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A B S T R A C T

Material extrusion of cordierite ceramics faces challenges in fabricating dense, high-strength components due to 
non-linear parameter coupling. To address this, a two-stage framework based on Latin hypercube sampling is 
proposed. The first stage employs planar dimensional deviation of green bodies for rapid, non-destructive 
screening to filter impractical parameters prior to sintering. The second stage optimizes flexural strength of 
sintered bodies under dimensional constraints, enabling a decoupled enhancement of mechanical performance. 
Sensitivity analysis reveals that layer height (41.8%) and nozzle temperature (39.0%) govern dimensional de
viation, whereas layer height is the dominant factor (60.7%) governing flexural strength, which is further 
validated by the evolution of microstructural defects. Under optimized conditions, the green bodies achieve a 
planar dimensional deviation of <0.25%, while the sintered samples reach a flexural strength of 196.8 MPa after 
hot isostatic pressing. To validate the proposed framework, a 148-mm lightweight mirror is successfully fabri
cated, exhibiting near-zero thermal expansion (− 0.45 to 0.05 × 10− 6/K, 0–50 ◦C). This study provides a useful 
insight into the development of a data-driven fused deposition modeling strategy for the fabrication of high- 
performance ceramic components.

1. Introduction

Cordierite ceramic (Mg2Al4Si5O18) is a magnesium aluminosilicate 
ceramic with ultra-low thermal expansion coefficient (1.5–2.0 × 10− 6/ 
K, 20–1000 ◦C), low dielectric loss, and high Young’s modulus, exhib
iting excellent thermal stability and mechanical properties [1–3]. 
Compared with common ultra-low expansion glasses, cordierite not only 
has higher specific stiffness and better thermal stability, but also pos
sesses stronger processing adaptability, making it suitable for the 
fabrication of lightweight, complex-structured high-precision compo
nents. With these advantages, cordierite ceramics demonstrate broad 
application prospects in high-end fields such as space optics, ultra- 
precision measurement instruments, integrated-circuit substrates, etc. 
[4–6].

With the increasing demand for high-density and lightweight 

cordierite ceramic components in these applications, conventional 
forming techniques such as dry pressing, slip casting, isostatic pressing, 
and gel casting [7,8] are gradually receiving less attention due to po
tential limitations. These conventional methods are highly mold- 
dependent, limit design flexibility, exhibit low material utilization, 
and thus fail to meet the requirements for efficient fabrication of com
plex ceramic structures [9]. In contrast, ceramic additive manufacturing 
(AM) technologies, including material extrusion (MEX), vat photo
polymerization (VPP), binder jetting (BJT), and powder bed fusion 
(PBF), are well developed for rapid forming of complex structures 
[10–14]. Among these approaches, fused deposition modeling (FDM), a 
representative MEX technique, is an indirect ceramic additive 
manufacturing technology that prepares feedstock by mixing ceramic 
powder with the polymer binder, then extrudes and deposits it layer by 
layer through a nozzle after heating and melting, and finally produces 
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the ceramic component through debinding and sintering [15]. This 
technique offers distinct advantages, including low cost, operational 
stability, and recyclability of feed materials. In recent years, Li et al. [16]
have fabricated a 200 mm-diameter silicon carbide mirror using FDM 
combined with reaction sintering, while Shen et al. [17] have achieved 
zirconia components with a relative density of up to 99%, thereby 
demonstrating the considerable potential of FDM in applications for 
structural ceramics.

However, the forming quality of components produced by FDM is 
strongly influenced by the nonlinear coupling of process parameters, 
such as the printing speed, nozzle temperature, filling density, and layer 
thickness [18]. It is noted that achieving stable, high-quality fabrication 
of complex structures typically requires a vast number of parameter 
combinations and tedious trial-and-error adjustments [19,20]. More
over, ceramic FDM must be accompanied by critical post-processing 
steps, including debinding and sintering, which result in more process
ing cycles and substantial material consumption, thereby significantly 
increasing the experimental cost and time burden [21]. Therefore, 
traditional single-factor approaches are inadequate for capturing multi- 
parameter interactions and guiding systematic optimization.

To address the aforementioned challenges, it is imperative to develop 
an experimental methodology with high-efficiency modeling capabil
ities and intelligent computation features. The artificial neural network 
(ANN), owing to its self-adaptive learning and deep mapping capabil
ities, has demonstrated significant advantages in the modeling and 
optimization of multi-parameter coupled systems [22,23]. In ceramic 
research, ANN has proven effective across critical processing stages. 
Deng et al. [24] utilized ANN to optimize alumina slurry formulation 
and extrusion behavior for ceramic 3D printing. Andrade et al. [25]
developed an ANN-based infrared thermal imaging system for the defect 
detection in sintered products, while Scott et al. [26] validated the 
feasibility of ANN in determining the composition-property de
pendencies of dielectric ceramics. Compared with response surface 
methodology and support vector regression, ANN is not constrained by 
fixed polynomial assumptions and offers greater architectural flexibility 
for modeling complex interactions [27,28]. However, the efficacy of 
such data-driven models is fundamentally determined by the quality of 
the dataset. Given the high time–cost of ceramic post-processing, 
traditional full factorial design is experimentally prohibitive due to 
the exponential growth of sample size [29]. While orthogonal arrays are 
efficient for linear problems, they often lack the global data density 
required for non-linear modeling [28]. Furthermore, simple random 
sampling entails the risk of stochastic aggregation, failing to adequately 
represent the global domain [30]. To resolve this, Latin hypercube 
sampling (LHS) is employed in this study. By stratifying the input 
parameter ranges, LHS offers superior space-filling and non-collapsing 
capabilities, which ensures uniform distribution without redundancy. 
This maximizes the information extracted from a limited number of 
experiments, making it an ideal strategy for training ANN models to 
resolve non-linear coupling effects [31]. Despite these advantages, 
studies on ANN-based optimization of ceramic FDM remain relatively 
limited, especially with respect to systematic approaches that integrate 
LHS-based experimental screening with predictive modeling for process 
exploration and performance evaluation.

