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ABSTRACT. Cost is an essential part of profit calculation. Many studies use machine
learning to estimate production costs, but interpretability is a challenge. In contrast,
regression and curve fitting methods are rich in interpretable information, but face chal-
lenges with complex calculations. This paper aims to present a hybrid machine learning
and curve fitting approach. Replacing traditional Cost Estimation Relationships (CERs)
with Artificial Neural Network (ANN) in parametric cost estimation, while using Time-
Driven Activity-Based Costing (TDABC) to define cost parameters. The model is careful-
ly assessed using a hybrid approach that combines simulated datasets and real production
data from a crab pasteurization factory. This paper improves the earlier Time-Driven
Cost Estimation Learning Model (TDCE) by adding an updated equation, activation
function, and preprocessing steps. The model achieves a 9.33% wvalidation error on a
simple dataset and a 15.79% error on the actual dataset. In addition, the design allows
the model’s hyperparameters, such as internal weights, to be interpreted to reflect the
behavior of the cost variables.

Keywords: Cost estimation, Neural network-like, Time-driven activity-based costing,
Explainable machine learning

1. Introduction. Cost is an important factor in manufacturing planning, creating a di-
rect impact on profitability and pricing. However, the instability of the material supply
chain and manufacturing resource prices makes control challenging. Cost estimation is fre-
quently divided into qualitative and quantitative approaches [1]. The qualitative approach
is divided into an intuitive approach and a similarity-based or analogical approach, while
the quantitative approach includes the mathematical model-based parametric approaches
and the bottom-up analytic approaches [2].

Computer-aided techniques for cost estimation can be categorized into machine learning
and curve fitting. Curve fitting means constructing a curve that is the best fit to the data
series [3]. It is used in various kinds of regression and least squares methods. In the
cost estimation, multiple regression analysis is a particular technique for the parametric
approach, followed by the other types of regression [4, 5]. These are used to define the Cost
Estimation Relationships (CERs) between cost and influencing parameters. For example,
Abbate et al. used Multiple Linear Regression (MLR) to develop CERs for composite
aircraft components [2].

In contrast, machine learning is one of the effective cost estimation methods, as it can
automatically learn the complex relationships between product characteristics and their
cost [6]. For example, Zhang et al. estimated the cost of Computer Numerical Control
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(CNC) machined rotary parts using data from the 3D Computer-Aided Design (CAD)
data [7]. Additionally, Hashemi et al. reported that Artificial Neural Network (ANN),
which is a machine learning technique, received the largest share of the cost estimation
in construction projects from 1985 to 2020 [8].

Machine learning enhances the performance of cost estimation but still has limitations,
such as a black box nature and a lack of explainability [9, 10]. Additionally, the size of
the dataset and overfitting are also its problems when applied to the field that has a
limited amount of data in the conception phase [11]. On the other hand, the main benefit
of curve fitting is its interpretability, which enables the business can take a closer look at
the relationships between variables and improve their decisions [12]. The result equation
is simple to replicate, and the method can be helpful in situations where there is not
sufficient data [5, 9].

In recent years, many researchers have placed importance on the explainability of mod-
els under the trend of Explainable Artificial Intelligence (XAI) [13, 14]. It is important
to build trust and confidence for the user. Much research employs the Shapley Additive
Explanations (SHAP) for explaining the machine learning model [11, 14, 15]. SHAP is
the game theory that allocates the weight of a feature to the model prediction using a
mathematical model. However, SHAP also has some weaknesses in misleading feature im-
portances, and the context between the game theory and the explainable AT is different
regarding the feature of interest [16].

1.1. Proposed technique. The goal of this paper is to create an accurate cost estimation
model with a by-default explainable model. We combine the strengths of machine learning
and curve fitting to achieve this goal. This paper presents a hybrid model that employs
the well-known machine learning technique of ANN, along with the curve fitting technique
of parametric cost estimation. However, the parametric approach also faces the challenge
of parameter selection, and up-to-date relationships should be maintained under the new
production technologies [5, 17].

