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IMAGE VECTORIZATION: A REVIEW

ABsTrACT. Nowadays, there exist many diffusion and autoregres-
sive models that show impressive results for generating images from
text and other input domains. However, these methods are not in-
tended for ultra-high-resolution image synthesis. Vector graphics are
devoid of this disadvantage, so the generation of images in this for-
mat appears to be a very promising direction. Instead of generat-
ing vector images directly, one can first synthesize a raster image
and then apply vectorization. Vectorization is the process of con-
verting a raster image into a similar vector image using primitive
shapes. Besides being similar, the generated vector image is also
required to contain a minimal number of shapes for rendering. In
this work, we focus specifically on machine learning-compatible vec-
torization methods. We consider Mang2Vec, Deep Vectorization of
Technical Drawings, Diff VG, and LIVE models. We also provide a
brief overview of existing online methods. We also recall other al-
gorithmic methods, Im2Vec and ClipGEN models, but they do not
participate in the comparison, since there is no open implementa-
tion of these methods or their official implementations do not work
correctly. Our research shows that despite the ability to directly
specify the number and type of shapes, existing machine learning
methods take a very long time and do not accurately recreate the
original image. We believe that there is no fast universal automatic
approach and human control is required for every method.

§1. INTRODUCTION

In computer graphics, two main approaches for image representation
coexist. While a bitmap image is a matrix of pixels, a vector image is a
sequence of shapes drawn on a canvas. Raster graphics are commonly used
for complex images containing a large number of visual details and complex
color transitions. Most often these are photos and photorealistic drawings.
At the same time, vector images consist of shapes that typically have a
constant one-color fill. This results in the simplicity and abstractness of
the resulting image. Therefore, the primary domains of vector graphics
are icons, logos, simple illustrations, and fonts. Vector images are easily

Key words and phrases: vector graphics, image vectorization, computer vision.

6



IMAGE VECTORIZATION: A REVIEW 7

embedded in HTML markup, and a crucial requirement is the small size of
the code describing them for fast data transfer to the user and subsequent
rapid rendering. The most popular vector format is SVG, which defines a
vector image as a tag sequence using XML markup. Each tag can use XML
attributes to specify the shape color characteristics and transformations.
Using this markup, a renderer program draws an image consisting of the
specified figures. Thus, the task of vectorizing a bitmap image is similar
to the task of obtaining a sequence of shapes and their parameters that
together form the original raster image.

In 2014, generative adversarial models [9] became the best machine
learning algorithms for image synthesis. Since then, image synthesis has
become an important part of digital art, data augmentation techniques,
design, fashion, and several other domains. Currently, the image generation
task is solved with deep generative models based on diffusion models [24,25]
and autoregressive models [7,35].

Modern generative methods have recently achieved significant success
in the raster domain. However, despite these approaches being designed
to generate highly realistic images in different styles from input text, the
resulting images do not have a high resolution; usually, it is less than
2048x2048 pixels. This, however, it not enough for logos, covers, and for
printing. In these domains, vector graphics are standard.

One of the ways to obtain such images is to use vector graphics in-
stead of raster graphics. Notably, little research is being done in vector
image generation [1,4,5,8,11,19,26,32]. The creation of vector images is
still done by humans, but working with vector image code is not an easy
task. Therefore, the ability to generate such images automatically with a
minimal number of post-processing steps is a highly relevant task.

A possible solution for obtaining a vector image is the vectorization of
raster images. It may also allow one to enrich vector datasets that are
required for training vector image generation algorithms, but the size of
which is still insufficient in comparison with bitmap image datasets.

Existing image vectorization methods can be divided into two cate-
gories: algorithmic and machine learning-based methods. Algorithmic ap-
proaches have recently been reviewed in [31]. The authors classify vector-
ization methods into mesh-based and curve-based. Mesh-based methods
split the image into non-overlapping 2D patches and interpolate colors
across them. The patch shape can be triangular [10, 18, 38], rectangu-
lar [15,21,29], or even irregular, for example, in the form of Bézigons,
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closed regions bounded by Bézier curves [16,30,34], and the patch vertices
or interior can store color and other attributes. Curve-based methods are
based on diffusion curves, which are Bézier curves with colors defined on
their left and right sides. Color discontinuities can be modeled by diffusing
the colors from both sides of the curves to create the resulting image. For
smooth edges, the diffusion process might be followed by a blurring phase.
There are different formulations of diffusion curves to work with: basic and
harmonic [2,12,37], and biharmonic [33] as well.

