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Abstract

Since annotating pixel-level labels for semantic segmen-
tation is laborious, leveraging synthetic data is an attrac-
tive solution. However, due to the domain gap between syn-
thetic domain and real domain, it is challenging for a model
trained with synthetic data to generalize to real data. In this
paper, considering the fundamental difference between the
two domains as the texture, we propose a method to adapt
to the target domain’s texture. First, we diversity the texture
of synthetic images using a style transfer algorithm. The
various textures of generated images prevent a segmenta-
tion model from overfitting to one specific (synthetic) tex-
ture. Then, we fine-tune the model with self-training to get
direct supervision of the target texture. Our results achieve
state-of-the-art performance and we analyze the properties
of the model trained on the stylized dataset with extensive
experiments.

1. Introduction

Until now, many studies have dealt with semantic seg-
mentation. For supervised semantic segmentation, a large
volume of labeled data is required for training. However,
the manual annotation for pixel-wise ground truth labels is
extremely laborious. For example, it takes 90 min per image
to make ground truth label for the Cityscape [5] dataset.

To reduce the cost of annotation, datasets such as GTAS
[20] and SYNTHIA [21] are proposed. Since these datasets
are generated by computer graphics, the images and pixel-
level annotations are automatically generated. However,
due to the domain gap between the synthetic domain and
the real domain, a model trained with the synthetic data is
hard to generalize to the real data.

Domain adaptation addresses the above issue by reduc-
ing the domain gap. One approach is pixel-level adapta-
tion. The pixel-level adaptation uses image translation al-
gorithms like CycleGAN [29] to reduce the gap in visual
appearance between two domains. Since the synthetic im-
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Figure 1: Process of learning texture-invariant representa-
tion. We consider both the stylized image and the translated
image as the source image. The red line indicates the flow of
the source image and the blue line indicates the flow of the
target image. By segmentation loss of the stylized source
data, the model learns texture-invariant representation. By
adversarial loss, the model reduces the distribution gap in
feature space.

age is translated into the style of the real domain, a model
can learn representation for the real domain more easily.

Although CycleGAN reduces the visual gap between
two domains to some extent, overcoming the fundamental
difference, the texture, is still challenging. In Figure 2, the
second column shows translated results by CycleGAN. Al-
though the translated images get the Cityscapes’ gray color
tone, CycleGAN cannot completely translate the synthetic
texture into the real texture. Therefore, the possibility of a
model to overfit to the synthetic texture still exists.

To overcome this limitation, we propose a method to
adapt to the target domain’s texture. First, we generate a
texture-diversified source dataset by using a style transfer
algorithm. Each source image loses the synthetic texture
and gets a random texture. Because of the increased vari-
ation of textures, a model trained on the texture-diversified
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Figure 2: Texture comparison. Original GTAS [20] images
(first column), generated images by CycleGAN [29] (sec-
ond column) and by Style-swap [4] (third column).

dataset is guided to learn texture-invariant representation.
Then, we fine-tune the model using self-training to get di-
rect supervision of the target texture.

Our method achieves state-of-the-art performance on the
GTAS to Cityscapes benchmark. With extensive experi-
ments, we analyze the properties of the model trained on
the stylized dataset and compare the differences between
ours and CycleGAN-based methods.

Our contributions are as follows:

1. We design a method to adapt to the target domain’s tex-
ture for domain adaptation of semantic segmentation,
combining pixel-level method and self-training.

2. We achieve state-of-the-art performance on the GTAS
to Cityscapes benchmark.

3. With extensive experiments, we analyze the properties
of the model trained on the stylized dataset.

4. We compare our style transfer-based approach and pre-
vious CycleGAN-based methods in terms of reducing
the domain gap between the synthetic domain and the
real domain.

2. Related Work
2.1. Domain adaptation of semantic segmentation

Domain adaptation transfers knowledge between differ-
ent domains. Assume two datasets that have similar but dif-
ferent distributions. Let the one which has a larger volume
and is more easy to collect as the source domain and the
other as the target domain. The goal of domain adaptation
is transferring knowledge learned from the source domain
to the target domain.

Among some settings of domain adaptation, the unsu-
pervised setting is the most popular, which has access to
input data and ground truth labels for the source domain but
only input data for the target domain. The goal of unsuper-
vised domain adaptation is to use the fully-labeled source
domain properly to improve performance on the unlabeled
target domain. Since annotating semantic label is one of the

most laborious processes, domain adaptation of semantic
segmentation gets much attention recently.