To solve this problem, the analytic method named Time-Driven Activity-Based Costing
(TDABC) is selected as a parameter selector. TDABC is a method for cost estimation
that uses time as a main cost driver [18]. It has been developed to address the weakness
of traditional volume-based costing, due to the lack of management in the indirect cost of
manufacturing [19]. There are many applications of TDABC, for example, Vedernikova et
al. employed TDABC on the assembly line of electronic manufacturing [20], and Vyas et
al. used TDABC along with the stochastic process to create a parametric equation to en-
hance the understanding of workstation and bottleneck costs [21]. Furthermore, they also
suggested the future direction for the implementation of machine learning for predictive
assistance. Additionally, the enhanced version of it, like FL-TDABC (Fuzzy Logic Inte-
grated TDABC) from Koster et al., can offer a more precise and reliable estimated cycle
cost of actual healthcare nature compared to the original one [22]. Given these reasons,
the researchers select the TDABC to work with ANN and the parametric cost estimation
to propose a specific learning model for cost estimation.

1.2. Scope. The research scope is based on extending and implementing our previous
TDCE model into the real-world nature of cost estimation [23]. The datasets were col-
lected from crab pasteurization manufacturing. The study uses the discrete interval of
time and examines the drivers of material, labor, and utility costs for water and electric-
ity supplied under the combination of all production steps into one step per product.
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The paper starts with the presentation of the problem statement, then continues with
the literature review of the related theories, the proposed method, the evaluation exper-
iment procedure, the experiment results, behavior discussions, and concludes with the
conclusion.

2. Related Theories. This section explains the selected theories of TDABC, ANN, and
crab pasteurized manufacturing.

2.1. Time-driven activity-based costing. Kaplan and Anderson invented TDABC in
2003 [24]. TDABC divides manufacturing costs into three categories: Direct Material Cost
(DMC), Direct Labor Cost (DLC'), and factory overhead, which covers all departmen-
tal devices, equipment, laborers, investments, utilities, machinery, and durable products.
TDABC is an analytic technique for cost estimation, but its properties can also be ex-
pressed as an equation. Namazi presented the parametric form of TDABC in Equation

(1) [25].
N I K
Total Cost = DMC'+ DLC+ Y Y >t x C, (1)

Overhead cost comes from the summation of multiplication results between the time
spent (¢;x) on the activity (i) and the cost (C),) of the resource pool (n), where N is
the number of resource pools, I is the number of activities, and K is the number of
events. The main strengths of TDABC are straightforward calculations, flexibility, and
transparency [26].

2.2. Artificial neural network. An ANN is a system that consists of neurons receiving
signals with different intensities or weights. All weighted input signals are added together
to create the result, which can then be shaped into the desired range using the activation
function [27]. The general equation of an ANN can be displayed as Equation (2) where z;
is the input value of data i, w; is the weight or intensity of data ¢, b is a system bias, f is
an activation function, and y is the output of a neuron.

y=f (Z Tw; + b) (2)

2.3. Crab manufacturing cost estimation. The research focuses on the crab pas-
teurization manufacturing process at Viyacrab Product Company Limited, Surat Thani
province, Thailand. This company is selected because it has sample cost drivers, and its
processing steps are commonly found in the real-world production line.

The example procedure can be illustrated as in Figure 1. The workflow starts by receiv-
ing the raw crab and categorizing it according to size (A-sized crab, C-sized crab, small
crab, and watery crab), followed by boiling, freezing, picking, packing, and pasteurizing
before storing them and waiting for the delivery. In each process, different costs were
obtained, such as the labor cost of office and warehouse workers during receiving or the
electricity cost during freezing in a cold storage. The company’s cost estimation includes
three components: material costs, labor expenses for picking and packing, and utility
fees for electricity and water. Material costs are based on the total cost multiplied by
its weight, excluding waste. Labor costs are calculated by weight during the picking and
packing process. Utility costs are calculated by dividing the total amount spent during
the previous billing cycle by the total weight of the products during that cycle.
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FIGURE 1. Production line diagram of crab manufacturing cost by produc-
tion step

3. Methodology. The authors introduced the TDCE model, which adapted the TDABC
equation to align with the standard structure of the ANN [23]. This model establishes a
direct correlation between the weights and biases and the significance of each cost driver.
However, it has mainly been tested in a simulated environment. This paper presents an
enhanced version of the TDCE model, refined to address the complexities inherent in the
actual experiment.

