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ABSTRACT

Creating seamless textures is essential for achieving realistic virtual objects and environments. This paper proposes a
method for automatic seamless texture synthesis by designing a tiled latent space in the generator of an adversarial
expansion network, resulting in a continuous texture output at the seam intersection area. In addition, considering the
different properties of virtual environment rendering materials, the spatially varying BRDFs (albedo, normal, roughness
and displacement map) are all designed in the proposed model to handle multi-layer texture representation. Qualitative and
quantitative experiments on the describable textures dataset (DTD) show that the generated texture maps are not only
seamlessly tiled but also exhibit superior visual quality in preserving details compared to previous deep texture synthesis
methods.
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1. INTRODUCTION

Seamless textures are an essential component of many digital art and 3D applications, as they allow artists and
designers to create realistic or stylized surfaces with ease. These textures are designed to be applied multiple
times without any noticeable repetition or breaks in the pattern, resulting in a continuous and visually appealing
surface. However, creating seamless textures is a challenging task, as it requires careful planning and attention
to detail to ensure that the edges of the texture match up perfectly when tiled. Due to this complexity, the
creation of such textures is usually done by skilled artists using specialized software to capture (Guo et al.,
2020; Li et al., 2018) and reconstruct the details of real-world materials (e.g., leather, human skin), or they
create their own patterns from scratch. Recent advances in convolutional neural networks (CNNs) and
generative adversarial networks (GANs) have been applied to texture synthesis problems showing
unprecedented levels of realism and quality (Hertz et al., 2020; Liu et al., 2020; Mardani et al., 2020). However,
the output of these methods is not always seamless when it is tiled. This means that while these methods can
generate visually appealing textures, they may not be suitable for use in certain applications where seamless
tiling is necessary. While some recent techniques have attempted to address the problem of tileable texture
synthesis (Bergmann et al., 2017; Frihstlck et al., 2019), they either require a certain degree of regularity or
produce textures that lack visual fidelity. Furthermore, many existing methods for synthesizing textures focus
on generating a single RGB image. Accurately simulating the appearance of real-world materials in virtual
environments requires a spatially varying BRDF (Montes & Urefia, 2012; Zhou et al., 2022) to represent
complex materials that exhibit different properties at different locations on the surface. The BRDFs typically
consists of multiple images, such as albedo, normal, roughness etc., which are used collectively to accurately
represent the properties of the material. Therefore, a single RGB image is usually insufficient to capture the
complexity of the material's appearance.

In this paper, we take these 4 types of texture maps into account (albedo, normal, roughness,
and displacement map) and propose a GAN-based method for synthesizing Seamless Patterns for 3D
Fashion (SP3F-GAN) from any arbitrary content input. We train a generative network using an adversarial
extension model SP3F-GAN, which differs from the model (Zhou et al., 2018) in that SP3F-GAN involves
tiling feature maps obtained from decoded input textures. The tiled feature map is then cropped in the central
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region and decoded to produce a seamless output image. The discriminator is trained to distinguish between
actual blocks from examples and blocks generated by the generator. The discriminator is trained to classify
whether a 2k x 2k texture block is real (a crop from the input exemplar) or fake (synthesized by generator).
In addition, to allow texture maps synthesis, we design 4 decoders to cope with the generation of different
texture maps and demonstrate the texture maps synthesis of 4 maps. Our method is shown to outperform
state-of-the-art solutions for seamless texture synthesis. Unlike prior work on deep texture synthesis, our model
is designed and optimized not only to generate visually pleasing texture effects but also to enable the generation
of infinite texture patterns suitable for printing on various surfaces such as floors, clothing, walls, and more.
This capability is demonstrated in Figure 1.

Original texture: ¥
2k x 2k

Generated
seamless texture:
4k x 4k

v

Scamless Patterns
for 3D Fashion

Figure 1. Tiling the original texture creates a discontinuity at the intersection of the seams, as shown in the top row. Our
method can generate seamless textures, which are able to apply to fabric pattern swatches, 3D garments, etc.

2. RELATED WORK

Texture synthesis: Traditional texture synthesis algorithms are methods used to generate textures by analyzing
a given input texture and synthesizing new textures with similar properties, mainly including texture mapping
(Madaras & Durikovi¢, 2012; Piponi & Borshukov, 2000) and patch-based texture synthesis technology
(Barnes et al., 2009; Cohen et al., 2003; Kaspar et al., 2015; Levin et al., 2004; Liang et al., 2001).
These algorithms, while successful at generating a wide range of textures, often struggle to generate
high-quality and realistic textures, especially for complex materials such as hair, fur, and natural landscapes.
As a result, deep generative models have gained popularity due to its superior generation capability.
Specifically, in terms of texture synthesis, they have been shown to successfully generate high-quality and
diverse texture samples from images or image datasets that are visually similar to the input texture or dataset
(Bergmann et al., 2017; Friihstiick et al., 2019; Hertz et al., 2020; Zhou et al., 2018).

