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Abstract
The fused deposition modeling (FDM) printer is a simple, affordable and widely used device in the 3D printing society.
However, the high price of printing materials is one of major restrictive factors for its further application. Based on the
self-supporting property of printing materials, we present an optimization method to reduce the total material consumption
of 3D printed objects themselves and their support structures for FDM printers in this paper. We first develop an orientation
optimization scheme to reduce the outer support volume of a printed model. The volume is evaluated according to the depths
of 3D model fragments obtained by the depth peeling technique in an optimization process. We then build a self-supporting
frame with a set of scale-adaptive parallelepiped grids to replace the solid interior of the printed model for further reducing
the material consumption. In our orientation optimization scheme, the overhanging area detecting function can detect the selfsupporting regions of a 3D model in terms of the depths stored in the graphical processing unit memory. The self-supporting
frame with grid structures inside printed models does not need to add additional support structures during the printing process.
Experimental results indicate that our method is faster and consumes less printing materials than the state-of-the-art algorithms.
Keywords 3D printing · Orientation optimization · Self-supporting property · Support structure · Material consumption

1 Introduction
3D printers can almost fabricate any object with various
printing materials nowadays [1–3]. The fused deposition
modeling (FDM) printer is one of the most commonly-used
devices in the 3D printing society since it is inexpensive, easy
to operate and maintain. Like other extrusion-type 3D printers, FDM printers need additional support structures beneath
the overhangs of printed objects during the printing process.
The support structures need to be manually removed after
the printing, which is a very tedious work.

B

Mingyong Pang
panion@netease.com; M.-Y.Pang@163.com;
GlibMesh@sohu.com

1

Department of Educational Technology, Nanjing Normal
University, No.122, Ninghai Road, Gulou District, Nanjing,
China

2

Department of History, Hong Kong Baptist University, Hong
Kong, China

3

College of Mechanical and Electrical Engineering, Nanjing
University of Aeronautics and Astronautics, Nanjing, China

4

College of Computer Science and Technology, Nanjing
University of Aeronautics and Astronautics, Nanjing, China

FDM printers generally use a single type of material print
objects and support structures. A method that can cut down
the volume of a printed object and its support structures, but
without affecting the object’s original shape and its feel, is
more than welcome. Several algorithms, such as [4–6], have
been presented to reduce material consumption. However,
the algorithms are not specially designed for FDM printers
and only consider one aspect: the volume of printed object
itself or its support structure.
In this paper, we present a novel model optimization
method that simultaneously minimizes the volume of a
printed object and its support structures without changing
its appearance and size for the cost-effective 3D printing.
The work in this paper makes three contributions:
1. A depth peeling technique-based [7] algorithm is presented for calculating the support volume of the printed
model. Depending on the depths of 3D model fragments
stored in the graphics processing unit (GPU) memory,
our algorithm can directly detect the model overhanging
area containing no self-supporting regions and further
calculate the support volume for FDM printers.
2. A pattern search (PS)-based [8] algorithm is presented
for identifying the optimal orientation of a model to be
printed to its minimum support volume.
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3. Taken as the inner frame of a given model, a selfsupporting structure is designed and constructed to
feature a scale-adaptive grid structure for reducing the
material consumption.
The organization of this paper is as follows. Section 2 summarizes the related work. Section 3 gives a short overview
of our optimization method. Sections 4 and 5 provide an
algorithm for calculating support volume with GPU and a PSbased algorithm for determining the orientation of a model
with its minimum support volume, respectively. Section 6
presents a recursion algorithm to generate a grid structure
for filling a surface model. Experimental results and discussion are provided in Sect. 7, followed by the conclusion in
Sect. 8.