Based on the LHS-designed experimental dataset, a two-stage 
methodological framework is proposed to achieve efficient process 
exploration and performance evaluation of the cordierite ceramic FDM 
process. In the first stage, planar dimensional deviation is developed as a 
rapid and non-destructive indicator for assessing printing quality. Then, 
to improve experimental efficiency given the long sintering cycle and 
high cost of ceramic testing, a PDD-ANN (planar dimensional deviation- 
based ANN) model is constructed based on green bodies data. This 
model is used to identify the dominant process parameters within the 
feasible parameter space while maintaining the deposition stability and 
surface integrity. This stage serves to efficiently eliminate impractical 
parameter combinations, thereby reducing both the experimental 

workload and the time for subsequent mechanical tests. In the second 
stage, three-point flexural strength is adopted as the performance 
metric. Following that, a FS-ANN (flexural strength-based ANN) model 
is developed to capture the relationship between process variables and 
structural properties. This enables the overall preparation of cordierite 
ceramics with improved densification and mechanical performance. 
Finally, through the integration of hot isostatic pressing (HIP), dense 
and high-strength cordierite ceramic components are successfully 
fabricated, indicating the reliability of the proposed strategy and 
underscoring its potential for broader applications in ceramic additive 
manufacturing.

2. Experimental methodology

2.1. Feedstock preparation

The feedstock was composed of cordierite powder and a multi- 
component binder system. The cordierite powder had an average par
ticle size of 2.2  μm and a BET surface area of 7.6  m2/g. The binder 
system included three parts: 1) Low molecular weight binder − Paraffin 
wax (PW, Sinopharm Chemical Reagent Co., China) functioned as the 
primary diluent to reduce viscosity and ensured sufficient flowability for 
printing geometrically complex parts with high dimensional accuracy; 
2) High molecular weight binders − Polyethylene (PE, Formosa Plastics 
Co., China) and ethylene–vinyl acetate (EVA, DuPont, USA) acted as 
backbone polymers to provide structural integrity to the green parts 
during debinding; 3) Additives − Stearic acid (SA, PT. SUMI ASIH, 
Indonesia) served as a surfactant to improve powder–binder compati
bility, and dioctyl phthalate (DOP, Sinopharm Chemical Reagent Co., 
China) was used as a plasticizer to enhance binder flexibility and 
ductility. The solid loading of cordierite was 75 wt% and the mass ratio 
of binder components was set to 30:9:48:2:1 for the sequence PE: EVA: 
PW: SA: DOP. Prior to mixing, the cordierite powder was dried in a 
vacuum oven at 80 ◦C for 24 h to completely remove adsorbed moisture. 
All components were weighed accordingly. The solid binders were first 
added to an internal mixer (Sublimation 3D, China) preheated to 170 ◦C. 
After melting, the ceramic powder was introduced and mixed thor
oughly with the molten binder, followed by sequential addition of SA 
and DOP. Mixing continued at a rotor speed of 40 rpm for 60 min to 
ensure homogeneity. The compound was then cooled and crushed by a 
jaw crusher (Sublimation 3D, China). To ensure stable feeding and 
uniform melting during the extrusion process, the feedstock was sieved 
to a range of 4–8 mesh.

2.2. Material extrusion printing

3D models of the specimens were designed and sliced using UPRISE 
3D software (Sublimation 3D, China), in which process parameters such 
as the layer height, nozzle temperature, printing speed, and extrusion 
flow rate were specified to generate the corresponding G-code. The G- 
code was then uploaded to an UP-556 FDM printer (Sublimation 3D, 
China) for fabrication. During printing, the nozzle diameter was 1.0 
mm, the build plate temperature was maintained at 100 ◦C, and blue 
painter's tape was applied to the surface to enhance first-layer adhesion. 
The infill density was set to 100%. To ensure uniform structural 
strength, the printing path was configured with a rectilinear infill 
pattern (0◦/90◦ raster angle). The prepared feedstock was loaded into 
the printer, and material deposition was then carried out by layer-by- 
layer printing with the predefined parameter combinations, as illus
trated in Fig. 1.

2.3. Design of process parameterization

This study first conducted a printability validation experiment on the 
feedstock to ensure that it had sufficient flowability and deposition 
stability, allowing continuous extrusion and reliable printing of basic 
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test parts. Following that, a single-factor design of experiments was 
carried out with four parameters: the layer height (H), extrusion flow 
rate (Q), printing speed (V), and nozzle temperature (T). Specifically, H 
denotes the nozzle step distance in the Z-direction (mm), Q represents 
the ratio of the actual extruded volume to the theoretical path volume 
(%), V corresponds to the nozzle movement speed in the XY-plane (mm/ 
s), and T refers to the heating temperature at the nozzle (◦C). Based on 
the single-factor analysis, the feasible range of each parameter was 
determined. A LHS scheme was subsequently employed to generate 40 
parameter combinations across four factors and five levels. Under each 
condition, green bodies were fabricated using the UP-556 FDM printer. 
The planar dimensional deviation (δ) is defined as follows: 

δ =
|LmLd|

Ld
× 100% (1) 

where Lm represents the average measured dimension in the XY-plane, 
obtained from three measurements on each specimen. Ld denotes the 
reference dimension considering material shrinkage, which is deter
mined by adjusting the original design value based on the physical 
shrinkage rate characterized along the Z-axis.

