   

Torque arm X   

Motor bracket/belt drive X   

Mounting feet X   

Back stop device X  X 

Mechanical fan cooler X (with air-deflecting 

cover) 

X (with air-deflecting 

cover) 

 

X 

Water cooling coil X X X 

Heating element X X X 

Shaft end pump X X X 

Water- or air-cooled lub-

ricant unit 

 

X 

  

Remote condition moni-

toring: Kumera Guard 

Gear 

 

X 

 

X 

 

X 

Built-in axial thrust 

bearing 

   

X 

 

In Table 1, the X mark indicates the availability of that certain optional equipment for each 

of the gearbox types. 
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1.1  Motivation and definition 

Every company's goal, other than non-profit companies, is to grow, and for a company to 

grow, there is a need to be consistent and fast at every stage of the process, from customer 

inquiry to product delivery. One key aspect for company growth is relationships, and 

building trust in the early stages of a new business relationship is important (Dowell, 

Hefferman and Morrison 2013). The ability and competency to be able to act fast in the 

quotation phase is key to gaining new contracts (Dowell et al. 2013). Having multiple “ready 

to go” solutions help, but there is always the need for customizations to the products and 

tailor-made solutions for customer needs. For customers, a highly customizable product is a 

benefit, but for a company, the customizations cause challenges when figuring out the cost 

estimate for the product quotation. The challenge is that there might not be cost data available 

for specific customization combinations or the data from realized expenses is not completely 

relevant in the case of tailor-made products, because of multiple different factors that affect 

the cost of a gearbox. Having the issue of not having data available in an easily accessible 

manner causes longer lead time to get a price estimate and inconsistent estimates, which can 

lead to loss of contracts or financial losses (Hennebold, Klöpfer, Lettenbauer and Huber 

2022). Financial losses are caused when the estimate is lower than the total cost in the end, 

often the case might be that the difference is taken from the profit margin. Accurate cost 

estimations are crucial even in the early design phases, and according to Hueber, Horejsi and 

Schledjewski (2015, 9) up to 80% of the total production cost is determined in the early 

design phase. Another issue with cost estimations is the need for an engineer’s experience 

and knowledge of parts’ costs. 

To overcome the delay in the quotation stage and inconsistent quotations, there is a need for 

a tool at Kumera Drives Oy to have instant and easy access to cost data for their industrial 

gearboxes and spare parts. And there is use for this type of cost estimation tool outside 

Kumera Drives Oy because cost estimation is not relevant only in the manufacturing 

industry, but across multiple industries (Hashemi et al. 2020). 
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1.2  Background overview 

There have been previous attempts to create a cost estimation model at Kumera Drives Oy 

by applying mathematical calculations and statistical analysis methods, but the result of 

those attempts has been too complex and challenging to use and implement in the current 

system. The issue has been the highly varying data, multiple different parameters needed to 

estimate the costs, and the data is spread out in multiple locations in the document 

management system. The data varies because the components’ cost and size parameters, for 

example, are not linear due to multiple reasons, such as the amount of material needed to 

machine off. 

Existing research has many different approaches across all industries that have some key 

aspects, which could be applied in this research and cost estimation tool development. The 

existing models at Kumera Drives Oy are only capable of searching data and estimating with 

relatively low accuracy compared to the average of 85-90% achieved with deep learning 

models (Shahim, Hamid, Nyamasvisva and Rafi 2025). One aspect and potential 

improvement from current solutions at Kumera Drives Oy is to not just investigate the 

parameters as their own but also investigate the interactions between different parameters 

for more accurate estimates (Vu, Nguyen, Luu, Tran, Tran, Nguyen, Bu and Nguyen 2020).  

Cost estimation is a much-researched field and there are a couple of techniques that appear 

frequently when searching for information about cost estimation. Two of the most common 

techniques are regression models and machine learning (ML) models. Regression models 

are based on relationships between variables, but they assume linear or close to linear 

correlations, which are not the best for complex assemblies (Chatterjee & Hadi, 2012). More 

modern ML models are better at handling complex nonlinear data and parameter interactions 

than traditional models such as regression models (Shahim et al. 2025). 

Compared to current methods applied at Kumera Drives Oy, the ML models have a couple 

of benefits. ML models can detect parameter interaction without manual input, have greater 

accuracy, especially when the data is nonlinear, and models are easy to scale and update in 

the future. (Hashemi et al. 2020 & Shahim et al. 2025) 

This research is not a direct continuation of the previous research, but new research that 

implements similar methods that are elevated by a new perspective, artificial intelligence 



15 

 

 

(AI) and ML. This research introduces a detailed guide about creating a cost estimation tool 

and what details need to be considered in the different steps. 

1.3  Objectives 

The main objective of this research is to create cost estimation or calculation model to 

standardise the early cost estimation process for industrial gearboxes. The main objective is 

achieved by identifying the main cost influencing parameters such as weight and diameter, 

creating a cost estimation model for gearboxes, and approving the model with tests made 

with existing data. 

The research question, where this research answers: 

• How existing cost data can be used to estimate the cost of gearboxes automatically 

in the future? 

• What are the most significant parameters that influence the price of gearboxes? 

• How the cost and design data can be structured to support parametric pricing model? 

• How can the cost model be implemented into the quotation stage? 

 

1.4  Limitations and structure 

This research is conducted based on the data from Kumera Drives Oy. The numerical data 

in the text is generated with AI and does not have any connection to the real data because it 

has highly confidential information about the company. One limitation for this work is the 

scope, as a master’s thesis there is guidelines where this research needs to fit. Technical 

limitations are related to the scope restrictions of the work to include only geared 

components of the industrial gearboxes. 

The structure of this thesis is based on IMRADC -structure. Theoretical background chapter 

introduces the literature review restrictions and cost estimation methods used in research. 

Methods chapter introduces and explains the reasonings for the choices made in this work. 

Model development chapter introduces the cost estimation tool’s model development. In 
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results chapter the model performance and accuracy are investigated, and comparisons are 

made with the historical data provided by the company. The conclusion part concludes all 

the parts mentioned above and introduces guidelines for next research and how to implement 

the tool.  
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2  Theoretical background 

This chapter goes through the literature selection process and introduces the different 

methods and performance measuring metrics often applied in the literature which are 

suitable for this work. The literature review process and theories for cost estimation methods 

are introduced first. After the cost estimation theory, the performance metrics and cost 

estimation methods are introduced. 

2.1  Literature 

There is much research done on cost estimation and a quick search on Google Scholar with 

the search ‘cost estimation in early product development’ with no other definitions gives 

5.26 million results. Having large number of results, there is a need to narrow the scope. In 

this research, the publications released before the year 2000 are excluded because the newer 

publications are most likely going to have similar modern approaches. Having papers and 

other publications that have a strong reputation are always preferable and, in this research, 

the metrics used by different journal publication sites such as Elsevier and Springer are 

checked. A higher number of citations usually correlates with the reputation of the journal. 

In this research, the journals are ranked based on their metrics score, and the journals with 

the highest score are referenced more. The search terms used to conduct the literature review 

include cost, estimation, model, product development, parametric, and ML. Literature used 

in this research consists of articles, books, and websites. 

2.2  Cost estimation methods 

There are multiple different methods used throughout the decades, ranging from the earliest 

methods, which are based on mathematical equations and the most recent developments, 

including ML. The product cost estimation methods tree, which presents the correlation 

between different methods, is shown in Figure 2. 
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Figure 2. Product cost estimation (PCE) methods classification. Adapted from Niazi, Dai, Stavroula 

and Lakmal (2006) 

 

Traditional cost estimation methods, such as parametric and bottom-up models are widely 

used across multiple industries (Hueber et al. 2015). In recent years, there has been 

advancement and more research on cost estimation models based on ML (Hueber et al. 2015; 

Shahim et al. 2025). As shown in Figure 2, the techniques can be divided into two categories: 

qualitative and quantitative. In literature, the parametric techniques from quantitative 

techniques and regression analysis from qualitative techniques are the most used techniques. 

“Qualitative cost estimation techniques are primarily based on a comparison analysis of a 

new product with the products that have been manufactured previously in order to identify 

the similarities in the new one. Quantitative techniques, on the other hand, are based on a 

detailed analysis of a product design, its features, and corresponding manufacturing pro-

cesses instead of simply relying on the past data or knowledge of an estimator.” (Niazi et al. 

2006, 563) 

 

Models applied in this study consist of techniques categorized as quantitative techniques, 

but qualitative techniques are developed to create a baseline for other techniques. In some 

cases, the ML models are based on traditional methods such as linear regression analysis. A 

linear regression model can be used to create a basic cost estimation program, but it has the 

problem of not having flexibility regarding to varying data. 
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2.3  Regression analysis 

Regression analysis is one of the methods that are encountered when researching the 

methods applied in research. Regression analysis is a method to analyse relationships 

between variables, for example, between cost and shaft diameter (Chatterjee & Hadi 2012). 

