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Abstract

Pre-training is a strong strategy for enhancing visual
models to efficiently train them with a limited number of
labeled images. In semantic segmentation, creating annota-
tion masks requires an intensive amount of labor and time,
and therefore, a large-scale pre-training dataset with se-
mantic labels is quite difficult to construct. Moreover, what
matters in semantic segmentation pre-training has not been
fully investigated. In this paper, we propose the Segmen-
tation Radial Contour DataBase (SegRCDB), which for the
first time applies formula-driven supervised learning for se-
mantic segmentation. SegRCDB enables pre-training for
semantic segmentation without real images or any manual
semantic labels. SegRCDB is based on insights about what
is important in pre-training for semantic segmentation and
allows efficient pre-training. Pre-training with SegRCDB
achieved higher mIoU than the pre-training with COCO-
Stuff for fine-tuning on ADE-20k and Cityscapes with the
same number of training images. SegRCDB has a high po-
tential to contribute to semantic segmentation pre-training
and investigation by enabling the creation of large datasets
without manual annotation. The SegRCDB dataset will be
released under a license that allows research and commer-
cial use. Code is available at: https://github.com/
dahlian00/SegRCDB

1. Introduction
Preparing a semantic segmentation dataset requires

pixel-level, dense annotation, and therefore, creating a fully
annotated dataset incurs a huge amount of effort. For a
dataset such as Cityscapes [7], around 90 minutes per image
is required for pixel-level annotation. This makes it difficult
to create a large semantic segmentation dataset.

To perform training with a limited dataset, using a pre-
trained model with a large-scale image dataset is a promis-
ing method for enhancing network performance in terms of
recognition accuracy. The use of a model pre-trained on a
larger-scale image dataset has become a standard approach.
Undoubtedly, ImageNet [8] is one of the de-facto-standard
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Figure 1. Segmentation Radial Contour DataBase (SegRCDB).
We developed the first formula-driven supervised learning (FDSL)
method for semantic segmentation. We created a precise pixel-
wise ground truth mask without manual effort.

datasets, even in the semantic segmentation field. However,
ethical issues have been reported in terms of dataset biases
and privacy violations [24, 40, 41]. There have also been re-
ports [42, 34] that one of the most frequently used segmen-
tation datasets (Microsoft COCO [18]) also raises concerns
regarding transfer learning due to ethical issues.

To overcome these technical (manual annotation) and
ethical (fairness and dataset transparency) problems, a syn-
thetic dataset can be implemented to construct a pre-trained
segmentation model. Synthetic datasets for semantic seg-
mentation have been created for specialized use in certain
domains [27, 29, 22]. However, even though the annota-
tion time is reduced, McCormac et al. reported that it took
up to approximately one month using 4-12 GPUs to pro-
duce a 5M-image dataset [22]. For automatic dataset cre-
ation, we must define a 3D scene design that includes object
categories and positional content, and consider the camera
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trajectory. There is still potential for more efficient devel-
opment of synthetic segmentation data that is applicable to
general domains.

However, there has not been enough research to deter-
mine what factors are effective in pre-training semantic seg-
mentation. It is not clear which dataset parameters are use-
ful for pre-training semantic segmentation, such as the num-
ber of classes and the presence of occlusions. Identifying
these critical parameters will allow us to build a synthetic
dataset that is more efficient for pre-training semantic seg-
mentation.

Formula-driven supervised learning (FDSL) [14] has
been proposed and improved in the context of visual rep-
resentation learning without real images. FDSL enables
the automatic construction of large-scale image datasets
through simultaneous image and label generation based on
a simple mathematical formula. It was reported that the im-
age dataset, which consists of complicated contours (e.g.,
Radial Contour DataBase; RCDB), allows effective image
classification [12]. The object contours are mainly captured
in the pre-training phase, and the visual representation is
transferred to determine object categories in a real image.
The FDSL framework has not been applied to acquiring a
visual representation for semantic segmentation.

