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INTRODUCTION

» Cost estimation is important...
v Increased competition
v" Developing technology
v Globalisation = Declining profit margins

v" Pandemic ®
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INTRODUCTION

» Cost esimation:

v As a decision-making criterion for design alternatives at the early

design stage

v As a decision-making criterion in the selection of alternative

production methods...

v To determine the price during the bidding process
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INTRODUCTION

» Cost esimation
v Precise

v’ Fast

v' Other constraints




Presented at the ICEAA 2026 Professional Development & Training Workshop - www.iceaaonline.com/nfk2026

INTRODUCTION

Question:

What kind of
an estimation

model should

we build ?

lf i _'-:JL-
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INTRODUCTION

» Purpose of the study:
Help the decision maker choosing the best estimating method;
v" Constraints on the estimation approach
v Constraints on the methods /tools

v' Proposal/bid spesific constraints
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INTRODUCTION

» Contributions of the research to the literature:

v'Examining the prediction performances of machine learning
methods for comprehensive data sets containing different

manufacturing processes

v'Using the learning curve integrated with cost estimation models
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BASIC COST ESTIMATION METHODS

» Main Estimation Methods:
v" Analogy
v Parametric

v Analitic
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BASIC COST ESTIMATION METHODS

» Analogy

v' Based on the main characteristics of the product such as dimensions
and complexity, the cost of the sample part is adapted to the part to

be estimated
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BASIC COST ESTIMATION METHODS

» Parametric

v parametric relationships between some design features of the
product that may affect the cost (such as dimensions, material type,

weight) and its cost are revealed using regression techniques
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BASIC COST ESTIMATION METHODS

» Analitic

v' the product is divided into cost (material, labor...) or structural (detail
parts, assembly, paint...) sub-components, the cost of each sub-
component is estimated and the sum of these constitutes the cost of

the product.

11
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METHODS / TOOLS

» Regression
» Artificial neural networks

» Random Forest

12
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ARTIFICIAL NEURAL NETWORKS

» There is no restriction on the number of parameters
» No assumptions required for its use

» There is no general rule to determine the most appropriate network

structure
» Does not guarantee the best solution

» Cause-effect relationship cannot be established (black box)

13
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ARTIFICIAL NEURAL NETWORKS

Input Layer
/ _\
\, t)

/
NS
X |
M/

l Error feedback

Hidden Layer

(v.)

I,/
wi’l
7N W,
V. |
D,
| w.‘.’f‘l‘

QOutput Layer

o

P
A

14



Presented at the ICEAA 2026 Professional Development & Training Workshop - www.iceaaonline.com/nfk2026

ARTIFICIAL NEURAL NETWORKS

> Parameter selection:

v Hidden layer qty => 1
v Learning function =>  Levenberg-Marquardt
v" Transphere function =>  Sigmoid

v' Hidden neuron layer =>  btrials
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RANDOM FOREST

1. Sample is selected from the data set using the bootstrap method

2. Trees are created by selecting a random subset of k elements from the

set of independent variables.

3. The prediction average of the generated trees is the prediction output of

the Random Forest model

16
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RANDOM FOREST
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PROBLEM

» For companies that have to make competitive bids for new business

acquisitions

Precise

COST ESTIMATION

18
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PROBLEM

1. Research Question:

What kind of estimating approach should be chosen during the bidding
process, taking into account the balance of forecasting time and

forecasting sensitivity according to the conditions?

19
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PROBLEM

» Three Different Estimating Approaches:

Estimating Approache

Estimating Approache

Estimating Level

Estimating

Name Approache Code
Approache 1 End ltem End ltem TY1-S-SU
Approache 2 Unified Database Detail Part TY2-D-BV
Approache 3 Processes Database Detail Part TY3-D-PV

20
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DATA SET
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DATA SET
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DATA SET
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DATA SET

/ Approach 3 \
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PROBLEM

2. Research Question:
Is the prediction performance of machine learning methods superior to
traditional methods (regression)?

v' Regression

v" Artificial Neural Networks

v" Random Forest

25
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PROBLEM

3. Research Question:

Does applying data transformation to production hours according to the

learning curve have an effect on model performance?