Linear regression models are the most common and simplest way to start analysing data. A 

simple linear regression model is made either by making line between start point and end 

point or by making line that is best fit to the data (Waples 2024). In the article Waples 

presented a simple mathematical model for linear regression: 

𝑦 = 𝑚𝑥 + 𝑏     (1) 

where m is the slope of the line, b is the intercept. 

And commonly used format in data science (Waples 2024): 

𝑦 =  𝑏0 + 𝑏1𝑥1    (2) 

where 𝑏0 is the y-intercept and 𝑏1 is the slope of the line. 

 

Figure 3. Simple linear regression. 

 

A simple linear regression works when there are two variables available, but in the case 

when multiple variables are needed a multiple linear regression is applied. Multiple linear 

regression is extended version from simple linear regression that allows more flexibility with 
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multiple parameters. Simple linear regression is good baseline for cost estimation model 

development together with the multiple linear regression. 

2.4  Evaluation metrics 

A common method to measure the goodness of fit of the linear model is coefficient of 

determination 𝑅2 (Piepho 2019). The 𝑅2 value range of a working model is from 0 to 1 with 

classification shown in Table 2.  

Table 2. 𝑅2 value classification 

𝑅2 = 1 Model predicts results perfectly 

𝑅2 = 0 Model does not predict well nor bad, 

is as good as using the average value 

𝑅2 < 0 Model predicts results bad, 

better to use average value 

 

The 𝑅2 is calculated with equation (James, Witten, Hastie, Tibshirani and Taylor 2023, 79): 

𝑅2 =
𝑇𝑆𝑆−𝑅𝑆𝑆

𝑇𝑆𝑆
= 1 −

𝑅𝑆𝑆

𝑇𝑆𝑆
    (3) 

where TSS is total sum of squares and RSS is residual sum of squares. 

 

“TSS measures the total variance in the response Y, and can be thought of as the amount of 

variability inherent in the response before the regression is performed. In contrast, RSS 

measures the amount of variability that is left unexplained after performing the regression.” 

(James et al. 2023, 79) 

 

TSS is calculated with equation: 

∑(𝑦𝑖 − 𝑦𝑎𝑣𝑔)2    (4) 

where 𝑦𝑖 is the Y value and 𝑦𝑎𝑣𝑔 is the average value of Y. 

RSS is calculated with equation: 

∑(𝑦𝑖 − 𝑦′)2     (5) 

where 𝑦𝑖 is the Y value and 𝑦′ is the predicted Y value. 
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For example, excel has built-in command for the calculation of 𝑅2 value but the calculation 

can be done manually. Data from the Figure 3 linear regression example is presented in Table 

3. The predicted y’ value is calculated with the corresponding x value and equation 1. 

Table 3. Figure 3 example’s calculated y’, TSS, and RSS values 

i x y y’ TSS RSS 

1 5 0 28.0 24180.3 784.0 

2 10 75 56.3 6480.3 348.4 

3 15 110 84.7 2070.3 641.8 

4 20 130 113.0 650.3 289.0 

5 25 150 141.3 30.3 75.1 

6 30 100 169.7 3080.3 4853.6 

7 35 180 198.0 600.3 324.0 

8 40 260 226.3 10920.3 1133.4 

9 45 300 254.7 20880.3 2055.0 

10 50 250 283.0 8930.3 1089.1 

  AVG 155.5  ∑ 77822.5 ∑ 11593.3 

 

For the example, the 𝑅2 is calculated with equation 3 which results a value of 0.85. 

Root mean squared error (RMSE) and mean absolute error (MAE) are also the more common 

evaluation metrics used to evaluate the performance of the methods. RMSE is calculated 

with equation 6: 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑦𝑖 − 𝑦̂𝑖)2𝑛

𝑖=1    (6) 

where n is the number of observations, 𝑦𝑖 is the “real” value, and 𝑦̂𝑖 is the predicted value. 

MAE is calculated with equation 7: 

𝑀𝐴𝐸 =  
1

𝑛
∑ |𝑦𝑖 − 𝑦̂𝑖|

𝑛
𝑖=1     (7) 

where n is the number of observations, 𝑦𝑖 is the “real” value, and 𝑦̂𝑖 is the predicted value. 

RMSE is the square root of the mean squared errors (MSE) which is the average of the 

squared errors and mean absolute error is the mean of the absolute difference between the 

datapoints’ true and predicted value. RMSE emphasises large deviations while MAE shows 

the average deviation. Both RMSE and MAE are good metrics and should be used together 

when evaluating the models. RMSE value for Figure 3 example is 34.0 and MAE is 29.7. 

Calculated values are presented in Table 4 and y and y’ in Figure 3. 
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Table 4. Calculated RMSE and MAE values for Figure 3 example 

i (𝑦 − 𝑦′)2 |𝑦 −  𝑦′| 

1 784.0 28.0 

2 348.4 18.7 

3 641.8 25.3 

4 289.0 17.0 

5 75.1 8.7 

6 4853.6 69.7 

7 324.0 18.0 

8 1133.4 33.7 

9 2055.0 45.3 

10 1089.1 33.0 

RMSE 34.0  

MAE  29.7 

 

In the case of RMSE and MAE, the lower value means a more accurate model. In the 

example case, the RMSE and MAE values are close to each other, which means there are no 

large deviations or the number of large deviations is low. For RMSE or MAE, there are no 

limit values to tell at what point the model is decently accurate. 

2.5  Machine learning 

ML is the more recent development in the engineering industry. ML can be applied in 

multiple fields and for many use cases. ML itself is not a method, but rather a term for 

different techniques, like analytical techniques in Figure 2. One of the most impactful 

differences between the ML methods and linear regression is that ML can capture non-linear 

correlations. 

For this research, ChatGPT was used narrowing down the techniques suited for this research 

from those suggestions. Gradient boosted trees (GBT), random forest (RF), and Gaussian 

process regression (GPR) were chosen for further analysis. A categorisation of the three 

models mentioned is presented in Figure 4. 
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Figure 4. RF, GBT, and GPR categorisation. (Zhou, Liu, Wang and Liu 2021) 

 

The RTree presented in Figure 4 is a single tree-type predictor used in the tree-based ML 

models. RTrees are explained more in Chapter 2.5.1. 

2.5.1  Random forests 

Breiman developed the random forests model in the early 2000s in the article Random 

Forests, which is a much-used source about random forests. 

“A random forest is a classifier consisting of a collection of tree-structured classifiers 

{ℎ(𝑥, 𝜃𝑘 , 𝑘 = 1, …} where the {𝜃𝑘} are independent identically distributed random vectors 

and each tree casts a unit vote for the most popular class at input x.” (Breiman 2001) 

 

RF is a modified bagging method that applies a combination of independent tree-type 

predictors, where each tree is dependent on the corresponding vector value, and the same 

goes for all the trees (Hastie, Tibshirani and Friedman 2009). Bagging is an ensemble 

method in ML designed to improve stability and accuracy of ML models. The decision trees 

that are used in the different methods, which apply them, are made of decisions which create 

an upside-down tree when illustrated with a two-dimensional tree. Hastie et al. (2009) 

applied a decision tree for email spam detection, as shown in Figure 5. Each node on the 

decision tree consists of inputs and a response for each observation. There is not one certain 

way of making the options, for example over or under a certain value can be used (Hastie et 

al. 2009). 
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Figure 5. Spam detection example tree. Blue colours are split variables, and classification is 

shown in every node. The numbers under the terminal nodes indicate misclassification rates. 

(Hastie et al. 2009) 

 

To control the RF and make it more accurate and easier to handle, there are a couple of key 

regularisation techniques presented in the literature. Breiman (2001) introduced the term 

"bagging" for a technique to reduce the effect of noise by creating multiple models. In the 

case of RF methods, there are many of these tree-type predictors, which increases the 

accuracy and makes the model less prone to overfitting because in the RF each tree produces 
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a different prediction, and the result is the average of the results of the single trees (Hastie et 

al. 2009). Hastie et al. (2009) introduced a test where they measured mean absolute error on 

the RF method, and according to that test, the RF accuracy stabilises at around 100 trees but 

achieves the best results at 200 trees and up. An effect of the number of trees on the error in 

the RF method is presented in Figure 6. 

 

 

Figure 6. Mean absolute error of two RF models with m=2 and m=6. (Hastie et al. 2009) 

 

Hastie et al. (2009) apply the letter m as a symbol for the number of variables used in the 

model. The end of a branch can be determined and customised for each application, 

specifically according to the application characteristics. The accuracy of RF can vary greatly. 

