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Abstract 

Reliable material estimation and print time models are essential to guide decisions through-
out early product development in additive manufacturing (AM). Material and time can easily be 
found from slicing a STL file; however, if only early design concepts, or legacy drawing files are 
available, an alternative method is needed. Ideally, preliminary estimation models can be used to 
provide quick insight into print feasibility, efficiency, and budget constraints before moving to 
CAD modeling. Failure to perform early-stage analysis can lead to parts with extensive print times, 
inflated costs, and material waste. This paper explores the use of a scoring worksheet to aid in 
evaluating drawing files for both laser powder bed fusion and material extrusion processes. The 
resulting score, which acts as a rapid, intuitive measure of a part’s suitability for AM, is imple-
mented inside a material- and time-estimation model derived only from parameters obtainable 
from two-dimensional drawing files. The estimations are then compared to actual three-dimen-
sional, CAD-based slicing data from printing software.  

1. Introduction

Additive manufacturing (AM) is becoming an increasingly used tool in manufacturing set-
tings, as industries find alternative methods to traditional manufacturing. Buyers are looking for 
customizable, innovative, and high-quality parts, with simultaneously reducing manufacturing cost 
and lead times [1].  Due to AM’s ability to produce high shape complexity parts at a fraction of 
the weight of traditionally manufacturable designs, low production costs can be achieved through 
savings in material costs, energy consumption and short cycle times. It is essential to accurately 
estimate cost during the initial phase of design, as cost quotations are used daily by designers when 
building prototypes or designing parts [2]. Because production costs vary from operation to oper-
ation – each accounting for different internal factors – early cost estimation can be challenging to 
predict. However, build time and material usage are more universally comparable across each 
practice, making them a reliable target for early estimates. Regardless of which parameters are 
used in their calculations, all estimators start from the same source: a 3D file – typically in .STL 
format – which help define a parts actual geometry including volume, height and surface area. By 
extracting print parameters from a 2D-drawing file or sketch, it becomes possible to estimate build 
time and material usage earlier in the design phase, inherently saving cost and time down the line 
when it comes time to manufacture and produce. Due to the extensive time, expertise and resources 
it takes to generate a CAD model, it is not always practical when trying to get an early estimate of 
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build time and material usage. In the case of legacy drawings, where digital representation is ab-
sent, producing CAD solely for estimation can be inefficient. A method that enables estimates 
without requiring full CAD data can streamline the evaluation process and accelerate decision-
making for AM parts.  

However, even though AM estimators continue to grow quickly, they still face issues re-
garding model and feature classification. Prior to estimating a part's cost, material usage, and build 
time, it may undergo screening, ranking and support information [3]. An in-depth exploration in 
shape geometry, material selection and assembly requirements can provide the necessary infor-
mation needed for estimator inputs. Some cost models approach the final cost as the sum of all 
resources it consumes, including materials, capital, build time, energy, and information, with other 
models incorporating post-processing and labor as well [4]. These models will leverage all avail-
able information, in hopes of achieving a more accurate estimation. However, if these estimates 
are needed early in the design process, few such parameters may be available. Evaluating a part’s 
suitability for AM and generating accurate estimates require close collaboration between experts 
in design for additive manufacturing (DfAM) working to achieve a scoring rubric and estimator 
that (1) accurately represents a part’s printability and (2) provides close approximates to the true 
value.  

This paper takes the first steps in implementing an intuitive DfAM scoring approach, ob-
tained from evaluating a parts 2D drawing file, inside of an estimation model to accurately predict 
a part’s total build time and material usage Specifically, it shows how parts of varying geometric 
features, bounding box volumes and process selection can come together in a way to estimate 
material volume and time, without the need of a 3D CAD part or STL file. This provides a new 
avenue in AM to help address limitations in industry, particularly the significant time investment 
needed to produce CAD models solely for initial suitability assessments, and initial “gut checks” 
of parts for AM during the preliminary design phase.  

2. Background

The ability to understand which parameters to include in a material usage and time estima-
tion model relies on (1) the understanding of a part’s printability, (2) which features affect that 
printability, and (3) how additive manufacturing has been used to evaluate and score parts previ-
ously. With this information in mind, such parameters can be carefully selected, evaluated within 
a scoring metric, and implemented inside a cost and build model.  

2.1. Additive Manufacturing Part Evaluation 
From manufacturing process considerations including part orientation [5–8], post pro-

cessing and support removal [4,9,10], to geometric considerations fillet guidelines, overhangs, and 
bridge features [11,12], there are several key principles to consider when it comes to designing for 
AM.  Using the guidelines from researchers, as well as their own expertise in AM, original equip-
ment manufacturers (OEMs) such as FormLabs [13] , Stratasys [14] and ProtoLabs [15] created 
their own generic guidelines for certain machines and processes, with other AM suppliers and 
contributors as well [11,16]. From such guidelines, both quantitative and qualitative metrics can 
be generated to assess how well a part is designed for AM.  

