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ABSTRACT 
 
Binder jetting, a commercial additive manufacturing process that selectively deposits a liquid 

binder onto a powder bed, can become a viable method to additively manufacture ceramics. 

However, the effects of process parameters/inputs on printing outputs (e.g. part density and 

geometric resolution) have not been investigated and no methodical approach exists for the process 

development of new materials. In this work, a parametric study consisting of 18 experiments with 

unique process input combinations explores the influence of seven process inputs on the relative 

densities of as-printed (green) alumina (Al2O3) parts. Sensitivity analyses compare the influence 

of each input on green densities. Multivariable linear and Gaussian process regressions provide 

models for predicting green densities as a function of binder jetting process inputs. The parametric 

study reveals that two process inputs, namely recoat speed and oscillator speed, significantly 

influence green densities. The multivariable linear and Gaussian process regression models 

indicate that the green densities of alumina builds can be increased by decreasing the recoat speed 

and increasing the oscillator speed. The Gaussian process regression model further suggests that 

the green densities have nonlinear dependence on the rest of the process parameters. Separate 

prints were performed at process input combinations different than those of the parametric study 

to validate the green density models. The models produced can assist operators in selecting process 

inputs that will result in a desired green density, allowing for the control of porosity in printed 
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parts with a high degree of accuracy. The methodology reported in this study can be leveraged for 

other powder systems and machines to predict and control the porosity of binder jetted parts for 

applications such as filters, bearings, electronics, and medical implants.  
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1. INTRODUCTION 

Rigorous developments in additive manufacturing (AM) processes, where materials are 

joined layer after layer to make objects from a 3D computer model, promote the introduction of 

novel manufacturing techniques and expansion of engineering design spaces [1]. The additive 

manufacturing of metals and plastics are currently being commercialized; metal and plastic builds 

are used in non-mission critical applications and undergoing certification for flight-critical 

components [2]. However, additive manufacturing of ceramic parts requires further development. 

Early work explored the AM of ceramics using stereolithography [3], direct energy deposition [4], 

powder bed fusion [5], and binder jetting processes [6]. Builds from these processes can be plagued 

with cracks or possess low relative densities compared to powder pressing techniques, and most 

of these processes require high-temperature (>1700 ℃) heat treatments to densify the printed parts 

[7].  

Binder jetting, developed at the Massachusetts Institute of Technology in 1989 [8], can 

become a feasible solution to the AM of bulk ceramics. It is a commercial AM process that 

selectively deposits a liquid binder onto a powder bed. This process is compatible with most 

materials; metals (e.g. copper [9], stainless steel [10]), low purity alumina [6], barium titanite [11], 

and silicon nitride [12] are some of the materials that have demonstrated feasibility. 
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This study binder jets high purity (99%) alumina. With a projected demand of about $6.4 

billion by 2020, alumina is the most widely used and studied technical ceramic as it accounts for 

38% of all technical ceramics consumed by the United States [13]. Various industries utilize 

alumina because of its materials properties and low cost; applications include substrates and 

packages for electronics [14] [15], ballistic protection [16], filters [17], insulators for spark plugs 

[18], and medical implants [19]. Alumina is mostly used in the thermodynamically stable 𝛼 phase, 

which has a hexagonally close-packed arrangement. 𝛼-Alumina has a density of 3.95 g/cm3 and 

hardness equal to 9 on the Mohs scale [20]. It possesses a melting temperature of 2050 ± 4 ℃ and 

thermal conductivity of about 20 𝑊/𝑚𝐾, making it an effective thermal insulator [21]. It exhibits 

high abrasion and corrosion resistance over a large temperature range [22].  

Low cost methods for manufacturing alumina include tape casting, dry pressing, and 

injection molding [16]. With that said, increasing the geometric complexity of alumina parts can 

drastically increase the cost of fabrication. Post-production machining constitutes as much as 75% 

of the cost in ceramic production [13]. An additive manufacturing process can produce near net-

shaped parts of high geometric complexity, requiring little to no machining, and thus decrease 

ceramic fabrication costs.  