Shahim et al. (2025) collected results from other research, and the accuracy is from 67% to 

88%. Zhou et al. (2021) tested the performance of the RF model and achieved a 𝑅2 value of 

0.985 in the training phase, but only a 0.833 value in the test phase. If the stop size of the 

node is not determined, the branch will go until the node size is 1. When not determining the 

node size, the tree will grow very large, and the prediction accuracy will get affected 

therefore it is better to determine the minimum node size. For example, Hastie et al. (2009, 

308) applied a minimum node size of 5.  
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2.5.2  Gradient boosted trees 

The GBT method is like the RF method, but they have key differences between them and 

therefore don’t work the same, although they have the same background. In the GBT method, 

the trees are often smaller, linked to each other, and assembled sequentially compared to RF, 

where trees are independent and parallel. The sequentially built model allows for small 

corrections to the results in every step. In scientific literature, the term boosting is used as a 

term for applying the GBT method. Boosting was created to combine the many bad 

classifiers into one stronger structure or committee, shown in Figure 7 (Hastie et al. 2009). 

 

 

Figure 7. Typical GBT where trees are sequentially arranged. Each circle depicts a node in 

the tree. 

 

Like in the case of RF, GBT has regularization techniques to prevent overfitting and get 

more accurate results. Shrinkage is one of the techniques used in the GBT method. 

Overfitting is more prone to happen in small datasets. Shrinkage is a factor number between 

0 and 1 used to control the learning speed of the model (Hastie et al. 2009). Smaller shrinkage 

results in a slower learning speed, and lower learning speed leads to more accurate results 
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(Hastie et al. 2009). The tree size limits the interaction level of the model, and tests have 

shown that values between 4 and 8 produce good results (Hastie et al. 2009). The range is 

not fixed by any means, and the value should be changed according to the needs and data. 

Loyer, Henriques, Fontul and Wiseall (2016) made a cost analysis with a few different ML 

models, where one of them was GBT which ended up being the most accurate model with a 

𝑅2 of 0.96 for estimating manufacturing costs of a compressor blade. 

2.5.3  Gaussian process regression 

The third model which is worth testing in this research is the GPR which a non-parametric 

Bayesian approach (Schulz, Speekenbrink and Krause 2018). According to Wang (2023) 

GPR allows analysing of nonlinear relations in the data unlike the traditional regression 

methods therefore is more suitable for example in the manufacturing industry cost estimation 

analysis. A basic gaussian process includes concepts such as multivariate normal 

distribution, kernels, and GPR algorithm implementation. A multivariate normal distribution 

model is needed when there is more than one feature variable used in the system therefore 

need to model variables together as one model. Kernels are used to reduce noise and smooth 

the functions to be able to conduct the regression tasks (Wang 2023). Wang (2023) presented 

an example on kernels function in GPR and compared it to independent vectors shown in 

Figure 8. Shahim et al. (2025) collected test results from multiple different research and 

reported a accuracy of 88% for GPR. 
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Figure 8. Twenty-variate normal distribution functions, (a) with identity covariance, 

(b) with RBF covariance. (Wang 2023) 

 

Choosing a kernel most suitable for a certain data is critical because it affects the model, 

there is many options available ranging from the random basis function to custom made 

kernels (Wang 2023). In the research the GPR is often the most or one of the most accurate 

models, but often the problem is the larger computational power needed which causes the 

GPR not to be recommended for large datasets. 

2.6  Methods comparison 

RF, GBT, and GPR all seem to be suitable fit for this research based on their characteristics 

and performance reported in the literature. A few key differences between the three chosen 

models are presented in Table 5. 
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Table 5. Key differences between chosen models 

  

Random forest 

 

Gradient boosted trees 

Gaussian process 

regression 

 

Model type 

 

Tree based (bagging) 

 

Tree based (boosting) 
No pre-determined 

model 

 

Trees 

 

Independent trees 

 

Connected trees 

No trees. Based on 

probability distribution 

function 

Suitable Small to Large datasets Large datasets Small datasets 

Accuracy Good Good Great 

Scalability Good Good Low 

Model difficulty Low Moderate High 

 

Model difficulty is based on the complexity and the challenge to create the model based on 

suitable dataset size, scalability, and computational requirements for example. Accuracy is 

based on the data and the tests done with well-trained model in the literature. Based on the 

Table 5, an accurate model comes with the sacrifice on the scalability and difficulty. 
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3  Methods 

This chapter introduces the choices and their reasoning made to develop the cost estimation 

tool for industrial gearboxes with modern data-driven methods such as machine learning. 

Even though Python is used to make the cost estimation tool this work is not a Python coding 

guide, but a few important aspects related to this work are presented. 

3.1  Modelling approach 

This work applies computational modelling theories to develop the model. The main idea of 

computational modelling is to predict the behaviour of complex nonlinear relations in the 

cost data. The modelling process is carried out as an iterative process where the best possible 

estimation accuracy is searched by repeatedly running the ML model code while changing 

the parameters that affect the estimations. Figure 9 shows a simple plot of the iterative 

development process. 

 

 

Figure 9. Cost estimation model creation process. 
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Figure 9 shows the development process for a single ML model and component, for example, 

an RF model for shafts. Similar development process is repeated with every component and 

model type. Changes to the model during the iterative development process are mainly made 

to hyperparameter values. Evaluation criteria and scope used to evaluate the performance of 

the models are introduced later in this chapter. 

ML models are chosen to develop the cost estimation tool due to their ability to handle the 

complex nonlinear data. Even though ML models are suitable for nonlinear data, they are 

prone to cause estimation errors if the data is unfiltered and includes data from uncommon 

scenarios. These rare case scenarios can, for example be extra costs caused by machine 

breakage or exceptionally short delivery time requests. A simple data filter program is 

introduced to overcome the issue of uncommon data and maintain the usability of the ML 

models while also maintaining sufficient accuracy of the cost estimations. 

ML models applied in this work were presented in Chapter 2 and selected based on their 

common use in research across multiple industries. The objective of the model is to provide 

accurate cost estimates for industrial gearboxes while keeping the tool as simple as possible 

for easy use and future development of the tool. Model development is focused on data-

driven modelling, where the data is the guiding factor for the development of the model. 

Data-driven modelling is one of the subcategories of computational modelling mentioned 

earlier in this chapter. This work is focused on data-driven modelling because the key 

concept of data-driven modelling is that it relies on historical data to form connections 

between different input and output variables. The input and output variables in this case are 

the component parameters as inputs and the target value as the output, which could, for 

example be the manufacturing cost. Parameters can be divided into different categories based 

on the type, which can help to identify the most useful parameters from the large parameter 

pool available. For example, parameters could be divided into geometry parameters, process 

parameters, and cost drivers. Some parameters fit only in a category, but in most cases, 

parameters are likely to fit in more than one category, but parameters rarely fit in all 

categories. This work categorises parameters and information into feature, target, and 

supporting categories. 
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3.2  Data and assumptions 

In this work, assumptions are made on data integrity and the linearity of data, potential faulty 

values in the dataset, the effects of those potential faulty values on the tool’s accuracy, and 

the availability of the parameters. Data integrity is never guaranteed to be 100%, not even in 

the most sophisticated systems. There is always the possibility of corrupted or completely 

missing data, which are assumed to have significant effect on the accuracy of the model in 

this work. Zero values in the data are assumed to have the most significant negative impact 

on the accuracy because the ML models treat all inputs as valid. Data filtering is chosen to 

be applied to remove zero values from the dataset. Occasionally, the case might be that 

missing data can be calculated with other parameters that are available in the data. Fixes to 

the data need to be done before the dataset goes through the filter, otherwise the filter would 

remove the faulty value. Data filtering together with human or AI checks on the data are 

chosen to lower the impact caused by low data integrity. 

The tool is intended to be used with the component sizes that are apparent in the historical 

data. Sizes outside the ones that are apparent in the historical data may cause errors in the 

estimation accuracy with ML models. Large gaps in the dataset may cause similar errors in 

the estimation accuracy as the sizes outside the ML model training. Large gaps in the dataset 

mean long distances between datapoints in a two-dimensional diagram. 

A compromise is made between having a consistent estimation with small deviations and 

trying to achieve more perfect estimations with extreme outlier values. The compromises are 

assumed to have a positive impact on the accuracy therefore on the performance of the tool 

as well. In the development phase, compromises are made in the ML models to allow faster 

processing times for the creation of the models because the iterative development process 

requires a possibility to change and test models in a short period of time. 

3.3  Validation approach 

ML models are validated with performance metrics that are commonly applied in other 

studies across multiple industries in the literature. Result validation is a critical part of the 

development of any type of work, which includes ML models. Performance metrics applied 

in this work are presented in Chapter 2.4. 𝑅2, RMSE, and MAE are amongst the most 
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common performance metrics applied according to the literature review. The metrics are 

chosen to be applied in this work because they allow to analyse the results in a numerical 

manner, making the analysis phase simple and the results more comparable with each other. 

The 𝑅2 was chosen as the performance metric to measure the accuracy of the models’ 

estimation compared to the historical data value. This work applies RMSE and MAE metrics 

to indicate the average error and the relation between the average error and the error of 

extreme estimations. Because the validation of the result is critical in this type of work, 

where the objective is to estimate cost, which sets high requirements for the high model 

accuracy, therefore this work applies and compares a 5% and 10% error margin. Reason to 

apply two different error margins is that some values in the estimations are numerically 

small, which leads to small deviations having a high percentual error but having only a small 

effect on the final estimation. Together with the mentioned validation methods, ML models 

are compared to a linear regression model, which is used as the baseline model in this work. 