Approach 2
(Unified database)

\earning Curve/

Data Transformation

26
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DATA SET
Detail Part Quantities According to Process Type
extrusion -| extrusion - flat sheet Total Part
break simple stretch hydroform | machining roll metal stretch Qty
End Item -1 12 15 1 28 5 2 4 2 69
End Item -2 19 15 1 33 10 2 7 2 89
End Item -3 80 39 113 52 32 4 2 322
End Item -4 12 15 1 28 5 2 4 2 69
End Item -5 22 16 1 33 13 2 1 2 90
End Item -6 15 11 58 21 2 8 1 116
End Item -7 56 18 2 3 1 1 81
End Item -8 57 11 1 1 1 2 73
End Item -9 37 6 1 1 2 47
End Item -10 26 23 3 1 53
End Item -11 25 13 1 1 2 45
End Item -12 25 14 1 1 2 45
TOTAL 386 196 293 112 50 33 21 1099
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Descripyive Statistics
Avg
Total
production |Avg monthly Area Volume Thickness
manufactured Length (mm)| Width (mm)
qty in requirement (mm?) (mm3) (mm)
qty
workorders
Average 40 54 3429 166357 1197166 5 633 149
Standart Error 1 1 80 28895 209409 0 26 8
Median 33 65 4128 22200 31395 1 225 115
Mod 60 65 5000 0 0 1 200 0
Standart
29 30 2645 957919 6942162 14 867 257
Deviation
Example Variance 819 917 6993634 9,18E+11 | 4,82E+13 185 751698 66051
Kurtosis 14 21 16 78 79 18 6 40
Distortion 3 3 3 9 9 4 2 6
Min 1 20 151 0 0 0 19 0
Max 240 325 25325 10080000 | 82500000 110 4950 2390
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DATA SET

Frequency Values for Manufacturing Hours

Frequency
Range %
(Part Qty)
0-0,1 426 39%
0,1-0,5 450 41%
0,5-1 109 10%
1-2 37 3%
2-3 27 2%
3-4 11 1%
4-5 4 0%
5-10 27 2%
10- 20 8 1%
TOTAL 1099 100%
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End Item ESTIMATING MODEL(TY1-S-SU)

Approach 1 J
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End Item ESTIMATING MODEL (TY1-S-SU)

» End ltem Estimating Model Performance

TRAIN TEST
ARTIFICIAL ARTIFICIAL
RANDOM RANDOM
REGRESSION NEURAL REGRESSION NEURAL
FOREST FOREST

NETWORKS NETWORKS
R? 0,97 0,98 0,97 0,89 0,81 0,92
MSE 54 36 51 131 58 71
MAPE 14 10 4 26 9 11
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End Item ESTIMATING MODEL(TY1-S-SU)
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End Item Hour Estimation - Test Units
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—e—Actual Hours —e—Regr —o—ANN RF

» End Iltem

Estimating Model Test
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UNIFIED DATABASE APPROACH (TY2-D-BV)

End Item-1
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UNIFIED DATABASE APPROACH (TY2-D-BV)

» Detail part level performance:

TRAIN TEST
ARTIFICIAL ARTIFICIAL
RANDOM RANDOM
REGRESSION NEURAL REGRESSION NEURAL
FOREST FOREST

NETWORKS NETWORKS
R? 0,85 0,96 0,93 0,88 0,98 0,89
MSE 0,39 0,09 0,19 0,52 0,09 0,49
MAPE 131 42 26 137 74 40
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UNIFIED DATABASE APPROACH (TY2-D-BV)

» End ltem summation level performance:

TRAIN TEST
ARTIFICIAL ARTIFICIAL
RANDOM RANDOM
REGRESSION NEURAL REGRESSION NEURAL
FOREST FOREST

NETWORKS NETWORKS
R? 0,98 1,00 1,00 0,98 1,00 1,00
MSE 120 2 3 24 35 29
MAPE 13 3 5 3 7 11
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UNIFIED DATABASE APPROACH (TY2-D-BV)

End Item Hour Estimation - Test Units

Test units

—e—Actual Hours —e—Regr —e—ANN RF

» Unified database Model Test (End ltem summation level)
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Process Database Approach (TY3-D-PV)
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Process Database Approach (TY3-D-PV)

