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Abstract
This paper presents a novel method for generating image projections required for Digital Light Processing type 3D printer
systems where the entire cross-section of the printed object is directly formed via projecting the image onto a vat of
photopolymers. The cross-sections (i.e. slices), which are initially represented as bitmap images, are compressed via a novel
lossless compression technique which makes good use of relative data encoding. The coherence between the consecutive slices
(or images) are taken into account in this proposed paradigm. The method yields satisfactory performance in terms of data
compaction achieved in the test cases considered.
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1. Introduction
Digital Light Processing (DLP) type 3D printer systems are efficient Additive Manufacturing (AM) tools that
fabricate an entire layer of the printed object at a time whereas in Fused Deposition Modelling type of 3D printers,
the extrusion head following the recti-linear trajectories needs to scan a particular layer gradually. Likewise, the
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other common Photopolymerization technique titled stereolithography apparatus (SLA) employs one or more
laser heads to scan the whole slice to fabricate the object. Consequently, DLP printers can print the same object in a
much shorter time span than its counterparts.
In the current state-of-the-art, the image generation in DLP-type printers is primarily performed by an (in-house)
CAD software tool. Due to its massive content, the binary (bit-map) image sequences (as needed by the DLP
projector) can neither be directly stored on the printer nor be automatically generated by the processor of the DLPprinter itself. Therefore, an external source (like a PC with vast resources) should be always kept in the loop.
Furthermore, any change (no matter how small) on the printed object (i.e. resizing, changing surface properties,
adding simple geometric features like holes, etc.) requires the involvement of the CAD/CAM software and the user.
This scheme altogether undermines the efficiency of the overall process. Hence, the main motivation of the study is
to develop a new image compression algorithm which enables the direct storage of the binary images on the printer
such that the individual images can be generated on the fly by using the resources of the printer itself. Most
importantly, since performing morphological operations on binary images are extremely simple and fast, one can
carry out the aforementioned actions on the machine without the intervention of the CAD/CAM software.
As the first step, a novel (lossless) compression technique, which makes good use of composite encoding
techniques, is proposed in this paper. Unlike most conventional methods in image compression literature, this
technique directly takes into account the coherence between the consecutive slices (or binary images). Additionally,
the presented technique can be realized on Python computing platform employing small form-factor computers with
modest resources. Hence, the simple hardware implementation would enable the fabrication/modification of the
corresponding object right on the 3D printer independently instead of performing these operations on the host PC,
which is connected to the printer during the whole fabrication.
The rest of the paper is organized as follow. In the following section, related literature is summarized and the
conventional design and fabrication pipeline of DLP printers is explained. The proposed method, which is composed
of four stages, is discussed in the third section. After the Python language implementation is given in the fourth
section, the performance of the proposed paradigm is elaborated in the fifth section. Finally, the paper is concluded
with some key remarks.
2. Background
In this section of the paper, the state-of-the-art in binary image compression and conventional design and
fabrication pipeline of DLP printers are discussed briefly.
2.1. Related work
Although AM rarely incorporates image compression/processing techniques, there are some biomedical
applications where image compression/processing is utilized to fabricate medical parts with different AM
methodologies. In one of these studies, Biersteker [1] used 3D image data to print patient specific bone models with
a Selective Laser Sintering machine. Medical images obtained via specific equipment were converted to STL file
format through certain image processing and compression software. In another recent study, Raos et al. [2]
processes CT/MRI images to reconstruct models for 3D printing to improve the surgery performances. During their
study, they employed a new lossless image compression paradigm to handle multiple 2D medical images properly.
In addition to DLP printers, image compression is also employed in two different applications of 3D printing.
Lossy compression algorithms are utilized for compressing image textures on CAD models especially for 3D
printers utilizing inkjet print heads [3]. In other type of applications, necessary information (stiffness, Poisson’s
ratio, density, etc.) about the voxels of the CAD models are compressed into the lowest order frequency coefficients
[4]. With such an approach, shapes having complicated surfaces with various physical properties can be defined
with a relatively small set of data.
Binary images are used to project slices of the artefacts on the vats of DLP type of 3D printers at each layer.
When binary image compression is not employed, the sizes of the files required for printing may be as high as a few
GBs. Files with such sizes are difficult to transfer from one computer to the other or to the printer itself. This is due
to the fact that a host PC is usually required to be connected to the printer during fabrication to convey the images to
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the projectors as microcontrollers are not capable of communicating with such devices. Commercial DLP printer
software [5] employs binary image compression algorithms to overcome the file size issue. Although there are
numerous compression algorithms in the literature, most of the algorithms developed for image compression are
variations of Lempel-Ziv [6] coding (gzip) as summarized by Barni [7]. He mainly focused on facsimile
communication on the corresponding chapter, but the discussed methods can also be utilized in the DLP printer
systems. Since Lempel-Ziv is based on one-dimensional (1D) data, images are converted to 1D arrays by employing
different scan patterns. A comprehensive analysis of different scanning patterns was done by Maniccam and
Bourbakis [8]. A similar approach based on zig-zag patterns is followed within the proposed paradigm in this paper.
When different schemes for binary images compression are elaborated, it can easily be inferred that most of them
have multiple stages in compression to obtain higher compression ratios. In one of these studies, Falkowski [9]
incorporated image differencing, segmentation and pattern matching. Their method is also applicable on gray scale
images after these images are extracted into binary images. Alcaraz-Corona and Rodriguez-Dagnino [10] also used
three stages (i.e. chain coding, order estimation and entropy encoding) to perform the compression. They obtained
better results compared to some industrial standards.
Segmentation/partitioning is the most common stage employed in binary image compression. Falkowski [9]
segmented the given images into blocks having 16×16 pixels and classified these groups into three: all-black, allwhite and mixed. He further employed a partitioning algorithm to handle mixed blocks properly. Zahir and Naqvi
[11] followed a different scheme for partitioning. They only considered the black regions and partitioned these areas
into overlapping rectangles. Storing the coordinates of the two extreme corners of each rectangle did help them
improve the compression efficiency. In an earlier study, Mohamed and Fahmy [12] used a similar approach, but they
did not allow overlapping rectangles. However, the compression performance of their algorithm is found to be
inferior to that of Zahir and Naqvi’s algorithm [11]. Another advantage of the study of Mohamed and Fahmy [12] is
that their method is much easier to implement than similar partitioning approaches.
2.2. Conventional pipeline
The conventional design and fabrication pipeline of DLP printers is similar to the pipeline of other 3D printing
and AM methodologies. As illustrated in Fig. 1, there are five main stages in this pipeline. After the model is
designed in any CAD software, it is converted to STL file format, which is a de-facto file standard in AM industry.
Although there are many disadvantages of this format (like the inability to store any information about the interior
structures of the objects or color attributes), it is highly suitable for DLP type of 3D printers. This is due to the fact
that the interiors of the artefacts are to be filled completely and there is no need to keep such a redundant
information. Following the conversion, the model is imported into the CAM software of the corresponding DLP
printer where slicing is performed with conventional algorithms. As opposed to the other AM methods where head
trajectories are generated on CAM software, only black and white images of the layers are obtained by this
specialized CAM software based on the parameters (i.e. layer thickness and image resolution) set by the user.
Support structures may also be added to the model in this step of the pipeline automatically or manually depending
on the capabilities of the CAM software. Since there are many slices and the raw size of the original images is high,
these images (along with the other fabrication settings) must be compressed and stored in a machine-specific file
format
in
the
fourth
step
in
order
to
retrieve/edit