In this paper, we propose the first formula-driven su-
pervised learning for semantic segmentation and create the
SegRCDB dataset. We assume that a model pre-trained us-
ing radial contours can further improve the recognition abil-
ity of semantic segmentation since semantic masks are as-
signed to radial contour areas. To take advantage of making
image patterns and ground truth masks based on a simple
equation without real-image collection or manual annota-
tion, we thoroughly investigated the effectiveness of differ-
ent configurations (e.g., occlusion between objects, types of
mask annotation) in pre-training. The SegRCDB will con-
tribute to semantic segmentation tasks and reduce the time
and effort required to create ground truths for large-scale
image datasets.

The main contributions of this study are as follows:

• We developed the first FDSL method for semantic seg-
mentation. We created a precise pixel-wise mask (Fig-
ure 1) without any manual effort.

• We investigated what elements are effective for im-
proving the accuracy in pre-training for semantic seg-
mentation, and created SegRCDB based on the results.

• Our SegRCDB has great potential for effectively pre-
training a semantic segmentation model based on a
massive amount of pixel-level ground truth. The pro-
posed method performed better than the COCO-Stuff-
164k baseline (e.g., 43.39 vs. 43.85 mIoU on ADE-
20k) and the GTA5 baseline (e.g., 71.00 vs. 73.06
mIoU on Cityscapes).

2. Related Work
Here, we will limit the discussion to studies that are

closely related to our proposed method.
Semantic segmentation. The earlier semantic segmen-
tation models were implemented on CNN backbones and
their heads [20, 2, 28, 5, 9]. In semantic segmentation
tasks, we must effectively acquire context information and
perform precise labeling for a whole image. This property
is inherited by Transformer models [33, 37, 11, 19]. In par-
ticular, Swin Transformer [19] is frequently used as a strong
baseline model due to its ability to capture spatial features.
We also employed the Swin Transformer model in the ex-
periments described in this paper.
Automatic/semi-automatic segmentation pre-training.
One way to reduce annotation costs in semantic segmen-
tation is by generating synthetic images and/or assigning
ground truth masks. Previous studies have shown the effec-
tiveness of increasing the ground truth by a pseudo-labeling
technique [46, 45, 30, 43, 17], active learning [36, 31, 25]
or by creating synthetic data and ground truth labels [16].
However, these techniques may produce a biased dataset
with the dominant class or images when real images are
used. Synthetic datasets also contribute to pre-training
methods such as GTA5 [27] and SYNTHIA [29]. Large-
scale synthetic datasets for semantic segmentation decrease
the manual annotation time, but they still need to create and
define models and environments.
Ethical issues with image datasets. Large-scale datasets
have been reported to have ethical issues. For semantic seg-
mentation, COCO-Stuff [4] is one of the largest datasets,
and it contains 164k images from the COCO dataset. How-
ever, it has been reported that there are biases in the COCO
dataset in relation to gender and race [42, 34]. Even the
de-facto standard ImageNet dataset is associated with fair-
ness and privacy problems due to biased inputs and human-
related images [24, 40].
FDSL. To overcome dataset-related problems with real
images, formula-driven supervised learning (FDSL) pre-
training methods have been developed [14]. In FDSL, a
simple mathematical formula (e.g., fractals [14, 1, 23, 12],
tiling patterns [13], and contours [12]) allows automatic
generation of image patterns and their training labels at the
same time. This framework makes it possible to create
large-scale pre-training datasets without any real images.
Recent studies have verified that a mathematical formula
can be used to pre-train models for video [15] and 3D ob-
jects [39, 38]. Moreover, Kataoka et al. [12] revealed that
an image dataset consisting of complex contours (e.g., Ra-
dial Contour DataBase; RCDB) was very effective at pre-
training models for image classification. We believe that
RCDB is also effective for semantic segmentation because
a model pre-trained using RCDB can acquire accurate ob-
ject contours. Past studies (e.g., [3, 32]) have reported that
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recognizing boundaries is important for semantic segmen-
tation, and is also significant in segmentation pre-training.