A linear model is created with the same dataset as the ML models to create a comparable 

model to compare and validate the results. 

This work tests two different approaches to estimate the cost. Approaches are to estimate 

cost from the historical data directly or to estimate manufacturing times and calculate the 

cost. Two approaches are tested because the costs of manufacturing have changed while the 

manufacturing machines have not changed significantly in recent years. Estimating costs is 

the more straightforward option in terms of the backend of the tool, but is more prone to 

errors caused by inflation, while the time estimation requires a more complex backend for 

the tool, having to calculate the costs from the estimated time. 

Testing is conducted by splitting the data into training and testing sections because in that 

way, the performance can be tested and the results analysed. This work applies two different 

data splitting methods, which are the train-test split and the k-fold method. Although data 

splitting is recommended in the development phase, it has its own issues as well regarding 

the data. Together with data splitting, a few tests with the final production version of the cost 

estimation tool are conducted to validate the performance of the ML models. Tests are made 

with the production version because it simulates the typical operation scenario of the tool. 

This work follows a simplified workflow in the development, shown in Figure 10, consisting 

of problem definition, model design and development, validation and result analysis, and 

implementation. 
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Figure 10. Cost estimation tool development workflow. 

 

From Figure 10, the problem definition is introduced in Chapter 2. Model design and 

development are presented in Chapter 3 for theory and Chapter 4 for development. Results 

are presented in Chapter 5. The implementation in the current system is considered in 

Chapter 6. 
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4  Model development 

This chapter introduces the development process thoroughly, from the planning of the tool 

to the final cost estimation tool. The cost estimation tool development process begins with 

the determination of parameters and the most important hyperparameters of the chosen ML 

models. After the determination of parameters, initial values for the ML model 

hyperparameters and other critical parameters are selected based on the values applied in 

another research. In Figure 11, the development process is plotted with a simple flowchart. 

 

 

Figure 11. Development process flowchart. 

 

After the initial parameters and other required information are determined, the actual cost 

estimation tool development can begin. 

The first step in the development process is creating the data filter code to filter out the 

unwanted values from the data. Data filter code is coded to filter out certain values only and 

exclude unnecessary data columns in the raw data. The filter is updated during the 
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development phase according to the needs of the ML models. From the ML methods, the RF 

model is developed first, then GBT, and the last model to be made is the GPR. This 

development order is chosen based on the estimation of the simplicity and ease of 

development of the model. Two different versions of each ML model are made in this work. 

Versions are development and production versions, which are like each other with only 

minor differences between them. The development model has features that are beneficial 

only when creating the model. Features include data splitting into train and test datasets and 

saving performance metrics and estimation results into an Excel document for easy 

performance assessment. The data splitting is not beneficial in the production version 

because performance checks are not made, and quality assurance is made in testing. 

Python is one of the most common choices to make ML programs therefore it is used in this 

work. Python has built-in and add-on libraries specially designed for ML and libraries that 

are useful for creating an ML model. Python features that are useful for ML are presented in 

Table 6. 

 

Table 6. The most useful Python libraries for ML 

Feature Description 

NumPy NumPy is a library of mathematical functions to allow Python to 

support large and multidimensional matrices and arrays 

(Wei-Meng 2019). 

pandas pandas is a data analysis tool built on top of NumPy that allows 

them to work with structured data, for example Excel 

(PythonGuides 2025a). 

matplotlib matplotlib is a data visualisation library (PythonGuides 2025b). 

scikit-learn scikit-learn is an ML library for data analysis built on NumPy, 

matplotlib, and SciPy (GeeksforGeeks 2025c) 

openpyxl openpyxl is a library for reading, modifying, and saving Excel 

documents. 

tkinter tkinter is a library for a graphical interface. 

 

The cost estimation tool user interface (UI) is made as an independent Python code that gets 

the ML models and other necessary information, such as material prices and outputs the cost 



37 

 

 

estimation. UI in this work uses the tkinter library to create the graphical interface for the 

UI. A graphical user interface (GUI) is created and updated simultaneously with the ML 

models because development of the GUI is easier, and decisions about the features in the 

GUI are easier to determine. 

Python code can be made with a variety of different coding environments, depending on the 

programmer or user preference, for example Python IDLE or Visual Studio Code. Python 

IDLE is used in this work because it comes in the same package as Python, and no other 

software is required. The version of Python does not affect the coding process itself, but a 

suggestion is to use the latest stable release, where there are all libraries are available, Python 

version 3.10 is used in this work. If the tool is used with a Python program, some add-on 

libraries shown in Table 6 don’t come included in Python and need to be installed separately. 

For example, in the Windows operating system, add-on libraries can be added by using the 

command prompt (Appendix 1 & Appendix 2). The program can be run with Python 

installed, but also without Python when the code is saved as an executable file (.exe) format, 

which is the preferred solution in this work for the final model. The program is run on a local 

device, which in this case is a computer, but the program, together with the other required 

files, can be saved in cloud storage or a server. 

4.1  Data preparation 

The data used in this work are the realized costs of manufacturing the components in the 

gearboxes. Data is gathered into one Excel document from the company's enterprise resource 

planning system (ERP). To limit the amount of data from the ERP system, only information 

from 2020 to the end of 2025 is used in this work. Together with the year limitation, this 

work includes only data from projects that are marked as completed, because then the costs 

are guaranteed not to change. Data from the ERP is usable, but not in the best possible form 

for this work because all components are in the same large sheet in Excel. For easier data 

processing, components are divided into different sheets in Excel with one component per 

sheet. Components divided into their own sheets allow to set component specific filters more 

easily compared to data being in one large sheet. In this work, the division into sheets is done 

in a simple way by applying a filter in the original Excel file and using copy and paste to 

transfer data into a new Excel file. This method is not suggested to be applied with large 
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numbers of different components because it is a relatively slow process. The Excel document 

that includes data from ERP is only used as a step to transfer data from ERP to a ready-to-

filter form. A section from the possible raw data structure before applying the filter is 

presented in Table 7. 

 

Table 7. Pre-filtration data structure 

ID Type Length Width Resource Qty Cost 

P123456 total 200 50 Component code 1 597.3 

P123456 setup 200 50 machine 1 0.5 24 

P123456 process 200 50 machine 1 2.1 100.8 

P123456 setup 200 50 machine 2 1.8 135 

P123456 process 200 50 machine 2 4.5 337.5 

P123789 total 600 84 Component code 3 10 

P123879 setup 600 84 machine 1 0.5 0.7 

P123789 process 600 84 machine 1 6.6 9.3 

…       

 

Table 7 shows only a few example rows and columns from the data. After the modifications, 

the data is in an easier form to make the data filter and apply. Only in rare cases can the 

initial data filter program be made to provide the desired results therefore multiple changes 

are required to be made during the development of the cost estimation tool. Changes are 

made according to the needs of the ML models, for example, combining data or making 

median values. Median values can be applied in cases where the data has unexplained 

differences. In some cases, there is a need to combine some values together. For example, in 

Table 7, the setup times for machines 1 and 2.  

The first step in this work was to combine the process and setup times into one combined 

process and setup time. The combination is made based on the product ID, which separates 

the different components into their own rows. Heat treatment is separated from the data with 

the resource category by knowing the process code or name. For example, code 12345 could 

be the heat treatment process. The costs and quantities are combined into one with the same 

basis as the process and setup times. Setup time variation is reduced by setting a percentile 

value for it to remove unexplained extreme values. To reduce the number of lines in the 
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code, the filter feature selection is done with a dictionary. A simple dictionary example is 

presented in Appendix 4. Dictionaries reduce the lines in the code because there is no need 

to use an if-else structure in the code. 

A simple process and code, such as a data filter, can be one of the most time-consuming 

parts, together with the ML models, if component parameters differ from each other. Since 

the data filter is a single Python code in this work, there is a requirement to consider many 

different aspects of the components. For example, in a case where the gear has a teeth count 

of zero is undoubtedly an incorrect value, but in the case of a shaft that similar value is most 

likely correct. In this work, the zero values for teeth count are filtered out in the components 

where teeth count is expected. 

The user interface for the data filter Python program is simple and includes only three steps 

for the user. Steps are selecting the Excel sheet to filter, starting the filter program by 

pressing the start button, and saving the results in an Excel file. The data filter program user 

interface is presented in Appendix 3. 