I - CAD Model

II - STL Model

III - Slicing

IV - Data Compression

Fig. 1. Conventional design and fabrication pipeline.

V - 3D-Printing
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these layers conveniently as the need arises. In the final stage, the part is fabricated via projecting the accompanying
images onto the vat of the printer and curing photopolymers according to the predefined curing times. During
fabrication, a host PC should always be connected to the projector to decode the compressed binary images and
transfer them one by one to the projector depending on the curing time of the layers.
3. Proposed Method
To devise an efficient lossless compression / decompression paradigm to generate a large number of binary
images online for DLP-type printers; various data/image compression methods, which are suitable for this
application domain,
are fused for all practical purposes. The proposed compression method is composed of four subsequent processing
stages: i) Operations on binary bitmap images; ii) Run-length encoding of zeros and ones in the processed images;
iii) Variable bit-length encoding of the run-length data; iv) Post-compression of the resulting data. Fig. 2 illustrates
the presented scheme along with all its variations (a total of 8). Here, the tree binary illustrates the sub-methods
contained in a particular algorithm along with the corresponding the naming convention. The details on the method
follow.
3.1. Operations on binary bitmap images
First step in reducing the redundancy in the information in a sequence of binary bitmap images is to register/keep
the changes in features (i.e. contours/shapes) sequentially from one image to another. In data compression, relative
encoding (or differencing the data in sequence) is regularly utilized for that purpose. To be specific, let the crosssections of an object be represented as an ordered set of binary images (n by m pixels):
         