Although several vectorization methods exist, no decent comparison has
been made to the best of our knowledge. In this work, we focus on machine
learning-compatible image vectorization methods. We aim to classify and
compare them using different evaluation criteria. The main comparison
criteria of vectorization methods are: (1) similarity to the original bitmap;
(2) simplicity or complexity of the resulting image including the number
of shapes and their parameters; (3) generation speed; (4) versatility, i.e.,
the ability to generate a fairly accurate copy of the input image without
prior model training; (5) human control to adjust hyperparameters.

The contributions of this paper include an overview of machine learning-
compatible vectorization methods and a comparison of their performance.

§2. MACHINE LEARNING-COMPATIBLE METHODS

2.1. DiffVG. The work presenting the Diff VG method [17] provides ground-
ing for machine learning-based vector image generation methods since it
implements a differentiable vector image rasterization function linking the
vector and raster domains. A raster image can be vectorized with DiffVG
by fitting a predefined number of randomly initialized Bézier curves to the
target image, see Fig. 1. Optimization can be performed by minimizing the
Lo loss between a raster and rasterized vector images or a deep-learning-
based perceptual loss [36].

The authors also propose a simple variational autoencoder [13] for vec-
torizing MNIST digits images [3]. The encoder convolves the input raster
image into a latent space, a vector image is synthesized from the embed-
ding, then the input and synthesized images are compared using the pro-
posed rasterization function. The resulting images are inaccurate because
each character is represented by several curves that look like an artist’s
strokes. The results do not exactly match the original images even for such
a simple dataset as MNIST.
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Figure 1. Iterative vectorization using the DiffVG
method. Each generated image has 62 paths, and the same
number of paths is used in the original vector image.

Another feature of this method is also worth mentioning. The running
time of the rasterization algorithm significantly depends on the size of
the output image. However, output size reduction results in the loss of
important image details. This problem arises due to the nature of vector
images. By analogy with decreasing the size of raster images, this leads to
the loss of image details, and the same effect occurs when the number of
paths is reduced in vector images.

2.2. Im2Vec. The Im2Vec work [23] offers a model for image vectoriza-
tion and interpolation. Its architecture is based on the variational autoen-
coder (VAE) [14] proposed in Diff VG. The model maps an input raster
image into a latent space and then generates a similar vector image. While
training, to compare the generated vector image with the input raster
image the vector image is rasterized using a differentiable rasterizer.

In the paper, the authors propose a new way of generating closed shapes.
Initially, a circle is sampled for every shape, and then, based on the latent
vectors of the shapes generated with LSTM, the circle is deformed.

Since the difference between the target and output images is significant
at the beginning of training, the authors suggest using a multi-resolution
loss. They propose to rasterize images in different resolutions, thus building
a pyramid of images, with the loss function being calculated for every layer.
The total multi-resolution loss to be optimized is

L
Erwp Y lpyri(I) = O,
=1

where L is the number of pyramid levels, pyr;(I) is the I-th pyramid level,
Oy is the output rasterized at the corresponding spatial resolution, and D
is the training dataset.
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Unfortunately, the results can hardly be reproduced using the official im-
plementation. During the first 700 epochs of training on the emoji dataset,
which was collected and published by the authors, the generation result
had no changes and consisted of a single point in the center of the image.
We have also noticed that the shapes’ colors are fixed in the implementa-
tion, i.e., no separate color generation can be performed, so we have added
a separate LSTM model for predicting the colors of shapes. However, even
after resolving issues to their implementation, the authors themselves point
out that color prediction causes instability during generation.

Thus, this work cannot be considered as a universal model for vector-
izing any image, because: (1) it must be pretrained on a large number of
vector images, which are hard to obtain; (2) the shortcomings we have dis-
cussed above are likely to lead to learning instability providing resulting
images of poor quality.

2.3. LIVE. The work [20] introduced the LIVE vectorizer. LIVE is a
logical continuation of the iterative method proposed in Diff VG. However,
LIVE does not operate with all shapes simultaneously from the first itera-
tion. Instead, it gradually adds one or more shapes to the canvas layer by
layer and then performs an optimization step.