3. Investigation Policy for Semantic Segmenta-
tion Pre-training

In this section, we present a framework for investigating
what is most important for improving the pre-training ac-
curacy for semantic segmentation without relying on a col-
lection of real images. We first describe our investigation
policy involving seven factors to be parameterized when
synthesizing a dataset based on a formula-driven approach
and then propose a simple yet effective method for dataset
synthesis as well as a pre-training method that enables us
to empirically investigate the effectiveness of each factor.
For synthetic image generation using a formula-driven ap-
proach, we can create clear patterns and perfect semantic
labels to easily analyze disassembled components in pre-
training for semantic segmentation. We are the first to pro-
pose a pre-training method for semantic segmentation with
the formula-driven supervised method.
Setting. This paper considers the setting where a train-
ing dataset for semantic segmentation consists of pairs of
images and ground truth masks. Specifically, a dataset
is given by D = {(xi,mi)}Ni=1 where xi is an image,
mi is a ground truth mask, and N is the number of im-
ages. Each pixel in a mask mi represents a category la-
bel c ∈ {0, 1, 2, · · · , C} for its corresponding pixel at xi,
where C is the number of object categories. c = 0 is used
to indicate the background.

We assume that an image xi is composed of Mi individ-
ual object instances {oj}Mi

j=1 and a background, where the
instances are ordered from the back to the front, i.e., o1 is
the backmost instance and oMi is the frontmost instance.
Each instance has a category label cj and a binary mask
bj ∈ {0, 1}W×H that describes the pixel-level appearance
of the instance, where W and H are the image width and
height, respectively. Under this assumption, the mask mi is
obtained by

[mi]p,q = cj∗ , j∗ = max({j : [bj ]p,q = 1} ∪ {0}) (1)

where [·]p,q indicates the element at pixel position (p, q)
within the image. The max operation in Equation (1) is
used to consider partial occlusion of instances, so that only
the frontmost category label is observable. Note that c0 = 0
is used for the background.
Investigation policy. In the above setting, the number of
training images N is often important for improving the
pre-training performance, and many previous studies have
shown the effectiveness of large-scale datasets of real im-
ages [18]. However, the effects of other factors such as
the number of instances Mi have been rarely investigated.
When pre-training neural networks with synthesized im-
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Figure 2. Radial contours. An image xi is composed of multiple
radial contours. The radial contours Rj are placed at positions pj .
Each radial contour is an object made by superimposing polygons
{Pk}Kk=1.

ages, what factors improve the performance? To answer
this question, we consider the following factors:

(F1) Number of instances. How many instances should
we have in one image? As the number of instances
increases, the segmentation task becomes difficult to
solve. We investigate the optimal task difficulty for
pre-training in terms of the number of instances Mi.

(F2) Mask accuracy. How accurate should masks be? We
investigate the effects of fine-to-coarse masks for mi.

(F3) Colors. Are colors necessary? We investigate whether
the color channels of xi help improve the results.

(F4) Occlusion. Does partial occlusion of some instances
boost performance? We investigate how overlap be-
tween instances affects pre-training.

(F5) Instance shapes. How complex should the instance
shapes be? We investigate the necessary complexity
of the boundary shapes for instances oj as well as the
optimal line width and number of polygons in each
instance for pre-training.

(F6) Number of categories. Do we need various cate-
gories? We investigate the importance of the number
of categories C, which corresponds to the number of
channels for the masks.

(F7) Number of images. Is increasing the number of im-
ages the only way to improve pre-training accuracy?
Finally, we compare the importance of increasing the
number of images N with the other factors.

4. SegRCDB
Based on the Section 3, we propose SegRCDB, a dataset

of synthesized images and masks for pre-training semantic
segmentation networks. The dataset is designed to enable
us to control the seven factors (F1)-(F7). In the following,
we describe how SegRCDB, DSegRCDB = {(xi,mi)}Ni=1 is
constructed.
Instances. To control the complexity of instance shapes, we
use radial contours, the polygonal objects proposed in [12],
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Figure 3. Examples of images used in the investigation.