Pixel-level adaptation. There exists a visual gap be-
tween synthetic and real images, such as texture and light-
ing. Pixel-level adaptation translates the synthetic source
image into the target style using image translation algo-
rithms like CycleGAN [29]. Due to the reduced visual gap,
a model more easily encodes the representation for the tar-
get domain.

Self-training. Recently, some works adopt self-training
(ST) for domain adaptation of semantic segmentation [30,
16]. Generally, ST is applied when labeled training data is
scarce. In the unsupervised domain adaptation, because la-
bels of the target domain are absent, it is very attractive to
apply ST. [16] suggests a simple method for self-training.
At ST stage, [16] generates pseudo labels based on the pre-
vious model’s confident prediction and fine-tune the model
with pseudo labels.

[16] uses both pixel-level adaptation and self-training. In
ablation study, the models trained with ST method outper-
form other models only using the pixel-level method with
a large margin. Considering the fundamental difference be-
tween the two domains as the fexture, powerful performance
of ST, which gets direct supervision of the target texture,
means that previous methods using pixel-level adaptation
are not able to encode the target texture sufficiently.

Based on this observation, we propose a method that is
optimized for encoding the target domain’s texture.

2.2. Style transfer

Starting from texture synthesis [7] and going through
[8], many studies have been conducted about style transfer.
Based on the observation that style(texture) and content can
be separated, modeling feature statistics makes possible to
synthesize image with one image’s content and another im-
age’s texture.

Our purpose is, using various textures as a regularizer
preventing a model from overfitting to one specific texture,
to make the segmentation model learn texture-invariant rep-
resentation.

2.3. Texture and shape

According to recent research [9], human recognition is
based on shape but the ImageNet [6] pre-trained CNN’s cri-
terion is based on texture. To overcome texture-dependency,
[9] generates Stylized ImageNet (SIN) using the AdalN
[14] style transfer algorithm. Stylized ImageNet lose nat-
ural texture and get the various random texture. Since a
model trained on SIN cannot predict results based on the
local texture, it is enforced to consider the overall structure
of the input. [9] demonstrates with experiments that CNN
trained on SIN is more shape-dependent like humans and
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Figure 3: Results of stylization.

the shape-dependent model is better at classification and de-
tection tasks.

Inspired by this work, we apply this method to domain
adaptation of semantic segmentation task, where the texture
is fundamental differences between synthetic and real do-
mains.

3. Method

In this section, we present a process for generating
texture-diversified datasets and a method to adapt to the
target texture. We first diversity the texture of the original
source dataset with a style transfer algorithm Style-swap [4]
and translate the original source dataset with an image trans-
lation algorithm CycleGAN [29]. Then, our model goes
through two training stages.

Stage 1: We train a segmentation model with the texture-
diversified dataset to learn texture-invariant representation.

Stage 2: Based on the texture-invariant representation,
we fine-tune the model to the target domain’s texture.

3.1. Stylized GTAS / SYNTHIA

Prior works [13, 16] use an image translation method Cy-
cleGAN [29] to reduce the visual gap between the synthetic
and real domains. Although the image translation algorithm
makes the source image’s overall color tone similar to the
real image, it cannot completely translate the synthetic tex-
ture into the real one.

To overcome this limitation, we take a more fundamen-
tal approach which removes the synthetic texture drasti-
cally. Inspired by [9], we generate Stylized GTAS and Styl-
ized SYNTHIA. Stylized ImageNet [9] is generated by fast
AdalN [14] style transfer algorithm. Although AdalN is
efficient in inference, it distorts the structure of content im-
age considerably with some wave patterns. Unlike the clas-
sification task, semantic segmentation task requires accu-
rate pixel-level annotations. Thus, we cannot use AdaIN.
The photo-realistic style transfer algorithm [15] is another
option, which preserves the precise structure of the origi-
nal image using a smoothing step after the stylization step.
However, due to the smoothing process which is based on
the original content image, final results preserve original
synthetic texture. Since our purpose is to remove the syn-
thetic texture using a style transfer algorithm, it is not appro-

priate to apply the photo-realistic algorithm. Our require-
ments are three-fold. First, enough stylization effect to re-
move the synthetic texture, while not distorting the structure
of the original image too much. Second, due to the large im-
age resolution and the large volume of the synthetic dataset,
the stylization process should be time-efficient. Third, to
generate diverse stylized results, it should be able to trans-
fer various styles. Considering above conditions, we choose
Style-swap [4]. We present stylization results from different
methods in Figure 3.