Seamless texture synthesis: Several recent works have explicitly explored the tileability of texture
synthesis. The Periodic Spatial GAN proposed by Bergmann et al. (2017) can create textures from a set of
random numbers that represent the expected general image, local variation, and periodic repetition of learning
in generated images. GANosaic (Jetchev et al., 2017) extends such method to generate textures by optimizing
the latent noise space to produce textures that match the overall content of a given guidance image. While these
methods produce smoother transitions between texture patches, they still suffer from issues relating to texture
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scalability and variability. Rodriguez-Pardo and Garces (2022) solves the scalability problem by completing
textures into tiles through tile search and feature repetition. However, their method requires training each
texture synthesis network from scratch, resulting in high computational costs. Inspired by (Zhou et al., 2018)
in non-stationary texture synthesis task, in which we modified its network structure and extended it to BRDFs
for generating tileable texture maps.

3. METHOD

Our ultimate goal is to generate seamless texture maps, which can then be used for downstream tasks, such as
3D garments. These seamless texture maps are perceptually similar to smaller input texture samples being tiled.
However, by default, the input texture samples are tiled with significant seams. Our main idea is to eliminate
the seams by automatically learning from the network to generate tileable texture maps from arbitrary texture
input examples. The GAN (Goodfellow et al., 2014) is used in our method to learn the implicit representation
of textures in two neural modules, generator G and discriminator D. Given a k X k source block S, cropped
from the input sample, the generator is trained to generate a new 2k x 2k output T,. Among them, the other
maps of the input sample are normal map, roughness map and displacement map, respectively denoted as Sy,
Sz and Sp, which corresponding to the generated new texture maps represented as Ty, Tr and Tp .
Discriminator D is trained to distinguish between these 4 2k x 2k texture maps are real (cropped from input
samples) or fake (synthesized by G). Synthetic seamless texture maps can be applied to 3D garments for
visualization and presentation. The diagram in Figure 2 depicts our proposed method of SP3F-GAN.

GT4: 2k x 2k

VA :
Pre-trained
VGG-19

Style Loss

Input texture maps Residual

Blocks

Adversarial Loss

Generator
Total Variation

v ﬁ Minimization

Generated texture maps

Figure 2. lllustration of the proposed method for seamless texture maps generation

Network architecture: The network architecture of SP3F-GAN is adopted from (Rodriguez-Pardo
& Garces, 2022; Zhou et al., 2018), including a residual connected encoder-decoder, convolution generator G,
and convolution discriminator D. However, their methods mainly focus on 2D textures. To achieve 3D
seamless textures, we extend their methods with two major aspects. First, instead of synthesizing a single RGB
image, we extend Generator’s outputs to 4 texture maps (albedo, normal, roughness and displacement map).
Second, to keep the continuity in the seam region, we applied Total Variation Loss as a regularization term.

Generator: The proposed generator consists of three main components: (i) the encoder, (ii) residual blocks
and (iii) the decoder. First, the encoder encodes the input texture maps, taking the albedo map S, as an example,
to obtain feature map x, (the spatial resolution is 1/4 of the input albedo map S,). The feature map x, is first
tilled (2*2) to obtain the tiled feature map x'(the spatial resolution is 1/2 of the input albedo map S,). The tiled
feature map x' is then cropped in the central region to obtain x.. Then, a set of residual blocks learn a compact
representation of the input texture. Finally, a bunch of decoders decode the output of the last residual block to
the output texture T,. Synthesizing multiple texture maps with a single generative model presents additional
challenges for the case of a single texture map because different texture maps produce different visual
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expressions. Inspired by (Rodriguez-Pardo & Garces, 2022), we extend the decoder to four decoding texture
maps for each of the four different data types.

Discriminator: Since we are not performing a pixel-by-pixel estimation of the whole image,
the discriminator is designed as a PatchGAN architecture, allowing local evaluation of the synthetic texture
quality for better local texture detail and global structural consistency. The discriminator has not been altered
in this task, (Isola et al., 2017; Zhou et al., 2018; Zhu et al., 2017) can find more analysis on the
patchGAN-based discriminator.

Loss Function: We train the network according to the standard GAN framework (Goodfellow et al., 2014),
and iterate between the training D and the real texture maps GT,, GTy, GTr and GTp and the generated texture
maps T,, Ty, Tr and Tp. In addition to the standard adversarial loss function L,g,, we used three additional
loss terms: L, loss , style loss Ly, (Gatys et al., 2015) and total variation loss L, (Larsen Greiner et al.,
2022).

1
2 2\2
Lypy(x) = Z ((xi,j+1 = x5j)" + (i, — Xi5) ) @
iJ
where x stands for the synthesized image, x;; is a pixel from image x at location (i, j). The L, loss is extended
to 4 texture maps: L%, L% , L} and L¢. The Lgtyie and Ly, are calculated as the sum of the perceptual losses and

total variation losses between the target and the generated albedo, normal, roughness and displacement texture
maps. We weight the total style loss by weighting different layers in the same way described in (Gatys et al.,
2016; Zhou et al., 2018). Our total loss function is defined as follow:

L = AgavLlaay + /u'cll + ALTll + /‘u‘rl. + /'ulcli + /‘lstyleLstyle + ALy (2)

4. EXPERIMENT

In this section, we evaluate our two main contributions. First, we examine the impact of the design choices of
Generator G on multilayer texture maps (Section 4.1), and second, we compare our SP3F-GAN with the SOTA
method (Section 4.2).