(1)

where L ∈  (omits 0 by definition) is the number of images in the set while B ∈ {0, 1} denotes the Boolean
(number) set. With the utilization of logical exclusive OR (XOR) operation (⊕), the subsequent changes in
proceeding images can be easily obtained:
(2)
             










Hence, the image Dk simply yields the first-order changes between the current image Ik and the preceding one, Ik-1.
This procedure in fact gives rise to a well-known method called delta-encoding, which is commonly utilized in data
compression literature. For instance, Yaman and Dolen [13] employed delta-encoding to decrease the magnitudes of
the values in the motion command trajectories before employing further compression on these sequences. It is
critical to notice that as an intrinsic property of the XOR operation, the original set in (1) could be reconstructed
using (2):
             

(3)

3.2. Run-length encoding
The information in a 2D binary image can be conveniently represented as a set of integers (or an integer
sequence) by scanning the image along a particular direction (i.e. vertical, horizontal, diagonal, etc.) and counting
the number of 0 bits and 1 bits along the way. In compression literature, this simple method is known as run-length
encoding (RLE) which could be regarded as a relative addressing (indexing) technique. Each image associated with
a particular cross-section (or layer) can then be mapped onto another set as
(4)
       






where    ; λi = |Ci|; ci,k denotes the count number of zeros/ones in this ordered set. Note that the elements with
an odd index (e.g. 1, 3, 5, …) represent the counts of zeros in the image while the even ones (e.g. 2, 4, 6, …) denote
the count of ones in this scheme. Furthermore, ci,k in (4) must always satisfy the following relationship:
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(5)

Fig. 2. Binary tree representation of the proposed method where each branch denotes a different variation in the algorithm.

Given the images size (n, m), the last element of Ci (i.e. ) does not need to be included to the set and can be
indirectly determined from (5). Notice that by definition,    since zero value indicates an implausible case.
However, a zero element in (4) can be conveniently inserted to the set as an “escape” character/number to carry out
various different specialized functions/operations.
3.3. Variable bit-length encoding
In data compression literature, variable bit length encoding (VBLE) is preferred to reduce the overall size of a
sequence by replacing numbers/characters with high probability of occurrence with shorter (unique) bit patterns.
There exist a wide variety of VBLE techniques including Huffman Coding (HC) [14] and Arithmetic Coding
(AC) [15]. For the sake of easier implementation, the one proposed in this scheme uses one, two, or three bytes to
represent short (7-bit), medium (14-bit), and large numbers (22-bit) in the RLE sequences respectively. Fig. 3
demonstrates the proposed coding scheme where the most significant bit (MSB) along with the following bit (b6)
of the byte at hand [e.g. Byte (n)] are utilized to determine number’s format.
3.4. Post-compression
The last step of the compression technique is to reduce/eliminate the remaining redundancy in the encoded data
which usually manifest itself as repeated patterns in the sequences. Dictionary-based compression techniques (such
as LZ77, LZW, and its variants), which are known to perform an outstanding job in detecting and indexing such
patterns globally, are commonly utilized for this purpose [16]. In this paper, the popular method titled
“Inflate/Deflate” [17], which is based on LZ77 algorithm and HC scheme, is selected owing to the fact that this