For a style dataset, we used the Painter by Numbers
dataset which consists of artistic images. Considering the
volume of the GTAS and SYNTHIA dataset, we use the first
split, which contains 11,026 images. The stylized datasets
have the same number of images with the original datasets,
i.e. one-to-one mapping.

As shown in Figure 4, the stylized images drastically lose
the synthetic texture and get various random textures. Since
each texture is from a different style image, this variety of
texture leads a model to encode texture-invariant represen-
tation. In other words, the model can learn shape-dependent
representation.

3.2. Stage 1

The goal of the first stage is to learn texture-invariant rep-
resentation using the texture-diversified dataset. We train
the segmentation model with both the stylized images by
Style-swap [4] and the translated images by CycleGAN
[29]. At each iteration, the stylized or translated inputs
are alternately forwarded due to the limitation of mem-
ory. While learning texture-invariant representation with
the stylized images, the translated images guide the model
toward the target style.

Along with the texture regularization, we additionally
use the output-level adversarial training [23] to further align
feature space between the two different domains. The pro-
cess of Stage 1 is shown in Figure 1.

3.3. Stage 2

The goal of the second stage is, based on learned texture-
invariant representation, to fine-tune the segmentation net-
work to the target domain’s texture. For this purpose, we
adopt a self-training method. Following the process of [16],
we generate pseudo labels with the model trained on Stage
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Figure 4: Examples of original images and stylized images.

1. Among predictions on the target training images, we set
predictions with higher confidence than a threshold(0.9) as
pseudo-labels. Then we fine-tune the model with the gener-
ated pseudo-labels and translated source images. Now the
model is directly supervised by the target domain’s texture,
the model can learn the representation optimized for the tar-
get domain. We apply this process iteratively.

3.4. Training objective

Segmentation model training. Since the ground truth
label is only available in the source domain, the segmenta-
tion loss is defined as:

C
Lucg(Is) = =Y > yd ™ log P (1)

h,w c=1

And when the target image is given, we calculate the ad-
versarial loss using discriminator.

Loao(Lt) = = Y _log D(P"")) )
h,w

where Iy and I; are the input images from the source

domain and the target domain. P and P are

the final feature of the source and target image. %+ is the
source domain’s ground truth pixel label. C' is the number
of classes and D is a fully convolutional discriminator.

Therefore, the total loss function for the segmentation
network is defined as:

L(ISa It) = Lseg(Is) + AadeadU(It) (3)

Discriminator Training.  The discriminator takes
source and target features and classifies whether it is from
the source or target domain.

Lp(P)=— Z((l — 2)log D(Pw:0))
o 0

+zlog D(P)))

where z = 0 if the feature is from source domain and z = 1
if the feature is from target domain.

Self-training. In stage 2, to get direct supervision of the
target domain’s texture, we calculate the segmentation loss
for generated pseudo-labels in target images.

C
Lsr(I) = =Y Lpseudo »_ 4" log P9 (5)
h,w c=1

where 1,440 indicates whether each pixel of the target
training set is pseudo-label or not.

4. Experiments

Dataset. GTAS [20] is a dataset which contains 24,966
synthetic images from the video game with 1914 x 1052
resolution. The semantic labels are compatible with the
Cityscapes dataset in 19 classes.

For SYNTHIA [21], we use the SYNTHIA-RAND-
CITYSCAPES partition with 9,400 images of 1280 x 760
resolution. We validate on 13 common classes with the
Cityscapes dataset.

Cityscapes [5] is a dataset which contains 5,000 densely
annotated images with 2048 x 1024 resolution. We use
2,975 training images and 500 validation images.

Network architecture. We use the DeepLab-v2 [2]
model with ResNet-101 [11] and VGG-16 [22] which are
pretrained on ImageNet [6]. For the discriminator, we adopt
similar architecture to [19]. The network contains 5 convo-
lution layers with 4 x 4 kernel size, channel numbers are
{64,128, 256, 512, 1} and stride of 2.

Training detail. We implement our experiment using
the Pytorch library on a single GTX 1080 Ti. To optimize
the segmentation model, we use the SGD method. The mo-
mentum is set as 0.9. The initial learning rate is 1.0 x 10~*
for Stage 1. Due to the variation of the stylized dataset, a
high learning rate makes training unstable. Therefore, we
set smaller value than prior works which adopt the same
architecture [23, 18, 25, 1, 16]. The same learning rate is
used for fine-tuning in Stage 2. For the learning rate sched-
ule, we adopt the polynomial procedure mentioned in [2].
For optimizing discriminator, we use Adam for optimizing
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Table 1:

Results on GTAS to Cityscapes.