960



Although many design guidelines for AM exist, there remains a need for evaluation that 
employs these guidelines to help inform decisions such as manufacturability, material usage or 
print time early in the design process. Booth et al. developed a worksheet which asks simple ques-
tions about components – aimed at assisting novices when designing for material extrusion (MEX) 
[5]. This scoring worksheet takes a qualitative approach to scoring, asking the user about the types 
of features that are included in the design, rather than focusing on the specific dimensions of the 
features. Bracken et al. established a similar worksheet, but take a more quantitative approach, 
identifying specific geometric dimensions that influence a parts suitability for metal powder bed 
fusion [17]. Ultimately, Bracken et al.’s Geometric for Additive Part Selection (GAPS) worksheet 
focuses on nine key features for laser powder bed fusion (LPBF) and ranks them on a three-tier 
scale depending on the dimensions of these features as found in the evaluated design. Both Booth 
et al. and Bracken et al. worksheets provide a final score which directly correlates to the printability 
of one’s part.  
 

While manual scoring worksheets offer an organized way to assess printability, more re-
cent approaches leverage data-driven methods to automate and potentially improve part selection 
decisions.  Yang et al. introduced a cloud-based tool to analyze CAD models, extract their geo-
metric features and output predicted potentials of that part in five fields; economics, customization, 
light-weighting, part consolidation and internal channels [18]. Using machine learning (ML) and 
a sample size of 1000 parts, the dataset was examined similarly to what was demonstrated with Li 
et al. [19]; a learning-based algorithm to accurately capture desired parameters and minimize error.  
Machine learning’s increasing popularity can be attributed to the ability to minimize or eliminate 
the need for human input and therefore reduce potential human biases among the data [20]. Page 
et al. likewise used six ML algorithms to locate AM part candidates, each taking different ap-
proaches to part selection. By inputting a part into each ML algorithm, seven metrics are outputted 
as percentages: potential for (1) lightweighting, (2) customization, (3) internal channels/structures, 
(4) part consolidation, (5) designed surface structures, (6) specific material options and finally 
economic feasibility. Although many AM part evaluation methods focus on assessing printability 
using 3D CAD models and assume economic feasibility, accurately estimating built time and ma-
terial usage remains a necessity for informed part selection. Research has introduced various mod-
els to quantify these aspects and support more comprehensive assessments of AM processes.  

 
2.2. Cost and Time Models for Additively Manufactured Processes 

Over the years, AM cost and time modeling have continued to evolve, with an increase of 
new models, frameworks, and estimators. Broadly speaking, estimators can be classified as either 
product-orientated and process-orientated [21]. Product-orientated estimation focuses on the com-
paring new parts to the history of previous manufactured products, while process-orientated esti-
mation focuses on a part’s geometric features and the necessary manufacturing operations to pro-
duce them. Using a hierarchical classification model, the two main categories for cost-estimation 
are quantitative and qualitative, with the four subcategories being intuitive, analogical, parametric 
and analytical.  [22–24].  Qualitative techniques are best for early design stages as they require 
little detailed information. This technique focuses on incorporating previous part history data and 
feature similarities into the new part to save on computation time. Quantitative techniques are more 
accurate however, as they solely rely on product design and dimensions, where the data is input 
into an analytical function to calculate time and cost. Kadir et al. discuss the classifications based 
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on different perspectives. Finance and accounting may take a more method-based approach while 
manufacturing may take a more task-based approach.[25].  
 

Qualitative models are often represented using geometric properties, such as bounding box 
volume, and approximate volume [26]. Additionally, the chosen AM process type used for esti-
mation can dictate which machine properties must be used. For example, laser scanning processes 
(LSP) such as powder bed fusion (PBF) and stereolithography (SLA), will often account for pro-
cess parameters such as scanning power, velocity, layer thickness, path, etc. in the model [21,25–
29]. For MEX estimation models, scanning speed is replaced by nozzle speed, and the most com-
monly referenced additional parameters include nozzle size properties, layer thickness and infill 
density [26,30–32]. Ruffo et al. previously developed a model to accurately predict time for parts 
manufactured using laser sintering. For their model, the only input parameters consisted of volume, 
surface area, height, and bounding box volume. From these input parameters, the following three 
estimations were computed and output: (1) recoating time, (2) scanning time, and (3) pre- and 
post-processing time [27]. These three times were summed to find the total print time of each part 
and compared to the real print times. From the study, it was found that there was a slight underes-
timation in scanning time, which was balanced by an overestimate in recoating time. The overall 
time model was found to overestimate the real production time, with a maximum total error of real 
time of 13%.  
 