2 Related work
Existing cost-effective algorithms for 3D printing can be
roughly divided into three categories: orientation optimization, support structure simplification and interior fillingframe design. An in-depth survey of 3D printing algorithms
is beyond the scope of this paper. The interested readers can
refer to [9] and the references therein.
Orientation optimization This type of algorithms [10–17]
can reduce support volume by optimizing orientation of
a model. In recent works, Ezair et al. [18] proposed a
method to rapidly determine the optimal orientation of a
printed model by employing a derivative-free optimization
algorithm [8]. However, similar to the algorithm in [19],
their method does not take the self-supporting property
of materials into account, which leads to that their calculated results of support volume are very different from
the actual situation when the FDM printers are used. Hu
et al. [20] proposed an orientation-driven shape optimizer
to slim down the support structures for single materialbased 3D printers. A disadvantage of the optimizer is that
it changes the original shape of input model. Zhang et al.
[6] introduced a perceptual model based on extreme learning machines [21] to determine 3D printing orientations
under constraints of support area, visual saliency, preferred
viewpoint and smoothness. Zhang et al. [22] proposed an
efficient algorithm for obtaining an optimal orientation of
a model through multiattribute decision-making (MADM).
They divided the orientation problem into two subtasks:
generating a set of candidate orientations and searching
the optimal one from them. In the algorithm, an integrated
MADM model is adopted to determine the optimal orientation among the generated candidate orientations. Morgan
et al. [23] developed a software to identify the orientation of
printed model with the least requirement for support volume.
However, the software was constructed on a unconstrained
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optimization algorithm, which cannot always predict the best
result.
Support structure simplification Simplifying the support
structure of a given model is another effective algorithm to
reduce material consumption in 3D printing. Huang et al. [24]
generated support structure with a set of sloping walls, which
were divided into three types according to different overhang
geometrical features. Compared to the straight wall structures, their sloping walls can reduce about 30% of support
material consumption. Strano et al. [25] designed a cellular
support structure that includes graded supports represented
by pure mathematical expressions. Wang et al. [4] proposed
a support structure by connecting the overhanging points to
the nearest points on the surface of an object or the printing tray by using a set of rods. Huang et al. [26] proposed
a slicing-based support generation algorithm which features
GPU-based implementation and layered depth-normal image
representation for FDM and stereolithography. A geometrybased algorithm, named clever support [27], is used to minimize support volume while providing sufficient treelike support. A semiautomatic algorithm similar to [27] was further
implemented in Meshmixer [28]. Dumas et al. [29] proposed
printing bridges to automatically generate support structures.
The structures consume little material but can ensure high
surface quality and support stability during the printing process. Hornus et al. [30] define a printable enclosure as a
minimal volume enclosing a given shape. The enclosure is
thin, easy to print and well suited to serve as support structure. In [31], a topology optimization method is proposed,
which can significantly reduce needed support structures.
Interior filling-frame designs Material consumption also can
be lowered by reducing material filling ratio inside printed
models. It is a straightforward way to hollow a model
by offsetting its surface inward to generate a scaled-down
one. Though the hollowed object can substantially facilitate reduction of material consumption, it is often fragile
and easily damaged. Recent researches have focused on
how to create a lightweight structure inside an object to be
printed. For example, Stava et al. [32] hollowed a model,
deformed it locally and added interior struts to enhance
its structural strength. Wang et al. [4] constructed a skinframe structure attached to the inner surface of a hollowed
model. The initial frame structure was optimized iteratively
to minimize material consumption and at the same time maintain the structural strength of printed models. Lu et al. [5]
generated a honeycomb-cell structure inside a given model
based on the Voronoi-diagram algorithm. Their inner structure comprised a set of hollowed and closed cells, which are
disconnected from each other. In [33], an internal supporting
frame was presented based on a medial axis tree. The frame
is composed of a hexagon-dominant framework beneath the
boundary surface and a set of treelike bars connecting the
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Fig. 1 For a mesh model, the original volume of its support (blue) is
large (a). Our method optimizes its orientation to minimize its support volume (b) and generates a set of scale-adaptive parallelepipeds

(c) inside the model. The printed result model is hollowed (d); a selfsupporting frame is constructed inside it (e)

framework to the medial axis of the model. Sá et al. [34]
proposed a so-called adaptive voids algorithm to generate
adaptive cellular structures inside a volume boundary. Based
on different subdivision strategies, the algorithm can create
primal and dual voids with open or closed cells. In [35], the
authors designed a scalable system to generate 3D objects
using topology optimization. The system is able to efficiently
evolve the topology of high-resolution solids toward printable and lightweight high-resistance structures. However, all
the algorithms mentioned above have two shortages: (1) They
are time-consuming to preprocess input models and optimize
their inner lightweight structures and usually take dozens
of minutes or even several hours in order to obtain a desirable results; (2) the inner structures still require additional
supports during the printing process for FDM printers. Furthermore, it is difficult to remove the supports manually from
closed objects printed. For the reason, different automatic
methods were proposed to generate self-supporting interior
frames. Li et al. [36] proposed a density-variable shape modeling algorithm. A mathematical implicit function in the
algorithm is used to generate self-supporting single gyroid
(SG) structures inside models. Wu et al. [37] designed and
optimized a self-supporting filling frame on rhombic cells.
The frame improves mechanical stiffness and static stability
of printed models but cannot efficiently save printing materials. Note that support frame constructed by our method is
different from the rhombic structures proposed in [37] on two
main processing operations, although they look similar. An
algorithm is proposed to carve interior voids inside objects
for satisfying the functional purposes in [38]. The algorithm
carves the interior of a model into self-supporting voids for
the static or dynamic stabilities of printed objects. Lee et al.
[39] proposed a block-based inner support-free structure generation algorithm. A model generated by the algorithm not
only requires less printing materials but also can be rapidly
printed. Wang et al. [40] proposed an algorithm to generate
a self-supporting strut structure for a 3D model. However,
they do not take the shell generation of a model into account

in the algorithm. In addition, [41–45] also, respectively, proposed different methods to generate self-supporting interior
structures for 3D printing.