Although binder jetting can become a viable method for fabricating geometrically complex 

ceramic parts without the need for post-production machining, there is no methodical approach for 

the process development of new materials. There is also little understanding of the relationship 

between process inputs and density of the printed parts [23]. Previous work explored the process 

optimization of binder jetting with metal powder systems, primitive machines, and focused on 

other process outputs (e.g. surface roughness, shrinkage during heat treatment) [6] [9] [10] [24] 

[25].  
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Figure 1. ExOne Innovent binder jetting system 

Green densities, which are the densities of as-printed parts before any heat treatment 

postprocessing, significantly affect the quality and integrity of binder jetted parts. Part shrinkage 

is reduced and higher sintering densities are achieved with higher starting green densities [31] [32] 

[33]. Therefore, insights into controlling the green densities are necessary to binder jet high quality  

ceramics. Green and powder bed densities are dependent on particle size distribution, particle 

shape and the powder spreading system, but understanding the dependence of binder jetting 

process inputs is lacking [34] [35]. This research study uses an orthogonal design of experiments 

and sensitivity analyses to identify the process inputs that significantly influence printed green 

densities. A multivariable linear regression model is generated to predict green densities as a 

function of process inputs. A Gaussian process regression models is used to extrapolate parameters 

outside the studied process region that will maximize green densities. Findings can be leveraged 

to control the porosity of binder jetted parts for dielectric and other industrial applications. 
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Figure 2. Printing process in binder jetting: (a) hopper reservoir oscillates to deposit powder onto the powder bed, (b) 
roller passes over newly deposited powder to create a flat layer, (c) printhead selectively deposits binder onto the top 
of the powder bed, (d) platform holding the powder bed lowers to allow for the deposition of a new layer of powder, 
and (e) heat lamp partially dries deposited binder before the next layer is deposited. The process repeats until the part 
is completed.  

 

2. EXPERIMENTAL METHODS 

2.1. Fabrication 

Parts were fabricated via binder jetting using the Innovent Machine manufactured by 

ExOne (North Huntingdon, PA, USA), as seen in Figure 1. This particular machine possesses a 

build envelope of 65 x 65 x 160 mm and a printhead with 256 nozzles. The ExOne Innovent utilizes 

a hopper system where the powder is stored in a hopper bin to be later deposited. During the build 

process, the print head selectively deposits an aqueous binder onto a flat powder bed in the shape 

of the part cross section (Figure 2). Next, the platform supporting the powder bed lowers to allow 

for a new layer of powder. A heat lamp then radiates over the powder bed to partially cure the 

liquid binder. The hopper hovers over the powder bed and oscillates to deposit powder, which is 
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immediately flattened by a roller. The printhead deposits binder in the shape of the next cross 

section and the process repeats until the part is complete. The powder bed is then withdrawn from 

the machine and placed into an oven to fully cure the binder at 200 ℃ for 4 hours as recommended 

by the binder manufacturer. The green parts are now durable enough to be gently handled and are 

extracted from the powder bed. The parts can be subjected to post processing techniques, such as 

sintering or infiltrating with another material, where the binder evaporates and porosity is reduced. 

 

2.2. Materials 

The liquid binder used in these experiments is an ExOne standard proprietary aqueous 

solution (BA005) and possesses a density of 1.06 g/cm3. The aluminum oxide powder, which has 

a purity of >99% and density of 3.95 g/cm3, was manufactured via ball-milling and purchased 

from ExOne. The powder did not undergo any further treatment before use. A particle size analysis 

on powder images taken with a Scanning Electron Microscope (Quanta 600) show the powder has 

an average particle diameter of about 33 microns, D10 value of 20 microns, D90 value of 40 

microns, and is highly prismatic in shape (Figure 3).  

 

Figure 3. SEM Images of the highly prismatic alumina powder used in this study. 
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Table 1. Description of tested process inputs for ExOne Innovent binder jetting system 

  

 

 

 

 

 

 

2.3. Parametric study 

The quality of binder jetted parts can be significantly affected by changing printing 

parameters. In this study, the effects of seven operator-controlled process parameters (Table 1) 

were explored. A methodical approach should be used to plan a set of builds suitable for extracting 

information regarding the influence of the process input’s on green densities. A full factorial design 

of experiments, which accounts for every possible process input combination, consisting of 3 

settings/levels for each input can be used. However, that would result in 37 or 2187 builds; a poor 

use of time and materials. Instead, this study determines the effect of the seven inputs with the 

least amount of experiments possible using an orthogonal design, a type of partial factorial 

experimental design [31]. An L18 orthogonal array outlines the input combinations for 18 

experiments and accounts for eight process parameters, where one parameter will have two levels 

and the rest will have three levels. The levels of each parameter were determined experimentally 

by finding a range of values for each input that would produce adequate powder spreading, provide 

an amount of binder for acceptable layer adhesion, and allow the binder to partially cure. Since 

this experiment considers only seven process parameters, the eighth parameter, labeled “blank”,  