Unlike DiffVG, LIVE operates only with closed shapes consisting of
cubic Bézier curves. There is an issue that some of them may become
self-intersecting during optimization, which results in undesirable artifacts
and incorrect topology. Although additional paths could cover artifacts,
it would complicate the resulting SVG making it impossible to effectively
investigate the underlying topological data. The authors discovered that a
self-intersecting path always intersects the lines of its control points, and
vice versa, assuming that all of the Bézier curves are of the third order.
Therefore, the authors introduce a new loss function (Xing-loss) designed
to solve this self-intersection problem. The fundamental idea is to only
optimize the case when the angle of the curve is 180°degrees. In other
words, the authors urge the angle between the first and last control points
connections to be greater than 180°in a cubic Bézier path. This loss acts
as a regularizer on self-intersection, and its formal definition is

Lxing = D1(ReLU(—=D2))(1 — D1)(ReLU(Dy)),

where D; is a characteristic of the angle between two segments of a cubic
Bézier path, and D = sin « is the value of that angle.
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Figure 2. Iterative vectorization using the LIVE method.

To make each path responsible only for a single feature of the image,
the authors introduce the Unsigned Distance guided Focal loss (UDF loss)
as well; it treats every pixel differently depending on how close it is to the
shape contour. According to intuition, the UDF loss amplifies differences
near the contour and suppresses differences in other areas: LIVE weighs
an Lo reconstruction loss by the distance to the nearest path. By doing
this, LIVE defends against the mean color problem caused by MSE and
preserves accurate color reconstruction:

w><h A
Lupr = 5 Zd/z —I.)%,
c=1

where [ is the target image, I is the rendering, ¢ indexes RGB channels
in I, d is the unsigned distance between pixel ¢ and the nearest path
boundary, and w, h are the width and height of the image respectively.

LIVE produces relatively clean SVGs by initializing paths in stages, lo-
calized to poorly reconstructed, high-loss regions. LIVE’s main advantage
is its ability to reconstruct an image with a user-defined amount of paths,
significantly reducing the SVG file size compared to other methods. How-
ever, it takes a lot of time to vectorize an image even on a GPU, thus this
method is hardly applicable in practice for complex images with a large
optimal number of paths. Fig. 2 illustrates the iterative process.

2.4. ClipGen. The ClipGen paper [27] proposes a method based on deep
learning for automatically vectorizing the clipart of man-made objects.
The suggested approach needs a raster clipart image and relevant object
category (for instance, airplanes). It sequentially creates new layers, each
formed by a new closed path that is filled with a single color. All lay-
ers are combined to create a vector clipart that fits the desired category
to produce the resulting image. The suggested method is built on an it-
erative generative model that chooses whether to keep synthesizing new
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Figure 3. Vectorization using the Mang2Vec method.

layers and defines their geometry and appearance. For training their gen-
erative model, the authors develop a joint loss function that includes shape
similarity, symmetry, and local curve smoothness losses, as well as vector
graphics rendering accuracy loss for synthesizing a human-recognizable cli-
part. However, ClipGen only works with a predefined number of categories,
therefore it cannot process arbitrary images.

2.5. Mang2Vec. The authors of the Mang2Vec work [28] suggest the
first method for vectorizing raster mangas by using deep reinforcement
learning. They develop an agent that is trained to generate the best pos-
sible sequence of stroke lines while being constrained to match the target
manga visual features. The control parameters for the strokes are then
collected and converted to vector format. They also propose a reward to
produce accurate strokes and a pruning method to avoid errors and re-
dundant strokes. Mang2Vec works only with black and white manga and
cannot be used with colored images.

2.6. Deep Vectorization of Technical Drawings. The paper [6] pro-
poses a technical line drawings vectorization method (DVoTD), for exam-
ple, for drawings of floor plans. The authors convert a technical raster
drawing, which is cleared of text, into a set of line segments and quadratic
Bézier curves that are specified by control points and width. They prepro-
cess the input image by eliminating noise, modifying contrast, and adding
missing pixels. Then, they divide the image into patches and calculate
the starting primitive parameters for each patch. To do this, each patch
is encoded with a ResNet-based feature extractor and decoded as feature
embeddings of the primitives using a sequence of Transformer blocks. To
train the network for primitive extraction, the following loss function is
proposed:
nprim

Z (Lcls(plmpAk) + Lloc(0k7 ek)a

k=1

o 1
L(p,p,0,0) =

Nprim
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where
Leis(pr, k) = —pr log pr — (1 — pi) log(1 — pi),
Lioe(Ok, 0) = (1= N)[|6) — Ok ll1 + A[6x6% 3,
p is the target confidence vector (all ones with zeros at the end that indicate
placeholder primitives all target parameters ), of which are set to zero).

The approximated primitives improve by aligning to the cleaned raster.
Improved predictions from all patches are combined.