Campbell et al. identified an alternate approach to estimating build time using information 
found within 2D drawing files, as opposed to importing 3D CAD Files [2]. This model was devel-
oped for SLA and used basic shapes alongside their respective volumetric calculations to deter-
mine the overall part volume, with assistance from TK Solver, a mathematical problem-solving 
software. The results showed a percentage error between 12.75% to 6.78%, with the high percent-
age errors belonging to parts made up of more geometrically complex shapes. However, printing 
in a non-ideal print orientation can increase the amount of material waste and supports required, 
increasing both the print time, and time to post-processing [6,8]. Alexander et al. performed a 
study for both fused deposition modeling (FDM) and SLA, which not only estimated cost and 
time, but also how different orientations affect these two [7]. Parts with higher accuracy consist of 
larger print costs and longer build times, with orientation slightly affecting each study.  
 

Alternatively, Simpson proposed a simplified cost and time model for metal single laser 
powder bed fusion [33]. His approach breaks the cost equation into machine related costs, material 
related costs and post-processing related costs, while the time model requires part volume, build 
rate, layer height, maximum part height and recoat time. Simpson discusses that geometric features 
such as overhangs supports, build orientation and other print characteristics such as spatter, elec-
tricity usage, powder recycling to name a few can complicate each model. By eliminating these 
specific elements from the estimation approach, it makes it more feasible for use if there is no 
CAD model available yet. However, with one of the key inputs being part volume, it can be quite 
difficult to calculate the volume of a complex, freeform part if no CAD model has yet been devel-
oped for a part being estimated. While estimators which use CAD models generally provide greater 
accuracy over those without, due to them providing geometric dimensions, the challenge in esti-
mating material usage and time comes down to technique selection and which factors to include.  
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3. Manufacturability Scoring and Part Estimation Framework 
 

Despite the progress made with CAD-driven evaluation techniques and estimation meth-
ods, limited attention has been given to techniques and estimators that rely on 2D drawings. This 
section explores the criteria required to estimate the material usage, and build time needed for AM 
analysis, starting with the need for a unique scoring template suitable for use with both LPBF and 
MEX processes. The general scoring worksheet solely relies on features and information only 
found in 2D drawing files, with no expectation of a completed CAD file. The worksheet will es-
tablish acceptance criteria, common geometric features and training on how to score potential 
printable parts using only part drawings and initial design schematics. The information extracted 
from the scoring templates is then used in the proposed material usage and build time models to 
accurately estimate these two desired outputs. The section is separated into two specific phases: 
the DfAM scoring approach (Section 3.1) and the predictive model for both material usage and 
build time (Section 3.2), with each section discussing the different approaches for both LPBF and 
MEX.  

 
3.1. DfAM Scoring Approach 

While preparing a scoring worksheet for AM, the most common geometric features affect-
ing AM capabilities were sought. Using a dataset of 50 randomly selected parts from the 2019 
ABC dataset, each part was evaluated by recording all geometric features, along with noting sim-
ilarities between features across different parts.[34]. Parameters that will influence whether a part 
can be printed or not can be categorized into three main categories. The first includes features 
where larger dimensions are more desirable and improve print success. These features are outlined 
in the first section of Figure 1, and include larger pin/cylinder diameters, thicker walls, wider 
grooves, more generous fillets, and gently inclined surfaces, all essential to prevent structural fail-
ure whilst printing. The second category, outlined in the second section of Figure 1, involves fea-
tures where smaller dimensions are more beneficial. These include shorter horizontal overhangs 
and bridges, smaller horizontal internal holes, lesser height/width ratios and thinner, thick sections. 
These are utilized to minimize the need for support material. Lastly, the third category consists of 
features that require explicit design checks, such as verifying the presence of escape holes, and 
ensuring all threaded features are accounted for. These are depicted in the third and final section 
of Figure 1.  
 

 
Figure 1. Common Geometric Features : a) Larger Features Desirable, b) Smaller Features De-

sirable, c) Explicitly Checked Features. 
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The initial scoring rubric adapted the three-tier scoring structure demonstrated in the GAPS 
worksheet from Bracken et al., however, after extensive testing on a subset of 50 randomly selected 
parts from the 2019 ABC dataset, it was concluded that a wider range of scoring was needed to 
see variations in data [34]. A majority of parts that were scored with the three-tier rubric received 
the highest score for several categories, resulting in a top-heavy distribution that skewed both the 
individual part DfAM score and the nominal DfAM score, which is an average of all DfAM scores 
in the dataset. The rubric was increased to five categories to remove the top-heavy distribution and 
achieve a more accurate individual and nominal DfAM score. The scoring rubrics can be seen in 
Figure 2, which shows the change in tier levels due to top-heavy distribution. the scoring metric 
was created into 12 categories, with five scoring tiers for all processes except height/width ratio, 
thick section and threaded feature position, which only include three tiers.  [5,15,17,35–41]. The 
five different tiers highlight the candidacy of printing with AM: the bottom tier indicating dimen-
sions which will lead to print failures, while higher tiers indicate increasing likelihoods of success-
ful prints.  

 
Figure 2. Comparison of scoring rubrics: (a) 3-tier rubric adapted from GAPS worksheet, (b) up-

dated 5-tier rubric. 