3 Overview
Given a model described by a watertight mesh M0 for 3D
printing, our goal is to reduce the material consumption used
to print it as much as possible. Our method evaluates an
optimal orientation d for M0 to minimize the volume Vs (d)
of its outer support structure S and then fill M0 with an selfsupporting frame F to maintain its strength. Considering the
self-supporting properties of printing materials, S is added
only for those regions on the outer surface of M0 , where
the angles between tangent planes of the local regions and
d are larger than the inherent largest self-supporting angle
of printing materials; the interior frame F is designed as a
scale-adaptive grid structure which need not to be supported
during the printing process.
The pipeline of our method is illustrated in Fig. 1, which
consists of two steps: orientation optimization and selfsupporting frame generation. In the first step, the orientation
d of M0 is optimized to determine the minimum volume
Vs (d) with respect to S (Fig. 1b). To optimize the orientation d, we design an optimization algorithm based on PS
and take Vs (d) as the objective function of our optimization. We employ an algorithm on the depth peeling [7] to
calculate Vs (d). Different from the algorithms proposed in
[18,19],based on also the depth peeling, our algorithm has
ability of excluding self-supporting regions. The results generated by our algorithm are more suitable for the actual
applications of FDM printers. In the second step, we first
posed M0 to the optimal orientation and bound it by a selfsupporting parallelepiped with only two faces parallel to
the orientation d, and the acute angles between the other
four faces and the orientation d are identical (Fig. 8). Then,
the parallelepiped is recursively subdivided until recursion
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Fig. 2 Self-supporting and supporting regions are, respectively, marked
by green and red. Only supporting regions on the model surface require
support structures to add during the printing process

reaches a user-defined depth or the subdivided parallelepiped
is inside M0 , so multiple scale-adaptive parallelepipeds are
generated along d inside M0 (Fig. 1c). Finally, we assemble
M0 and all parallelepipeds downscaled a thickness into result
model M1 (Fig.1d) for 3D printing.

Fig. 3 Depth peeling preprocessing: pink hexahedron represents
AABB of input model, two black oval dotted lines represent bounding sphere of AABB, and black hexahedron represents orthographic
viewing volume

4 Support volume computing
In our algorithm, computing the support volume of a given
model is a key step to optimize the orientation of the model.
Khardekar et al. mentioned in [19] that all the facing-down
regions on M0 should be supported by support structures.
However, some facing-down regions can be supported by
their adjacent regions underneath, and so they can be directly
printed without additional support. In Fig. 2, we show some
facing-down regions on a model to be printed layer by layer
in 2D case, where α1 and α2 are the angles between the
orientation d and tangent planes at different locations on the
model surface. The green regions with angle α1 ≤ αmax can be
printed without support, whereas the red regions with angle
α2 >αmax should be supported during the printing process,
where αmax is the largest self-supporting angle of printing
materials [27]. We present a cascaded algorithm to detect
overhangs of 3D model based on the description above. The
process covers three steps: depth peeling, overhanging area
detecting and volume computing.

4.1 Depth peeling
Before to perform depth peeling, our algorithm first configures several settings: (1) computing the axis-aligned
bounding box (AABB) of the printed model, transforming
the center of the AABB to the origin of coordinate system,
and setting the pixel resolution, usually defined as an integral
power of 2; (2) placing the eye point on the positive direction of the z-axis and the surface of the sphere enclosing the
AABB; and (3) defining an orthographic viewing volume
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Fig. 4 Depth peeling process. Red, green, blue, pink curves in a–d
represent the first to the fourth peeled layers, respectively

clamping the sphere circumscribing the AABB, and aligning
both the viewing direction and the orientation d of M0 to the
negative direction of the z-axis, as shown in Fig. 3.
Depth peeling is a fragment-level depth sorting technique
[7]. During the peeling process, model surface is subdivided
hierarchically into a set of potential pixels, or f ragments,
with z-depth in [0, 1], and the fragments are scanned successively along the negative z-axis direction (Fig. 4). In the
first pass, the nearest fragments to the viewer are detected
through a depth test so that the depths of the first peeled layer
are obtained. In the second pass, the fragments detected in
the first pass are firstly “peeled away” from the fragment set.
The nearest ones in the remaining fragments are detected just
as the process done in the first pass, and the second peeled
layer is also created. Repeat this process until no fragment
left, and several peeled layers can be obtained.
To compute the support volume Vs (d) associated with a
given orientation d, we use the depth peeling technique to
deal with M0 and store the depth information of all fragments to a 3D data structure, Z , hierarchically, as illustrated
in Fig. 5: (a) is a “F”-like 3D model, (b) illustrates a schematic
diagram of the model peeled into six layers indicated with
different colors, and (c) is a portion of Z where the z-depths
of all fragments peeled at the nth pass are recorded in the nth
layer of Z (n=1,· · · ,6). We store the z-depth z i of fragment
f i in Z (n, yi , xi ), where n is the number of the nth peeled
layer and yi and xi , respectively, are the indices of f i on
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patch. The angle αi (refer to Fig. 2) can be approximated by
the angle between d and Pi , that is
αi = ar ctan(L f /h i )