Based on the framework of TDABC, our scoped case study has a direct material cost,
which is raw crab, and there are no direct labor costs; all the labor and utility costs are
treated as factory overhead, which is the costed resource that is combined into the activity.
However, under this scope, the cost is calculated under the integration of all manufacturing
processes into a single step, which consumes resources from direct material, labor expense,
and utility cost. Figure 2 illustrates the general form of the TDABC equation that includes
direct material cost, direct labor cost, and various types of cost drivers on the left, and
on the right, this is the case-study-specific model under the scope of study.
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FIGURE 2. General and current case study view for each station

3.1. Equation modeling. The goal of this process is to combine the TDABC equation
and the general ANN equation. Previously, TDABC defined the activity in two dimen-
sions, which are events and activities. To simplify this, the dimensions of activity and
event in the equations can be combined, and according to the scope, the dimension is also
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reduced because only a single activity is performed in the manufacturing process. In our
case study, the direct labor cost is not included as a cost driver, so the new total cost
equation can be shown as Equation (3), where the direct material cost can be calculated
by summing the product of the unit cost and the quantity of each material. In addition,
the parametric equation of cost for all materials can be displayed as Y CM(I) in Equa-
tion (4), where e¢m; is the material unit cost for the material 7, and ¢; is the quantity of
material i.

I
Total Cost = DMC + Z t; - C; (3)

i=1

Z CM(I) = Z cm;g; (4)

Regarding labor cost, this model follows the TDABC'’s principle of practical work time,
which is around 80-85% of their theoretical workload, and this study assumed it to be
80% [24]. The unit cost of each labor unit can be displayed in Equation (5), and the
summation of labor cost Y CL(J) can be explained in Equation (6).

wage 1 day 1 hour

Unit Costygpor = x 0.8 (5)

days working hour 60 min
J
cl;tl;
L 777
Z ¢ 75HL — di; (6)

where cl; is the cost of labor j in a day, for di; days, HL is the number of work hours a
day, and t/; is the amount of time performed by this labor.

Regarding the utility cost, the remaining share of the factory overhead that comes
from the water and electricity supply is broken down into minutes without the use of the
practical capacity term. The equation for single unit cost is shown in Equation (7), while
the summation of the utility cost can be displayed as Y , CU(K) in Equation (8).

t 1d 1h
Unit Costysiiy = cos % our

(7)

X
aﬁected day amount  working hour 60 min

2 CUK 6OHU Z EZZ ¥

1 cl tl cuk
Total Cost = Z cm;q; + Z (9)
- T5H L — 60H U duk

1=

where cuy is the cost of the object [ for all L utllity cost objects, duy is the number of
affected days of cost (like the lifetime of a machine in days, or the rounded utility bill in
days), tuy is the performed duration, and HU is the working hours per day of that cost
object. After defining all the terms of the equation, both time-driven and non-time-driven,
the combined equation of cost is displayed in Equation (9).

This equation summarizes the source of cost in the TDABC’s framework; however, it
cannot fully represent the manufacturing cost in a real situation because it comes from the
combination of many processes, and it does not include other hidden costs. To overcome
this problem, the ANN-style of hidden weights and biases is assigned to each term of the
equation.

Define w,,;, w;; and w, as weights of each material, labor, and utility cost object;
moreover, add wy, we and w3 to be the weight of the term of total material, labor, and
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utility costs. Furthermore, define b,,, b;, and b, to be the bias of each element, representing
the initial fixed cost for each cost object, while b represents the initial fixed cost of the
whole production process. To make it more robust for real-world data, the activation
function named Leaky Rectified Linear Unit (Leaky ReLU) is also applied, to ensure that
the negative inputs are mapped to a small non-zero and non-negative value [28]. The
definition of Leaky ReL.U can be displayed in Equation (10), where k known as the leaky
value is set to be 0.01 for this experiment. Finally, the new equation for total cost can be
displayed as Equation (11).