Parameter/Input Abbreviation Description 

Layer Thickness (m) La distance the platform is lowered at the start of a 
new layer 

Recoat Speed (mm/s) Re speed of hopper as it moves across the powder 
bed during powder deposition  

Oscillator Speed (rpm) Os rate the powder hopper vibrates while it’s 
depositing powder 

Roller Speed (mm/s) Ro speed of roller as it flattens out the newly 
deposited powder 

Drying Time (sec) DT duration the powder bed is exposed to the heat 
lamp 

Drying Power (%) DP intensity of the heat lamp as it hovers over the 
powder bed 

Saturation Level (%) Sa ratio of binder volume to volume of interstitial 
voids 
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Table 2. L18 partial factorial array with specified process parameters for each experiment 

 

was not allocated a process input. The layer thickness parameter was given two levels to represent 

about two and three times the average particle size. Table 2 tabulates the process inputs for each 

of the 18 experiments.  

 

2.4. Density characterization 

Three prisms with dimensions of 15 x 20 x 25 mm were printed for each of the 18 

experiments (Figure 4). The relative density of these green parts cannot be measured using the 

conventional Archimedes’ method for additively manufactured parts (ASTM B962, 2008) [23] 

because the cured binder will dissolve upon being submerged in the fluid and compromise the 

integrity of the binder jetted green parts. As such, the green densities of these prisms were 

measured using the geometric density approach [32]. In this approach, the mass of the prism, 

measured using a Fisher Scientific SLF103 scale with a resolution of 0.001 g, is divided by its 

Experiment Layer 
Thickness 

(m) 

Recoat 
Speed 

(mm/sec) 

Oscillator 
Speed 
(rpm) 

Roller 
Speed 

(mm/sec) 

Drying 
Time 
(sec) 

Drying 
Power 

(%) 

Saturation 
Level 
(%) 

Blank 

1 66 20 2500 20 25 25 50 A 
2 66 20 3500 75 50 50 70 B 
3 66 20 4500 130 75 75 90 C 
4 66 50 2500 20 50 75 90 B 
5 66 50 3500 75 75 25 50 C 
6 66 50 4500 130 25 50 70 A 
7 66 80 2500 75 75 50 90 A 
8 66 80 3500 130 25 75 50 B 
9 66 80 4500 20 50 25 70 C 
10 100 20 2500 130 50 50 50 C 
11 100 20 3500 20 75 75 70 A 
12 100 20 4500 75 25 25 90 B 
13 100 50 2500 75 25 75 70 C 
14 100 50 3500 130 50 25 90 A 
15 100 50 4500 20 75 50 50 B 
16 100 80 2500 130 75 25 70 B 
17 100 80 3500 20 25 50 90 C 
18 100 80 4500 75 50 75 50 A 
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volume, measured with a Vinca DCLA-0605 digital caliper that has a resolution of 0.01 mm. 

Measurements were replicated 5 times to ensure accuracy. 

Figure 4. Binder jetted green prism 

2.5. Statistical analysis  

A main effect analysis is utilized to qualitatively compare the influence of each process 

input on the experimental response (i.e. printed densities). The effect of an input A at the level i 

(𝐸𝐴(𝑖)) on the response Y is computed using Equation (1) 

𝐸𝐴(𝑖) = �̅�𝐴(𝑖)                                                             (1) 

where 𝑌
__

𝐴(𝑖) is the average of all the responses when the input A is at the level i, regardless the value 

of other inputs. An input’s main effect (𝐹𝐴) is defined as the range of the input’s effects at different 

levels: 

𝐹𝐴 = Max(𝐸𝐴(𝑖)) − 𝑀𝑖𝑛(𝐸𝐴(𝑖))                                              (2) 

The main effect analysis assumes the process inputs are not interdependent, which is the case for 

the independent inputs in the binder jetting process. The larger the magnitude of the main effect, 

the more influence the process input has on the measured output. 
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Analysis of variance (ANOVA), an alternative statistical analysis, is widely utilized to 

study the influence of a process input by comparing its effect to that of experimental error [33]. 