Fig. 5 An “F”-like model a peeled through the depth peeling technique. b is a schematic diagram depicting the depth peeling [7], where
differently colored curves express that the model is peeled into multiple
layers. The portion of a 3D storage structure used to store the z-depths
of fragments is shown in c

Fig. 6 Overhanging detection of a piece of model surface corresponding to a fragment

the y- and x-axis of Z . We give the following equation for
calculating xi , yi and z i as
⎧
⎨ xi = Rw × (xiw + rb )/(2 × rb )
yi = Rh × (yiw + rb )/(2 × rb )
⎩
z i = z iw /(2 × rb )

(1)

where xiw , yiw and z iw are the world-space coordinates of fragment f i , corresponding to a location on the surface of M0 ,
· is the truncated function, rb is the radius of the sphere circumscribing the AABB (see Fig. 3), Rw and Rh are the width
and height of the pixel resolution, respectively. To facilitate
computation, both Rw and Rh are assigned a same value, R,
a power of 2 in this paper.

4.2 Overhanging area detecting
Figure 5 illustrates that all facing-down regions of a model
are discretized into the fragments in odd layers of Z . Locally,
Fig. 6 shows a close-up of part of model surface containing
two fragments, f i and f j , in 2D case, where f i is a square
patch, i.e., the projection of a piece of the model surface Pi
is on the plane perpendicular to z-axis and passes through
the upper edge of Pi along the orientation, d. If the area of
Pi is sufficiently small, it can be approximated as a square

(2)

where L f = 2 × rb /R is the edge length of the fragments
and h i = 2 × rb × (z j − z i ) is the vertical distance between
f i and f j [see Eq. (1)]. Thus, we can determine whether to
add support for Pi according to the z-depths of f i and the
adjacent fragments f j beneath it.
Denote by N the number of peeled layers of M0 ; there
are generally total N ×4 4-neighboring fragments for each
fragment f i stored in Z (n, yi , xi ), including Z (m, yi −1, xi ),
Z (m, yi +1, xi ), Z (m, yi , xi −1) and Z (m, yi , xi +1), where
m, yi , xi are integers and 1 ≤ m ≤ N , 1 ≤ yi ≤ R, 1 ≤
xi ≤ R. According to the position relationships between a
fragment and its 4-neighbors stored in Z , we conclude that
the fragments stored in the odd-numbered layer of Z do not
need additional support in the following three special cases:
• A fragment f i is supported by at least one of its 4neighbors in the same layer and αi ≤ αmax . As shown
in Fig.5, the z-depth of f 0 is stored in Z (1, y0 , x0 ) and
it is supported by the fragment whose z-depth is stored
in Z (1, y0 , x0 +1). The two fragments are exactly stored
in the same layer and their corresponding model surfaces
are adjacent to each other in 3D space.
• A fragment f i is indirectly supported by at least one of
its 4-neighbors in an odd-numbered layer below it and
αi ≤ αmax . As shown in Fig. 5, the z-depth of f 1 is stored
in Z (3, y1 , x1 ) and it is supported by the fragment whose
z-depth stored in Z (1, y1 , x1 −1). The two fragments are
discretely stored in different layers and their corresponding model surfaces also are not adjacent to each other in
3D space.
• A fragment f i is directly supported by at least one of
its 4-neighbors in an odd-numbered layer below it and
αi ≤ αmax , As shown in Fig.5, the z-depth of f 2 is stored
in Z (3, y2 , x2 ) and it is supported by the fragment whose
z-depth stored in Z (1, y2 , x2 +1). The two fragments also
are discretely stored in different layers, but their corresponding model surfaces are adjacent to each other in 3D
space.
According to the three cases above and Eqs. (1) and (2), we
induce that a fragment f i in the odd-numbered layer does not
need to be supported, as long as there is at least one fragment
f j that is one of the N ×4 4-neighbors of f i and meets all
the conditions as
⎧
⎨ (n mod 2 == 1) and (m mod 2 == 1)
Z (m, y j , x j ) < Z (n, yi , xi ) ≤ Z (m + 1, y j , x j )
⎩
L f /(2rb (Z (n, yi , xi ) − Z (m, y j , x j ))) ≤ tan(αmax )
(3)
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where mod is the modulus operator and n and m are layer
numbers of f i and f j , respectively. Therefore, our algorithm
can judge whether the piece of model surface corresponding
to a fragment is a self-supporting overhang.