GTAS — Cityscapes

T s =2 = § 2 & 5 g = ¢ 5 . % , =5 & g 2
Base Model Method e g 2 S 8 2 = z °°>)D 8 ? g E S g 2 £ g E E
AdaptSegNet[23] 865 360 79.9 234 233 239 352 148 834 333 756 585 276 737 325 354 39 301 281 424
CLAN[ 8] 870 27.1 796 273 233 283 355 242 836 274 742 586 280 762 331 367 67 319 314 432
ADVENT[25] 87.6 214 820 348 262 285 356 230 845 351 762 586 30.7 848 342 434 04 284 352 448
ResNet101 BDL[16] 91.0 447 842 346 276 302 360 360 850 43.6 830 586 31.6 833 353 497 33 288 356 485
SIBAN[17] 885 354 795 263 243 285 325 183 812 400 765 581 258 826 303 344 34 216 215 426
AdaptPatch[24] 923 519 82.1 292 25.1 245 338 330 824 328 822 586 272 843 334 463 22 295 323 465
MaxSquare[3] 894 430 821 305 213 303 347 240 853 394 782 63.0 229 846 364 430 55 347 335 464
Ours 929 550 853 342 311 349 407 340 852 40. 871 610 311 825 323 429 03 364 461 502
AdaptSegNet[23] 87.3 298 786 21.1 182 225 215 110 797 296 713 468 65 80.1 230 269 00 106 03 350
CLAN[ 8] 88.0 30.6 792 234 205 261 230 148 81.6 345 720 458 79 805 266 299 00 107 00 366
ADVENT[25] 868 285 78.1 27.6 242 207 193 89 788 293 69.0 479 59 798 259 341 00 113 03 356
VGG16 BDL[16] 892 409 812 291 192 142 290 19.6 837 359 807 547 233 827 258 280 23 257 199 413
SIBAN[17] 834 130 778 204 175 246 228 96 813 296 773 427 109 760 228 179 57 142 20 342
AdaptPatch[24]  87.3 357 795 320 145 215 248 137 804 320 705 505 169 81.0 208 281 41 155 4.1 375
DRPC[28] 846 315 763 254 172 282 215 137 807 268 749 475 158 771 222 227 17 89 97 36.1
Ours 925 545 839 345 255 31.0 304 180 841 396 839 536 193 817 21.1 136 177 123 65 423
Table 2: Results on SYNTHIA to Cityscapes.
SYNTHIA — Cityscapes

; . = £ ; . o g =)

el 1] —_ ) on [ %) b5y B = [} °

3 = = B o0 > = — 2} o -~ —

Base Model Method g F B = b g 4 g E 3 2 = B g
AdaptSegNet[23] 84.3 427 7715 4.7 7.0 779 825 543 210 723 322 189 323 46.7
CLAN[ 18] 81.3 37.0 80.1 16.1 137 782 81.5 534 212 73.0 329 226 307 478
ADVENT][25] 85.6 422 797 54 8.1 804 841 579 238 733 364 142 33.0 48.0
ResNet101 BDL[16] 86.0 46.7 803 14.1 11.6 792 813 541 279 737 422 257 453 514
SIBANJ17] 825 240 794 16.5 127 792 828 583 18.0 793 253 176 259 463
AdaptPatch[24] 824 38.0 786 39 11.1 755 84.6 535 21.6 714 326 193 317 465
MaxSquare[3] 829 40.7 80. 128 182 825 822 531 18.0 790 314 104 356 482
Ours 926 532 792 1.6 75 786 844 526 200 821 348 146 394 493
AdaptSegNet[23] 789 292 755 0.1 48 726 7677 434 88 71.1 160 3.6 84 376
CLAN[ 18] 804 30.7 747 1.4 80 771 790 46.5 89 738 182 22 99 393
ADVENT][25] 679 294 719 0.6 26 749 749 354 9.6 678 214 4.1 15,5 36.6
VGG16 SIBANJ17] 70.1 257 809 3.8 72 723 805 433 50 733 160 1.7 3.6 372
AdaptPatch[24] 72,6 29.5 772 14 79 733 790 457 145 694 196 74 165 39.6
DRPC[28] 775 30.7 786 10.6 161 752 765 441 158 699 147 86 176 412
Ours 898 486 789 00 47 80.6 817 362 13.0 744 225 65 328 438

method with the learning rate 1.0 x 10~* and the momen-
tum 0.9 and 0.99. We set A\, 4, as 0.001. Inputs are resized
to 1024 x 512.