§3. ONLINE VECTORIZATION METHODS

There are plenty of websites that can vectorize any raster image. Exist-
ing online methods can be free to use
(svgstorm.com, www.visioncortex.org/vtracer, vectorization.eu) or propri-
etary (vectorizer.io).

Common options provided by these methods is the selection of vec-
tor graphics output file format (SVG, EPS, PDF), color palette, and the
number of colors used. Some services allow to choose the quality of im-
age detail (Low, Medium, High), the type of shapes used (Curve Fitting
- pixel/polygon/curve), background removal, and many other actions and
parameters. These options affect the processing speed, the visual result,
and the number of shapes. The generation performance highly depends
on the resolution of the input raster image and its details complexity. On
average, the processing time of a single image is 10 seconds.

Even though they are easy to use, a lot of parameters should be fixed
by a user. It should be mentioned that the resulting image quality and its
size significantly depend on the input image quality and resolution. Low
quality results in producing images with a lot more paths that are actually
needed leading to noticeable artifacts.

One of the popular online services for vectorization is VTracer [22],
which provides many options for a user. According to its documentation,
the method first clusters the input image by hierarchical clustering and
each of the output clusters is traced into vector format. After converting
pixels into staircase-like paths, the method then simplifies the paths into
polygons and in the end smoothes and approximates them with a curve-
fitter.

We have come across the following drawbacks of this service. First,
VTracer does not work well with all image formats; for example, it pro-
duces a black background instead of a transparent one while processing
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Figure 4. VTracer vectorization and its issues with the
black background color and inaccurate vectorization of
low-quality images.

PNGs, and there are no options to change this behaviour. Second, VTracer
does not handle low-quality images well, creating many unnecessary and
inaccurate shapes. In Fig. 4, we show an example of the black background
appearance for a PNG high-quality image and the result for the same
image converted to a low quality JPG.

§4. COMPARISON

4.1. Comparison Criteria. To make a valuable comparison of vector-
ization methods, it is necessary to consider that the visual appeal and
similarity of the resulting vector image to the original raster image are not
the only important criteria. The speed of vectorization is also an important
factor.

The main advantages of a vector image are its simplicity and a small
number of shapes used. Although a vector image can contain various shapes
(circles, rectangles, paths, etc.), vectorization methods tend to generate
images using only paths. Paths themselves consist of segments (Bezier
curves, straight lines, etc.) and their number in each path should be low
as well. This is necessary both for simpler post-processing by designers
and faster image transfer to the user through the Internet with subsequent
vector image rendering.

Thus, the main five criteria for evaluating vectorization methods are:

(1) similarity to the original bitmap;
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Figure 5. Qualitative comparisons of image vectorization
results using different methods. Diff VG closed stands for
the Diff VG method with closed paths, unclosed - with un-
closed strokes. DiffVG and LIVE results for the 3 initially
vector images have the paths amount as in the original
images, for the Simple raster image 32 paths were used,
for the Medium and Hard Raster — 1024 paths. The other
methods have been run with their default parameters.

(2) the simplicity or complexity of the resulting image including the num-
ber of shapes and their parameters;

(3) generation performance;

(4) versatility, i.e., the ability to generate a fairly accurate copy of the
input image without prior model training;

(5) human control to adjust hyperparameters.
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However, taking into account all criteria at the same time is challenging
because the methods we consider have many different parameters that
affect all criteria simultaneously. Typically, by changing one parameter
one can achieve an increase in image processing speed but at the same
time reduce the quality of the resulting image.

4.2. Experimental Setup. We selected 6 images for comparison: 3 ras-
terized vector images and 3 bitmaps of different complexity. The origi-
nal target vector images before rasterization had the following number of
paths: dragon had 25, burger — 62, red landscape — 100. Ideally, vectoriza-
tion methods should create images consisting of an approximately similar
number of paths in a short period of time. At the same time, it is hard
to expect vectorization methods to account for every image detail on an
original raster image, as an over-detailed vector image does not satisfy
the simplicity criterion of having a relatively small number of paths. It is
also desirable that simple monochrome patches should be decorated with
a minimum number of shapes and the image subject should not be lost.