This analysis consists of partitioning the total sum of squares into components related to the input 

effects and experiment error, as shown in Equation (3).  

𝑆𝑆𝑇𝑜𝑡𝑎𝑙 = 𝑆𝑆𝐹𝑎𝑐𝑡𝑜𝑟𝑠 + 𝑆𝑆𝐸𝑟𝑟𝑜𝑟                                                (3)  

The total variance is the sum of squares of all the measured data: 

𝑆𝑆𝑇𝑜𝑡𝑎𝑙 = ∑(𝜌𝑗𝑙 − 𝜌𝑗𝑙̅̅ ̅̅ )
2

    (𝑗 = 1,2, … ,18; 𝑙 = 1,2,3)                           (4)  

where ρ is the experimental response, j is the test number, and l is the sample number. In this study, 

the total variance is divided as shown in Equation (5). 

𝑆𝑆𝑇𝑜𝑡𝑎𝑙 = 𝑆𝑆𝑅𝑒 + 𝑆𝑆𝑂𝑠 + 𝑆𝑆𝑅𝑜 + 𝑆𝑆𝐿𝑎 + 𝑆𝑆𝑆𝑎 + 𝑆𝑆𝐷𝑇 + 𝑆𝑆𝐷𝑃 + 𝑆𝑆𝐸𝑟𝑟𝑜𝑟                (5) 

A variance component pertaining to an input, such as roller speed (Re), is calculated using 

Equation (6), which is the sum of squares of the response (ρ) among different levels. 

𝑆𝑆𝑅𝑒 = ∑ (𝜌𝑅𝑒=𝑙𝑒𝑣𝑒𝑙_𝑖̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ − 𝜌𝑗𝑙̅̅ ̅̅ )
23

𝑙=1                                                    (6) 

The variance component pertaining to experimental error is the sum of squares of the response (ρ) 

at the same levels: 

𝑆𝑆𝐸𝑟𝑟𝑜𝑟 = ∑ (𝜌𝑗𝑙|𝑅𝑒=𝑙𝑒𝑣𝑒𝑙_𝑖 − 𝜌𝑅𝑒=𝑙𝑒𝑣𝑒𝑙_𝑖̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅)
23

𝑙=1                                     (7)  

The bias introduced by the number of samples on a calculated SS should be removed by dividing 

the SS components with the degrees of freedom (DOF), which is one less than the respective 

sample size. Mean squares (MS) are defined as 

𝑀𝑆𝑅𝑒 =
𝑆𝑆𝑅𝑒

𝐷𝑂𝐹𝑅𝑒
                                                                (8) 

A Fisher test (F-test) is applied to test the significance of an input by calculating the ratio between 

the input’s MS and the experimental error’s MS: 
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𝐹𝑅𝑒 =
𝑀𝑆𝑅𝑒

𝑀𝑆𝐸𝑟𝑟𝑜𝑟
                                                                (9) 

Finally, p-values for each input can be extrapolated from a p-value table as a function of the input’s 

F-value, the input’s DOF, and the experimental error’s DOF (Equation (10)). These P-values can 

be used to determine an input’s “statistically significant”. Minitab software calculated the p-values 

for each process input.  

𝑃𝑅𝑒 = 𝑓(𝐹𝑅𝑒 , 𝐷𝑂𝐹𝑅𝑒 , 𝐷𝑂𝐹𝐸𝑟𝑟𝑜𝑟)                                                 (10) 

A statistical model can be developed using a multivariable linear regression to predict 

printed densities as a function of the seven process inputs. Such a model can be written as 

𝜌𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒 = 𝑏 + 𝛽1𝑅𝑒 + 𝛽2𝑂𝑠 + 𝛽3𝑅𝑜 + 𝛽4𝐿𝑎 + 𝛽5𝑆𝑎 + 𝛽6𝐷𝑇 + 𝛽7𝐷𝑃              (11) 

where 𝜌𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒  is the relative density, b is the y-intercept, the beta coefficients are values that 

produce the best fitting via least squares, Re is the recoat speed, Os is the oscillator speed, Ro is 

the roller speed, La is the layer thickness, Sa is the saturation level, DT is the drying time, and DP 

is the drying power. The beta coefficients can be interpreted as the expected change in the output 

(i.e. green density) with respect to the change in input; the larger the magnitude, the larger the 

effect of the input on the output. As seen in Table 2, the process inputs are of various scales, so 

the value of beta coefficients are dependent on the scale of the values. Before subjecting the inputs 

to a linear regression analysis, they should be standardized to remove such bias using the following 

equation: 