Comparison with state-of-the-art models. As shown
in Table 1, our method outperforms all previous state-of-
the-art methods on GTAS-to-Cityscapes. BDL [16] iterates
the training process six times and outperforms other mod-
els with a large margin. Our model surpasses the perfor-
mance of BDL with only two iterations of the segmenta-
tion training as shown in Table 5. These results show that
our method (first learn texture-invariant representation, then
fine-tune toward target texture) is more effective than a sim-
ple self-training method.

For the SYNTHIA to Cityscapes, we compare meth-
ods that evaluate performance on 13 classes in Table 2.
Our method shows outstanding performance in classes like
road and sidewalk, which occupy large area in input im-

ages. Since large-area classes will be more affected by tex-
ture, our texture-based method outperforms others in these
classes.

Results also report our performance on small classes like
t-light, t-sign and person are lower than other methods. Al-
though the texture is a fundamental difference between the
synthetic and real domains, it is not the only factor caus-
ing the domain gap. The layout gap is also an important
factor that we didn’t handle in this paper. This layout gap
brings discrepancy of shape distribution across domains. In
SYNTHIA, t-light, t-sign, and person are depicted much
smaller compared to GTA5 and Cityscapes. Since the
shape is more decisive factors than texture for small-area
classes, our shape-dependent representation, which is fitted
to SYNTHIA’s shape distribution, is hard to be transferred
to Cityscapes’ shape distribution.

Also as quantitatively shown in [26], the domain gap be-
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tween SYNTHIA and Cityscapes is much larger than the
domain gap between GTAS and Cityscapes, especially for
t-light and t-sign. Other methods use an additional tech-
nique like class-ratio prior [25] to reduce the layout gap.

Comparison of class-wise performance. We provide
the basis for the above claim through a class-wise ablation
study. In Table 3, IoUs are from large (texture-sensitive)
and small (texture-insensitive) classes in the Stage 1. Mod-
els trained on Stylized dataset outperform models trained on
Translated and Original dataset in large-area classes like
road and sidewalk. Among other large-area classes, since
road and sidewalk have similar layout distribution, texture
is an especially important factor for these classes.

On the other hand, Original outperforms other methods
in t-light and t-sign. [26] shows, when using the synthetic
and real data together, performance increases significantly
in #-light and r-sign compared to other classes. This means
texture is not a decisive factor for these classes and the sharp
original image is more helpful for improving performance
in the real domain.

Table 3: Ablation study on large & small classes.

SYNTHIA — Cityscapes

. = =

el ) o0 o0

8 S = 7

Base Model ~ Source Type e @ - S
Stylized 877 441 10 58

ResNet101 Translated 846 406 13 5.0
Original [23] 79.2 372 99 10.5

Stylized 86.1 364 03 1.7

VGGl16 Translated 756 319 0 3.6
4.8

Original [23] 789 29.2 0.1

5. Discussion
5.1. Comparison with CycleGAN-based methods

In this section, we compare the differences between ours
and CycleGAN-based methods.

First, CyCADA [13] uses CycleGAN to reduce the vi-
sual gap between the synthetic and real domains. However,
while CycleGAN’s generator is trained to generate undis-
tinguishable images from the target domain, CycleGAN is
prone to generate inappropriate images.

In Figure 5, for GTAS to Cityscapes (first row), Cycle-
GAN generates vegetation-like artifact on the sky to match
Cityscapes’ distribution. For SYNTHIA to Cityscapes (sec-
ond row), CycleGAN blurs out person to match Cityscapes’
color distribution.  Despite CycleGAN discriminator’s
PatchGAN structure, these patterns are easily observed. On
the other hand, because Style-swap transfers style based on
local patch, Style-swap doesn’t show such patterns.

Second, similar to our method, DRPC [28] uses Cycle-
GAN to randomize source images. In Figure 6, we shows

Figure 5: Inappropriate generation of CycleGAN. Origi-
nal images (first column), generated images by CycleGAN
(second column) and Style-swap (third column).

generated images using ImageNet classes used in [28] as
auxiliary domains. Figure 7 shows cropped images from
Figure 6.