Fig. 3. Simplified VBLE using three bytes.
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(well- documented/tested) method is implemented in various computer languages including C/C++ [18], Java [19],
and Python [20]. Furthermore, some commercial software packages like MATLAB exclusively employs this
composite technique to compress/decompress their data files.
Note that since the compression step of the presented algorithms is realized on PC using MATLAB 2016b, the
post-compression stage is implicitly carried out by MATLAB’s (built-in) save function while saving the relevant
data to a MAT (data/work) file. Similarly, the decompression stage of the method is performed via Python 3.5
interpreter that can directly load MATLAB’s MAT files onto its workspace utilizing the popular Python library,
scipy. Therefore, the authors of this paper did not expand any (code development) efforts at this post-compression
(or pre-decompression) stage.
4. Python Language Implementation
Since the main goal of this research is to realize the most efficient algorithm on a hardware with limited
resources, the Python computer language is selected as the development platform due to its potent syntax along with
its versatile libraries enabling the development of a wealth of applications. Furthermore, the “interpreted” Python
programs could be executed on small form-factor computers like Raspberry Pi, BeagleBone, and Odroid.
Table 1 shows the program listing of the developed decoder employing the X.R.1.1 algorithm which is shown to
be the most efficient one in the proceeding section. The program, which uses three libraries numpy, scipy, and
image, exports the compressed MATLAB data file (*.mat) which constitutes the encoded (RLE + VBLE) data. For
this purpose, the scipy library function loadmat (which implicitly uses zlib compression library) is invoked to
perform decompression task indirectly (i.e. Stage iv – See Section 3). Once the relevant parameters (n, m, L) and the
array (X) holding the variable bit-length encoded (run-length or “count values”) data are extracted (Stage iii), the
function defined as vec2list is utilized to decode the count values into fixed bit-length integers for each layer as a
jagged array (i.e. a list of lists). At the following stage (Stage ii), the function titled list2imageList is to convert a
given array (or list) storing RLE data (associated with a particular layer) to a binary image (i.e. a binary matrix).
Finally, inside the for loop, the logical XOR operation on the binary images is performed using the custom xor
function in a sequential manner (Stage i). The results (i.e. the original BMP image for a particular layer) can be
either stored as a binary BMP image file or could be directly sent to the DLP using the HDMI output.
5. Results and Discussions
To assess the performance of the proposed methods, various compression/decompression techniques frequently
encountered in image compression literature [7] are also considered in this study. Fig. 4 demonstrates the
conventional methods to be employed to make a quantitative comparison. Note that to be objective, the conventional
techniques shown in Fig. 3 share some common features in relative encoding- and post-compression stages. Apart
from that, the traditional techniques employs a data window with various sizes (2×2 and 4×4 pixels) to transform the
binary images into integer sequences. Non-overlapping window is moved across the image along a particular
direction to obtain the (4-bit or 16-bit) integer number representations for the whole image. Once the resulting
integer sequences are attained for each and every layer, the resulting data are encoded via the popular (entropyencoding) techniques HC or AC to reduce the bit sizes.
Each algorithm in Figs. 2 and 3 is implemented in MATLAB 2016b. To test the DLP compression techniques,
two cases are considered: i) Stanford Bunny [21]; ii) Helical Gear [22]. The Stanford Bunny has smoother changes
between the consecutive layers as it is an organic model and it is one of the most popular benchmarks in Computer
Graphics. On the other hand, the Helical Gear is a mechanical part and has more considerable shape change between
the layers. Fig. 5 illustrates the rendered images of these STL models. Hence, a sequence of bitmap images for the
cross-sections at equally spaced distances are generated for both models with the utilization of B9Creator Utility
Software. Table 2 illustrates the basic attributes of the binary images used in the test cases.
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Statistical analysis (on RLE sequences) for each test case is first conducted to investigate the influence of the
XOR operation. Figs. 6-7 illustrate the frequencies of “count” values for each test case. As can be seen, the XOR
operation shifts the probability density of counts (i.e. frequencies) in favor of small numbers (as defined in Section
3.3).
Table 1. Python decoder script for the X.R.1.1 algorithm.
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Fig. 4. Binary tree representation of traditional techniques where each branch denotes a different variation in the method.

Figs. 6 and 7 demonstrate a clear change in the populations of “short” and “medium” integers. Since the frequency
of short/medium integers increases, the VBLE (or entropy-based encoding) becomes more effective owing to the
fact that one can represent them with shorter bit-lengths. XOR operation seems to yield a much significant change in
probability density in the Stanford Bunny case as the transitions among layers are apparently much smoother if
compared to the helical gear topology. That is, some significant changes can occur throughout the entire (outer) gear
profile due to the small angular rotation associated with each tooth at every layer. Note that the delta encoding (or
differencing) is known to be more effective on the “smooth” sequences than the ones exhibiting wild fluctuations
[13]. Hence, the improvement due to delta-encoding is closely coupled to the topology of the model at hand.
Evidently, the compression performances are evaluated. The results are presented in Tables 3 and 4. As can be
seen, the algorithm X.R.1.1 yields the best performance among all the proposed methods and outperforms almost all
traditional ones. In terms of compressed binary images, this technique yields remarkable compression ratios: 9.45:1
(Stanford Bunny) and 8.13:1 (Helical Gear). Note that the methods starting with the letter N are shown to be not as
efficient as their counterparts (i.e. the ones with the prefix X) in terms of the compacted code size. However, since
these methods (N.R.0.1 and N.R.1.1) do not conduct any XOR operation sequentially on the binary images, any
image could be generated in an arbitrary order using these techniques.
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Table 2. Properties of the bitmap images for the test cases.
Stanford Bunny
Image Size [pixel × pixel]