4.1 Consistency of Texture Maps

Albedo + Albedo + Albedo + Normal +
Roughness map Normal map Displacement map
& .{4 = d

Figure 3. lllustration of consistency of synthesized texture maps

Our generator G can generate high-quality seamless texture maps but cannot guarantee that the pattern of these
texture maps is consistently at a specific location. Gradients may not be shared in texture maps because Lty

and L, are calculated independently for each map. In this section, we demonstrate the usefulness of our
generator through a practical application. For the four generated seamless texture maps, we randomly select
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two or three maps (e.g., albedo + roughness map, albedo + normal map, and albedo + normal + displacement
map) to overlay on the fabric swatches for 3D garments and observe whether the pixel-level consistency
between the maps is preserved. Figure 3 shows the consistency of synthesized texture maps.

4.2 Comparison Experiment

4.2.1 Qualitative Comparison

We compare with the SOTA texture synthesis method proposed by Bergmann et al. (2017)'s PSGAN, using
samples from the describable textures dataset (DTD) (Cimpoi et al., 2014). 300 samples were randomly
selected from DTD to compare with the PSGAN method. The Figure 4 shows some representative texture
seamless generation results.! In the line, dot and marbled pattern examples, due to the relatively simple texture
structure, both methods work convincingly, capturing different repeating patterns. In the second row of
chequered pattern and the first row of grid pattern, PSGAN generates images with obvious artifacts, and the
details of the texture are not well preserved (e.g., generated distorted chequered pattern). PSGAN performs
reasonably when texture structure changes can be achieved locally at the seams but fails when the required
changes are global (meaning that the effect is not good for 2*2 tiling). Textures can be applied to fabric pattern
samples or 3D garments where seamless tiling is a minimum expectation. Our proposed SP3F-GAN can not
only generate tractable textures but also preserve the high-level semantic structure, thereby yielding clear and
realistic synthetic textures. Particularly, SP3F-GAN provides high-quality output for textures with non-uniform
illumination (e.g., the second row of chequered pattern), irregular textures (e.g., striped and bubbly pattern)
and gradient color textures (e.g., grid and smeared pattern).
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Figure 4. Qualitative comparison with SOTA method. On the left column, we show the input textures cropped from the
ground truth. From left to right, the synthesized results of PSGAN (Bergmann et al., 2017) and the proposed SP3F-GAN
Outputs are tiled a similar number of times (at least twice in each dimension) for better visualization. Our method
generally captures better the overall structure of the texture, while providing seamless and semantically coherent borders,
for enhancing tileability

!More qualitative results can be obtained through e-mail: tracy.mok@polyu.edu.hk
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4.2.1 Quantitative Comparison

In the quantitative evaluation, we compare the performance of the generated texture with the ground truth
texture (GT) using standard metrics: SSIM and LPIPS. The Structural Similarity Index Metric (SSIM)
(Wang et al., 2004) is a perceptual-aware metric that acts on pixel space to measure the similarity of structural
information and may be suitable for evaluating synthesized textures. In addition, we use learning perceptual
image block similarity (LPIPS) (Zhang et al., 2018) as perceptual distance metric in deep image space.
This metric is widely used to evaluate generative models (Huang et al., 2018; Karras et al., 2020; Zhan et al.,
2022). Experiments were conducted in a fair comparison between describable textures dataset (DTD) and the
deep learning-based method PSGAN (Bergmann et al., 2017). We first compared the composite image and GT.
Our method obtained better SSIM and LPIPS scores, as shown in Table 1. Then, we also compared the 2*2
tiled generated textures and GT. However, the metrics used for this experiment require both to have the same
resolution. To achieve this, a 2*2 tiled generated image is cropped in the center so that it has the same resolution
as the corresponding GT. Similarly, scores better than PSGAN are both in SSIM and LPIPS. This shows that
our method can better preserve the stylistic and semantic content of the generated texture by combining various
loss functions. In addition, our potential spatial manipulation algorithm allows seamless boundaries between
tiling, superior to PSGAN in terms of structural similarity.

Table 1. Quantitative comparison of PSGAN and the proposed SP3F-GAN. Higher is better for SSIM, while lower is
better for LPIPS

PSGAN (Bergmann e Center cropped SP3F-GAN Center cropped SP3F-GAN’s
al., 2017) PSGAN’s 2*2 tiling 2*2 tiling

1SSIM 0.1763 0.1896 0.2354 0.24566

|LPIPS 0.5957 0.5236 0.4327 0.5063

5. CONCLUSION

In this paper, an automatic seamless texture synthesis network architecture is proposed to process multi-layer
texture maps. Extensive experiments on a describable texture dataset (DTD) show that the proposed wearable
GAN can generate seamless texture maps with superior visual quality in terms of detail preservation compared
to previous deep texture synthesis methods.
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