In Figure 7, CycleGAN match auxiliary domain’s color
distribution while preserving the original image’s synthetic
texture. On the other hand, Style-swap diversifies texture.
This is the most differentiated point of our method com-
pared to DRPC. Since the main difference between the syn-
thetic and real domains is not color but the texture, our
texture-based method is more suitable than DRPC for ran-
domization in synthetic to real tasks.

Also, our method is computationally more efficient than
DRPC. Since training CycleGAN is a very costly process,
DRPC only uses 15 auxiliary domains. On the other hand,
since Style-swap does not require additional training for
each style, it can handle many styles more easily. Hence
our stylized datasets consist of 11,026 styles.

Additionally, DRPC used Pyramid Consistency across
Domain (PCD) loss to learn style-invariant feature. Because
of this loss, a computation that is linearly proportional to the
number of domains is required to simultaneously forward
images across domains. Since DRPC used 16 domains,
it requires at least 16 times more memory and computing
power.

Though DRPC used 16 domains, it might be required to
consider more domains for more style-invariant represen-
tation, which demands impractical computation especially
when the input’s resolution is large like GTAS (1914x1052)
and SYNTHIA (1280x760). On the other hand, our method
requires a fixed amount of computation regardless of the
number of styles.

5.2. Ablation study

We conduct an ablation study on Stage 1 in Table 4. We
divide the table into two sections according to the usage of
adversarial loss.

In first section, Original source only means training the
segmentation network only with the original GTAS images.
Stylized source only and Translated source only use gener-
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Figure 7: Texture comparison with DRPC. Cropped images from corresponding images from Figure 6.

ated dataset by Style-swap [4] and CycleGAN [29] respec-
tively. Results show model trained on only stylized source
dataset outperforms other pixel-level [27, 10] method.

The second section shows the results with the output-
level adversarial training [23]. Overall performances are
improved compared to the first section. Results show us-
ing both types (Stylized source and Translated source) by
forwarding images alternately is better than only using Styl-
ized source images. This is because, while learning texture-
invariant representation through the stylized images, the
translated images guide the model to the target style. Fol-
lowing the results, we choose to use both Stylized source
Translated source images with the output-level adversarial
loss for the training segmentation network in Stage 1.

We also conduct the ablation study for Stage 2 in Ta-
ble 5. The results show in the third iteration of Stage 2 the
segmentation model converged. Therefore we take three it-
erations for all results in Table 1, 2.

Table 4: Ablation study on Stage 1.

GTAS — Cityscapes

method mloU
Original source only 36.6
DCAN [27] 385
Translated source only 41.0
DLOW [10] 423
Stylized source only 42.5

Original source + Adv loss [23] 41.4
Translated source + Adv loss [16] 42.7
Stylized source + Adv loss 43.2
Stylized/translated source + Adv loss  44.6

5.3. Robustness test

To verify the texture-invariance of a model trained on the
stylized dataset, we test the model on perturbated validation
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Table 5: Ablation study on Stage 2. In Stage 2-X, X means
the number of iteration of self training.

GTAS — Cityscapes
method mloU
Stage 1 44.6

Stage 2-1 48.6

Stage 2-2 50.2

Stage 2-3 50.2

sets distorted by various noises. If the model is texture-
invariant, it will be more robust to noises than other texture-
dependent models. We generate noisy Cityscapes validation
sets with noises that do not distort the shape of the origi-
nal image’s object. Following the method of [12], we add
Gaussian, Impulse, Shot and Speckle noise to the validation
set.

Results in Table 6 and Figure 8 show that our model is
much more robust to various noises than AdaptSegNet [23]
which is trained on original synthetic images.

Table 6: Results on original and noisy validation set.

Method  AdaptSegNet[23] Stylized source only
Original 42.4 42.5
Gaussian 22.2 351
Impulse 20.9 32.6

Shot 24.9 38.2
Speckle 325 41.1

(a) Original image (b) Image with Gaussian noise

(c) AdaptSegNet

(d) Ours (e) Ground Truth

Figure 8: Results on the validation image with Gaussian
noise.

5.4. Qualitative results

To qualitatively demonstrate the texture-invariance of
our model, we present segmentation results on images with
various texture from the stylized source dataset in Figure 9.
Results show our model is robust to texture variation.

Figure 9: Results on images with various texture. Images
from the Stylized GTAS (left column) and segmentation re-
sults (right column).