for object instances {oj}Mi
j=1. More specifically, an instance

oj is given by

oj = (Rj ,pj , cj) (2)

where Rj is a radial contour, pj is the position in the image,
and cj is the category label. Here, a radial contour Rj ⊂ R2

is a 2D object made by superimposing polygons as Rj =
∪K
k=1Pk where Pk is a skeleton polygon (e.g., a triangle)

and K is the number of polygons. As shown in Figure 2, an
image xi is composed of Mi radical contours. Please refer
to [12] for the detailed definition of each instance Rk.
Number of instances. The number of instances per im-
age M (F1) is treated as a hyper-parameter by assuming
Mi = M for all i = 1, 2, · · · , N . In the experiments, M is
chosen from {1, 2, 4, 8, 16, 32, 64}. Some example images
are shown in Figure 3a.
Masks. We introduce three types of masks in a fine-to-
coarse manner for the investigation of (F2). The first mask
m1

j is the finest mask, which is the mask over skeleton lines
obtained by the following two steps. First, binary masks bj
are synthesized by rendering a radial contour Rj as a binary
image, i.e., by rendering white lines on a black background
using the same method as that for synthesizing color im-
ages. Second, masks are computed using Equation (1). The
second mask m2

j is a ring mask obtained by filling the re-
gion between the first polygon R1 and the final polygon RK

with a value of 1. The third mask m3
j is the coarsest mask

obtained by filling the region inside RK with the value of 1.
Examples of these masks are shown in Figure 3b.
Colors. To render instances {oj}Mi

j into an image xi, we
introduce coloring methods. Specifically, we use either of
two methods for the investigation of (F3). The first method
attaches a random color to each instance oj , where RGB
color values are sampled from the uniform distribution over

{0, 1, · · · , 255}. The second method ignores colors and
renders all instances in white. The background color is fixed
to black for both methods. Example images are shown in
Figure 3c.

Occlusion. Occlusion is introduced for the investigation of
(F4). We generate occlusion by changing the position of
polygons. The center position of the polygon is adjusted to
{100, 200, 300, 400, 512} pixels, centered on the image.
Some images with different occlusion levels are shown in
Figure 3d. The smaller the value of r, the more polygons are
concentrated in the center and the more occlusions occur.

Instance shapes. The number of polygons per instance K
(F5) is treated as a hyper-parameter. Some images with dif-
ferent numbers of polygons are shown in Figure 3e. The
line width d is chosen from {1, 2, 3} pixels.

Categories. The category (F6) is determined by the number
of vertices, the radius, a resizing factor, and Perlin noise.
Please refer to [12] for details. The parameter of the number
of categories C is chosen from {64, 128, 255, 500}. Some
example images are shown in Figure 3f.

Number of images. The number of images N (F7) is also
treated as a hyper-parameter.

5. Experiments

In this section, we evaluate the pre-training effects on
SegRCDB from multiple aspects. Especially, we follow the
investigation policy described in Section 3. At the begin-
ning of this section, we present results for factors (F1) to
(F7). Based on the investigation, we build SegRCDB with
the best parameters for each element and evaluate its per-
formance compared to representative datasets.
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Table 1. Baseline parameter set (see Section 3 for detailed param-
eter descriptions).

Baseline parameter

Line width (d) 1.0
Number of polygons (K) {1, 2, 3,...,50}
Occlusion (r) 512
Color Grayscale
Number of categories (C) 255
Number of images (N ) 20k

𝑚!

𝑚"

𝑚#

Figure 4. Number of instances and mask types. These experi-
ments are related to factors (F1) and (F2).

5.1. Implementation Details

Model. In the segmentation pre-training experiments, we
used Swin Transformer base model [19] as a backbone, and
UPerNet [35] as the entire architecture. For implementa-
tion, we use codes and models in MMSegmentation [6].
Loss function. We follow the official implementation [19].
The backbone part was pre-trained with the AdamW opti-
mizer [21] with a weight decay of 0.01. For the training of
UPerNet, we adapted cross-entropy loss.
Learning schedule. The pre-training length is adjusted to
300 epochs by following the FDSL paper [12]. Addition-
ally, the fine-tuning length was 60 epochs. Through the pre-
liminary study, the batch size was set as 32.
Dataset for pre-training and fine-tuning. For compari-
son, we used ADE-20k [44] as a standard semantic seg-
mentation dataset. This dataset contains 150 categories
from daily living environments. The dataset is divided into
20,210 images for training, and 2,000 images for validation.
In examining the effect of parameters, baseline parameters
were set as shown in Table 1.