The planar dimensional deviation served as the output variable for 
constructing the PDD-ANN model. This model was designed to rapidly 
identify the dominant parameters governing the external quality of 
printed green bodies and to define a constrained process window for 
subsequent sintering-stage studies. By focusing on the green body stage, 
this approach enabled efficient early-stage parameter screening with 
lower cost and shorter experimental cycles.

Subsequently, based on the results of the above planar dimensional 
deviation analysis using the PDD-ANN model, Q was excluded due to its 
limited influence on dimensional accuracy. A three-factor, five-level 
LHS design was then employed to generate 30 parameter sets for cost- 
effective experiments. The samples were printed, debinded, and sin
tered, followed by three-point bending tests to determine the flexural 
strength (σf). These data were used to further develop the FS-ANN 
model, which was able to capture the nonlinear relationship between 
process parameters and the mechanical properties of the sintered ce
ramics. The optimal parameter combination determined using this 
model enabled the fabrication of highly dense cordierite ceramics with 

enhanced flexural performance.

2.4. Debinding and sintering

Using the optimal parameter combination in Section 2.3, the printed 
green bodies were subjected to solvent debinding by immersion in n- 
heptane (Macklin, China) at 50 ◦C for 36 h with a solid-to-liquid volume 
ratio of 1:10. Then, the specimens were dried in a constant-temperature 
oven at 50 ◦C for 24 h. Subsequently, thermal debinding was performed 
in a muffle furnace (CWF 12/13, Carbolite Ltd, UK). During thermal 
debinding, the temperature was raised from room temperature to 180 ◦C 
at a rate of 3 ◦C/min, then further from 180 ◦C to 600 ◦C at 1 ◦C/min, 
and finally the specimens were held at 600 ◦C for 3 h. Following that, 
sintering was carried out to heat at 2.5 ◦C/min to 1420 ◦C in a muffle 
furnace (MF1700C, Beiyike Corporation, China), where the samples 
were held for 2 h and cooled naturally in the furnace. After sintering, 
some samples were hot isostatic pressed (HIPed) at 1310 ◦C for 2 h with 
argon gas pressure of 130 MPa.

2.5. Characterization process

A digital vernier caliper (0.01 mm accuracy) was used to measure Lm 
and Ld. For Lm, it was averaged from three XY-plane measurements, 
while Ld was the average of measurements in the Z-direction. Micro
structural characterization was performed using a digital microscope 
(VHX7100, Keyence, Japan) and a field emission scanning electron 
microscope (Verios G4, FEI Corporation, USA). Thermogravimetric and 
differential scanning calorimetry (TG-DSC) analyses were conducted 
using a thermal analyzer coupled with a mass spectrometer (STA449C, 
Netzsch Inc., Germany) at a heating rate of 10 ◦C/min up to 800 ◦C in 
air. The density of the sintered specimens was determined by Archi
medes’ method. Rheological properties of the feedstock were measured 
by a capillary rheometer (Rosand RH2000, Malvern, UK). According to 
the GB/T 6569–2006 standard for the flexural strength testing of fine 
ceramics, three-point bending tests were carried out on a universal 
testing machine (INSTRON-1195, Instron Co., USA). Test specimens 
with the dimensions of 3 mm × 4 mm × 36 mm were subject to a loading 
displacement rate of 0.5 mm/min and a span of 30 mm. The reported 
flexural strength was determined by the average value of five mea
surements. The statistical reliability of the flexural strength was evalu
ated using Weibull analysis. The Weibull modulus and characteristic 
strength were obtained by fitting the measured strength data to the two- 
parameter Weibull distribution.

3. Results and discussion

3.1. The printability of feedstock

To avoid defects such as filament breakage, nozzle clogging, or layer 
inconsistencies in the printing process, the printability of the feedstock 
was evaluated through rheological characterization to verify the sta
bility and flow adaptability of the extrusion process. The relationships 
between the shear viscosity and shear rate of the feedstock at 155 ◦C, 
165 ◦C, 175 ◦C, 185 ◦C, and 195 ◦C are shown in Fig. 2. Based on the 
observations, the feedstock at all temperatures exhibits typical shear- 
thinning behavior characteristic of power-law fluids: as the molten 
feedstock passes through the printing nozzle, the increased shear rate 
leads to a decrease in viscosity. This observed shear-thinning behavior is 
primarily attributed to the disentanglement and preferential orientation 
of polymer binder chains along the flow direction under increasing shear 
rates. Such structural alignment reduces flow resistance and facilitates 
stable extrusion through the nozzle, which is essential for maintaining 
continuous material flow during printing while avoiding excessive 
extrusion pressure.