4.3 Support volume computing
The support of a piece of model surface corresponding to a
fragment can be approximated by a cuboid, whose volume
is the product of its base area and height. Accordingly, the
support volume of model M0 can approximately be evaluated
by

Vs (d) = L 2f ·

cd


li

(4)

i=1

where cd is the number of the fragments to be supported in
Z and li is the vertical distance between the fragment f i and
the nearest fragment or the printing platform under it. If the
minimum z-depth z min in the first layer of the data structure
Z is allocated at the position of the printing platform, then,
according to Eq. (1), li = (Z (n i , yi , xi ) − z min ) × 2rb when
n i = 1 and li = (Z (n i , yi , xi ) − Z (n i−1 , yi , xi )) × 2rb when
n i ≥ 3.
Note that the accuracy of the evaluated Vs (d) is determined
by pixel resolution R. The larger R is, the smaller L f is, and
the more approximated each fragment is to its corresponding
model surface; therefore, the resulted Vs (d) is more accurate.
The calculation error of Vs (d) based on the depth peeling
has been evaluated by the algorithms in [18] and [19]. Their
experiments showed that when R is not less than 512, the
computation error of Vs (d) is less than 1%.

Fig. 7 Applications of grid structure: a–d are intake grille in car, glass
wall of modern architecture, wooden bookcase and classical Chinese
window, respectively

Our optimization process consists of two steps. First, our
algorithm equidistantly samples a set of values for θx and
θ y in their ranges and then obtains a rough estimation of the
optimal orientation by calculating Vs (θx , θ y ). Second, the
optimal orientation is evaluated by performing a derivativefree local optimization algorithm based on PS m times,
beginning with the sampled angles of the best m evaluated
orientations in the last step. The local optimization process
terminates at once if Vs (θx , θ y ) = 0; this is useful for the
completely self-supporting models.

6 Self-Supporting frame generation
In our method, we design a grid structure as the interior
support frame of the printed model, which not only reduces
material consumption but also does not need to be supported
during the printing process. Our ideas are inspired by the
grid structures in [46–48]. The structures are rigid lattices
comprised of multiple cellular grids and possess inherent
resistance to impact damage, delamination and crack propagation. So they are widely used in multiple field [46], as
shown in Fig. 7.

5 Orientation optimization
6.1 Support frame constructing
Generally, finding an appropriate orientation of M0 for 3D
printing is a multiobjective optimization problem. In this
paper, we specially aim at saving the printing material as
much as possible, so we consider the support volume Vs (d)
of M0 rather than other factors.
Taking support volume Vs (d) in Eq. (4) as a single
objective optimization function, our algorithm determines
an optimal orientation via assessing the function. Since the
orientation in 3D printing is always aligned to the negative
direction of the z-axis in our method, the orientation d of a
model can be freely changed by, respectively, rotating two
angles, θx and θ y , around the x- and/or y-axis. So we can
rewrite the function Vs (d) as Vs (θx , θ y ), where 0 ≤ θx < 2π
and 0 ≤ θ y < π . Since Vs (θx , θ y ) is a non-smooth function
[18], we use PS to determine the optimal orientation.
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See Fig. 8 for a reference, suppose a parallelepiped space
A A B B  CC  D D  exists inside a printed model, where face
FB D D  B  is perpendicular to the orientation d of the model
and the angle β ≤ 2αmax . Here, αmax is the largest selfsupporting angle of printing materials. From the analysis in
Sect. 4, it is unnecessary to add additional support structure in
the parallelepiped space during the printing process, because
the angles between the six planes of the parallelepiped and
the orientation d are all less than or equal to αmax .
The essence of constructing interior frame in our algorithm is to carve some scale-adaptive parallelepiped spaces
to form a grid structure inside a solid model. There are three
steps to construct the frame. First, we design a large parallelepiped to exactly enclose the AABB of input model

Cost-effective printing of 3D objects with self-supporting property

Fig. 8 Black parallelepiped is an initial cellular grid, and pink hexahedral box represents AABB of input model in a; b , c are front and lateral
views, respectively, of a. Blue dashed lines are paths of a parallelepiped
being cut