5.2. Investigation Results

(F1/F2) Number of instances, and mask accuracy. The
experimental results for the number of instances per image
and the mask type are both shown in Figure 4. We assigned
{2, 4, 8, 16, 32, 64} for the number of instances and {m1,
m2, m3} for the mask type. As shown in Figure 4, the more
instances for an image, the better the accuracy that can be

achieved, up to 32 instances. With regard to the mask type,
the most pixel-wise annotation m1 achieves the highest re-
sults with 32 instances. Here, pixel-wise annotation is ex-
tremely difficult for human annotators in recently reported
work [26]. Although humans always find annotation very
difficult, our SegRCDB can easily create precise segmenta-
tion masks with semantic labels, due to the formula-driven
approach using a simple equation. Hereafter, 32 instances
per image and a m1 mask type are used.
(F3) Colors. Table 2 shows the results for color type. We
compared the grayscale dataset with a dataset randomly
colored by class number. The grayscale dataset achieved
a better result, indicating that focusing on object contours
produces better results than learning colors for each class.
As in a previous paper [12], object contours were found
to be more important than color in transformer-based self-
attention approaches, including Swin Transformer back-
bone and UPerNet head.
(F4) Occlusion. Table 3 shows how occlusion affects the
experimental results. The parameter r represents the range
where the polygon is drawn. After careful investigation,
we assigned the parameters as {200, 300, 400, 512} for r.
The highest mIoU was achieved for 400 for the fine-tuned
dataset. This indicates that an appropriate amount of occlu-
sions can contribute to better results. We can adjust the task
difficulty by using the r parameter related to the amount of
occlusion inside of the image.
(F5) Instance shapes. We investigated the effect of the
complexity of the instance shape, by varying the number
of polygons and the line width. We set the number of poly-
gons as {1–25, 26–50, 1–50}, and the line width as {1, 2,
3} pixels. The effects of the number of polygons and the
line width are shown in Table 4 and 5, respectively. Fewer
polygons and thinner lines produced slightly better results
than those of other configurations. Thinner lines lead to fine
annotations.
(F6) Number of categories. The experimental results for
different numbers of categories in the radial contours are
shown in Table 6. We employed {64, 128, 255, 500} in
pre-training. Almost all models adopt an 8-bit mask input,
so we tried the maximum number 255 (category 256 is used
for data augmentation). Using the 16-bit mask image, we
also created 500 categories. Based on the results, the 255
class shows the highest results. Hereafter, the number of
categories is set at 255.
(F7) Number of images. The pre-training effects of the
number of images are shown in Table 7. Fine-tuning is
set to 120 epochs to allow for convergence. As the num-
ber of images increases, the mIoU value improves. This
confirms the intuition that large-scale datasets can be ef-
fective in pre-training for semantic segmentation. In Sec-
tion 5.3, we adopt 118k images for SegRCDB, which has
the same number of training images as the COCO-Stuff-
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Table 2. (F3) Grayscale vs. color.

Type Gray Color

mIoU 34.05 28.49

Table 3. (F4) Occlusion.

r 100 200 300 400 512

mIoU 30.62 31.87 33.20 34.12 34.05

Table 4. (F5) Number of polygons.

K 1-25 26-50 1-50

mIoU 34.12 33.72 34.05

Table 5. (F5) Line width.

d 1px 2px 3px

mIoU 34.05 34.03 34.03

Table 6. (F6) Number of categories.

C 64 128 255 500

mIoU 31.67 33.62 34.05 31.58

Table 7. (F7) Number of images.

N 20k 40k 80k

mIoU 41.31 41.86 42.25

164k for the comparison of pre-training with semantic seg-
mentation datasets.

5.3. Comparison

In this section, we investigate the pre-training effects on
SegRCDB, the first semantic segmentation dataset created
in the framework of FDSL. To evaluate the effectiveness of
various factors, we compared the results of pre-training with
semantic segmentation datasets and backbone pre-training
with large datasets.
Supervised pre-training for semantic segmentation
datasets. We compared the pre-training effects of our Seg-
RCDB with representative semantic segmentation datasets
based on supervised learning.