Moreover, at a given shear rate, the viscosity decreases as tempera
ture increases. This is mainly because elevated temperature enhances 

Fig. 1. Photograph of cordierite mirror printing process.
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the mobility of the binder phase, thereby reducing flow resistance and 
improving the flowability of the feedstock during extrusion. For pseu
doplastic fluids, the relationship between shear viscosity and other pa
rameters is demonstrated by Equation (2): 

η = Kγn− 1 (2) 

where η denotes the shear viscosity, γ is the shear rate, K and n represent 
the consistency index and flow behavior index, respectively. It is noted 
that n < 1 indicates shear-thinning behavior of the feedstock. Using 
linear fitting of the curves at each temperature shown in Fig. 2 (e.g., at 
155 ◦C), the equation of lg η = –0.70 lg γ + 4.35 was formulated, and a 
relatively stable value of n ≈ 0.30 was observed, confirming the pro
nounced shear-thinning characteristics of the feedstock. Meanwhile, the 
value of K slightly decreased with the increase of temperature, sug
gesting a general reduction in baseline melt viscosity. These results 
indicate that the shear rate primarily governs the instantaneous viscosity 
response, while temperature modulates the overall flow level. In sum
mary, these two factors jointly influence the rheological behavior of the 
melt near the nozzle region.

To evaluate the printability of the developed feedstock, a series of 
unsupported structures with varying inclination angles (the constant 
height of 25  mm was maintained) were fabricated, as shown in Fig. 3. 
When the inclination angle was less than 150◦, the structures exhibited 
stable formation without noticeable deformation or interlayer defects, 
indicating good shape retention capability. However, at an inclination 
angle of 150◦, deformation and defects were observed on the over
hanging regions due to the reduced interlayer contact area and the effect 
of gravity. These results suggest that the feedstock and printing process 
are suitable for fabricating complex ceramic components with features, 
such as inclined surfaces and overhanging geometries.

3.2. Single-factor screening for feasible process windows

To reasonably determine the experimental ranges of the process 
parameters, single-factor analyses of four key parameters, including the 
nozzle temperature (T), layer height (H), extrusion flow rate (Q), and 
printing speed (V), were initially conducted by maintaining the other 
parameters constant. The specimens were hollow cubes with dimensions 
of 40 mm × 40 mm × 40 mm. The design of the experiment for sampling 
points is provided in Table 1, while the corresponding macroscopic 
appearances and micrographs are shown in Figs. 4 and 5, respectively. 
The deposition continuity, surface quality, and interlayer bonding of the 
specimens were evaluated both macroscopically and microscopically, 
enabling the reliable determination of feasible bounds of each factor, 
and therefore providing a reference to parameter bounds used in sub
sequent multi-factor experiments.

Considering that the softening point of the particulate feedstock is 
approximately 140 ◦C and the thermal decomposition temperature of 
the EVA component is around 230 ◦C, four representative nozzle tem
peratures of 155, 175, 195, and 205 ◦C are selected for the printing tests, 
while keeping the other three parameters constant. For nozzle temper
atures at 155 and 175 ◦C, the specimens exhibited behaviors such as 
smooth surfaces, continuous deposition lines, and good interlayer 
bonding. At 195 ◦C, slight local material accumulation was observed, 
but the overall quality remained acceptable. However, the excessive 
melt flow at 205 ◦C spread along the contour, causing noticeable accu
mulation and bulging, leading to reduced forming quality. Therefore, 
the experimental test at 205 ◦C was excluded, and three values of 155, 
175, and 195 ◦C were considered suitable nozzle temperatures.

The layer height is generally set to no more than half of the nozzle 
diameter, and four levels of 0.15, 0.25, 0.35, and 0.45  mm were initially 
considered. At the layer height of 0.15  mm, over-extrusion occurred, 
resulting in the prolonged printing time due to a significantly increased 
number of layers. For 0.25 and 0.35  mm, deposition was uniform with 
sufficient interlayer contact. However, results obtained at 0.45  mm 
indicated that insufficient contact between adjacent layers led to con
tour collapse and instability. Finally, the 0.15 and 0.45  mm were 
excluded in the tests, and 0.20 and 0.40  mm were used as the lower and 
upper bounds of the layer height.

As the extrusion flow rate determines the material supply per unit 
time, four levels of 70%, 90%, 110%, and 130% were selected on the 
basis of process experience. At the extrusion flow rate of 70%, deposition 
discontinuities and breaks were observed, but the lines were continuous 
and stable at 90% of the extrusion flow rate. It was noted that slight 
surface bulging appeared at the level of 110% and notably, excessive 
material accumulation caused severe surface bulging at 130%. To ensure 
line continuity and geometric accuracy, the range of 80% to 120% was 
determined as the lower and upper bounds of the extrusion flow rate.

Furthermore, the printing speed affects both the residence time of 
the melt in the nozzle and the cooling process. Taking equipment sta
bility and the rated speed limits into account, four levels of 20, 30, 40, 
and 50  mm/s were adopted. At 20  mm/s, the deposition was sufficient 
and the interlayer bonded tightly, but efficiency was low. At 30  mm/s, 
deposition and bonding remained adequate with higher efficiency. 
While at 40 and 50  mm/s, insufficient melt cooling and the reduced 

Fig. 2. Viscosity curves of mixtures at different nozzle temperatures.

Fig. 3. Unsupported structures with different inclinations.

Table 1 
Experimental settings for single-factor analysis.