z ifxz>0
LeakyReLU(x) = ’ 10
cakyfel. Ulx) {kx, ifx <0 (10)
I
Total Cost = wq - LeakyReL U (Z CM; QW 3 + bm>
i=1
1 T eltla ;
- LeakyReL e Ry 11
+ wy - LeakyRe U<75Hszl a; + z) (11)

cukwu,k

K
1
- LeakyRelL t b, b
+ w3 - LeakyRe U<60HU; du, u; + >—|—

Compared to the general form of ANN and our model equation, it forms three neural
network perceptrons that represent the material cost, labor cost, and utility cost, and
converge into the central neuron of the cost combination. The illustration of the model
can be displayed in Figure 3.

The model has four levels. The input level contains all of the input data, the model-
element level contains the individual processing units of each cost category, the model
level receives and produces the output signal of each processing unit, and the output level
represents the manufacturing cost as a single numerical value.

3.2. Training and weight adjustment. The training begins by initializing all weights
and biases. Then, on each iteration, the model receives all the input data and produces its
predictions. After that, each prediction result and the actual one are compared to get the
iteration errors using the Mean Square Error (MSE) and Root Mean Square Percentage
Error (RMSPE) as displayed in Equations (12) and (13) [29, 30].

_ - @i—yi)Q
MSE = ;1 B (12)
L (v — 9\
RMSPE (%) = EE (T) -100% (13)

=1

This model employs the backpropagation technique named Gradient Descent with mi-
nor modifications to adjust each weight at both the model and model-element levels.
According to the chain rule of calculus, the model-element-level weights can be adjusted
using Equations (14) and (15), while the model-element-level biases can be adjusted using
Equations (16) and (17) under the notation of « as the learning rate of the model-element
level. The weight updating function is different from the general gradient descent. The
max function is used to ensure the new weight of each cost item at the model-element
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FI1GURE 3. Model architecture of the extended version TDCE model

level does not produce a negative input.

Wy i pew = Max(wy,; — aV f(wy;),0) (14)
Vf(We:) = Wassociated - MSE' - LeakyReL U’ (Input) - w, coefficient (15)
benew = bz — aV f(by) (16)
V f(b2) = Wassociatea - MSE" - LeakyReLU'(Input,) (17)

On the other hand, the model-level updated function can be displayed in Equations
(18) and (19), in which g refers to the learning rate of the model level, which can be
different from the model-element level.

Wy pew = Wy — B(MSE' - LeakyReLU(Input,)) (18)
bpew = b — ﬁ(MSE/) (19>

4. Model Evaluation. The performance evaluation of this model is performed by test-
ing in four scenarios with different preprocessing pipelines: baseline experiment with the
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original dataset, outlier removal, data augmentation, and the combined approach of these
two techniques.

4.1. Data preprocessing. In all the scenarios, input data were normalized using Min-
Max normalization with a modification to extend the margin of training data on both the
max and min sides. The formula of normalization can be displayed as Equation (20).

Xold - Xmin + 0'15(Xmax - Xmin)
Xmax - Xmin + O-S(Xmax - Xmin)

For the outlier removal, the Interquartile Range (IQR) is selected to be a method to
annotate outliers instead of the general Z-score method because the input data does not
follow a normal distribution. 1.5 times the IQR is used as a threshold. Data augmentation
is employed to balance the representation of the four material types. This is done by
randomly selecting the input records.

Xnorm =

(20)

4.2. Datasets. This experiment uses both simulated and real data, though the real
dataset does not cover all of the experiment’s goals. A controlled variation of the actual-
inspired simulation is used in three of the simulated datasets.

According to a report on the average price per kilogram of raw blue swimming crab
for fishermen from May 2015 to October 2016, 43 THB is the highest difference between
the highest and lowest prices in each category [31]. The first simulated dataset is the
simple dataset, where the material cost fluctuates randomly from the actual data record
within the range of 0 to 30 THB, whereas in the second one, the high-variation simple
dataset, the cost swings randomly between 0 and 60 THB. In addition, the other data in
the high-variation simple dataset fluctuates between 30 and 60%, whereas the other data
in the simple dataset fluctuates randomly between 0 and 10% from the real data record.
Last but not least, the complicated dataset is a simulation in which the output of the
data is linked to the outcome of the simple dataset; however, the input data oscillates to
produce high-dimensional data.