M0 after the orientation d of M0 is posed in the optimal
direction, as shown in Fig. 8. The center of the large parallelepiped is coincided with the center of the AABB. Eight
vertices of the AABB are on the four side faces of the parallelepiped (Fig. 8b). If the edges of the AABB along the
x-axis are longer than those along the y-axis, the four side
edges of the parallelepiped, A A , B B  , CC  and D D  , are
parallel to the x-axis or otherwise parallel to the y-axis. It is
straightforward to calculate all vertex positions of the large
parallelepiped according to the vertices of the AABB and the
angle β. Second, we recursively subdivide the initial parallelepiped. Different from the algorithm in [37], which equally
subdivides each parallelepiped into eight smaller version, our
algorithm first equally subdivides the initial parallelepiped
into four parallelepipeds along the light blue dashed lines
as shown in Fig. 8b and then equally subdivides each of
the four parallelepipeds into two parts along the light blue
dashed lines in next subdivision as shown in Fig. 8c. The
alternate subdivision is repeated until recursion ends. Once
a parallelepiped is completely enclosed by M0 , the subdivision operation on it is not performed any longer, and
the information about all its vertices and faces are stored
during the subdivision process. The recursive function implementing the subdivision, subdiv(), is listed in Algorithm 1,
where variables, s p , c p and h p , are, respectively, maximum
recursion depth predefined by user, the center and height of
the initial parallelepiped. f is a Boolean variable with the
initial value “TRUE". It is used to determine whether a parallelepiped is equally subdivided into four (Fig. 8b) or two
(Fig. 8c) parts. The function, isin(), is used to detect whether
the current parallelepiped is enclosed by M0 , and it will be
further discussed in Sect. 6.2. Finally, we scale down all
stored parallelepipeds via inward offsetting their four square
faces that are not parallel to d and then form result model
M1 with all the offset parallelepipeds and M0 , as shown in
Fig. 9. Here, the offset distance is half of the wall thickness
of support frame and must be not less than half of the minimum print thickness supported by a particular printer. Note

Fig. 9 2D support frame construction. Black circle represents an input
model, and gray rhombus illustrate the subdivision result of an initial
parallelepiped in a. The four square faces that are not parallel to the
model orientation in each stored parallelepiped are inward offset by
half wall thickness, and the red circle shows a partial enlarged view
from b. c shows the result model as printed

that if the normal vector of each face of M0 points to its
exterior, the face normal vectors of all parallelepipeds must
be adjusted to point to their own interior so that they are not
filled with printing material during the printing process. That
is to say, all interior spaces of the parallelepipeds are hollow
and other spaces inside result model M1 are solid (Fig. 9c),
and the solid parts comprise the self-supporting frame F and
the shell of M1 .

6.2 Parallelepiped inclusion detecting
Different from the algorithm which based on a highresolution and regular Cartesian discretization of model
domain in [37], we present an approximate detection algorithm based on the minimum enclosing ball by using the
information of fragments stored in the 3D storage structure Z (see Sect. 4.1). In our algorithm, the center c p of
a parallelepiped is regarded as a fragment so that coordinates c p (xw , yw , z w ) in the world-space coordinate system
can be transformed into c p (xi , yi , z i ) via Eq. (1). According
to the depth peeling data stored in Z , we can assert the parallelepiped is inside M0 , if minimum distance d p from c p
to the model surface is larger than the radius r p of the minimum enclosing ball of the parallelepiped, and there exists
an odd number n less than N (the number of peeled layers) and satisfies Z (n, yi , xi ) < z i < Z (n + 1, yi , xi ), xi <
R, yi < R, see Fig. 5 for a reference. The detection process is
delineated in Algorithm 2, where function isin() estimates
whether a parallelepiped is inside M0 , function radius() and
isin A AB B() are, respectively, used to calculate the radius
r p and determine whether minimum bounding sphere of parallelepiped is inside the AABB of M0 or not, and function
dist() returns the minimum distance d p via a Kd-tree.

7 Results and discussion
We have implemented our algorithm mentioned above using
C++ with OpenGL and MATLAB optimization toolbox.
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Algorithm 1 function subdiv(c p , h p , β, s p , f )
1: if isin(c p , h p , β) then
2:
Calculate and store geometric topology information of current
parallelepiped
3: else
4:
if (s p > 0 && f ) then
5:
subdiv (top_center, h p /2, β, s p − 1,! f )
6:
subdiv (left_center, h p /2, β, s p − 1,! f )
7:
subdiv (right_center, h p /2, β, s p − 1,! f )
8:
subdiv (bottom_center, h p /2, β, s p − 1,! f )
9:
else if (s p > 0 && ! f ) then
10:
subdiv (front_center, h p , β, s p − 1,! f )
11:
subdiv (back_center, h p , β, s p − 1,! f )
12:
end if
13: end if

Algorithm 2 function isin(c p , h p , β)
1: r p =radius(c p , h p , β)
2: if (isin A AB B(c p , r p )) then
3:
d p ← dist(c p )
4:
if (d p ≥ r p ) then
5:
c p (xw , yw , z w ) → c p (xi , yi , z i )
6:
n=1
7:
while (n < N ) do
8:
if ((Z [n−1][yi ][xi ]>z i ) && (z i >Z [n][yi ][xi ])
&& (xi <R && yi <R)) then
9:
return TRUE
10:
end if
11:
n =n+2
12:
end while
13:
end if
14: end if
15: return FLASE

Fig. 11 Average time required to compute Vs (d) for Bunny models
using a different number of triangles in a single orientation (see Fig. 12)