Parameters Test Levels Fixed Levels

T(◦C) 155(T1), 175(T2), 195(T3), 205 
(T4)

H = 0.15 mm, Q = 100%, V = 30 
mm/s

H(mm) 0.15(H1), 0.25(H2), 0.35(H3), 
0.45(H4)

T = 175 ◦C, Q = 100%, V = 30 
mm/s

Q(%) 70(Q1), 90(Q2), 110(Q3), 130 
(Q4)

H = 0.35 mm, T = 155 ◦C, V = 30 
mm/s

V(mm/s) 20(V1), 30(V2), 40(V3), 50(V4) H = 0.25 mm, T = 175 ◦C, Q =
100%
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motion stability were observed, leading to local contour instability and 
deposition deformation. Based on the forming quality and efficiency, the 
range of 25–45  mm/s was selected as the bound of the printing speed.

In summary, through single-factor screening tests, a feasible process 
window was determined with the nozzle temperature, layer height, 
extrusion flow rate, and printing speed ranging from 155 to 195 ◦C, 0.20 
to 0.40 mm, 80% to 120%, and 25 to 45 mm/s, respectively. This pro
vides a useful insight into the optimal ranges of design parameters for 
the subsequent multi-factor experimental design by the neural network 
model.

3.3. Effect of process parameters on planar dimensional deviation

The external quality of green bodies produced by ceramic FDM 
strongly influences the final performance of components. Planar 
dimensional deviation serves as a measurable indicator of the uniformity 
of layer deposition, surface roughness, and latent structural flaws, thus 
reflecting the external integrity and functional reliability of the part 
[32,33]. Large deviations arising from the printing process often trigger 
instabilities in the deposition stage or uneven material distribution, 
which is likely to be magnified in the debinding and sintering stages, 
resulting in internal porosity and crack formation [34]. Taking this fact 
into account, the planar dimensional deviation was used as a metric to 
evaluate the external quality of green bodies in this section, enabling an 
efficient preliminary appraisal of overall forming quality. To investigate 
the influence of process parameters on planar dimensional deviation 
during FDM, four key parameters − H, Q, T, and V- were defined as 
design variables. The bounds and levels for these four variables were 
determined based on the results of single-factor experiments in Section 
3.2, and a total of 40 experimental runs were generated using the LHS 
method. The complete sampling matrix is provided in Table S1 of the 

Supplementary material.
Using the data in Table S1, a PDD-ANN model was constructed to 

predict planar dimensional deviation based on the process parameters, 
as shown in Fig. 6. The input layer consists of 4 nodes, corresponding to 
the four process parameters and the first hidden layer contains 10 
neurons, while the second hidden layer contains 4 neurons and the 
output layer has a single node for regression prediction of dimensional 
deviation. All hidden layers employ the Swish activation function, which 
has demonstrated good smoothness and gradient stability for nonlinear 
regression tasks. The dataset was split into training and validation sets at 
an 80:20 ratio to ensure good fitting and predictive accuracy of the 
model. After the training process, the entire parameter space repre
sented by 4 factors at 5 levels (a total of 625 combinations) was used to 
constrain a comprehensive dimensional deviation response surface for 
the prediction of the corresponding error values. Using this approxi
mation model, systematic parameter sensitivity and interaction analysis 
were performed to provide theoretical support and subsequent param
eter selection for improved mechanical performance of the printed parts. 
This approach significantly enhances the systematic nature of the 
ceramic FDM process throughout an effective sampling scheme while 
reducing the experimental workload.

Fig. 7 shows the results on the training set, validation set, and the 
entire dataset during the regression analysis, respectively. The solid line 
represents the linear fit, while the dashed line represents the ideal fit on 
the ground data. As the fitted curve almost overlaps the ideal fitting, the 
R2 value for the entire dataset is 0.9854 and close to 1, indicating that 
the ANN model demonstrates excellent prediction performance in the 
design space, with a high correlation between the predicted and 
experimental values.

Moreover, the relative feature weights of four process parameters on 
the planar dimensional deviation and the interaction strengths between 

Fig. 4. Macroscopic morphology of printed green bodies with different process parameters. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.)
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Fig. 5. Surface morphology of printed green bodies under different process parameters observed by ultra-depth optical microscopy. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 6. Schematic of the PDD-ANN architecture (4-10-4-1).
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parameters were investigated. Fig. 8 shows that H (41.8%), T (39.0%), V 
(12.1%), and Q (7.1%) are the main influencing factors in descending 
order. Among these factors, the layer height (H) plays a dominant role in 
line deposition and interlayer bonding. Reducing the layer height im
proves the formation resolution, but excessive reduction can lead to 
over-deposition and cause contour bulging. Increasing the layer height 
enhances the printing efficiency, while this could weaken the interlayer 
bonding strength and result in formation distortion. The nozzle tem
perature (T) ranks second, directly affecting the melt flowability and 
interlayer adhesion. Excessively high temperatures cause over-flowing 
of the melt and edge bulging, and low temperatures reduce flowability 
and can lead to deposition defects. The printing speed (V) and extrusion 
flow rate (Q) have relatively slighter effects, but proper adjustment of 
these two parameters can improve the thermal management and balance 
deposition, thereby enhancing overall print quality.