Three of the four datasets in each set are inputs (material, labor, and utility cost usage),
while the last set is the output data, also known as the process dataset.

Material usage contains the cost and quantity. The cost of each employee is included
in the labor dataset along with the contract working quantity, the performed duration,
and the contractual quantity (e.g., per day or month). However, this experiment cannot
record the exact duration of our experiment; instead, the duration is calculated by the
experimenters using the average time spent on a unit product activity, and the utility
cost is estimated based on the interviews with the factory production experts. Lastly, the
summarized cost of the product determined by the original factory method is contained
in the process dataset.

The summarized variation of each dataset is presented in Tables 1 and 2. The amount
represents the number of records in each dataset, the type refers to the unique class of
data in the dataset, the Coefficient of Variation (CV) represents the ratio of its standard
deviation to its mean, and the IQR represents the range between the first and the third
quartile of each dataset.

Figure 4 illustrates the distribution of the output costs for each dataset; the high-
variation simple dataset displays the highest range of spreading, and only a small portion
of the data is removed when the outlier removal is applied.

4.3. Experiment setup. The dataset is split into 70% for training and 30% for vali-
dation. The experiment is on the model-element-level learning rate (a)) of 0.005, 0.01,
0.05, 0.1, and 0.5, and model-level learning rate (3) of 1 x 10~7 and 1 x 107%. The use
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TABLE 1. Data variation of each dataset in the simple and high-variation
simple datasets

Data Simple dataset High-variation simple dataset
Amount | Type | CV IQR Amount | Type | CV IQR
Total cost 194 194 [0.90| 6,070.71 | 155 155 | 1.36 | 15,637.40
Mate(;zi anit gy 4 |013] 35.00 283 4 |015|  43.00
Material 194 4 1095 1011 283 4 134 2829
amount
Labcoorst“mt 370 2 1023 360.00 247 2 024 360.00
Labor duration | 370 9 1.07| 174.51 247 9 143 52712
Labor day 370 2 | - - 247 9 - -
amount
Utility cost 740 2 10.94]97,884.00| 494 2 10.84| 12,959.00
Utility cost 740 2 1060| 18.00 494 2 093] 25.00
day amount
Utility cost 740 2 | 107| 17630 | 494 9 |143| 52027
duration

TABLE 2. Data variation of actual and complicated datasets

Data Actual dataset Complicated dataset
Amount | Type | CV IQR Amount | Type | CV IQR
Total cost 108 108 | 1.26 | 4,018.16 194 194 | 0.90| 6,070.71
Mate;ézi anit 1 o0s 3 1037] 120.00 194 4 021] 6224
Material 105 | 3 |117| 360 194 | 4 |095| 10.23
amount
Labgs;lmt 995 2 1023| 360.00 370 24 | 1.11 | 23,593.67
Labor duration | 225 2 |1.41] 101.40 370 24 |1.11| 173.75
Labor day 225 2 | - - 370 24 |1.13| 6.00
amount
Utility cost 450 2 0.99 | 397,000.00 | 740 2 10.94 | 85,387.92
Utility cost 450 2 - - 740 2 |060| 18.00
day amount
tility cost | gy 1 1141 10140 | 740 | 2 | LO8| 176.63
duration

of fine-tuning the learning rate at the model level is necessary because this level receives
unnormalized data from the element level, whereas the input level provides normalized
data to the model-element level.