With the three sections containing the most prevalent geometries seen on parts destined to 
be printed with AM, a scoring criterion was needed to account for dimensional variations. The 
threshold of feature print success significantly changes depending on the additive process, such as 
LPBF or MEX, as well as the type and brand of machine being printed on. For MEX, the guidelines 
were obtained from popular OEMs and specific machine-based data analyzed from existing ‘tor-
ture test’ prints, [5,15,37,39,41] , whereas for LPBF, the GAPS research paper by Bracken et al, 
and various data-driven guidelines were used [11,17,36]. For categories where larger features are 
more desirable, minimum values was set as the middle tier, as anything greater than this value 
would score higher and therefore be more desirable for printing. Conversely, for categories where 
smaller features are more beneficial, the maximum value was set to the bottom tier, representing 
the worst case scenario. Values smaller than this threshold are more desirable for printing and will 
receive higher scores. Each worksheet contains the same scoring criteria, however the threshold 
and ranges for scores varies based on process. The most significant difference between each pro-
cess lies in the escape holes section. Escape holes are a requirement for LPBF, but not necessary 
for MEX. If a part lacks escape holes and is intended for LPBF, then the part will score a 1 for this 
category. If the part is being printed using MEX, it may receive a higher score, depending on the 
extent of its hollowness, since escape holes are not a requirement for this process.  
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To evaluate a part’s additive manufacturability, an interactive scoring worksheet was cre-
ated to aid in confirming the printability of various parts. The worksheet includes (1) the scoring 
criteria outlined in Figure 3, (2) a generalized note on how to score the parts, and (3) orientation 
notes regarding the drawing views. The worksheet is expressed with a parts 2D orthographic pro-
jections with all relevant dimensions which are used for scoring. Instead of solely including a 
typical isometric view in the drawing, the worksheets can alternatively include a 3D model of the 
CAD part, if available. This 3D model, embedded into the PDF worksheet, allows the viewer to 
rotate around the part to check for undefined features that may not be explicitly shown or easily 
interpreted in the orthogonal projections. The full worksheet with the embedded 2D drawing is 
shown in Figure 3.  
 

 
Figure 3. MEX Scoring Worksheet with 2D Drawing 

It is important to note that there is one crucial assumption that drives not only the scoring 
worksheet, but also the estimators, which is the part orientation. To demonstrate the accuracy of 
the assessment and modeling approach, as well as maintain consistency across each drawing, the 
orientation is considered fixed, meaning there has been no orientation manipulation when scoring. 
The authors acknowledge that a drawing’s orientation may not be the most ideal print orientation 
for a given part, especially when considering legacy designs, and that is approach is unlikely when 
leveraging the sheet in-practice. [8]. Part orientation plays a key role in support generation, surface 
quality, and overall print success. A design that is unprintable in one orientation may become 
feasible—or even optimal—in another, however, when evaluating parts using 2D drawings, inter-
pretation is left to the scorer, which can lead to inconsistent orientations of the same part. Different 
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scorers may visualize the part from different perspectives, making it difficult to evaluate the draw-
ings accurately, especially since 2D views are fixed. To minimize bias and maintain consistency 
across the evaluation process, the assumption that the drawing orientation was the print orientation 
was noted on the worksheet itself, as without it, different evaluators may try to re-orient the part 
and score it differently 

After the user examines each category for a given drawing, they then input the scores for 
each feature category as applicable to the drawing being evaluated. To determine the score for 
each category of a given part, the features are found and highlighted within the drawing. If a part 
contains only one of the features from the scoring rubric, it is given the appropriate score for that 
single feature. However, if a part contains multiple of that feature, such as multiple fillets or 
bridges with varying dimensions, each feature is scored individually and then averaged to deter-
mine the final score for that category. The final values for the 12 categories are input into the 
worksheet, where the final DfAM score is automatically summed and displayed for a given part. 
While this final DfAM score is primarily used as an input parameter for later estimation of material 
usage, and build time, it can also serve as an indicator of the manufacturability of a given part. 
This is especially relevant when assessing legacy designs for their suitability for manufacturing 
with modern AM technology.  

3.2. Predictive Model for Build Time and Material Usage 
Using the score from the respective worksheet, an estimator was built to calculate the build 

time and material usage for both LPBF and MEX processes. Due to the different print parameters 
found within each process, such as LPBF needing laser scan time, recoating time, and pre-/post-
processing time [27], and MEX applications needing process specific parameters such as nozzle 
diameter, different models were developed for each process type. Section 3.2.1 highlights the back-
ground behind the MEX build time and material estimator, whereas section 3.2.2 highlights the 
LPBF processes and its own build time and material estimator.  