Fig. 12 Support structures for 3 models (column 1) are added beneath
their supporting regions. Columns 2 to 4 from left to right are the results
of our algorithm with various maximal self-supporting angles: 60◦ , 45◦
and 30◦ . The last column shows the results of the algorithm in [18]

Our experiments are performed on a PC equipped with the
2.6GHz Intel Core i5 3230M with 4GB of RAM and nVidia
GeForce–GT 610M with 2GB of VRAM. Unless explicitly
specified, we set the pixel resolution to 512 × 512 for depth
peeling, the maximal self-supporting angle αmax of printing
materials to 45◦ , the maximum length of bounding box for
Fig. 13 Optimal orientations of printed models determined by Meshmixer (top) and our algorithm (bottom). All treelike support structures
are built by Meshmixer

all models to 100 mm, the maximum recursion depth of parallelepiped subdivision to 7 times, and the offset distance of
parallelepiped to 0.25 mm, namely the wall thickness of selfsupporting frames is 0.5 mm (Fig. 8). Our tests include the
following aspects.

Fig. 10 Average time required to compute Vs (d) of a Bunny model
(5000 triangles) for a single orientation (see Fig. 12) with different
resolution values
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Support volume calculation In Fig. 10, we show the average time of our method spent on computing Vs (d) of Bunny
model with 5000 triangles in the orientation as shown in
Fig. 12, where the number of peeled layers, N , is 8, using different resolutions that are all powers of 2 (from 64 to 2048).
As expected, the higher the resolution is, the more the time
is taken, but the longest time is no more than 0.2 s. In Fig. 11,

Cost-effective printing of 3D objects with self-supporting property

Fig. 14 Volume comparison of support structures generated by Meshmixer in orientations determined as optimal by Meshmixer and our
algorithm, respectively. Fandisk model does not require additional support structure in our optimal orientation

triangles, more time is spent, but the time growth rate gradually decreases.
We also compare the overhanging area detecting function
of our support volume computing algorithm with the method
in [18]. To clearly show the different detection results, we add
support structures beneath the overhanging areas detected by
the two algorithm, as shown in Fig. 12. The results show
that only our algorithm is able to correctly distinguish selfsupporting and supporting regions in a overhanging area.
With decreasing αmax , the supported regions and support
volume increase in the results of our algorithm and vice
versa. The algorithm in [18] always takes all the facing-down
regions as the overhanging area, which is not consistent with
the actual printing cases of FDM printers.

we show our average time for computing Vs (d) of Bunny
models with various numbers of triangles in the orientation
as shown in Fig. 12. When we deal with a model with more

Orientation optimization Our orientation optimization algorithm can obtain better results compared with Meshmixer
[28]. The optimal orientations determined by our algorithm
and Meshmixer are shown in Fig. 13, where the maximal selfsupporting angle is set to 45◦ , support volume is employed as
the only factor influencing the orientation and the initial orientations of the models are shown in the first row in Fig. 17. A

Fig. 15 Comparison of hollow ratio of self-supporting frame generation algorithms. Our, Sri and Com represent the results of our algorithm,
the one in [37] and an algorithm comprised of our recursive subdivision strategy and the cell offset method in Sri, respectively. Each model

in four different orientations is separately modeled by the three algorithms, the dihedral angle β (see Fig. 8) of grid cell inside result models
is, respectively, set to 70◦ a, 90◦ b, 110◦ c, 130◦ d, and the datapoints
aligned vertically with each model are the corresponding hollow ratios
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Fig. 16 Cells volume comparison. In the same boundary space inside
a printed model, our result a contains some thin cells (blue) which are
larger than the cells b generated by the algorithm in [37]

Fig. 17 The first row shows the original orientations of five input models. The second and third rows show the support structures in their
original orientations and optimal orientations, respectively. The last row
shows the result models as well as their hollow grid-like interiors

comparison of the support volume corresponding to Fig. 13 is
shown in Fig. 14. For fair comparison, after the orientations
of the printed models are optimized by the two algorithms,
respectively, we use Meshmixer to generate all support structures and compare their volumes.The results show that our
algorithm can obtain better orientations to reduce more support volume than Meshmixer which is often unable to find
the best solution.
Hollow ratio of model We compare the hollow ratio of the
result models generated by our self-supporting frame generation algorithm and the method in [37] at different angle β,
namely one of the dihedral angles of a parallelepiped (see
Fig. 8). For fair comparison, we set the same wall thickness
for all result models and use the initial interior structures generated by the algorithm in [37] to compare our grid structures.
As mentioned in [37], their initial structures have smallest
volume among all the structures generated by their algorithm
for a model. We pose each model in four random orientations,
as shown in Fig. 15. At each orientation, we, respectively,
build result models with the same wall thickness by using
the two algorithms and an algorithm comprised of our recursive subdivision strategy and the cell offset method in [37].
In Fig. 15, the data illustrate that the result models generated
by the same algorithm with the same input model at different
orientations have little difference in volume, but the hollow
ratio of our algorithm about two times larger than that in [37]
at different angles β. Even with the same cell offset method,
our algorithm is still better than the algorithm in [37], because
our recursive subdivision strategy is able to adaptively generate some cells with larger volume in the same local boundary
space inside printed models under same conditions, as shown
in Fig. 16.
Minimization of total volume We holistically test our volume
minimization method using several 3D models. In the orientation optimization phase, sampling step lengths of both θx
and θ y are set as 10◦ , the sampled angles of the best 30 orientations evaluated in the rough estimation step are used as
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Fig. 18 Objects printed by MakerBot R2 printer, which are cut into two
parts, respectively