Helical Gear

1920 × 1080

Number of BMP Images in Sequence

1196

283

Overall (Binary) BMP Image Size [MB]

295.64

69.96

LZ77-compressed BMP Images [MB]

10.96

4.23

B9Creator File Size [MB]

2.86

2.40

10 mm

Fig. 5. Rendered images of Stanford Bunny and Helical Gear
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Fig. 6. Statistical information on the RLE data for the “Stanford Bunny” test case
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Fig. 7. Statistical information on the RLE data for the “Helical Gear” test case.

Table 3. Image compression results [MB] for the proposed paradigms.
Stanford Bunny

Helical Gear

*.0

*.1

*.0

*.1

NR.0 (32-bit)

5.92

1.92

5.42

1.83

NR.1

2.70

1.34

2.12

1.39

XR.0 (32-bit)

6.39

1.52

2.52

0.66

XR.1

2.26

1.16

0.88

0.52

Table 4. Image compression results [MB] for the traditional approaches.
Stanford Bunny

Helical Gear

*.H.0

*.H.1

*.A.0

*.A.1

*.H.0

*.H.1

*.A.0

*.A.1

N.2

85.39

2.76

46.33

5.63

21.95

2.06

14.73

3.98

N.4

21.81

1.75

12.38

2.79

5.88

1.30

4.29

1.94

X.2

74.32

2.11

1.64

1.46

17.65

0.82

0.67

0.52

X.4

19.00

1.44

1.16

1.09

4.57

0.57

0.47

0.43

With respect to the traditional techniques, delta-encoding and bigger window size increase the compression ratio
while the performance of the method X.4.A.1 incorporating AC surpasses all of the techniques considered. Despite
its minor advantage (in data compaction achieved) over X.R.1.1, the implementation of the method X.4.A.1 (both as
encoder and decoder) is more complex than its counterpart and demands more resources in terms of processing
power and memory capacity.
Four more cases are tested to highlight the performance of the proposed image compression scheme (i.e.
X.R.1.1). These test cases are shown in Fig. 8, while the results are tabulated in Table 5. As can be inferred from the
table, the proposed method exhibits outstanding performance in these challenging cases as well.
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Cube Lattice [23]

Cylinder Lattice [24]

Dimetrodon [25]

Trabecular [26]

Fig. 8. Additional test cases.
Table 5. Summary of the results for the additional test cases.

Cube Lattice
Cylinder Lattice
Dimetrodon
Trabecular

Feature Size
X× Y× Z
[mm]
47.2 × 47.2 × 47.2
100 × 20 × 20
92.7 × 29.3 × 41.3
58.6 × 29.3 × 21.1

Number of
BMP Images
in Sequence

Overall (Binary)
BMP Image Size
[GB]

LZ77-compressed
BMP Images
[MB]

B9Creator
File Size
[MB]

X.R.1.1
[MB]

674
285
577
300

4.19
1.7
3.59
1.87

10.6
2.7
4.2
6.9

6.6
1.2
0.48
4.3

0.12
0.35
0.12
2.52

6. Conclusions
This paper presented a group of easy-to-implement image compression methods for DLP-type of 3D printers.
The main contribution of the paper has been the use of relative encoding among consecutive binary images through
exclusive OR operations which are not common in literature. Despite the fact that the dictionary-based compression
techniques such as LZW, LZ77 are pretty popular in data compression community, the paper has demonstrated that
with the unique combination of this new relative encoding scheme and LZ77, the size of a binary image sequence
could be radically reduced if compared to the commercial CAM software and other compression methodologies.
Apart from the outstanding image compression ratios, the proposed techniques can be easily implemented (on
hardware) due to its shear simplicity in comparison to the entropy-based encoding methods like AC. The
effectiveness of the methods has been comparatively evaluated through two different test cases. Furthermore, the
Python code for the most efficient algorithm was presented to elaborate the details of the technique. These methods
can easily be realized on single board computers with lower computational power (or on low-end FPGA-based
custom boards). When executed on such systems, there will be no need for a host PC during fabrication which is
regarded as a big disadvantage of the contemporary DLP printers. As a future work, the proposed method along with
some additional features is to be implemented on a Raspberry Pi 3 computer.
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