Fig. 9a shows the interaction effect between process parameters, 
ranked as follows: T × H (1.000), T × Q (0.740), T × V (0.690), H × V 
(0.410), H × Q (0.350), and Q × V (0.070), where × represents the 
interaction effect. Among these, the last three correlation coefficients 
are relatively small and the strength of the relationship can be consid
ered negligible. Fig. 9b shows that the dimensional deviation exhibits a 
trend of decrease and then turns into an increase with changes in the 
layer height and temperature. It is noted that the better ranges of the 
layer height and nozzle temperature should be defined as 0.20–0.30  mm 

and 155–175 ◦C, respectively. With these ranges, the melt flowability 
and interlayer bonding are balanced, leading to minimized errors. 
Moreover, a clear inverse coupling between extrusion flow rate and 
nozzle temperature is observed in Fig. 9c. At low temperatures 
(≤175 ◦C), increasing the flow rate effectively reduces the error; how
ever, at high temperatures (>175 ◦C), an excessive flow rate causes the 
melt overflow and edge piling, which amplify the error. Therefore, the 
parameter combination of high-temperature and high-flow rate or low- 
temperature and low-flow rate should be avoided. Fig. 9d reveals that 
the dimensional deviation increases with the printing speed, and this 
trend is further amplified at higher temperatures. Under conditions of 
155–165 ◦C and the printing speed of 25–35  mm/s, a good deposition 
match and minimal error can be achieved.

Based on the above analysis, the parameter ranges for minimizing 
planar dimensional deviation (less than 0.2%) were determined by a full 
factorial combination analysis as follows: T, H, V, and Q range from 155 
to 175 ◦C, 0.20 to 0.30  mm, 25 to 45  mm/s, and 80 to 120%, respec
tively. These ranges will be applied to the flexural strength experiments 
in the following section to improve efficiency and reduce cost.

3.4. Effect of process parameters on flexural strength

The internal quality of ceramic FDM components is a critical factor 
determining their final mechanical performance and long-term reli
ability. Defects such as porosity, microcracks, and interlayer separation 
introduced during printing, debinding, and sintering significantly 
degrade the densification behavior and weaken the overall structural 
integrity [9,35]. The three-point bending strength serves as a quantita
tive indicator that indirectly reflects the presence and severity of such 
defects. Therefore, this section evaluates the internal quality of the 
sintered components using three-point bending strength, providing a 
reliable basis for process optimization and performance enhancement. 
To further establish the quantitative relationship between process pa
rameters and flexural strength, this section focused on the construction 
of a FS-ANN model for the accurate prediction of flexural strength. The 
model retained the basic framework used in Section 3.3, and more de
velopments were implemented as follows: the number of input nodes 
was adapted from four (H, Q, T, V) to three (H, T, V) to decrease 
experimental workload. Also, considering the natural distribution of 
flexural strength data, hyperparameters such as regularization co
efficients, dropout rate, and learning rate were reconfigured to speed up 
the network convergence. A total of 30 experimental runs were gener
ated using the LHS method for the flexural strength study, and the 
complete sampling matrix is provided in Table S2 of the Supplementary 
material. After training, the mapping of input data over the entire three- 
factor, five-level parameter space (a total of 125 combinations) to the 
output of flexural strength was built to realize the accurate prediction of 
mechanical performances, providing useful guidance to subsequent 

Fig. 7. Correlation coefficient of dimensional deviation data in the neural network.

Fig. 8. Relative feature weights of H, Q, T, and V.
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parameter optimization and experimental validation.
Fig. 10 shows that as the fitted curve almost overlaps the ideal line, 

the R2 value (0.9857) for the entire dataset is close to 1, indicating that 
the ANN model demonstrates great accuracy in predicting structural 
flexural strength and a significant linear correlation between the pre
dicted and experimental values.

To investigate interaction weights of each process parameter on 
flexural strength, the corresponding feature weights are provided in 
Fig. 11. It is noted that H (60.7%), V (20.9%), and T (18.4%) are the 
main influencing factors ranked in descending order.

Feature importance analysis reveals that the layer height (H) oc
cupies the highest weight among the three process variables, signifi
cantly surpassing printing speed and nozzle temperature. To validate 
this conclusion from a structural perspective and analyze the underlying 
mechanism, cross-sectional microstructural characterization was per
formed on representative sintered samples selected from the LHS design 
(Fig. 12). Specifically, three representative samples with low (H = 0.18 
mm), intermediate (H = 0.22 mm), and high (H = 0.34 mm) layer 
heights were selected for comparison. Their corresponding sampling 
numbers and full processing parameters are provided in Table S2 of the 

Fig. 9. Correlation analysis and contour mapping of dimensional deviation: (a) Interaction matrix between parameters H, Q, T, V, (b-d) Interactive effects of the 
nozzle temperature, layer height, flow rate, and printing speed on dimensional deviation.

Fig. 10. Correlation coefficient of flexural strength data in the neural network.
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Supplementary material. As shown in Fig. 12a and d, at H = 0.18 mm, 
discontinuous cracks appeared in the cross-section. These cracks were 
not distributed in parallel to the layer interface, but exhibited a distinct 
inclined and deflected morphology. This phenomenon is attributed to 
the reduced deposition gap under excessively low layer height condi
tions, which leads to the nozzle exerting strong compaction and 
tangential dragging effects on the deposited layer. This introduces local 
structural inhomogeneity within the green body, which is subsequently 
amplified during the sintering process. When H was 0.22 mm (Fig. 12b 
and e), the cross-sectional structure was relatively dense with contin
uous interlayer bonding, and no obvious macroscopic defects were 
observed. In contrast, when H was increased to 0.34 mm (Fig. 12c and f), 
large triangular voids formed between adjacent deposited filaments, 
constituting macroscopic structural defects between layers. Such defects 
reduce the effective load-bearing area and may act as stress concentra
tion regions under bending loads. Overall, variations in H regulate the 
structural integrity of the sintered body by influencing interlayer geo
metric matching and initial defect morphology, consistent with its 
dominant role identified in the feature importance analysis.