4.2  Selection of parameters 

Parameters are chosen based on the type of product and available data therefore parameter 

selection is done case by case. In this work, the parameters are related to the physical aspect 

of components in the industrial gearboxes. The most important parameters applied in this 

work are presented in Table 8. Parameters are divided into three different types based on 

their application and purpose of use in this work. 
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Table 8. Parameters and information used in the cost estimation tool for all components 

Type Parameter /information 

Supporting Material cost 

Target Total cost 

Target Total time 

Supporting Machines’ hourly rates 

Feature Diameter 

Feature Length / Width 

Supporting Production batch size 

Feature Number of teeth 

Feature Module 

 

Supporting type information is used only to achieve the total cost and is not connected to the 

ML models, while the feature and target parameters are connected to the ML models. Width 

and length parameters are only dependent on the component type, for example width is used 

for gears, and length is used for shafts. Parameters applied in the initial ML models in this 

work were year, diameter, and width, while the target was set to cost. In this work, the target 

is what the ML models estimate. Cost as a target is replaced with time later in the 

development to compare results between the two targets and determine the better option for 

this work. Supporting type information presented in Table 8 is applicable only when the 

target is set to time. Other parameters used in the ML models in the development process 

included the number of teeth and the module. The number of teeth and module cannot be 

applied simultaneously in the ML models as features because they are connected to each 

other. Connection in this case is that the module can be calculated with diameter and number 

of teeth, and vice versa. 

The number of teeth can be calculated with equation 8: 

𝑧 =  
(𝑑−2∗𝑚)

𝑚
     (8) 

where z is the number of teeth, d is the diameter, and m is the module. 

Results from all the different ML feature combinations were compared to achieve the best 

possible model. Working with ML models, the parameters applied as features need to be 

available when models are used. This means that applying diameter, width, and number of 
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teeth as features requires the mentioned parameters to be known to use the cost estimation 

tool. The least number of features used in this work is two, which were diameter and width. 

Other tested feature combinations were diameter, width, and number of teeth, and diameter, 

width, and module. Also, the early development phase included the year as a feature when 

cost was the target. Year as a feature can be applied only with cost as a target because it 

could be used to learn the inflation or deflation. 

4.3  Development of ML models 

This work includes three ML models from the vast number of different models available. 

ML models are developed in the order RF, GBT, and GPR, with the GUI development 

simultaneously with ML models. 

ML models’ development processes have many similarities with each other, with mostly 

minor differences between them when considering the scale of the models. RF and GBT 

models are closer to each other, and the GPR model differs more from the other models. RF 

and GBT models share the same structure in the Python code, with the most notable 

difference being the model engine used. Even though the GPR model differs significantly 

from the other models in terms of the code, the workflow inside the ML models is similar 

between the models. In Python, the RF model is made with RandomForestRegressor, the 

GBT model is made in this work with CatBoostRegressor, and the GPR model is made with 

GaussianProcessRegression. Backend of the ML models and other Python codes apply 

similar principles in the code, for example codes use subprograms for the different functions 

inside the code and one main program. A simplified example structure of the code is 

presented in Appendix 5. 

Data splitting is used in the development phase of this work. Two different data splitting 

methods are implemented in development, which are data split into a train and test set, and 

the k-fold method. RF and GBT models use data splitting with a train-test split, and the k-

fold method is used in the GPR model. Nguyen, Ly, Ho, Al-Ansari, Le, Tran, Prakash and 

Pham (2021) achieved the best results with a 70/30 train-test split with a dataset size of 538. 

The train-test split on the dataset in this work is split with a 70/30 ratio, where 70% is used 

for the training of the model, and 30% is used for the testing. The 70/30 split is one of the 

most common splits in ML research (Muraina 2022). Though the 70/30 split is one of the 
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most common splits, the data splitting needs to be done based on the dataset size and data 

type, not just based on common practices in scientific papers. The k-fold method is like a 

train-test split, but in the k-fold method, splitting is made multiple times. In the case of 

smaller datasets, the splitting may cause bias in the performance therefore a k-fold cross-

validation method is suggested (Xiong, Cui, Liu, Zhao, Hu and Hu 2020). In the k-fold 

method, the dataset is split into user determined amount on equally sized parts, shown in 

Figure 12. 

 

 

Figure 12. k-fold method. Blue boxes are parts of the data used for training and grey is the 

part used for testing. Xiong et al. (2020) 

 

In the k-fold cross-validation method, one part of the divided dataset is used as the test set 

at a time, and every iteration uses a different part as the test set until every set has been used 

as the test set once. User determines a k-factor value, which is the number of parts the dataset 

is divided into. For example, if the k factor is 10, the dataset is divided into 10 different parts. 

Together with validation methods, it is necessary to optimise the hyperparameters with 

different regularisation methods for the hyperparameters. The different methods have 

different hyperparameters that need to be optimised, as presented in Table 9. RF and GBT 

models' hyperparameters are for the engine, while GPR hyperparameters are for the kernel. 

  



43 

 

 

Table 9. Hyperparameters for ML models 

Random Forest Gradient boosted trees Gaussian process regression 

Number of estimators Number of estimators Choice of Kernel 

Maximum tree depth Learning rate Length scale 

Maximum features Maximum tree depth Noise 

Minimum samples split Subsample N restart optimizer 

  Nu 

 

In the RF, the number of estimators means the number of trees, which in Chapter 2.5.1 was 

introduced as the accuracy stabilises at around 200 trees. Maximum tree depth means the 

same in RF and GBT, which is how many levels are in the tree. For example, in Figure 5, 

the example tree is 8 levels. For RF, the tree depth is suggested to be around 10 to 30, and 

in GBT, the depth was lower at 4 to 8 (GeeksforGeeks 2025a). This work tests the model 

with different values and determines the final value based on the results. The maximum 

features hyperparameter is used to control the available features at each node when splitting. 

A lower number of features results in a more random model, reducing the possibility of 

overfitting, but too low a number of features could lead to underfitting, which causes the 

amount of the features to be determined by test results (GeeksforGeeks 2025a). If a branch 

of the tree does not get to the determined level, then the minimum samples split 

hyperparameter is needed. Minimum samples split is a number set by the user to indicate to 

the model at what sample size to stop to prevent very small-sized nodes that could lead to 

overfitting (GeeksforGeeks 2025a). 

Learning rate was covered in chapter 2.5.2, where GBT was introduced, and the learning 

rate was controlled by the shrinkage factor. In the GBT method, subsampling is used to take 

part of the test dataset and build the next tree using the subsample, which creates faster 

computing and possibly a more accurate model (Hastie et al. 2009). 

There are fewer hyperparameters to consider in tree-based methods than in GPR, but the 

hyperparameters have a similar impact on the model in GPR compared to tree-based 

methods. The choice of kernel is determined by the user from among many different kernels, 

from just all-around kernels to custom-made kernels. This work applies the Matern kernel, 

which is one of the most used kernels because of its good performance in many applications. 

Another option for the kernel is RBF, which is another common kernel. Other 
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hyperparameters are usually built into the kernel, for example, the length scale. Length scale 

is a factor that changes the range over which the kernel function will be considered in the 

predictions (GeeksforGeeks 2025b). A larger length scale value means a wider range is 

considered in the predictions. Noise in the GPR model is the difference between the GPR 

estimation and the true value. All the mentioned hyperparameters about the GPR model are 

about the kernel, but the n restarts optimizer is related to Python’s GPR engine applied in 

this work. The n-restart optimizer is used to search for the optimum values for the kernel’s 

parameters. The n restarts optimizer increases processing time to create the models because 

the model searches for the optimum values. 

Testing of the ML models during the development phase is made with the testing versions 

of ML models, and final check-ups are made with the production version models. During 

the development phase, models are coded to run the test dataset with the model trained with 

the train dataset and save it to an Excel file. Performance metrics are printed on screen in the 

Python IDLE and saved in an Excel file with the results. Every component and model type 

is separated into individual sheets, for example bevel gear process, heat treatment, and setup. 

In this work, testing for every model estimation performance is made with bevel gears, and 

other components are assumed to have similar results in terms of accuracy. 

Optimal estimation accuracy of the models is critical, which requires changing the 

hyperparameter values inside the models during development. A simplification is made in 

the code with the hyperparameter values being coded as a global variable therefore values 

can be changed from one place. The simplification in the model is made in the code to make 

the optimization process simple and more resilient to coding errors. Initial values for the 

hyperparameters are chosen according to the application therefore there is not a single best 

option but rather a suggestion about the values. The RF model is tested with 6 different 

hyperparameter value combinations, which are presented in Table 10. 
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Table 10. RF model hyperparameter test combinations 

 

i 

 

Number of estimators 

 

Maximum tree depth 

Minimum samples 

split 

1 50 None 2 

2 100 None 2 

3 150 None 2 

4 200 None 2 

5 200 6 2 

6 200 8 2 

 

GBT is assumed to have similar results with model targets as RF therefore, the cost target is 

not tested and compared with the time target. A similar hyperparameter testing process is 

made for the GBT model as for the RF model. Table 11 introduces the nine different 

combinations of hyperparameters tested for the GBT model to find the possible model for 

this work. 