3.2.1. MEX estimator 
Due to this estimator being used for early designs, before 3D CAD files may be available 

for slicing and estimation, the parameters used in the estimator need to be those that can be ex-
tracted from 2D drawing files. Volume can be approximated several ways, with one way including 
estimating basic shapes of the part and summing the estimated volumes [2] or using the maximum 
length, width, and height dimensions to find the part’s bounding box volume. Due to the complex-
ity of some parts, estimating volume based on the summation of basic shapes would be too difficult 
and time consuming to be beneficial in early design. For the analysis in our proposed approach, 
the maximum bounding box dimensions are instead used to calculate the bounding box volume. 
The maximum dimension in the z-direction of a 2D drawing is taken to be the maximum height, 
which was used to determine the number of layers for a part. The number of layers, L, is found in 
Equation 1, where h refers to the layer height and z refers to the maximum height in the z-direction. 

𝐿 = 𝑅𝑜𝑢𝑛𝑑	 )
1000𝑧
ℎ , 0/ (1) 

The layer delay time indicates the total time duration required for the machine to move 
vertically from one layer to the next, with the delay time affecting the bonding between layers and 
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dimensional accuracy [42].  The greater the height of a part, the more layers that part contains, and 
therefore a higher layer delay time, indicating more time required for taller prints. The layer delay 
time, 𝑡!, is found in Equation 2, where 𝑡", refers to the machine delay time per layer, and is often 
a constant variable and varies depending on the machine. The value of 1.145 was determined from 
calibrating and iterative tuning of the time model. The model predictions were compared to actual 
outcomes and adjusted accordingly to achieve the highest accuracy and minimize estimation error. 
 

𝑡! =	
𝑡"𝐿#.#%&

3600
(2) 

  
Using the DfAM score from the scoring worksheet, a correction factor can be found, which 

is the ratio of a part’s individual DfAM score to the dataset’s nominal DfAM score. As the dataset 
grows in size, the nominal DfAM score changes to account for the additional parts. This correction 
factor is meant to help identify how one individual design is compared against the rest of the eval-
uated population, which then helps us with later calculations for time and material usage. This 
correction factor is believed to help increase build time and material usage accuracy as more parts 
are added to the dataset. The correction factor, C is found in Equation 3, where s refers to the 
scores, and the superscripts DfAM and nom refer to individual DfAM score and nominal DfAM 
score, respectively.  
 

𝐶 = 	
𝑠'()*
𝑠+,-

(3) 

 
This estimator aims to predict the part volume from the bounding box volume and the 

volume of support required per part. The DfAM score is based off of geometric features which 
often require support material, so this score, alongside the correction factor are used to estimate 
the part volume, support volume, and total volume, which is the summation of the two. The part 
volume, 𝑉., is given by Equation 4, support volume, 𝑉/, by Equation 5 and total volume, 𝑉0, by 
Equation 6, where 𝑉11 refers to the bounding box volume. The value of 1.85 was determined from 
iterating estimated values of volume. The volume predictions were compared to actual outcomes 
and adjusted accordingly to achieve the highest accuracy of both part and support volume.  
 

𝑉. =	
𝑉11

9𝑠'()* + 𝑠+,-;
2(1 + 𝐶)3

(4) 

 

𝑉/ =	
𝑉.

𝑠'()*(1 + 𝐶)#.4&
(5) 

 
𝑉0 =	𝑉. + 𝑉/ (6) 

 
The support material is not printed at the same rate as the normal material for the part, 

therefore print time also needs to be broken into two pieces, support time and build time. To cal-
culate both times, the amount of pre/post-processing needs to be estimated first. The pre-/post 
processing required, P, is given by Equation 7, where 𝑃.56/.,/0 refers to the average pre/post-pro-
cessing percentage required for an overall part and 𝑃.56 and 𝑃.,/0 refer to the average additional 
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percentage of pre-/post-processing that may be required depending on a part’s size, shape or ori-
entation [43]. 

𝑃 = 9𝑃.56 + 𝑃.,/0; + 9𝑠+,- − 𝑠'()*;𝑃 .56
.,/0

(7) 
 

The support time considers printer capabilities to print supports, as well as the percentage 
of pre-/post-processing required. Build time also considers the percentage of pre-/post-processing 
required and solely focuses on the print time of the part volume. The support time, 𝑡/, is given by 
Equation 8, and build time, 𝑡1,*9:, is given by Equation 9, where P refers to the pre-/post pro-
cessing required, 𝑉̇ refers to the volumetric build rate, N refers to the nozzle diameter, and 𝑣/ re-
fers to the support print speed. Similarly to the delay time equation, the values of 1.1 and 1.7 were 
determined from iterative tuning of the time model. The predictions were compared to actual time 
values, and constants were incorporated to achieve a higher-level accuracy for both support and 
build time for MEX processes. The total build time, 𝑡1;", is the summation of layer delay time, 
support time and build time per part. 
 

𝑡/ =	
𝑉/

(3.6𝑁𝑣/ℎ)
(1 − 𝑃)1.7𝐶 (8) 

 

𝑡1,*9: =	
𝑉.