𝑥 =
𝑥𝑛𝑜𝑚−𝑥𝑎𝑣𝑒

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
                                                             (12) 

where xnom is the input level being standardized, xave is the averaged value of that input range, xmax 

is the largest value for that input range, and xmin is the smallest value for that input range. A least-

squares approach is utilized to determine the best-fitting beta coefficients for the data by 

minimizing the sum of squares of the residuals (the difference between the experimental and 
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predicted values) for all inputs. A preloaded function in R, a statistical programming language, 

performed the linear regression and calculated the beta coefficients to generate a linear model for 

predicting the printed densities [34]. 

Although a linear model can help characterize the key dependencies between output and 

input variables with small datasets, using it to identify optimal print conditions is limiting as the 

optima may occur at the boundary of the domain (min or max values of the input variables). To 

address this issue, a more complex Gaussian process regression method was also used that models 

the relative green density at a point 𝑥 = (𝑅𝑒, 𝑂𝑠 𝑅𝑜, 𝐿𝑎, 𝑆𝑎, 𝐷𝑇, 𝐷𝑃) as a draw from Gaussian 

process with mean function 𝜇(𝑥) and covariance function 𝜎(𝑥, 𝑥).  

𝜌𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒 (𝑥) ~ 𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛(𝜇(𝑥), 𝜎(𝑥, 𝑥))                                      (13) 

The method starts with an initial guess for the expected relative green density (e.g. 𝜇0(𝑥) = 0) and 

covariance function which indicates how correlated the densities at input points x, x’ are expected 

to be. Typically, 𝜎0(𝑥, 𝑥′) is chosen to be one of the standard kernel functions in machine learning; 

since the result did not change when the length-scale parameter was varied from 0.1 to 15, we used 

the Matern kernel with length scale 15. After observing data, the expected green density function 

and covariance function are updated as 

𝜇(𝑥) = 𝑥𝑇(𝜎0(𝑋, 𝑋))−1𝑌                                                  (14) 

𝜎(𝑥, 𝑥′) = 𝜎0(𝑥, 𝑥′) −  𝜎(𝑥, 𝑋)(𝜎(𝑋, 𝑋))−1𝜎(𝑋, 𝑥)                          (15) 

where 𝑋 = [𝑥1, … , 𝑥𝑛]  is the set of input settings in the data and 𝑌 = [𝑦1, … , 𝑦𝑛]  are the 

corresponding green densities observed. If a linear kernel 𝜎(𝑥, 𝑥′) = 𝑥𝑇𝑥′ is used, Equation (14) 

is the same update as a linear regression fit. An illustration of the method is shown in Figure 5. 

The Gaussian process regression model allows for modeling complex non-linear relations and 
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quantifies associated uncertainties. The optimum process parameter settings for input variables are 

then chosen as the ones that maximize the upper confidence bound 𝜇(𝑥) ± 10√𝜎(𝑥, 𝑥). 

Figure 5. (a) Prior mean function 𝝁𝟎(𝒙) as red dashed line and confidence band (𝝁𝟎(𝒙) ± 𝟐√𝝈𝟎(𝒙, 𝒙)). (b) Posterior 
mean function 𝝁(𝒙) as red dashed line and confidence band (𝝁(𝒙) ± 𝟐√𝝈(𝒙, 𝒙)) after fitting to data. 

 

3. RESULTS AND DISCUSSION 

3.1. Density  

All 18 batches were printed successfully (Figure 6a). Green densities were measured and 

converted to relative densities or packing efficiencies using the following equation: 

𝜌𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒 =
𝜌𝑔𝑟𝑒𝑒𝑛

𝜌𝑏𝑢𝑙𝑘
∗ 100%     (16) 

where 𝜌𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒  is the relative density or packing efficiency, 𝜌𝑔𝑟𝑒𝑒𝑛 is the measured green density, 

and 𝜌𝑏𝑢𝑙𝑘  is the theoretical density for bulk 𝛼  phase alumina (3.95 g/cm3). Average relative 

densities and the ranges for each experiment are shown in Figure 6b, where the x-axis is the 

experiment number and y-axis is the respective relative density.  