 

Table 11. GBT model hyperparameter test combinations 

i Number of estimators Maximum tree depth Learning rate 

1 100 6 0.2 

2 200 6 0.2 

3 300 6 0.2 

4 400 6 0.2 

5 500 6 0.2 

6 500 8 0.2 

7 500 6 0.15 

8 500 6 0.35 

9 500 6 0.1 

 

GPR is tested with values 0.1 to 0.5 for the noise level, 0.5 to 3 for the nu, and the number 

of features used in the model, which is 2 in the initial model. The GPR model is tested with 

over 30 different hyperparameter combinations. Due to the large number of hyperparameter 

combinations tested for the GPR model, combinations are not presented in a table like with 
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the RF and GBT models. Combinations of hyperparameters are tested in this work by 

changing only one parameter at a time to determine the effect of the hyperparameter value 

change on the performance of the GPR model. For example, if nu is changed, then noise and 

length scale remain the same. Hyperparameter values are chosen from the ranges of values 

applied in the literature. In this work, the k-fold method applied in the GPR model applies a 

k-factor value of 5, k-fold method was presented earlier in Figure 12. 

The effect on the accuracy and consistency of the model by changing the hyperparameters 

can be analysed from the estimations when compared to historical data. Comparison between 

different ML models can be made with estimates from the models, but applying performance 

metrics is a better solution to compare results. Comparing the ML methods is made with the 

best model from each of the methods. The best model from each of the methods is chosen 

from multiple versions of models with different combinations of hyperparameter values. 

4.4  Final model structure and implementation 

The final choice of hyperparameters in this work is made according to the results from the 

development phase, which are presented in Chapter 5. The final pipeline of the cost 

estimation tool can be divided into two sections based on the frequency of use, which could 

be a couple of times a year or daily. There is no need to update the raw or filtered data daily 

or even monthly therefore data filter and ML model updates are necessary to be done at most 

a couple of times a year. Only part that is in the daily use is the GUI code, which does not 

need to be updated unless some improvements want to be made or features added into the 

GUI. 

Workflow in the final model, when no updates are done on the ML models, is start cost 

estimation program, which in this case is the GUI code. The GUI automatically loads 

required ML models, and other files, then uses the GUI to create an estimation by typing or 

selecting the component parameters and clicking the estimate button. 

Each ML model is individual, and ML models create estimations independently from each 

other. In this work, the final model uses all three ML methods in the cost estimation tool in 

one simple GUI. The three ML models are used to calculate the average estimate, which is 

used to determine how the final estimate is determined. The cost estimate is based on the 
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GPR model if ML model estimations have high variation in the estimations. If ML models 

have similar estimations, the final cost estimation is the average of the three models. 

The final estimation target was set to time, which requires the calculations to convert the ML 

model's time estimation to the required cost estimation. The user is not required to calculate 

anything to get the final estimation because everything is made inside the code. Calculation 

steps in this work can be categorized into component input, program calculations, and 

program prints the results on the GUI.  Component inputs in this work are diameter, width, 

or length of the component, manufacturing batch size, and material (Appendix 3). Correction 

factors are applied in the GUI code if needed, for example to consider the inflation. There is 

not one best correction factor to use, but rather the correction factor is needed to consider 

and decide on a case-by-case basis. 

ML models are made with Python code and saved as Python pickle format (.pkl), which are 

loaded in the GUI code together with material price and machine hourly rate Excel files. The 

GUI code automatically loads all of the necessary files when the GUI is opened. The model 

package includes everything required to use and update the tool, which includes Python 

codes (.py), Python pickle format files (.pkl), and Excel files (.xlsx). The cost estimation tool 

folder example for this work is presented in Figure 13. 

 

 

Figure 13. Folder tree example. 

 

The GUI layout includes input fields and a separate results field where the results are shown. 

In this work, the GUI has a group and single component estimation mode, but only the single 

component estimation mode. The GUI is introduced in Appendix 3. Use of the GUI follows 

the same pattern as the calculation flow, where the user applies values in the input fields and 

presses the button to create the estimate. Upkeep of the tool follows a more in-depth 



48 

 

 

workflow by adding update requirements for data filtering and making the ML models with 

an updated dataset. 

Concluding the development process and workflow of the developed cost estimation tool for 

the individual components of the industrial gearbox. The final development is data 

preparation and parameter selection, ML model development, hyperparameter tuning, best 

model search, and tool implementation as a GUI. The final version of the cost estimation 

tool includes a complex backend with three different ML models combined into a simple-

to-use GUI. ML models estimate component production time for the different processes in 

the manufacturing process, which is transformed into cost estimates with the required 

information. The development of this type of tool, as in this work, requires determining a 

few key design decisions about filtering strategies, testing, ML model fine-tuning, and result 

validation. Chapter 5 introduces the results from the development phase of this work, which 

include comparison between ML models, comparison between the different hyperparameter 

combinations within the ML models, analysis of results, and validation of choices made in 

the development phase. 
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5  Developed model results 

This chapter introduces results from the different phases of the development process of the 

cost estimation tool. Results are a crucial part of the development of any type of tool, 

especially those that include ML models. The development phase in this work requires 

constant evaluation of the estimation performance of the different ML models to find the 

best possible hyperparameter values and model. This chapter includes result analysis in 

conjunction with the results to make a coherent chapter that explains the choices made in 

this work and provides information about ML models for applications like this work. The 

amount of data in the development phase used to test the performance of ML models and 

compare results between the different models is 372 data points. In this work, RF and GBT 

models applied the 70/30 train-test split, and the GPR model applied the k-fold method with 

a k factor of 5. The focus on result comparison is between ML models, but a linear model is 

created to set a baseline for the comparison. 

In the development phase of this work, RF and GBT models are created with the entire 

dataset for all individual components, but GPR applies a dataset limitation. The amount of 

data between the different components varied from 350 to 3500. In this work, the dataset is 

limited to a size of 500 with the GPR model because the processing time for the GPR model 

is high with a large amount of data. The same dataset size is applied for all the components 

that have a dataset size over the set maximum size of 500. Limitation affects only if the 

dataset is over the set limit. With a limitation of 500, it takes around 3 minutes to create the 

ML model for one component. The size of 500 takes around 4 times less time compared to 

the dataset size of 1000. Processing time is measured with the GPR model, which had n 

restarts, optimizer parameter set to 6. 

This work applies 5% and 10% error margins for estimation error in the ML models to 

determine the performance of the models. Estimation results are saved in the Excel 

spreadsheets, which allows the easy comparison of results with the performance metrics and 

estimations compared to the historical value. 
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5.1  Model configuration validation 

In the initial model, the entire process was estimated as one group, which included the 

machining process, setup, and heat treatment. The issue of estimating the different steps of 

the process in one group led to the ML model having a large error. A large error in the case 

where the entire manufacturing process is in one group is caused by the differences in the 

different steps of the manufacturing process. Initially, the year parameter was included in 

the features of the RF model because it was the first model developed in this work. The year 

parameter as a feature is replaced with a year index that is calculated from the historical data 

by setting the year 2025 with a factor of 1.0 therefore years before 2025 are either lower or 

higher than 1.0, depending on the inflation. RF model performance metrics for year, 

diameter, and width feature combination compared to diameter and width with year index 

combination are presented in Table 12. 

 

Table 12. Metrics when year is applied as feature and as index 

 

Performance metric 

Year as feature 

mac / ht / setup 

Year as index 

mac / ht / setup 

𝑅2 0.96 / 0.95 / 0.80 0.89 / 0.86 / 0.80 

RMSE 14.82 / 6.18 / 36.60 29.19 / 11.00 / 36.60 

MAE 7.85 / 2.44 / 20.20 15.56 / 4.06 / 20.22 

 

Table 12 applies abbreviations, where mac is machining and ht is heat treatment. Table 12 

indicates that both of the different ways to consider the year provide accurate estimations 

with the RF model, but year as a feature is slightly more accurate. In the testing, the RF 

model had a number of trees set to 200 and a minimum samples split set to 2. The issue of 

the year applied as a feature arose when the model was tested with the tool, and the year is 

set to 2025. The issue with the year feature is that the estimation accuracy was lower when 

using the tool compared to the test model, while with the index, the results are the same 

between the tool and the test version. This estimation error is caused by the RF not learning 

the year feature correctly as inflation, but rather at face value. Because the RF is not able to 

learn the year feature correctly, the year is considered with the index. A model with the year 
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as index is chosen to be compared in the ML model targets selection comparison because of 

its stable performance in real-world use. The ML model target selection is made by 

comparing results with the RF model set to estimate time or cost. The difference between 

the targets is that the time target does not apply the selected year index because inflation 

does not affect the process time. RF model in the target comparison applies the same 

hyperparameter values as the year feature and index comparison. Table 13 presents the 

performance metrics from the two different ML target versions, which were made with the 

test model. 

 

Table 13. Performance metrics for cost and time targets with RF model 

 Cost target 

mac / ht / setup 

Time target 

mac / ht / setup 

𝑅2 0.89 / 0.86 / 0.80 0.96 / 0.98 / 0.64 

RMSE 29.19 / 11.00 / 36.60 0.27 / 3.90 / 0.54 

MAE 15.56 / 4.06 / 20.22 0.10 / 1.43 / 0.21 

 

In the comparison of cost and time targets, the performance metrics RMSE and MAE are 

not directly comparable with each other due to the significantly different scales in the values. 