R2 MAPE
ARTIFICIAL ARTIFICIAL
RANDOM RANDOM
REGRESSION| NEURAL REGRESSION| NEURAL
FOREST FOREST
NETWORKS NETWORKS
Break 0,88 0,95 0,95 59 16 19
extrusion - simple 0,55 0,70 0,56 201 20 61
extrusion - stretch 0,96 0,98 0,97 5 2 4
stretch 0,81 0,98 0,6 13 7 34
Hydroform 0,77 0,68 0,58 35 44 58
machining 0,91 0,98 0,94 73 17 37
Roll 0,01 0,99 0,24 325 17 350
Flat sheet metal 0,98 0,98 0,63 11 10 48

» Detail part level — Process models test data performances
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Process Database Approach (TY3-D-PV)

» ‘Process Database Approach’ performance
v’ Detail part level

TRAIN TEST
ARTIFICIAL ARTIFICIAL
RANDOM RANDOM
REGRESSION NEURAL REGRESSION NEURAL
FOREST FOREST

NETWORKS NETWORKS
R? 0,87 0,90 0,91 0,94 0,99 0,93
MSE 0,34 0,25 0,25 0,27 0,04 0,33
MAPE 56 32 29 83 23 45
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Process Database Approach (TY3-D-PV)

» ‘Process Database Approach’ performance

v End Item summation level

TRAIN TEST
ARTIFICIAL ARTIFICIAL
RANDOM RANDOM
REGRESSION NEURAL REGRESSION NEURAL
FOREST FOREST

NETWORKS NETWORKS
R? 1,00 1,00 0,99 0,99 1,00 1,00
MSE 37 85 22 4 1 33
MAPE 7 5 9 4 2 11
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Process Database Approach (TY3-D-PV)

End Item Hour Estimation - Test Units

2
2 40
T

30

1 2 Test units 3 4

—eo—Actual Hours —e—Regr —e—ANN RF

» Process database Model Test (End Item summation level)
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Learning Curve — Data Transformation

» Learning Curve:

v" A mathematical model that reveals a worker's learning

performance in a repetitive task

yx=y1*x-b

42
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Learning Curve — Data Transformation

LEARNING CURVE

Actual sample for Actual sample for
Part A Part B

A

Data
transformation
to unit 150

0 20 40 60 80 100 120 140 160

Part Manufacturing Sequence

43



Presented at the ICEAA 2026 Professional Development & Training Workshop - www.iceaaonline.com/nfk2026

Learning Curve — Data Transformation

» Effect of Learning Curve Data Transformation on Model Performance

Detall part level comparison

ARTIFICIAL NEURAL
REGRESSION RANDOM FOREST
NETWORKS
Unified Unified Unified Unified Unified Unified
database | database (LC) database database (LC) database database (LC)

R? 0,88 0,87 0,98 0,98 0,89 0,88
MSE 0,52 0,59 0,10 0,10 0,48 0,59
MAPE 137 137 96 63 42 40

44



Presented at the ICEAA 2026 Professional Development & Training Workshop - www.iceaaonline.com/nfk2026

Learning Curve — Data Transformation

» Effect of Learning Curve Data Transformation on Model Performance

End ltem summation level comparison

ARTIFICIAL NEURAL
REGRESSION RANDOM FOREST
NETWORKS
Unified Unified Unified Unified Unified Unified
database | database (LC) database database (LC) database database (LC)

R2 0,98 0,98 0,99 1,00 1,00 1,00
MSE 24 22 12 8 36 20
MAPE 8 7 5 3 11 8
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COMPARISON SUMMARY

Detail part level
End Item
(TY1-S-SU) Unified database | Process Database
(TY2-D-BV) (TY3-D-PV)
End Item level 26 8 4
REGRESSION
Detail part level 137 83
ARTIFICIAL NEURAL |End Item level 9 7 2
NETWORKS Detail part level 74 23
End Item level 11 11 11
RANDOM FOREST
Detail part level 40 45

» End ltem & Detail Part Level Estimating Perfomances summary (Test Data - MAPE)
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COMPARISON SUMMARY

What if...
NO
CONSTRAINTS

Best model?

a7
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COMPARISON SUMMARY

Detail part level
Best Model for R
No Constraints (TY1-S-SU) Unified database | Process Database
(TY2-D-BV) (TY3-D-PV)
End Item level \Q 8 4
Regression
Detail part level 137 83
ARTIFICIAL NEURAL |End Item level 9 \ 2
NETWORKS Detail part level 74 23
End Item level 11 11 11
RANDOM FOREST
Detail part level 40 45

» End Iltem ve Detail Part Level Estimating Performance Summary (Test Data - MAPE)
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Real Life
D

9
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REAL LIFE

CONSTRAINT

EXPLANATION

Data Constraint

The data provided within the tender may be Detail part level or End Item level.