Despite working with similar particle sizes, the relative densities (30-45%) of the eighteen 

experiments in this study are noticeably lower than those reported in other binder jetting studies 

(45-65%) [9] [31] [32] [39] [40]. The large discrepancy in green densities can be attributed to the  
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Figure 6. (a) One prism from each of the 18 builds. (b) The average relative density of each build is within a 30-45% 
range, lower than that of binder jetted metal samples (45-65%) reported in [9] [31] [32] [39] [40]. 
 
 
differences in packing efficiencies and flowability of the powder systems. Metal binder jetting 

processes typically utilize gas-atomized metal powder [37], spherical in nature, while the 

experiments in this study utilized ball-milled alumina powder, highly prismatic in nature. Particle 

shape (Figure 3) heavily influences packing efficiencies, where deviations from a spherical shape 

decrease packing efficiencies due to the increase in probability of forming bridges between particle 

corners and an increase in interparticle friction [38]. Therefore, ball-milled ceramic powder 

systems are expected to have lower packing efficiencies than gas-atomized metal powder systems. 

Other additive manufacturing studies also observed similar differences in packing behavior 

between spherical and prismatic powders [39].  

Despite the relatively low printed densities, the powder system can be modified to increase 

the packing efficiencies in the powder bed. Bai et al. demonstrated printed and sintered densities 

of binder jetted parts can be increased by mixing two powder systems to form a bimodal size 

distribution [27]. Packing efficiencies can also be increase by substituting the prismatic, ball-

milled ceramic powder with spherical ceramic powder; albeit, such powder is typically 

manufactured using more expensive and lower yielding processes like sol-gel synthesis [40].  
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Table 3. The main effect calculations of the seven process inputs. Average relative densities for all levels of each 
process input are shown. Main effect the range of these averages for each process input. The influence of each input 
on relative density is ranked based on the magnitude of their main effect, a greater main effect signifies a larger 
influence. 

 

 

 

Figure 7. The effect of the seven studied process inputs on the relative density of binder jetted samples. Each point 
represents the average relative density at that process input level. The "Blank" column captures the effect of random 
and experimental errors.  

 

 

 

Level 
Layer 
thickness 
(m) 

Recoat 
speed 
(mm/s) 

Oscillator 
speed 
(rpm) 

Roller 
traverse 
speed 
(mm/s) 

Drying 
time 
(s) 

Drying 
power 
(%) 

Saturation 
level  
(%) 

Blank 

Level 1 39.74 41.35 37.42 39.07 39.40 38.92 38.95 39.25 
Level 2 38.33 39.25 38.47 39.32 39.45 38.67 39.08 38.72 
Level 3 - 36.52 41.23 38.73 38.27 39.53 39.08 39.15 
Main Effect 1.41 4.83 3.82 0.58 1.18 0.87 0.13 0.53 
Rank ③ ① ② ⑥ ④ ⑤ ⑧ ⑦ 
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3.2. Main effect and analysis of variance for process inputs 

Main effects can be visually examined by plotting the average densities for every level of 

a single process input, as seen in Figure 7. A larger difference between the maximum and minimum 

values implies a larger influence by that input. Table 3 shows the average measured densities for 

each level and main effect for each input. The influence of the process inputs on relative densities 

can be ranked by ordering the magnitude of the main effect of the process inputs. Such ranking 

yields: Recoat Speed > Oscillator Speed > Layer Thickness> Drying Time > Drying Power > 

Roller Speed > Blank > Saturation Level.  The main effect of the “blank” column, which hosts 

no input, represents the influence of random and experimental error on the printed density. Process 

inputs with a smaller main effect than the blank column may be considered to have a negligible 

effect on the printed density. With that said, a more thorough approach should be taken to more 

accurately define which inputs have significant effects.  

ANOVA provides a sophisticated means for determining whether a process input possesses 

a significant or insignificant effect on the printed densities. Minitab software performed an 

ANOVA to calculate the p-values for every process input. Table 4 shows the p-value, degrees of 

freedom (DoF), sum of squares (SS), mean square (MS) and F-value for each process input.  

Table 4. ANOVA for the process inputs and blank column. A P-value is calculated as a function of the degrees of 
freedom, specified inputs, and measured outputs. P-values lower than 0.05 are considered to have a noticeable effect 
on the process output (i.e. relative density). 