93600𝑉̇;
(1 − 𝑃)1.1𝐶 (9) 

 
𝑡1;",*9: =	 𝑡! + 𝑡/ + 𝑡1,*9: (10) 

 
3.2.2. LPBF Estimator 

The LPBF build time and material usage estimator follow the same initial steps as the MEX 
estimator, however, instead of calculating layer delay time, recoat time is used. Recoat time refers 
to the amount of time needed for the machine to deposit a new layer of powder [29], and is given 
by Equation 11, where 𝑡5 	refers to the total recoat time per part and 𝑡< 	refers to the amount of time 
a machine takes to recoat each layer, often a constant variable and varies depending on the ma-
chine. 
 

𝑡5 =	
𝑡<𝐿
3600

(11) 

 
Determining the part volume and support volume are found the same way as expressed in 

Equation 4 and Equation 5. The next change between the processes is the formula for calculating 
the amount of time to scan support material, as well as the amount of time to build solely the part. 
For the support scan time, 𝑡/=>+, given by Equation 12, can be determined using the velocity scan 
speed, 𝑣//, laser focus diameter, 𝑑(,=?/, the layer height, h, and nominal DfAM score, 𝑠+,-. The 
build time for a given part using LPBF, denoted 𝑡1,!@AB, is then given by Equation 13.  

 

𝑡/=>+ =
𝑉/

3.6𝑑(,=?/ℎ𝑣//𝑠+,-
(12) 
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𝑡1,!@AB =
𝑉@

3600𝑉̇
(1 − 𝑃)𝑠'()*𝐶 (13) 

 
𝑡1;",!@AB =	 𝑡5 + 𝑡/=>+ + 𝑡1,!@AB (14) 

 
4. Case Studies 

 
To demonstrate the use of the scoring worksheet and estimators detailed in Section 3, two 

case studies are presented. These case studies were selected to represent contrasting scenarios: one 
that appears intuitively well-designed for AM, and one that is not. Both parts were selected from 
the 50 set of parts obtained from the 2019 ABC dataset and chosen to represent extremes in the 
data [34]. For each case study, the same part is analyzed for both MEX and LPBF.  
 
4.1 Case Study 1 

The first case study follows the scoring and estimation of the part denoted as 000. The parts 
dimensions and bounding box volume can be seen in Table 2, alongside its isometric view for 
illustrative purposes; as discussed previously, a 3D CAD model is not necessary to execute the 
scoring and estimation approach in this work. Intuitively, this part is not ideal for either AM pro-
cess, due to its wide and flat geometry all around, lead to warping or layer adhesion issues during 
printing. These large bridge and overhang sections will also require more material usage and in-
crease the total build time. With the previously discussed assumption that the build orientation is 
fixed to that of the drawing, the orientation of the part cannot be altered to find an alternative print 
orientation, even though it may be beneficial.  
 

Table 1. Part 000 Maximum Dimensions 

 

Drawing Dimensions Value 
Maximum X [mm] 203.2 
Maximum Y[mm] 82.55 
Maximum Z [mm] 78.98 

Bounding Box Volume [mm3] 274662.12 
 

4.1.1.  Scoring Rubric of Case Study 1 
Using only the 2D drawing information to determine the DfAM score for this part, the part 

was scored using both worksheets: (1) MEX and (2) LPBF. As shown in Table 2, the scoring 
approach for each method can be seen. As discussed previously in Section 3.1, all the features 
were scored throughout the part, and if a category consisted of multiple features of varying scores, 
the scores were averaged together. Due to the size of some features in this example design, each 
process results in largely the same score. The only differentiator in this case is for slanted surfaces; 
MEX machines can print them at a steeper angle than those printed with LPBF machines [44]. 
Because of this difference, the slanted surfaces for MEX score a 5, while the slanted surfaces for 
LPBF score a 3. The two cumulative DfAM scores are normalized before they are inserted into 
the build time estimation model, and from the DfAM score, the part is found to be slightly more 
viable for MEX.  
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Table 2. Part 000 Scoring Rubric for MEX and LPBF 
Geometric Features           MEX LPBF 

Pins/Cylinders 5          5 5 
Thin Walls 5 5         5 5 

Slots/Grooves 5          5 5 
Sharp Corners 2 2 2 2 2 1 2 2 1 1 1.7 1.7 

Slanted Surfaces 5’s for MEX, 3’s for LPBF 5 3 
Overhangs 1          1 1 

Bridges 1          1 1 
Internal Holes 1 1         1 1 

Height/Width Ratio 5          5 5 
Thick Sections 1          1 1 
Escape Holes 5          5 5 