Time Constraint

Size and due date of the tender content, workload of other existing tenders

Proposal Requirements
Constraint

Cost information request of the company requesting a quote on a Detail part basis or
End Item basis

Potantial of winning the
tender

Some tenders may be for market research purposes or due to strategic relationships
between companies

Strategic Importance of
the tender

Whether the work scope of the tender is in accordance with the strategic plan of the
company

Evaluation needs for the
proposal

Top management or customer requests to evaluate estimating relationships (parametric
formulas)
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REAL LIFE

Precise

COST ESTIMATION
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REAL LIFE

Prediction Effort - Accuracy

Prediction Accuracy

End Item Level

Process Database
[+

OLC Transformation

Unified Database

Prediction Effort

» Proposal Preparation Time Scale

v
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OUTCOMES OF THE RESEARCH

End Item Level
Prediction Span vs Accuracy

30 7

25 6 <

5 8
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o 15 5
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0 0

End Item Unified Database Process Database

B Regression (MAPE) M ANN (MAPE)

B Random Forest (MAPE) Prediction Span/Effort...

» End ltem level MAPE - Proposal Preparation Time Relationship
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OUTCOMES OF THE RESEARCH

Detail Part Level
Prediction Span vs Accuracy

150 7
6 <
©
100 5 %
& .5
< 3 2
= 50 , O
O
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Unified Database Process Database
mmmmm  Regression (MAPE) mmmmm ANN (MAPE)
s Random Forest (MAPE) Prediction Span/Effort...

» Detall part level MAPE - Proposal Preparation Time Relationship
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OUTCOMES OF THE RESEARCH

»Machine learning methods generally show more successful estimating

performance than Regression.

»Data transformation according to the Learning Curve may affect the result

depending on the method used.

» The estimating performance of the Random Forest method is not

affected much by data changes
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CONCLUSION

As a result, this study aims to guide the decision maker on choosing the
right estimating approach and method by evaluating the constraints specific

to the tender and the constraints related to the methods/tools to be used.
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THANK YOU

57



	Slide Number 1
	INTRODUCTION
	INTRODUCTION
	INTRODUCTION
	INTRODUCTION
	INTRODUCTION
	INTRODUCTION
	BASIC COST ESTIMATION METHODS
	BASIC COST ESTIMATION METHODS
	BASIC COST ESTIMATION METHODS
	BASIC COST ESTIMATION METHODS
	METHODS / TOOLS
	ARTIFICIAL NEURAL NETWORKS
	ARTIFICIAL NEURAL NETWORKS
	ARTIFICIAL NEURAL NETWORKS
	RANDOM FOREST
	RANDOM FOREST
	PROBLEM
	PROBLEM
	PROBLEM
	DATA SET
	DATA SET
	DATA SET
	DATA SET
	PROBLEM
	PROBLEM
	DATA SET
	DATA SET
	DATA SET
	End Item ESTIMATING MODEL(TY1-S-SÜ)
	End Item ESTIMATING MODEL (TY1-S-SÜ)
	End Item ESTIMATING MODEL(TY1-S-SÜ)
	UNIFIED DATABASE APPROACH (TY2-D-BV)
	UNIFIED DATABASE APPROACH (TY2-D-BV)
	UNIFIED DATABASE APPROACH (TY2-D-BV)
	UNIFIED DATABASE APPROACH (TY2-D-BV)
	Process Database Approach (TY3-D-PV)
	Process Database Approach (TY3-D-PV)
	Process Database Approach (TY3-D-PV)
	Process Database Approach (TY3-D-PV)
	Process Database Approach (TY3-D-PV)
	Learning Curve – Data Transformation
	Learning Curve – Data Transformation
	Learning Curve – Data Transformation
	Learning Curve – Data Transformation
	COMPARISON SUMMARY
	COMPARISON SUMMARY
	COMPARISON SUMMARY
	Slide Number 49
	REAL LIFE
	REAL LIFE
	REAL LIFE
	OUTCOMES OF THE RESEARCH
	OUTCOMES OF THE RESEARCH
	OUTCOMES OF THE RESEARCH
	CONCLUSION
	Slide Number 57