6. Conclusion

In this paper, we present a method to adapt to the tar-
get texture. Using a style transfer algorithm, we generate
the Stylized GTAS/SYNTHIA. The various texture of the
stylized datasets works as a regularizer to make the seg-
mentation model learn texture-invariant representation. We
show the texture-invariance of our model qualitatively on
images with various texture and quantitatively on noisy val-
idation sets. Based on the texture-invariant representation,
we use self-training to get direct supervision of the target
texture. Experimental results show the effectiveness of our
approach, which achieves new state-of-the-art performance
in the GTAS to Cityscapes benchmark. Besides, we analyze
the influence of texture across different classes. Also, we
compare our style transfer-based method and CycleGAN-
based methods in terms of reducing the texture gap between
the synthetic and real domains.

7. Acknowledgement
This work was supported by the National Research

Foundation of Korea grant funded by Korean government
(No. NRF-2019R1A2C2003760).

12982



References

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

(10]

[11]

[12]

[13]

(14]

Wei-Lun Chang, Hui-Po Wang, Wen-Hsiao Peng, and Wei-
Chen Chiu. All about structure: Adapting structural infor-
mation across domains for boosting semantic segmentation.
In Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, pages 1900-1909, 2019. 4
Liang-Chieh Chen, George Papandreou, Iasonas Kokkinos,
Kevin Murphy, and Alan L Yuille. Deeplab: Semantic image
segmentation with deep convolutional nets, atrous convolu-
tion, and fully connected crfs. IEEE transactions on pattern
analysis and machine intelligence, 40(4):834-848, 2017. 4
Minghao Chen, Hongyang Xue, and Deng Cai. Do-
main adaptation for semantic segmentation with maximum
squares loss. arXiv preprint arXiv:1909.13589, 2019. 5
Tian Qi Chen and Mark Schmidt. Fast patch-based style
transfer of arbitrary style. arXiv preprint arXiv:1612.04337,
2016. 2,3,7

Marius Cordts, Mohamed Omran, Sebastian Ramos, Timo
Rehfeld, Markus Enzweiler, Rodrigo Benenson, Uwe
Franke, Stefan Roth, and Bernt Schiele. The cityscapes
dataset for semantic urban scene understanding. In Proceed-
ings of the IEEE conference on computer vision and pattern
recognition, pages 3213-3223, 2016. 1, 4

Jia Deng, Wei Dong, Richard Socher, Li-Jia Li, Kai Li,
and Li Fei-Fei. Imagenet: A large-scale hierarchical image
database. In 2009 IEEE conference on computer vision and
pattern recognition, pages 248-255. leee, 2009. 2, 4

Leon Gatys, Alexander S Ecker, and Matthias Bethge. Tex-
ture synthesis using convolutional neural networks. In Ad-
vances in neural information processing systems, pages 262—
270, 2015. 2

Leon A Gatys, Alexander S Ecker, and Matthias Bethge. Im-
age style transfer using convolutional neural networks. In
Proceedings of the IEEE conference on computer vision and
pattern recognition, pages 2414-2423, 2016. 2

Robert Geirhos, Patricia Rubisch, Claudio Michaelis,
Matthias Bethge, Felix A Wichmann, and Wieland Brendel.
Imagenet-trained cnns are biased towards texture; increasing
shape bias improves accuracy and robustness. arXiv preprint
arXiv:1811.12231,2018. 2,3

Rui Gong, Wen Li, Yuhua Chen, and Luc Van Gool. Dlow:
Domain flow for adaptation and generalization. In Proceed-
ings of the IEEE Conference on Computer Vision and Pattern
Recognition, pages 2477-2486, 2019. 7

Kaiming He, Xiangyu Zhang, Shaoqging Ren, and Jian Sun.
Deep residual learning for image recognition. In Proceed-
ings of the IEEE conference on computer vision and pattern
recognition, pages 770778, 2016. 4

Dan Hendrycks and Thomas Dietterich. Benchmarking neu-
ral network robustness to common corruptions and perturba-
tions. arXiv preprint arXiv:1903.12261, 2019. 8

Judy Hoffman, Eric Tzeng, Taesung Park, Jun-Yan Zhu,
Phillip Isola, Kate Saenko, Alexei A Efros, and Trevor Dar-
rell. Cycada: Cycle-consistent adversarial domain adapta-
tion. arXiv preprint arXiv:1711.03213,2017. 3, 6

Xun Huang and Serge Belongie. Arbitrary style transfer in
real-time with adaptive instance normalization. In Proceed-

[15]

(16]

(17]

(18]

(19]

(20]

(21]

(22]