 Source DoF SS MS F-value P-value 
Layer thickness (m) 1 27.4 27.4 9.6 0.004 
Recoat speed (mm/sec) 2 211.4 105.7 36.9 0.000 
Oscillator speed (rpm) 2 139.8 69.9 24.4 0.000 
Roller traverse speed (mm/s) 2 3.3 1.7 0.6 0.564 
Drying time (sec) 2 16.0 8.0 2.8 0.073 
Drying power (%) 2 6.8 3.4 1.2 0.315 
Saturation level (%) 2 0.3 0.1 0.1 0.954 
Blank 2 2.9 1.4 0.5 0.617 
Total error 38 111.6 2.9     
Sum 53 519.4       
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Generally, a p-value of 0.05 is chosen as the threshold to determine if a process input significantly 

affects the process outcome [31]. Based on this criteria, three process inputs significantly affect 

the printed density (P-value < 0.05): recoat speed, oscillator speed, and layer thickness.  

Recoat speed and oscillator speed directly control the amount of powder deposited onto the 

powder bed, suggesting depositing more powder increases the powder bed density because a 

higher quantity of powder will increase the likelihood of small particles settling within the 

interstitials of the larger particles. Increasing the oscillation speed further agitates the powder in 

the hopper; this increases the tapping effect in the hopper which causes the finer particles with 

higher packing efficiencies to be deposited onto the powder bed before the larger particles. 

Reduction in layer thickness decreases the volume the newly deposited powder needs to occupy, 

which increases the probability of the interstitials being occupied by finer particles.  Saturation 

level has no significant effect in the final densities since most of the binder is evaporated during 

the curing process, and it is estimated that the weight percentage of the binder is less than 1% of 

the entire green part [41]. An SEM image (Figure 8) of a binder jetted green part shows minimal  

traces of binder. The roller appears to not pick up the deposited powder so the speed at which it 

moves across the powder has no effect on the powder packing efficiency. Drying time and drying  

 Figure 8. Powder particles bound together within a binder jetted green part show little traces of binder. 
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power control the partial evaporation of the binder during the build process. The two inputs affect 

the amount of binder in the green parts and have a minor influence on the weight of the green parts.  

 

3.3.  Linear regression model and process mapping 

The normalized process inputs for the 18 experiments and respective measured densities 

were fed into a linear regression function, resulting in a y-intercept of 39.025 and coefficients 

shown in Table 5. Consolidating the calculated coefficients into a linear equation yields: 

𝜌𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒 = 39.025 − 4.831(𝑅𝑒) + 3.821(𝑂𝑠) − 0.347(𝑅𝑜)

− 1.423(𝐿𝑎) + 0.152(𝑆𝑎) + 1.119(𝐷𝑇) + 0.601(𝐷𝑃) 
(13) 

The magnitude of the beta coefficients can be directly compared, because the process inputs were 

normalized using Equation (12) prior to performing the regression analysis. Ranking coefficient 

magnitudes indicates recoat speed and oscillator speed are the most influential parameters with 

layer thickness and drying time having minor influences. This is in agreement with the main effect 

and ANOVA analyses.  

Using the linear model in Equation (13), the expected relative densities can be plotted in a 

process map as a function of the oscillator speed and recoat speed (Figure 9). The process map 

shows diagonal bands, from the bottom left corner to the top right corner, of equal relative densities. 

The average experimental measurements are plotted as black markers. According to the linear 

Table 5. Beta coefficients calculated from linear regression 

Parameter Input 𝑅𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 𝐶𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑠 
𝛽𝑖  

Layer thickness (m) -1.423 
Recoat speed (mm/sec) -4.831 
Oscillator speed (rpm) 3.821 
Roller traverse speed (mm/s) -0.347 
Drying time (sec) 1.119 
Drying power (%) 0.601 
Saturation level (%) 0.152 
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Figure 9. The expected green densities can be plotted as a function of recoat speed and oscillator speed using Equation 
4. Overlapping the experimental measurements on the process space shows the linear model is a good fit. The process 
map suggests the green density of a binder jetted part can be increased by increasing oscillator speed and decreasing 
recoat speed. 
 

model and process map, the layer thickness should be decreased, and the oscillator speed-recoat 

speed combination should occupy the top-left space (highest oscillator and lowest recoat speed) 

to maximize green densities.  