We compare the following methods (with publicly available implemen-
tations): Mang2Vec, Deep Vectorization of Technical Drawings (DVoTD),
iterative Diff VG, and LIVE, together with online methods. The following
models are not included in the comparison:

(1) Im2Vec [23], because we could not confirm in practice the results de-
scribed in the paper, and it also requires additional significant pre-
training for processing relatively diverse images;

(2) ClipGEN [27], because the model is limited to the set of predefined
classes and there no publicly available implementation for it;

(3) VAE and GAN introduced in Diff VG [17], because they also require
additional pretraining; also, even on such a simple dataset as MNIST
we found their results unsatisfactory;

(4) algorithmic methods, since we found no implementations publicly avail-
able.

Figure 5 contains the original images and their vectorized versions using
different methods reviewed in this work.

Our experiments have proven that the Mang2Vec and DVoTD mod-
els are not sufficiently versatile since they are capable of processing only
black-and-white images. At first glance, Mang2Vec vectorizes the image
well, but its significant drawback is the use of a very large number of
shapes: for instance, the “burger” image on the last 5th iteration had 3065
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paths and the “dragon” image on the 20th iteration had 16600 paths. Also,
the method adds many <clippath> and <circle> tags, which seems use-
less. The method uses image splitting into patches and performs a separate
vectorization of each patch, which is acceptable when processing detailed
manga images. However, a large monochrome space becomes divided into a
large number of shapes, which is unacceptable. In the Mang2Vec method,
the user can specify a different number of iterations, but if one sets a small
number, the boundaries of patches that the image is divided into become
clearly visible. Since Mang2Vec automatically resizes input images to res-
olution 4096x4096, its working time is constant and equals 157 seconds.

Deep Vectorization of Technical Drawings (DVoTD) was meant to be
able to use either quadratic Bézier curves or straight lines. We managed to
run the method for curves, but the implementation of the second method
(straight lines) is imperfect and the code is likely to contain some issues
that lead to a crash during execution, which we could not fix. The method
struggles to fill in contours with a solid color, as it was originally made to
generate black stroke lines. We ran the method with default parameters
and, for instance, the “dragon” image had 132 paths. The running time of
the 270x480 image was 142 seconds, 373x405 — 179 seconds, 582x496 — 273
seconds.

Vectorization by the Diff VG iterative method can be done in two ways:
generating images consisting of curves and of closed shapes. The approach
is simple and quite effective, but it produces many artifacts with shapes
that the method apparently attempts to hide, but it fails to succeed. In
addition, the reconstruction of absolutely exact visual copies of the original
vector images cannot be obtained even using a large number of paths (1024
shapes).

Different renderers convert a vector image to a bitmap in different ways.
For example, images generated by Diff VG and LIVE will look inaccurate
and careless when they are rendered by InkScape. This behavior occurs
due to the fact that these images contain curves protruding beyond the
edges of the viewBox attribute, and InkScape displays them instead of
cropping them. At the same time, other renderers, for example, the one
in the Google Chrome browser, process images correctly without extra
curves that remain beyond the viewBox. However, these curves are still a
problem, since they are superfluous and they create additional artifacts in
the image code and unnecessarily enlarge it.
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The LIVE method iteratively adds a layer consisting of one or more
shapes specified by the user to the image and optimizes the resulting image.
In addition, the number of image processing iterations after applying each
layer should be specified manually. LIVE sets the number of iterations
to 500 by default, but we noticed that after about 200 iterations, the
image almost does not change, so we used this value in our experiments.
In the optimization process, LIVE uses the Diff VG rasterizer to convert
the current vector image into a raster image and compare it with the
target image. Rasterization is performed by default at the same resolution
as the target image, but for large resolutions it is computationally time-
consuming. For example, for a resolution of 1080x1920, processing the first
layer in 200 iterations on the Nvidia RTX 3090 Ti GPU took 212 seconds,
then by the 10th layer processing of one layer reached 244 seconds. Finally,
processing of 28 layers took almost 2 hours. Therefore, we decided to pre-
scale raster images so that their maximum side does not exceed 512 pixels.
At the same time, it is worth noting that this approach carries the risk of
losing details in the image. With this approach, the processing of the first
layer took 16 seconds, but by the 10th layer, the processing time of one
layer was 40 seconds. The total processing time of 46 layers took about
32 minutes. When limiting the maximum image side to 256 pixels, the
processing time of the first layer was 6 seconds, and overall 32 layers were
processed in 22 minutes. We note that the processing time is also affected
by the number of shapes in each layer. In our experiments we used less
than 7 shapes in each layer only for the first 5 layers, after that we used
7, 10, 20 or 30 shapes per layer, gradually increasing the number.