Following that, the printing speed ranks second: a moderate speed 

helps maintain a balance among melting, deposition, and cooling, 
therefore improving the bonding quality. Excessive speed can lead to 
interface defects, while a speed that is too slow can cause heat accu
mulation and induce thermal stress. Thus, a trade-off analysis between 
strength and manufacturing efficiency should be considered to balance 
the requirements. The nozzle temperature has a relatively smaller 
impact, as its range is narrow. Thus, an appropriate temperature ensures 
better melt flowability, thereby enhancing interlayer adhesion.

Fig. 13a shows the interaction strengths between process parameters 
and their impact on flexural strength, ranked from high to low as fol
lows: H × V (0.970), T × V (0.820), and H × T (0.720). Fig. 13b indicates 
that the flexural strength reaches its peak within the combination of the 
H (0.20–0.24  mm) and V (25–40  mm/s), presenting the optimal 
matching window. In these ranges, the melt deposition rate and layer 
thickness match well, which favors stable material deposition and suf
ficient interlayer overlap, thereby reducing internal void formation and 
improving interlayer bonding. However, a sharp strength decline is 
observed in the high-H region, implying that the reduced overlap area 
weakens the structural integrity. Fig. 13c shows the flexural strength 
peaks within the temperature range of 155 to 170 ◦C and speed range of 
20 to 25  mm/s, demonstrating that the material's flowability and 
interfacial adhesion are well-balanced. The contour gradient reveals 
that the excessive speed (>35 mm/s) coupled with high temperature 
leads to a strength reduction, which may be related to excessive melt 
flowability and insufficient deposition stability under high-speed con
ditions, thereby hindering the formation of a dense and well-bonded 
structure. Fig. 13d shows that within the lower to intermediate layer 
height range, the flexural strength initially increases with the temper
ature and then decreases, indicating the existence of an optimal 
matching window. Notably, the contour map indicates that the 
increasing temperature cannot compensate for the strength loss at large 
layer heights (>0.30 mm), suggesting that geometric defects dominate 
over thermally enhanced interlayer bonding. Within this window, the 
layer height and nozzle temperature synergistically ensure adequate 
melt flow and stable deposition, effectively reducing thermal stress and 
formation defects, thereby enhancing the structural density and flexural 
strength.

Based on the above analysis, the parameter range for achieving a 
flexural strength greater than 150  MPa was determined using the full 
factorial combination analysis as follows: For better flexural strength, T, 
H, and V should vary in the range of 155 to 170 ◦C, 0.22 to 0.26  mm, and 
20 to 40  mm/s, respectively. Within these ranges, the synergistic effect 
of the process parameters contributes to achieving better deposition 
quality and interlayer bonding, significantly improving the structural 

Fig. 11. Relative feature weights of H, T, and V.

Fig. 12. Cross-sectional SEM micrographs of sintered samples selected from the LHS design. (a, d) Sample 28 (H = 0.18 mm), (b, e) Sample 9 (H = 0.22 mm), (c, f) 
Sample 5 (H = 0.34 mm).
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density and mechanical properties. This is attributed to the fewer in
ternal defects and a more uniform structure in the printed specimen, 
thereby laying a solid foundation for subsequent sintering.

3.5. Experimental validation of the optimal process parameters

All updated bounds of parameters, including layer height (H), nozzle 
temperature (T), and printing speed (V), were used to generate full 
factorial input data, while maintaining the original number of levels. 
These inputs were then fed into the aforementioned PDD-ANN model to 
predict dimensional deviations, with the extrusion flow rate (Q) fixed at 
100%. The ANN-based prediction results for all candidate optimal 
parameter sets are provided in Table S3 of the Supplementary material. 
All selected parameter combinations yielded predicted dimensional 
deviations below 0.23%, confirming the effectiveness of the two-stage 
modeling strategy. Furthermore, the parameter set with the highest 
predicted flexural strength (T = 160 ◦C, H = 0.22 mm, V = 30 mm/s) 
was selected as the final optimal combination for printing experiments. 
To validate the accuracy of the model predictions and the applicability 
of the process, comprehensive experimental evaluations of the printed 
specimens were conducted from the dimensional deviation and flexural 
strength perspectives.

In terms of dimensional deviation, the measured error was 0.24%, 
slightly higher than the predicted value of 0.21%, but still within the 
acceptable tolerance, verifying the predictive accuracy and reliability of 
the developed PDD-ANN model within the experimental domain. As 

shown in Fig. 14a and b, the specimens fabricated using the optimal 
parameters exhibited clear edges and relatively flat deposition, with 
minimal over-deposition or collapse. The overall appearance was 
significantly superior to the specimens printed with the non-optimized 
parameters. In terms of mechanical properties, the flexural strength of 
the sintered specimens was 155.8 MPa, showing a deviation of 4.5% 
from the predicted value of 163.2 MPa, validating the applicability and 
reliability of the FS-ANN model.