Threaded Features 3          3 3 
DfAM Score           0.645 0.612 

 
4.1.2.  Build Time and Material Usage of Case Study 1 

To compare the values generated by the model, a ground truth needed to be determined to 
test the accuracy of the build time and volume estimation model. For MEX, a Prusa XL printer 
was selected to act as the printer, where PrusaSlicer acted as the required slicing software. Each 
part was sliced in the orientation that matched the drawing to remain consistent, and the values for 
build time and part volume were extracted from the slicer. The printer settings used in PrusaSlicer 
were: (1) supports set to everywhere, (2) a 0.4 mm nozzle diameter, and (3) a 0.2 mm layer height. 
For LPBF, an EOS M280 machine was selected as the printer, with the respective slicing software 
being Materialise Magics. Each part in the set was imported into Magics, orientated in the exact 
manner depicted in the drawing, and sliced with supports on. The build time, comprised of three 
categories: (1) part scan time, (2) support scan time and (3) recoat time, and material usage were 
all extracted from the slicer. The printer settings set in Magics were: (1) normal tree supports, (2) 
a 200W Yb-fiber laser, (3) a laser focus diameter of 100 microns, and (4) a recoat time of 8.8 
seconds. For the case study, the relevant parameters for the build time estimation model can be 
seen in Table 4. The build rate, layer delay and support print speed for MEX were determined from 
the advanced settings found within the slicer, whereas the build rate and recoat time for the LPBF 
process were given by Simpson [33]. The laser type, laser focus diameter and layer height for 
LPBF were all selected from the EOS 280 datasheet [45].   

 
Table 3. MEX and LPBF Estimation Parameters 

AM Process Dimension Dimension Abbreviation Value 
MEX Build Rate 𝑉̇!" 15 mm3/s 

 PLA Density 𝐷#$% 0.00124 g/mm3 
 Layer Height ℎ!" 200 𝜇m 
 Layer Delay 𝑡& 3 s 
 Support Print Speed 𝑣' 110 mm/s 

LPBF Build Rate 𝑉̇$#() 9 mm3/s 
 Ti-6Al-4V Density 𝐷*+ 0.0044 g/mm3 
 Layer Height ℎ$#() 60 𝜇m 
 Laser Focus Diameter 𝑑,-./' 100 𝜇m 
 Scan Speed 𝑣'' 7 m/s 
 Recoat Time 𝑡0 8.8 s 
 Laser Type Yb-Fiber Laser 200 W 
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Alongside the estimated build time and material usage of the part, a ground truth needed 
to be established, which can be used to help determine the accuracy of the estimation approach. 
These ground truth values were established by using the built-in estimation tools in both 
PrusaSlicer and Magics. The CAD model for this part was not used during the scoring process; 
however, it is used here as a comparison tool. The actual time and material usage and estimated 
time and material usage for this part are compared in Table 4. Comparing the percent error, the 
percent error for time for MEX was 20.76%, whereas the percent error for material usage for MEX 
was 87.25%. For LPBF, the percent error for time was 8.67% and the percent error for material 
usage was 12.95%. Looking closer at the actual meaning of the percent errors, the time difference 
between the real time and estimated time was found to be 1.01 hrs. and 0.09 hrs. for MEX and 
LPBF, respectively. With this difference between estimators, the LPBF model better estimated the 
build time for this given part as well as the material usage for this part. Even though the DfAM 
score is higher for MEX than it is LPBF, indicating that this part is better suited for MEX, it does 
not directly impact how well the estimator anticipates the build time and material usage.  

Table 4. Part 000 Build Time and Material Usage Comparison 

AM Process 
Real 
Time 
[hrs.] 

Estimated 
Time [hrs.] 

Percent 
Error 
[%] 

Time 
Error 
[hrs.] 

Real Volume 
[mm3] 

Estimated 
Volume 
[mm3] 

Absolute 
Percent 

Error [%] 
MEX 4.83 5.84 20.76 1.01 2.63 x 105 1.41 x 105 87.25 
LPBF 6.45 6.36 8.67 0.09 3.10 x 105 2.70 x 105 12.95 

Looking directly at the part and support scan time for this part, the LPBF model estimates 
a support scan time as 0.22 hrs. whereas the actual support scan time was found to be 0.54 hrs. 
The part scan time was estimated to be 2.60 hrs., and the actual part scan time was found to be 
2.59 hrs. This small difference indicates that the model can accurately predict the scan time of this 
part well, as well as the support scan time. 

4.2. Part ID 145 
The second case study follows the scoring and estimation of the part denoted as 145. The 

part’s dimensions and bounding box volume can be seen in Table 5, alongside its isometric view 
for illustrative purposes, similar to Case Study 1. Intuitively, this part appears better suited for AM 
when compared with Part 000, as this part's main downside is its two bridging features. The part 
was scored using each worksheet as well, and its scoring breakdown is discussed as follows.  