• COCO-Stuff [4] contains labeled images from the
COCO dataset with pixel-level object annotations. The
dataset has 171 categories and 118k training images.

• Cityscapes [7] contains labeled images with 19 cate-
gories captured from street scenes. The dataset is di-
vided into 2,975 images for the training set, and 500
images for the validation set.

• GTA5 [27] contains synthetic street images rendered
from the GTA5 video game. The dataset was annotated
into 19 categories and contains only a training dataset
for pre-training usage.

• ADE-20k [44] is described in Section 5.1.

All datasets were pre-trained by Swin Transformer base
model [19] for the backbone and UPerNet [35] for the en-
tire architecture. The entire UPerNet, including the back-
bone and head, is pre-trained on these semantic segmen-
tation datasets and the pre-training effects are compared.
We used the AdamW optimizer [21] with a weight decay
of 0.1 following the official implementation. All datasets
were cropped to produce input images of 512× 512 pixels.
The pre-training length was 300 epochs, and the fine-tuning
length was 150 epochs. The batch size was set to 64 for
pre-training, and 16 for fine-tuning. All datasets were fine-
tuned with a backbone learning rate of 0.0005, and a weight
decay of 0.1.

Table 8 shows comparisons with supervised pre-training
methods for fine-tuning for ADE-20k and Cityscapes val-
idation datasets. According to the results, our SegRCDB
achieves the highest score. SegRCDB shows superior re-
sults to COCO-Stuff dataset even with the same amount of
training data. Since SegRCDB selected effective parame-
ters for pre-training, it outperformed the current standard
pre-training dataset for semantic segmentation.
Backbone pre-training for semantic segmentation. Here,
we compare our SegRCDB with backbone pre-training be-
fore semantic segmentation fine-tuning. RCDB-1k and
ExFractalDB-1k are the FDSL classification datasets, con-
taining 1.0 million images.

For ImageNet-1k, RCDB-1k, and ExFractalDB-1k train-
ing, we followed the official settings of Swin Trans-
former [19], except for the augmentation process. Augmen-
tation is adjusted to the settings in MMSegmentation for
all datasets. The pre-training length is 300 epochs, and the
fine-tuning length is the 150 epochs. For the SegRCDB, the
experiment settings are the same as in Table 8. SegRCDB
is pre-trained on the UPerNet backbone and head, while
ImageNet-1k, RCDB-1k, and ExFractalDB-1k datasets are
trained on the backbone only.

Table 9 shows experimental results comparing the effects
of backbone pre-training with large-scale datasets and Seg-
RCDB’s pre-training. For ADE-20k and Cityscapes fine-
tuning, ImageNet shows the highest mIoU. Among FDSL
methods, SegRCDB achieves the highest scores. SegRCDB
contains only 118k images; however, it can surpass other
FDSL backbone pre-training methods with 1 million im-
ages. This indicates that the FDSL method, which has been
considered effective for classification problems so far, has
been successfully applied to semantic segmentation in Seg-
RCDB.

5.4. Explorative Study

Additional experiments were conducted to further inves-
tigate the performance of SegRCDB.
mIoU transition during fine-tuning. Models trained by
formula-driven supervised learning might require a longer
fine-tuning epoch to acquire a real-image representation.
Since previous studies of FDSL have employed 1k epoch
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Table 8. Comparison of pre-training with semantic segmentation
datasets. The best and second-best values for each fine-tuning dataset
are in underlined bold and bold, respectively.

ADE-20k Cityscapes
Pre-training #Img mIoU mAcc mIoU mAcc

Scratch - 31.40 41.02 54.65 62.89
ADE-20k 20k - - 68.46 77.13
GTA5 25k 39.31 49.79 71.00 79.31
COCO-Stuff 118k 43.39 54.41 72.21 80.62
SegRCDB 118k 43.85 54.98 73.06 81.59

Table 9. Comparison with backbone pre-training. The best and
second-best values for each fine-tuning dataset are in underlined
bold and bold, respectively.