In order to fabricate fully dense cordierite ceramics, the printed ce
ramics with optimal processing condition were further post-HIP treated. 
After HIP treatment at 1310 ◦C for 2 h with argon gas pressure of 130 
MPa, translucent ceramics with a sintered density of 2.51  g/cm3 (cor
responding to a relative density of 99.4%) were achieved, shown in 
Fig. 14c. It can be observed that the post-heat-treated samples demon
strated good interlayer bonding with no defects or printing marks. 
Furthermore, the SEM image of the fracture surface in Fig. 14d supports 
the conclusion of tight interlayer fusion and minimal internal porosity, 
indicating that the optimized parameter combination effectively im
proves the structural density and mechanical properties.

After the HIP process, the flexural strength was increased to 196.8 
MPa, which approaches the level of conventionally dry-pressed speci
mens (200 MPa). This strength enhancement is further supported by the 
statistical analysis, with a Weibull modulus of 8.95 and a characteristic 
strength of 207.3 MPa (Fig. 15a). As summarized in Table 2, the me
chanical properties are comparable to those reported for cordierite ce
ramics fabricated by other methods. Finally, such a set of parameters 

Fig. 13. Correlation analysis and contour mapping of flexural strength: (a) Interaction matrix between parameters H, T, and V, (b-d) Interactive effects of the nozzle 
temperature, layer height, and printing speed on flexural strength.
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were determined to print a 180  mm diameter cordierite ceramic mirror 
blank, which shrank to 148  mm after debinding and sintering, as shown 
in Fig. 14e. The fabricated cordierite ceramics exhibited excellent 
thermal stability: over the temperature range of 0–50 ◦C, the coefficient 
of thermal expansion (CTE) varied from approximately − 0.45 to 0.05 ×
10− 6/K in Fig. 15b.

In summary, the established ANN-based PDD-ANN and FS-ANN 
models with the integration of the sampling strategy demonstrate 
excellent performance of the printed cordierite components by experi
mental validations, achieving a good balance between dimensional ac
curacy and flexural strength. This provides a feasible pathway to the 

optimal design of ceramic FDM for cordierite components in the com
plex printing process.

4. Conclusion

In this study, a systematic and data-driven framework applied to 
cordierite ceramic fabrication by FDM has been successfully developed 
with the integration of stepwise experimental screening and artificial 
neural network models, enabling efficient parameter optimization and 
intelligent computation features.

First, four key parameters – the nozzle temperature (T), layer height 
(H), printing speed (V), and extrusion flow rate (Q) – have been iden
tified to effectively affect the external quality of the green bodies and 
their nonlinear coupling behaviors using the PDD-ANN model. To 
minimize the planar dimensional deviation (<0.23%), the parameter 
ranges have been determined by a full factorial analysis as follows: T, H, 
V, and Q in the range of 155 to 175 ◦C, 0.20 to 0.30  mm, 25 to 45  mm/s, 
and 80 to 120%, respectively. As the extrusion flow rate has a limited 
influence on dimensional accuracy, it has been excluded from the 
following analysis.

Second, the FS-ANN model has been developed to elucidate three 
dominant factors that govern the internal quality of sintered ceramics 
and their coupling behaviors for maximizing flexural strength (>150 
MPa). Crucially, microstructural characterization physically validated 

Fig. 14. FDM fabrication of cordierite ceramics with optimal parameters: (a), (b) Surface and structural morphology of the green body, (c) Image of 20 mm diameter 
sample after HIP, (d) SEM image of the fracture surface after HIP, (e) Cordierite reflector mirror with 148 mm diameter. (For interpretation of the references to colour 
in this figure legend, the reader is referred to the web version of this article.)

Fig. 15. Characterization under optimized parameters: (a) Weibull modulus of flexural strength, (b) Thermal expansion coefficient curve.

Table 2 
Comparison of the properties of cordierite ceramics in this work and others.

Fabrication 
method

Component 
Size (mm)

Density 
(g/cm3)

Flexural 
Strength 
(MPa)

CTE 
(10-6/K) 
at 22 ◦C

Ref.

FDM 148 2.51 197 − 0.2 This 
work

DLP 50 2.51 207 − 0.2 [12]
DLP / / 182 / [36]
DIW / 2.37 24 1.69 [37]
Dry Pressing 500 2.54 200 0.02 CO720a

a https://www.kyocera.com.cn/prdct/fc/product/pdf/material.pdf
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these data-driven findings, revealing that the layer height governs the 
mechanical performance by dictating the evolution of interlayer 
macroscopic defects. Thus, the above three parameters have been 
refined to 0.22 to 0.26  mm, 20 to 40  mm/s, and 155 to 170 ◦C, 
respectively.

Third, experimental verification using the optimal parameter com
bination has demonstrated green bodies with the predicted dimensional 
deviation of 0.21% and sintered bodies with the predicted flexural 
strength of 163.2  MPa, as compared with measured values of 0.24% and 
155.8  MPa, respectively. These results have indicated a high level of 
agreement between model predictions and experimental tests, con
firming the accuracy and reliability of the proposed framework.

Finally, a 180  mm-diameter cordierite ceramic mirror has been 
successfully fabricated, with a uniform shrinkage to 148  mm after 
debinding and sintering. The component has exhibited excellent 
dimensional stability and structural integrity, with no detectable 
warpage or cracks. These findings have conclusively verified the effec
tiveness and applicability of the proposed framework, establishing a 
systematic method for FDM fabrication of complex, high-performance 
cordierite ceramic components and providing both a feasible process 
route and theoretical foundation for their applications in high-end fields 
such as precision optics and aerospace.
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