Table 5. Part 145 Maximum Dimensions 
Drawing Dimensions Value 

Maximum X [mm] 20.32 

Maximum Y[mm] 10.16 

Maximum Z [mm] 13.97 

Bounding Box Volume [mm3] 1081.396 

4.2.1. Scoring Rubric of Case Study 2 
Again, the part was scored using the MEX and LPBF respective worksheets. Due to the 

size of the geometric features on part 145, it scored the same DfAM score for both processes. For 
some instances, DfAM scores for both MEX and LPBF processes can be the same due to how the 
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rubrics and designs interact. For example, LPBF has tighter accuracy, meaning the thresholds for 
scoring are based on smaller values [44]. If a feature dimension exceeds the threshold for MEX, it 
will almost certainly exceed it for LPBF as well, leading to identical scores. Additionally, some 
worksheet categories have the same thresholds for both processes, which naturally results in sim-
ilar scores regardless of the process used. The part scored a normalized DfAM score of 0.80, which 
is expected, due to this part being generally better suited for AM over Part 000. Because each 
process scored the same, this part is equally viable for manufacturing for both processes, and the 
likelihood of a successful print are high. However, depending on the requirements for a given part, 
such as force and loading constraints, its application and functionality, one process may be recom-
mended over another. The DfAM score helps determine the manufacturability, of a given part, but 
does not provide any insight of the suitability of the design for its intended purpose.  
 

Table 6. Part 145 Scoring Rubric for MEX and LPBF 
Geometric Features       MEX LPBF 
Pins/Cylinders 5      5 5 
Thin Walls 5      5 5 
Slots/Grooves 3 3     3 3 
Sharp Corners 3 3 3 3 2 2 1.71 1.71 
Slanted Surfaces 5      5 5 
Overhangs 5      5 5 
Bridges 2 2     2 2 
Internal Holes 1 1     1 1 
Height/Width Ratio 5      5 5 
Thick Sections 5      5 5 
Escape Holes 5      5 5 
Threaded Features 5      5 5 
DfAM Score       0.80 0.80 

 
4.2.2. Build Time and Material Usage of Case Study 2 

Similarly to Case Study 1, the part was sliced in PrusaSlicer for MEX and Magics for LPBF 
to establish a ground truth alongside the estimated values. The actual time and material usage and 
estimated time and material usage for this part are compared in Table 7. Comparing the percent 
error, the percent error for time for MEX was 34.85%, whereas the percent error for material usage 
for MEX was 28.54%. For LPBF, the percent error for time was 19.25% and the percent error for 
material usage was 35.76%. Looking closer at the actual meaning of the percent errors, the time 
difference between the real time and estimated time was found to be 0.06 hrs. and 0.14 hrs., for 
MEX and LPBF, respectively. With this difference between estimators, the LPBF model better 
estimated the build time for this given part and the MEX model better estimated the material usage 
for this part. While the percentage error is higher for the MEX model, a difference of 0.06 hrs. is 
just 3.6 minutes. For the LPBF model, the difference of 0.14 hrs. is 8.4 minutes. This illustrated 
that percentage error depends not just on the size of the difference in time, but the significant 
difference in time is relative to the actual print time. 
 

Table 7. Part 145 Build Time and Material Usage Comparison 

AM Process Real Time 
[hrs.] 

Estimated 
Time [hrs.] 

Percent 
Error 
[%] 

Time 
Error 
[hrs.] 

Real Volume 
[mm3] 

Estimated 
Volume 
[mm3] 

Absolute 
Percent 

Error [%] 
MEX 0.18 0.12 34.85 0.06 9.19 x 102 6.57 x 102 28.54 
LPBF 0.72 0.58 19.25 0.14 1.09 x 103 6.99 x 102 35.76 
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5. Conclusion and Future Work 
 

This paper provides an initial framework for scoring and estimating the build time and 
material usage for AM designs, when only 2D drawing files may be available to use. The frame-
work enables a user to evaluate the suitability of a provided part for AM using a feature-based 
DfAM score, which is used to estimate the build time and build volume, without the need for a 
CAD model. Considerations such as AM print process, material selection, DfAM score variation 
and printing-related variable were discussed used two case studies. The first case study involved a 
part that was intuitively believed to be not ideal for AM, due to its large geometric features hin-
dering the build process, while the second case involved a part that was intuitively believed to be 
suitable for AM. Ultimately these case studies demonstrate that the approach shows potential in 
estimating build time and material usage for both LPBF and MEX processes but also illustrate the 
challenges that accompany each process. As an example, while the estimation process is auto-
mated, obtaining the DfAM score for each part requires a significant amount of AM expertise, 
along with many hours of engaged, hands-on involvement.  
 

Although this work takes strides to guide users in properly scoring and printing parts in-
tended for AM, some improvements can be made. The scoring process is heavily labor intensive 
and prone to inter-rater variability; due to the various ways evaluators can interpret the drawings. 
Refining the scoring criteria and automating the scoring process using machine learning is ideal, 
as it removes the need for any human evaluators and expedites insight into print feasibility. Addi-
tional design guidelines such as different geometric features will also be investigated once a larger 
dataset is evaluated. Beyond improving the quality of the scoring rubric, future work will focus on 
understanding the use of these AM models in an industry setting. There is a need for robust human-
subjects experimentation with engineers and designers to identify the significant impacts that the 
use of this AM scoring worksheet and estimation model have on industry standards and practice.  
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