One print was conducted with process input combinations not included in the prior 18 

prints to validate the accuracy of the linear model. The levels of the seven process inputs were 

chosen as: Re = 20 mm/s, Os = 4000 rpm, Ro = 75 mm/s, La = 66 m, Sa = 70%, DT = 50 s, and 

DP = 50%. The linear model predicts the binder jetting process will print an alumina part with a 

relative density of 43.1% with the mentioned process inputs. Three prisms with the dimensions 

mentioned in Section 2.4 were printed. The relative densities of these green parts were 43.4%, 

42.2%, and 41.6% (average of 42.4%).  The good agreement between the experimental and 

predicted density proves a linear model can help in deciding which process inputs should be 

selected for a desired outcome.   
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Another print was conducted in an attempt to maximize the density of the green samples 

by increasing the oscillation speed and decreasing the recoat speed to process parameters outside 

the process region tested in the parametric study. The levels of the seven process inputs were 

chosen as: Re = 10 mm/s, Os = 4800 rpm, Ro = 94.2 mm/s, La = 66 m, Sa = 50%, DT = 41.6 s, 

and DP = 60.7%. The linear model predicts a printed density of 45.3% using these printing 

parameters. Twelve prisms with the dimensions described in Section 2.4 were printed, and their 

average density was 46.8% with a standard deviation of 1.9%. Although the expected model was 

within one standard deviation of the measured average, it proved to be less accurate for this print 

than the previous one. This was expected since the process parameters were outside the processing 

space from which the model was generated. As such, one should incorporate results from process 

parameters outside the processing space to expand the boundaries of the model before calculating 

the expected densities at these parameters.  

 

3.4. Gaussian process regression model and optimal print density 

Using a linear model to identify optimal print conditions is limiting as the optima only 

occur at the boundary of the domain (min or max values of the input variables). To address this, a 

Gaussian process regression model as described in Section 2.5 was also fitted to the data from the 

18 experiments. The accuracy of this model for the validation print corresponding to setting Re = 

20 mm/s, Os = 4000 rpm, Ro = 75 mm/s, La = 66 m, Sa = 70%, DT = 50 s, and DP = 50% was 

41.6% which is close to the average experimental density of 42.4%. The optimal print conditions 

suggested by the Gaussian process model for the 7 process inputs were: Re = 20 mm/s, Os = 4800 

rpm, Ro = 94 mm/s, La = 92 m, Sa = 80%, DT = 42 s, and DP = 61%. Note that the process 

settings suggested by Gaussian process model agree with the linear model for the two most 
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significant process parameters (Re and Os). However, the Gaussian process model suggests a non-

linear trend with remaining parameters, and the optimal setting is not achieved at the max/min 

value for these parameters. Twelve prisms with geometry specified in Section 2.4 were printed 

with this optimal parameter combination. The average relative density of the prisms was 47.3% 

with standard deviation of 2.7% and range of 7.4%. The variability is due to the inhomogeneous 

powder packing within the powder bed. It can be seen that the optimal parameters produce samples 

with relative densities in the bounds of metal powder systems (45-65%) just by tuning process 

parameters.  

 

4. CONCLUSIONS  

A linear regression sensitivity analysis has determined that out of 7 process parameters, 

recoat speed and oscillator speed have the greatest influence on printed densities (green densities) 

of binder jetted alumina.  Layer thickness and drying time have secondary influences, and the other 

three parameters, roller transverse speed, drying power and saturation level had minimal influences.  

As a result, green density can effectively be approximated as a function of recoat speed and 

oscillator speed in a 2-parameter fit. A linear regression and Gaussian process regression gave 

similar results when predicting green densities.  This is due to nonlinearity of process variable 

dependence primarily being exhibited in the five process variables other than recoat speed and 

oscillator speed. Both of the parameter fitting methods allow for effective extrapolation and 

indicate the optimal alumina part density is near 47%, which is at the low end of densities seen in 

binder jet printing of spherical metal powders. Although not rigorously tested in this work, it is 

also expected that each of the parameter fitting methods would be effective at interpolation to 

purposefully manipulate green density. Optimal green density is near the tap density for the 
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alumina powder, suggesting tap density as the upper bound for any parametric study optimizing 

green density.  Surface tension effects of introducing the binder do not appear to affect density.  

This is consistent with micrographs of binder jetted alumina after drying that show very little 

binder between particles. The relatively low density for binder jetted alumina powder appears to 

be due primarily to the irregular particle morphology.  Thus, further increases in binder jetted 

density can be achieved by altering the powder morphology and/or particle size distribution to 

allow for better particle packing.   
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