the initial values of local optimization, and default parameters of MATLAB are used in PS algorithm. The results of the
original orientation, optimal orientation and inner supported
frames of the models are shown in Fig. 17. The results indicate that orienting a model can effectively reduce or even
avoid additional support material consumption. Moreover,
the grids in the self-supporting frame do not need be supported during the printing process. Their sizes vary with the
local inner space of models. The grids are smaller in narrow
places, but larger in wide places. We practically printed a set
of models shown in Figs. 15 and 17 by using a MakerBot R2
printer with 0.2 mm layer thickness. The photographs of the
complete models and their inner frames are shown in Fig. 18.
A statistics of our result models in Figs. 1 and 17 is listed in
Table 1. Average saving of printing materials exceeds 60%,
and average processing time is less than 5 minutes. Compared
with other algorithms of saving printing materials, such as
[5,33], our algorithm performs favorably in the total amount
of material consumed and processing time for FDM printers.
Their algorithms significantly reduce the volume of a printed
model but consume more printing materials to produce additional support structures inside and outside the model. The
reason is that the algorithms do not reduce outer support
volume as far as possible and also cannot generate selfsupporting interior frame to avoid additional inter support
structure which is difficult to clean. In terms of time con-

Cost-effective printing of 3D objects with self-supporting property
Table 1 Statistics for all examples produced using our method
Model

Triangles

Vol. (cm3 )

Time (s)
Sampling

Optimization

Frame

OriSup

Ratio(%)
Solid

OptSup

Result

Hand

15,574

24.19

234.83

3.18

66.48

94.54

2.56

45.24

70.31

Fandisk

12,946

23.19

34.92

3.51

31.34

86.41

0

41.85

64.46

Teapot

11,200

26.37

234.58

3.45

24.55

110.29

8.24

37.03

66.43

Dog

10,920

25.46

351.74

3.35

40.77

52.85

20.96

28.44

47.23

Armadillo

9996

30.59

329.28

3.08

77.89

68.49

21.7

36.43

60.29

Inkfish

98,000

29.48

294.7

5.04

34.64

17.22

11.12

13.41

52.70

Sampling, Optimization and Frame denote, respectively, time for orientation sampling, local orientation optimization and inner self-supporting
frame generation. OriSup, Solid, OptSup and Result denote, respectively, support volume in the original orientation, volume of solid model, support
volume in the optimal orientation and volume of our result model. Ratio denotes the saving ratio of the total printing material

8 Conclusion

Fig. 19 Manufacturing time comparison of our interior frames with the
SG structures

Fig. 20 Cut models filled with SG structures

sumption, generating our self-supporting frame takes only a
few seconds, but creating the interior frame by using their
algorithms takes tens of minutes even hours. In addition, different from their algorithms, the shell of model does not need
to be specially created in our algorithm.
Manufacturing time As an interior support frame, the SG
structure [36] is also support-free and mechanically strong
like grid structure, so we compare the manufacturing time of
our grid structure and the SG structure, as shown in Fig. 19.
The models in Figs. 1 and 17 are, respectively, filled by the
two interior structures with the same volume, the shell thickness of all result models is 1 mm, the rods of SG structure
inside models are uniform in size (see Fig. 20), and the distance between two adjacent rods is set to 5 mm for effectively
supporting the shells of models. The test results illustrate that
our grid structures save more than twenty percent of manufacturing time compared to the SG structure under the same
conditions.

In this paper, we present a method to automatically minimize material consumption in 3D printing. The orientation
of a given model is first optimized for minimizing the volume
of its outer support structure. The inner self-supporting frame
of the model is then generated along the optimized orientation, which is a grid structure with good physical properties
[46]. Our method is broad-spectrum and can also be used for
any other types of 3D printers, especially for FDM printers.
Experimental results show that material consumption can be
significantly reduced with our algorithm. Moreover, the time
consumption of our algorithm is also sustainable; all processing can be finished in about five minutes for the tested models.
A limitation to our algorithm is that it does not construct a
simplified support structure as discussed in [27], which is a
potential direction for future research. In addition, the selfsupporting frame is constructed only on the shape analysis of
the printed models, and it can be further optimized through
mechanical analysis [37] or other means.
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