LIVE creates the most accurate images among the ML methods. How-
ever, the most significant disadvantage of this method is a very long image
processing time, which depends on the number of layer additions, the num-
ber of iterations of processing each layer, the dimensions of the image for
which intermediate rasterization is performed.

It is worth noting that Diff VG also has problems with long intermediate
rasterization; however, it is less noticeable due to the lower total number
of iterations. The resulting Diff VG and LIVE processing times are shown
in more detail in Table 1 and Table 2.

The requirement of Diff VG and LIVE models to directly control the
number and type of applied shapes represents, on the one hand, their
advantage, but on the other hand, since there are no good models for
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Table 1. Running time of the DiffVG iterative algorithm
at different startup parameters on an NVIDIA RTX
3090Ti GPU. Total iterations number is 500. There are
no significant perfornmance differences between methods
with closed and unclosed paths.

Resolution | Total paths | Time (sec)
512x512 16 47
405x373 62 48
496x582 25 56
512x512 32 56
512x288 256 143
512x381 256 186
512x288 512 216
512x381 512 280

1920x1080 32 296
1920x1080 64 319
1920x1080 100 349
512x288 1024 389
1920x1080 256 435
512x381 1024 446
1920x1432 256 582
1920x1080 512 583
1920x1432 512 770
1920x1080 1024 837
1920x1432 1024 1099

determining the required number of shapes, automatic vectorization of a
large set of varied raster images becomes almost impossible.

The online methods we have found show the best quality of image vec-
torization. However, this is achieved by using a large number of shapes, and
their number can only be controlled indirectly by specifying the number
of available colors. The results are presented in Table 3.

However, none of the considered methods could recreate exact copies
using such a number of shapes.
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Table 2. Running time of the LIVE algorithm with differ-
ent startup parameters on an NVIDIA RTX 3090Ti GPU.
Each layer is processed for 200 iterations.

Resolution Layers schema Layers | Paths | Time (s)
256x256 4x1 4 4 33
256x256 8x1 8 8 77
256x218 1,2,3,4,5x3 7 25 78
256x256 16x1 16 16 158
235x256 1,3,5x2,7x7 11 62 162
144x256 1,3,4,5,7,10x8 13 100 169
256x218 256x1 25 25 278
256x256 32x1 32 32 423
235x256 62x1 62 62 945
144x256 100x1 100 100 1231
471x512 1,3,5,7,10x24 28 256 1448
190x256 | 1,3,5,7,8,10x2,20x4,30x30 41 1024 2332
256x218 1,3,5,7,8,10x2,20x4,30x30 41 1024 2490
288x512 1,3,5,7,8,10x2,20x4,30x30 41 1024 3197
471x512 1,3,5,7,8,10x2,20x4,30x30 41 1024 3891

1080x1920 1,3,5,7,10x24 28 256 7150

Table 3. Classification and comparison of vectorization
methods. "ML’ means machine learning, ’DL’ means deep
learning, and '"RL’ means reinforcement learning.

Method Approach Code | Versatility Speed # of figures

DiffvVG ML: Iterative + + Low User-defined

Im2Vec ML: VAE + - Pretrain needed | User-defined

LIVE ML: Iterative + + Very low User-defined

ClipGEN | ML: Iterative+DL - - Pretrain needed | User-defined

Mang2Vec ML: RL + - Medium Many

DVoTD ML: DL + - Medium Many

VTracer Algorithmic, online + + Very High Medium

§5. CONCLUSION

In this work, we have shown that current image vectorization methods
are difficult to use in practice. Online methods without manual hyperpa-
rameter tuning create images containing a large number of paths, which
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increases the amount of used memory, and design refinement becomes a
time-consuming task. All existing machine learning-compatible methods
also require human control and adjustment of the number of iterations for
the method, output vector image parameters, etc. The Im2Vec model is
not capable of storing and generating complex images and is not a univer-
sal vectorizer that could create a vector counterpart for any input image.
The LIVE method is the only universal model that allows the user to con-
trol the number of drawn shapes; however, due to the use of an iterative
approach, generating a single image takes a huge amount of time.

According to our measurements, Diff VG is the fastest among ML meth-
ods without much loss in quality. However, a large number of paths are
required for high-quality results. At the same time, LIVE is able to get to
roughly equivalent quality using fewer shapes. However, the main problem
with the LIVE method is its overly long running time.

In general, it is perhaps best to use online methods, but they do not
allow the user to adjust the number of applied shapes.

To summarize, vectorization methods still inevitably come with a trade-
off between image quality, path number, segment number, closed or not
paths are, number of iterations, and running time.
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