ADE-20k Cityscapes
Pre-training #Img mIoU mAcc mIoU mAcc
Scratch - 31.40 41.02 54.65 62.89
ImageNet 1.28M 46.37 57.11 75.26 83.60
ExFractalDB 1M 40.96 52.13 68.93 77.96
RCDB 1M 41.07 51.89 69.66 78.35
SegRCDB 118k 43.85 54.98 73.06 81.59

Figure 5. mIoU transition during fine-tuning on Cityscapes.

fine-tuning [12, 23], we also conduct 1k epoch fine-tuning
using SegRCDB of 118k images. The results of 1k epoch
fine-tuning on Cityscapes are shown in Figure 5. This
shows that the pre-trained model with SegRCDB shows
higher mIoU than from scratch and COCO-Stuff from the
early stages of fine-tuning. The gap in mIoU between Seg-
RCDB and ImageNet is wider in the early stages of fine-
tuning but becomes narrower as the learning progresses.
Large-scale SegRCDB. Compared to one instance per im-
age in the conventional FDSL method, SegRCDB has 32
instances per image, which increases its pre-training effect.
We prepared a 1M scale SegRCDB to verify whether learn-
ing with a larger number of images would further enhance
the pre-training effect. Table 10 shows the fine-tuning re-
sults for two different numbers of images of SegRCDB.
SegRCDB with 1M images is trained for 150 epochs. Other
parameter settings are the same as Table 8 and Table 9.
This indicates that fine-tuning on ADE-20k is more effec-
tive when the number of images is increased, while fine-
tuning on Cityscapes is not. It was also reported in previ-
ous studies that increasing the number of images does not
improve the results for some fine-tuning datasets using the
FDSL method [12, 23].
CNN backbone architecture. We also investigated the per-
formance of SegRCDB with different backbone networks.
We used the ResNet-101 [10] convolutional backbone, as
implemented in MMSegmentation [6]. We used the same
backbone model for both the pre-training and fine-tuning.
Pre-training learning schedule was set to 300 epochs, while
the fine-tuning was set to 150 epochs. We use 20k images

of SegRCDB for training. Table 11 compares the back-
bone pre-training results for fine-tuning on ADE-20k and
Cityscapes, where Swin-B shows higher results than those
of the ResNet-101 model. As shown in previous work [12],
a radial contour shape is more effective for transformer ar-
chitectures than for CNN architectures.
Impact of annotation accuracy. In the semantic segmenta-
tion domain, it is often challenging to guarantee consistency
between manually annotated ground truth masks. In this
work, the FDSL approach ensured precisely labeled seman-
tic annotations, thereby removing ambiguities and mistakes
from annotations. In the dataset analysis of ADE-20k [44],
it is reported that on average only 82.4% of pixels have the
same annotation when re-annotated by the same annotator.
Therefore, we deliberately shifted and inflated the pixel an-
notations on SegRCDB for pre-training. We varied the shift
and inflation parameters in the range {10, 30, 100, 300} to
emulate the statistics from the ADE-20k paper [44]. We
conducted two experiments related to annotations: (a) shift,
where we added varying degrees of noise to the object ver-
texes, and (b) inflation, which was obtained by enlarging the
area enclosed by polygons.

Table 12 shows the relationship between annotation pre-
cision and semantic segmentation performance in terms of
mIoU. We used 20k training images for each trial. The
learning schedule was set to 300 epochs for the pre-training
stage, and to 150 epochs for fine-tuning on Cityscapes. Our
experiments show that shift annotation has a bigger impact
on performance compared to inflation, lowering the mIoU
score by 6.54 points when switching from 0 to 100 pixels’
shift (70.23−63.69). In contrast, the mislabeled annotation
caused by inflation appears less critical to the mIoU perfor-
mance, with a decrease of 2.93 points up to 100 pixels. For
a 300 pixel shift and inflation, the mIoU drops more signif-
icantly.

5.5. Discussion and Limitations

We here summarize the findings obtained in the present
study. According to the investigation described in Sec-
tion 5.2, we confirmed that five factors are more important
than other factors for semantic segmentation pre-training:
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Table 10. The comparison for the number of images.

ADE-20k Cityscapes
#Img mIoU mAcc mIoU mAcc
118k 43.85 54.98 73.06 81.59
1M 44.46 55.67 72.10 81.08

Table 11. Comparison of backbone architecture.