5. Results. Table 3 represents the validation error (in RMSPE) for different preprocess-
ing scenarios and learning rates to display the model’s performance under the different
configurations. The results that exhibit overfitting and underfitting are removed from the
table. Learning rate format is denoted as “8/a”, referring to the model-level learning
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FI1GURE 4. Histogram of total output cost dispersion in each dataset

TABLE 3. Validation error in RMSPE on each experiment scenario

Dataset Scenario 1x1077 1x107°
0.005 | 0.01 | 0.05 | 0.1 0.5 [0.005| 0.01 | 0.05 | 0.1 0.5
Original | 11.32 | 13.63 |44.12{32.36|99.57 | 10.27 [12.25| 9.38 |10.92 | 26.24
. OR 10.77 | 10.58 |14.51|14.64| - ]10.61|10.01| 9.61 | 9.33 |14.18
Simple
AU 10.72 | 12.05 - |27.18| - ]10.72]11.01|12.33(14.63| -
OR+AU | 11.78 | 10.44 [12.64|21.78| — |10.77] 9.82 |11.02|11.54|15.07
Original | 171.31 |131.27| - - — |47.76|43.41| - - -
High-Variation OR 56.98 | 64.94 - - — 139.89(45.89(47.22| - -
Simple AU [1041.85|477.17| - - ~ | 44.87|45.05| - - -
OR+AU | 46.31 | 48.57 — - — |47.70(42.39(52.60| - -
Original | 31.70 | 31.56 |97.83|53.72| — |23.34(22.29|23.15|34.35|92.36
Actual OR 18.09 | 18.23 |19.85|28.26| — ]20.21|18.12|16.57|19.99 |21.64
AU 24.54 | 30.07 |47.61 — — 21.62|21.72126.79| 32.73 | 31.89
OR+AU | 1853 | 15.76 [29.40|39.60|29.86 | 16.15 | 16.59 | 16.65 | 21.08 | 23.44
Original | 30.63 | 29.12 |73.49| - — 125.90(23.40|27.50|31.79 | 59.48
. OR 25.40 | 29.39 [32.09| - — 123.80(25.91|26.48|30.34|39.74
Complicated
AU 29.35 | 32.81 — 129.78130.10 | 23.46 | 26.15 | 25.62 | 30.59 | 32.10
OR+AU | 30.89 | 27.93 - 124.6330.50 | 26.76 | 26.78 | 30.12 | 29.35 | 32.70

OR: Outlier Removal; AU: Data Augmentation
OR+AU: Combined Approach of Outlier Removal + Data Augmentation

rate 0 and element-level learning rate a. The outlier removal is represented by OR, data

augmentation by AU, and the combination of them by OR+AU.

6. Discussions. The results indicate that using the model-level learning rate of 1 x 108
allows the model to converge more effectively to the minimum point compared to using
the model-level learning rate of 1 x 10~7. On the same model learning rate, the optimal
point that creates the accurate value is located around 0.01-0.1. On the simple dataset,
the lowest achievable error is 9.33% with a learning rate of 1 x 107%/0.1, the high-variation
simple dataset achieves 39.89% on a learning rate of 1 x 107%/0.005, the actual dataset
yields 15.79% error with a learning rate of 1 x 1077/0.01, and finally, the complicated

dataset delivers 23.40% error on 1 x 107%/0.01.
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6.1. Training behavior. During the training, error adjustments are recorded for each
iteration; an example of a learning curve on some element-level learning rate at the model-
level learning rate 1 x 10~® can be displayed as Figure 5.

Learning Curve of 1x1078 /0.01 in Original Dataset

Simple Dataset High-Variation Simple Dataset Actual Dataset Complicated Dataset
100 100 100 100
50 50‘, e ——— 50 | 50!
0 0 0 0
0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100

Learning Curve of 1x10~8 / 0.05 in Original Dataset

Simple Dataset High-Variation Simple Dataset Actual Dataset Complicated Dataset
100 100 100 100
1
50 50 VIvAMAMMMMMAAIAMAV SOL 50‘
0 0 0 0
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Learning Curve of 1x1078 /0.1 in Original Dataset

Simple Dataset High-Variation Simple Dataset Actual Dataset Complicated Dataset
100 100 — 100 100
50 50 50 } 50
0 0 0 0
0 20 40 60 8 100 0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100
= Training Validation

F1GURE 5. Learning curve of the model on the model-level learning rate
1 x 10~® on the original dataset

In the original dataset scenario, with the optimal element-level learning rate, the model
can quickly find the optimal point using a small number of iterations with best-fit behavior.
However, the model is unable to produce the desired result when applied to more oscillated
datasets, such as the actual dataset or the high-variation simple dataset. For instance, the
learning curve fluctuates when an element-level learning rate of 0.05 is used, overfitting
happens while a learning rate of 0.1 is used, and the model is unable to converge to a
small error value when a learning rate of 0.01 is used. Without the extra preprocessing,
only the complicated can reach the maximum ability of the model. To improve accuracy,
the preprocessing pipeline must be used for the remaining datasets.