In this work, the scale for the cost is from 100 to thousands, and time scale is from 1 to at 

most 20, but mostly under 10. Because of this, the comparison is made with the 𝑅2 values 

and the ratio between the RMSE and MAE. Overall accuracy of the time target model is 

better than the cost target based on the 𝑅2 alone. However, the time target setup accuracy is 

low at 𝑅2 being only 0.64 which requires a look into the ratio between RMSE and MAE to 

determine the reason for low accuracy. With the cost target, the RMSE and MAE ratio is 1.8 

compared to the ratio of 2.5 in the time target. Lower ratio between RMSE and MAE 

explains the 𝑅2 value because a higher ratio means that the extreme values are higher, which 

results in lower 𝑅2. The 𝑅2 value of 0.64 does not necessarily mean that most of the 

estimations would not fit in the determined 10% or 5% error margins. Based on the results 

shown in Table 13, the time target is chosen to be applied in this work. 
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5.2  Performance of machine learning models 

Model performance metrics are presented in the order of development. Model performance 

is presented and analysed individually at first, and then the results are compared between the 

ML models. ML models as a group are compared to the linear model created as a baseline. 

The performance metrics for the machining, heat treatment, and setup processes in the cost 

estimation accuracy analysis have similar issues, such as the cost and time target comparison. 

The issue is the difference in the scale of the values. In this work, values for the machining 

and setup processes vary from 0.5 to at most 15, with an average of 3. The scale for heat 

treatment is wider, from 1 to 300, with an average of 30. 

5.2.1  Baseline linear model 

The baseline linear model is created with the same dataset as the other models and applies 

the same 70/30 train-test split as the RF and GBT models. With the applied train-test split, 

there are 112 datapoints in the linear model, which is sufficient to create a scalable model. 

Linear model applies the same performance metrics as the ML models. Performance metric 

values for the linear model are presented in Table 14. 

 

Table 14. Linear model performance metrics 

Process 𝑅2 RMSE MAE 

Machining 0.561 0.878 0.412 

Heat treatment 0.876 9.621 5.884 

Setup 0.295 0.756 0.439 

 

Linear model only functions as a baseline for the performance metrics and estimation 

accuracy of the ML models therefore no thorough analysis is made for the linear model. 
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5.2.2  Machine learning models 

RF model achieves similar results for all the different combinations of hyperparameter 

values with only marginal differences in the performance metrics. Sufficient results are 

assumed to be achieved with 200 estimators therefore only the 200 estimator option is tested 

with the changes to other hyperparameters. A 200 estimator assumption is made based on 

the research made on the RF method, which indicates only a marginal increase in the 

estimation performance. Performance metrics for the tested RF models are presented in 

Table 15. 

 

Table 15. Performance metric values for the chosen RF model 

Process 𝑅2 RMSE MAE 

Machining 0.957 0.273 0.100 

Heat treatment 0.980 3.897 1.433 

Setup 0.645 0.538 0.206 

 

From the hyperparameter combinations tested in Chapter 4, the optimal configuration for RF 

in this work was 200 estimators, maximum tree depth None, and minimum samples split 2. 

This combination provided the best combination of overall accuracy and peak error values. 

For the GBT model, a model with 500 estimators is assumed to provide the most accurate 

estimations therefore, a higher number of estimators isn’t tested in this work. The optimal 

hyperparameter combination is chosen on the same basis as with the RF model, which was 

the best combination of overall accuracy and the peak error values. From the hyperparameter 

combinations tested in Chapter 4, the optimal configuration for GBT in this work was 500 

estimators, maximum tree depth 6, and learning rate 0.15. Performance metrics for the 

optimal model are presented in Table 16. 
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Table 16. Performance metrics for the chosen GBT model 

Process 𝑅2 RMSE MAE 

Machining 0.967 0.242 0.084 

Heat treatment 0.983 3.593 1.504 

Setup 0.736 0.463 0.170 

 

Optimal hyperparameter combinations for GPR models were different for the three models 

applied in this work, which were machining, heat treatment, and setup. RF and GBT models 

apply only one hyperparameter set, which differs from the GPR model. Optimal 

hyperparameter combinations for the three models are presented in Table 17. 

Hyperparameter optimization is made without the n restarts optimizer parameters to reduce 

the effect that might have. After the best combination is found without the n restarts 

optimizer hyperparameter, its value of it is set to 6 to make final adjustments to find the best 

values. 

 

Table 17. Hyperparameter combinations for the chosen GPR model 

 Machining Heat treatment Setup 

nu 1.5 0.5 2.0 

noise 0.3 0.05 0.05 

Constant value 2.5 1.5 1.0 

 

Performance metrics for the GPR model are made to be able to compare the results with the 

other ML models. Performance metrics for GPR are shown in Table 18. Hyperparameter 

values introduced in Table 17 are the hyperparameter values for the kernel of the GPR model. 

Hyperparameters for the GPR model engine are optimizer, which is set to none and 

normalize y which is set to true. 
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Table 18. GPR model performance metrics 

Process 𝑅2 RMSE MAE 

Machining 0.909 0.472 0.280 

Heat treatment 0.994 3.640 1.394 

Setup 0.714 0.515 0.302 

 

In comparison of the different ML models, the RF model is set as the baseline, and other 

models are compared to it. GBT model provides the best estimation performance in two out 

of the three process categories, but the differences between the ML models are not 

significant.  

𝑅2 values range from -5% to +14%, RMSE values range from -11.4 to +72.9%, and MAE 

values range from -17.5% to +180%. The percentual comparison includes all process 

categories for all the performance metrics, for example, in this case, the -5% 𝑅2 is with the 

GPR model’s machining process. Evaluation of the performance metrics is done differently 

between 𝑅2 and RMSE and MAE metrics. With the 𝑅2 value, higher values are better, and 

with the metrics RMSE and MAE, lower values are better. In the GBT model, the RMSE 

value is lower, but the MAE is higher, which could indicate that more of the estimations fit 

inside the set estimation error margins of 5% and 10%. The division of the estimations into 

5% and 10% error margins for all ML models is introduced in Table 19. RF and GBT models 

include a lower number of estimations than GPR because of the data splitting used in RF 

and GBT, whereas the k-fold method is used in GPR.  

 

Table 19. Estimation division in the 5% and 10% error margin 

 RF GBT GPR 

X < -5% 14 11 34 

-5% < X < 5% 90 91 311 

X > 5% 8 10 27 

X < -10% 11 5 33 

-10% < X < 10% 95 99 316 

X > 10% 6 8 23 
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Table 19 presents the division into the categories only for the machining process, and other 

processes are assumed to follow a similar division. In Table 19, X is used as a variable for 

cost estimate error. RF and GBT model total number of datapoints in testing is 112 because 

of the 70/30 train-test split applied. GPR model applied the k-fold method therefore, the total 

number of 372 datapoints. With the 5% error margin, 80.4% of the estimations fit inside the 

margins with RF, 81.3% of the estimations with GBT, and 83.6% of the estimations with 

GPR. These results are applicable only to the testing models because of the data splitting 

and k-fold method applied. Performance metrics and estimation dispersion with the set error 

margins are enough to make conclusions about the performance, but not enough to make 

strong conclusions with concrete proof. Estimation errors over the 5% margin, introduced in 

Table 20, provide information about the performance and indicate possible issues of ML 

models, especially with the testing models. 

 

Table 20. Average error of estimations over the 5% error margin 

 RF GBT GPR 

X < -5% -25.17% -23.13% -67.40% 

X > 5% 15.71% 16.78% 29.70% 

 

GPR has the highest error peaks compared to the other ML models, while having the best 

overall accuracy at around 84%. Deeper inspection and analysis of the results is introduced 

in Chapter 5.3. 

5.3  Accuracy analysis 

The estimation accuracy of the model is affected by the data splitting in the testing of the 

ML models specially with the data size of 372. In data splitting, the issue is that the rare 

occasions could be divided into the train or test sets entirely. If these rare occasions are 

divided into test datasets entirely, and the model is not trained with similar occasions, it 

causes uncertainty in the model, which leads to lower estimation accuracy. When the data is 

divided into different sections, whether it is a train-test split or a k-fold method, the division 

causes gaps in the dataset. These gaps in the dataset cause uncertainty in the models, 
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especially in the GPR method, which can be seen from the results introduced in Tables 19 

and 20, where the estimations have high differences and variation. Data splitting reveals the 

hidden problem of the ML models, which is the requirement for data integrity. Data integrity 

is especially important in the GPR model, where the gaps in data cause the largest errors 

from the ML models applied in this work. Figure 14 presents the effect of sparse data, 

whether it is caused by the data splitting or included in the dataset originally in the GPR 

model. 

 

 

Figure 14. GPR prediction which includes the training datapoints, model estimate, and the 

deviation of the model. (GeeksforGeeks 2025d) 

 

The data filter applied in this work hasn’t proven to have a negative impact on the estimation 

accuracy of the tool. In the case of a data filter, the effect on the performance of ML models 

can’t be determined, and only assumptions about the effect can be made. Data seems to have 

a significant impact on ML models, especially on the estimation accuracy. 