ADE-20k Cityscapes
Backbone mIoU mAcc mIoU mAcc

ResNet-101 39.56 51.48 66.74 75.31
Swin-B 41.51 52.58 70.23 78.78

(F1) number of instances, (F3) grayscale, (F4) occlusion,
(F6) number of categories, and (F7) number of images.
Number of instances (see also Figure 4). The more in-
stances for an image, the better accuracy is until saturation
occurs at 32 instances. Increasing the number of instances
in one image made the task more difficult, which was effec-
tive for pre-training.
Grayscale representation (see also Table 2). In relation to
(F3), we confirmed that a grayscale representation is much
better than a color image in object areas. The performance
gap between grayscale and color was at 5.56 for ADE-20k.
This suggests that the object categories should not be distin-
guished by color alone in a pre-training task. The color of
objects may be an easy pre-training task, and cause the pre-
trained model to be weak. Conversely, grayscale objects
must be classified by means of object shapes using radial
contours. This is inherited from the previous work [12],
and is also good for semantic segmentation.
Occlusion (see also Table 3). From the results, occlu-
sions among objects is important. Heavy occlusions can be
solved in a pre-training task; however, for use as a hyper-
parameter, there is an optimal occlusion amount. We con-
firmed that a value of 400 is the most effective, and satura-
tion occurs at 400 because the value of 500 produces almost
the same level of mIoU on the ADE-20k dataset. The per-
formance rate was increased by 3.5 points from minimal
occlusions to more occlusion areas for these experimental
settings.
Number of categories and images (see also Tables 6 and
7). In the investigations regarding factors (F6) and (F7),
the numbers of categories and images are related to the pre-
training effect. We confirmed that 255 categories achieved
the best result in the pre-training phase. Although more im-
ages tend to be better in Table 7, a huge 1M dataset does not
necessarily lead to better results in Section 5.4.
Other investigations (see also Figure 4, Tables 4, and Ta-
bles 5). For investigations (F2) and (F5), these parameters
achieved slightly higher mIoU, but had no significant ef-
fect on ADE-20k fine-tuning. A recent study [26] claimed
that a highly accurate annotation like segmentation in m1

Table 12. Annotation analysis on shift and inflation. The values
are given in pixels.

Pixels 0 10 30 100 300

Shift 70.23 70.02 70.08 63.69 16.04
Inflation 70.23 70.86 69.18 67.30 15.73

is important, but it had slightly better accuracy than other
configurations with a higher number of instances per image
in SegRCDB pre-training.
Comparison experiments. Undoubtedly, the proposed
SegRCDB pre-training model is more accurate than self-
supervised learning with synthetic datasets such as GTA5,
RCDB, and ExFractalDB for fine-tuning in indoor scenes
(ADE-20k) and urban scenes (Cityscapes). Moreover, the
SegRCDB pre-trained Swin Transformer performed equally
well or even better than a sophisticated supervised learning
method with semantic segmentation datasets. Actually, the
proposed method exhibited better performance compared
with that of COCO-Stuff pre-training. Among the FDSL
methods, SegRCDB largely achieved better accuracy than
those of ExFractalDB and RCDB. The FDSL method, spe-
cialized for classification problems, has been successfully
applied to semantic segmentation tasks.
Limitations. We believe that there are additional factors
other than (F1)–(F7) that have not been considered for im-
proving segmentation pre-training. It is also possible to ex-
amine the relationship between factors in detail. Finally, the
shapes in our SegRCDB were taken ”as is” from a previous
study [12]. Therefore, there is a room to further improve
our SegRCDB for semantic segmentation pre-training.

6. Conclusion

We proposed SegRCDB (Segmentation Radial Contour
DataBase), the first segmentation dataset developed by
formula-driven supervised learning (FDSL). By investigat-
ing effective parameters for pre-training, SegRCDB out-
performed COCO-Stuff-164k pre-training model with the
same number of training data.

SegRCDB can reveal what is effective in pre-training for
semantic segmentation by varying the dataset’s parameters.
We hope that our SegRCDB will promote research on se-
mantic segmentation pre-training without any manual effort
and real images.
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