Outlier removal effectively reduces the dataset variation and errors. Individual data
augmentation can yield little benefit or even have the opposite effect, but it becomes
effective when the data is high-dimensional. Lastly, preprocessing with the combined
approach can improve the point at which data augmentation takes effect, but it usually
has the same effect as removing outliers.

6.2. Weight adjustment. The model hyperparameters can be straightforwardly inter-
preted based on the model’s design. The model-level weight can be interpreted as the
intensity of importance of that category of cost to the overall cost, and the element-level
weight can represent how influential that cost object is to the total cost. For example,
the weight adjustment behavior of a model with a learning rate of 1 x 1078/0.01 can be
displayed in Figure 6.

When compared to other model-level weights that are almost identical, the material
element’s weight is the highest and most variable, according to the model-level weight
graph. It means that material is the most influential factor in the overall cost and the
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Model Level Weights Using Learning Rate of 1x10~8/0.01 on Remove Outlier + Augmentation Dataset
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Element Level Weight Using Learning Rate 1x10~8/0.01 on Remove Outlier + Augmentation Dataset
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FIGURE 6. Weight adjustment behavior using the learning rate of 1 x 107%/0.01

most important factor to monitor for changes in suppliers or other issues related to its
cost. On the element-level weight, focus on the actual dataset; the A-size crab is ranked at
the highest both in value and fluctuation. It refers to the real-world situation that A-size
crab is the largest crab size; it can produce the most variety of product types, leading to
a variation in cost across different products.

Even if evaluation with the actual-inspired simulated data might not capture all dis-
tinctions as in the real data, it can still prove that with our model’s fundamental design,
it can leverage its interpretability and be able to work with a small amount of data.

6.3. Performance comparison. Corresponding to the existing technique of ANN, the
proposed model overcomes the black-box limitation of general-purpose ANN, with the
ability to directly interpret the meaning of weights on the influence of the cost factor.
The proposed model offers a clear and less complicated structure compared to the rich
architecture of deep learning for the complex tasks in the ANN, and it is also suitable for
a small dataset, unlike a large dataset required for a general-purpose ANN. However, it
also contains a weakness in the requirement of model initialization, and the data should
be complete in its features for an accurate prediction result.

In comparison between the proposed TDCE model and the traditional version of TD-
ABC, both models offer transparent calculation, but the traditional one might not fully
represent all the situations of the production process due to the hidden cost or undefined
variables. TDCE solves this problem by introducing the ANN style of weights and biases,
but it requires pre-training to acknowledge this value.

7. Conclusions. In order to create an effective and transparent model specifically for
cost estimation, our paper improves the structure and expands the scope of our TDCE
model, which is a hybrid combination of a machine learning model represented by an ANN
and the curve fitting represented by the parametric cost estimation, and the TDABC.
Then, we evaluate the model using the crab pasteurized manufacturing dataset.

Based on the experiment, the proposed model produces accurate results, which is
15.79% error with the actual dataset. For the simulated dataset, with low-complexity
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data, it can achieve 9.33%, the complicated dataset with 23.40% error, and 39.89% error
on the high-variation simple dataset. In low-dimensional datasets like simple and high-
variation simple datasets, the outlier removal scenario offers the best accuracy. For the
actual dataset to be as accurate as possible, both preprocessing steps must be used. In
closing, the high-dimensional, complicated dataset performed best when none of the extra
preprocessing pipelines were used.

Although the model does not automatically learn as a general-purpose ANN] its specific
design allows it to leverage its interpretability, enabling analysis of the influence of each
cost driver through model weights. The model can be trained with a small amount of
data and can be used generally in cost estimation under the framework of TDABC. In
the future, it can be implemented in more detail at each step of manufacturing. On that,
it can acknowledge the finer relation of the cost elements in each step of production.
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