The contradiction with the ML models on the data is between the requirement of high data 

integrity and the achievable data integrity in the company's systems. In most cases, the 

contradiction can only be solved with compromises on the data integrity requirement. Lower 

data integrity was proven to cause lower estimation errors with the ML models. Due to the 

contradictions and compromises apparent in the cost estimation tool carried out with ML 

models, the estimation accuracy of the tool can’t achieve perfect 100% accuracy.  
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From the development phase of the models, the results indicate that all models’ cost 

estimation performance is good. ML models provide similar results to each other, and all the 

ML models exceed the accuracy of the linear model, as shown in Table 21. 

 

Table 21. ML model performance metrics compared to linear model 

Model Machining 

𝑅2 / RMSE / MAE 

Heat treatment 

𝑅2 / RMSE / MAE 

Setup 

𝑅2 / RMSE / MAE 

Linear model 0.561 / 0.878 / 0.412 0.876 / 9.621 / 5.884 0.295 / 0.756 / 0.439 

RF 0.957 / 0.237 / 0.100 0.980 / 3.897 / 1.433 0.645 / 0.538 / 0.206 

GBT 0.967 / 0.242 / 0.084 0.983 / 3.593 / 1.504 0.736 / 0.463 / 0.170 

GPR 0.909 / 0.472 / 0.280 0.994 / 3.640 / 1.394 0.714 / 0.515 / 0.302 

 

In this work, the performance is categorised based on overall performance and peak 

estimation errors. The application case in this work sets the requirement for the best possible 

accuracy therefore the small differences in estimations are critical for the quality of the tool. 

In the GPR model, the outlier values are more extreme compared to the RF and GBT models 

because of the model type and how the models function. RF and GBT models are more 

resilient to the sparse data because the tree-based models create more average estimations 

close to the historical value. In the GPR method, the hyperparameters have a crucial impact 

on how much the model tries to adapt to the sparse data. This work applies hyperparameter 

values for GPR that are a compromise between adaptivity and robustness to data. This 

compromise causes the outlier estimations to be significantly larger in the GPR model than 

the outlier estimations in the RF and GBT models. Comparing the ML models and the linear 

model highlights the capability of the ML models to adapt to nonlinear data used in this 

work. A linear model could possibly provide better accuracy in cases where the data is closer 

to linear, which benefits the linear model more than ML models. For example, a linear model 

provides decent accuracy in the heat treatment estimation where the data doesn’t have large 

deviations. 

The results presented are made with the development model, where the data splitting is 

applied. The final production version of the tool performance is presented in Chapter 5.4 

with a couple of example estimations. 
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5.4  Tool performance and overall analysis 

The development model indicated issues that cause large deviations in the ML models, 

especially in the GPR model. The accuracy of the cost estimation tool's performance is 

validated with example tests with the final version of the cost estimation tool made in this 

work. Tests are made for the bevel gear, like in the development phase. Table 22 introduces 

the example tests made with the final tool, with results and historical data for comparison. 

 

Table 22. Cost estimation tool prediction error 

ID Prediction Actual Difference 

124675 653.84 631.86 +3.6 % 

125324 1705.89 1717.35 -0.7 % 

126125 2710.53 2844.01 -4.7 % 

126128 692.10 659.14 +5.0 % 

126640 1096.24 1089.47 +0.6 % 

 

In the tests with the cost estimation tool production version, presented in Table 22, ID 

126125 and ID 126128 estimates applied the GPR model estimate, and other estimates 

applied the average from all the ML models. Based on the results from the test, the cost 

estimation tool provides an acceptable level of accuracy in the estimations. Tool 

performance increased when the cost estimation was changed from only taking the average 

of the three models to taking the average and comparing it to the subtraction of the lowest 

and highest estimation from the three ML models. If the range between the lowest and 

highest estimate exceeds 5% of the average of all estimates, only the GPR estimate is used. 

Final decision on the ML model selection needs to be made according to the need for that 

certain application scenario. While both development and production provided acceptable 

accuracy in estimating the costs of industrial gearbox components, there are a few key 

aspects to consider. One key result from the development phase was the difference in overall 

accuracy and outlier values. Results indicated that RF and GBT models provide better 

stability in the estimation accuracy, with the outlier values being smaller compared to those 

in the GPR model. Though the outlier values are largest in the GPR model, it achieves the 
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highest number of estimations within the margin of error. The development model 

highlighted the effect of data integrity, which the result indicated to be the primary 

limitation. Sparse training data introduces uncertainty in the estimation, especially in the 

GPR model, which results in a larger number of outlier values. For the reasons mentioned 

above, the final decision is suggested to be made case specific. 
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6  Conclusions 

Cost estimation is one of the most important tasks in the industrial gearbox manufacturing 

as a part of pricing, production planning, and engineering decision-making. Traditional cost 

estimation approaches rely on simple models and cannot adapt to complex relations between 

component parameters and manufacturing costs. 

The objective of this work was to develop a parametric cost estimation model for industrial 

gearboxes. Secondary objective was to identify parameters that affect the cost the most and 

develop an ML-based tool with a simple GUI to support the quotation process. Parameters 

with the most effect on the cost were determined to be width and diameter in the case of 

geared components and shafts. 

This work focused on the development of predictive ML models capable of estimating the 

complex relations of component parameters and manufacturing costs. The cost estimation 

tool applies a computational modelling approach, where the model development was 

conducted iteratively. The cost estimation tool implements three different ML methods, 

which were trained with the data from realized costs and other historical data. ML models 

are evaluated with coefficient of determination (𝑅2), root mean square error (RMSE) and 

mean absolute error (MAE). ML models were integrated into a GUI designed for engineering 

use. 

Results showed that the data integrity had crucial impact on the estimation accuracy of the 

ML models. Data filtering was applied to reduce the impact of poor data integrity and 

unexplanatory values. Data filtering was found to increase the estimation accuracy of the 

ML models. Results showed that all the ML models are able to provide accurate estimations 

and exceeding the estimation accuracy of linear regression regardless of whether the target 

is set to cost or time. The results showed that the estimation accuracy was 80-83% with the 

development model. Results show that the ML models applied in this work achieve slightly 

lower accuracy as some studies achieved with ML models, such as the 85-90% accuracy 

reported by Shahim et al. (2025). Results show that the slightly lower accuracy is attributable 

to the data splitting applied in the development models. In this work, the time as a target 

generates more accurate estimations for the use scenario of this work therefore time is chosen 

as the target for ML models. The development phase indicated that certain ML models can 
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be simple, but relatively effective, whereas other models require more work and iterative 

development to function well.  

Results of this work show that the developed tool successfully structured the cost and design 

data into the ML-based tool to be capable of estimating manufacturing costs. The tool can 

be implemented into the existing gearbox quotation phase with UI enabling practical 

application of the tool. The cost estimation tool is not tested in ‘real-world’ use in this work, 

but the results indicate that the tool has potential to enable faster and more consistent cost 

estimations by reducing the need for manual calculations for manufacturing costs. 

During the development of the ML models, a couple limitations were acknowledged. The 

estimation accuracy of the ML models depends on the integrity and availability of the 

historical data. Large gaps in the data and predictions outside the historical data were found 

to cause poor estimation accuracy. Chosen parameters achieved good estimation accuracy, 

but additional parameters could further improve the accuracy. 

In the future, the tool will be kept up to date by adding in the recent data and updating the 

ML models with the new data, keeping the tool useful in the future. The model is not 

completely ready, for example, new parameters could be added based on the feedback from 

the use of the tool in real scenarios, not just for testing. One of the most challenging and 

important system integrations would be with the gear configurator. The integration with 

existing tools and software needs to be reviewed individually to figure out whether the 

integration is possible or worth the time and effort. 
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Appendix 1. Setting up Python for machine learning in Windows 

 

After downloading and installing Python program a successful installation can checked in 

command prompt with prompt: 

python --version 

pip package installer should be included in Python install and can be checked with prompt: 

pip --version 

If pip is not installed, it can be installed with: 

python get-pip.py 

Python add-on libraries are installed with prompt: 

pip install pandas numpy matplotlib scikit-learn openpyxl 

  



 

 

Appendix 2. Installing libraries in the Python coding environment 

 

After installing the libraries, they can be used in the Python code by using import 

command. Using libraries is done in this work by using import – as command to make the 

code less noisy. 

import pandas as pd 

import streamlit as st 

import tkinter as tk 

Specific needs can be imported to code by using from ‘library name’ import ‘name’, for 

example: 

from tkinter import ttk 

  



 

 

Appendix 3. Graphical user interfaces in the cost estimation tool 

Cost estimation tool GUI. 

 

 

Data filter GUI. Automatically starts after file to filter is chosen. 

 

  



 

 

Appendix 4. Python Dictionary example 

 

 

 

  



 

 

Appendix 5. Python code ML template 
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