(23]

(24]

(25]

[26]

(27]

12983

ings of the IEEE International Conference on Computer Vi-
sion, pages 1501-1510, 2017. 2, 3

Yijun Li, Ming-Yu Liu, Xueting Li, Ming-Hsuan Yang, and
Jan Kautz. A closed-form solution to photorealistic image
stylization. In Proceedings of the European Conference on
Computer Vision (ECCV), pages 453468, 2018. 3
Yunsheng Li, Lu Yuan, and Nuno Vasconcelos. Bidirectional
learning for domain adaptation of semantic segmentation. In
Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, pages 6936-6945, 2019. 2, 3, 4,
5,7

Yawei Luo, Ping Liu, Tao Guan, Junqing Yu, and Yi
Yang. Significance-aware information bottleneck for do-
main adaptive semantic segmentation.  arXiv preprint
arXiv:1904.00876, 2019. 5

Yawei Luo, Liang Zheng, Tao Guan, Junqing Yu, and Yi
Yang. Taking a closer look at domain shift: Category-level
adversaries for semantics consistent domain adaptation. In
Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, pages 2507-2516, 2019. 4, 5

Alec Radford, Luke Metz, and Soumith Chintala. Un-
supervised representation learning with deep convolu-
tional generative adversarial networks. arXiv preprint
arXiv:1511.06434,2015. 4

Stephan R Richter, Vibhav Vineet, Stefan Roth, and Vladlen
Koltun. Playing for data: Ground truth from computer
games. In European conference on computer vision, pages
102-118. Springer, 2016. 1,2, 4

German Ros, Laura Sellart, Joanna Materzynska, David
Vazquez, and Antonio M Lopez. The synthia dataset: A large
collection of synthetic images for semantic segmentation of
urban scenes. In Proceedings of the IEEE conference on
computer vision and pattern recognition, pages 3234-3243,
2016. 1,4

Karen Simonyan and Andrew Zisserman. Very deep convo-
lutional networks for large-scale image recognition. arXiv
preprint arXiv:1409.1556, 2014. 4

Yi-Hsuan Tsai, Wei-Chih Hung, Samuel Schulter, Ki-
hyuk Sohn, Ming-Hsuan Yang, and Manmohan Chandraker.
Learning to adapt structured output space for semantic seg-
mentation. In Proceedings of the IEEE Conference on Com-
puter Vision and Pattern Recognition, pages 7472-7481,
2018. 3,4,5,6,7,8

Yi-Hsuan Tsai, Kihyuk Sohn, Samuel Schulter, and Man-
mohan Chandraker. Domain adaptation for structured
output via discriminative representations. arXiv preprint
arXiv:1901.05427,2019. 5

Tuan-Hung Vu, Himalaya Jain, Maxime Bucher, Matthieu
Cord, and Patrick Pérez. Advent: Adversarial entropy min-
imization for domain adaptation in semantic segmentation.
In Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, pages 2517-2526, 2019. 4, 5, 6
Magnus Wrenninge and Jonas Unger. Synscapes: A pho-
torealistic synthetic dataset for street scene parsing. arXiv
preprint arXiv:1810.08705, 2018. 5, 6

Zuxuan Wu, Xintong Han, Yen-Liang Lin, Mustafa
Gokhan Uzunbas, Tom Goldstein, Ser Nam Lim, and Larry S



(28]

[29]

(30]

Davis. Dcan: Dual channel-wise alignment networks for un-
supervised scene adaptation. In Proceedings of the Euro-
pean Conference on Computer Vision (ECCV), pages 518—
534,2018. 7

Xiangyu Yue, Yang Zhang, Sicheng Zhao, Alberto
Sangiovanni-Vincentelli, Kurt Keutzer, and Boging
Gong. Domain randomization and pyramid consistency:
Simulation-to-real generalization without accessing target
domain data. arXiv preprint arXiv:1909.00889, 2019. 5, 6
Jun-Yan Zhu, Taesung Park, Phillip Isola, and Alexei A
Efros. Unpaired image-to-image translation using cycle-
consistent adversarial networks. In Proceedings of the IEEE
international conference on computer vision, pages 2223—
2232,2017. 1,2,3,7

Yang Zou, Zhiding Yu, BVK Vijaya Kumar, and Jinsong
Wang. Unsupervised domain adaptation for semantic seg-
mentation via class-balanced self-training. In Proceedings
of the European Conference on Computer Vision (ECCV),
pages 289-305, 2018. 2

12984



