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Motivation
Domain Randomization (DR) can broaden a synthetic data distribution to encompass a realistic data distribution

No consensus on the optimal approach to applying DR — leading to inefficient sampling and unguided application

Texture Randomization Techniques [16] [17] [18] [19] [14] [20] [10] [21] [12] [22] [8] [11] [7] [6] [23] [24] [25] [13] [9]

Flat RGB
Gradient RGB
Patterns (Checkerboard)
Patterns (Striped)
Patterns (Other)
Additional Noise (Perlin)
Real Images

TABLE I: Table showing texture randomization techniques applied in current literature. The heavily favored approach is to
use Flat RGB textures, in which each texture is a single RGB color sampled from a predetermined distribution.

tween realistic images and synthetic images that have modified
textures based on the commonly used texture randomization
methods in Table I.
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Gradient RGB
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Fig. 2: Sample textures from our augmentation routine derive
from the various techniques currently applied within DR
literature from Table I.

The textures applied are non-patterned (Flat RGB, Gradi-
ent RGB), patterned (Checkerboard, Striped, Zig-Zag), and
dominant noise (Perlin noise [26] applied to the previous
textures), as seen in Fig. 2. By evaluating texture random-
ization techniques on a localization task, we show patterned
textures result in the highest performance. We find that task
performance, Wasserstein, and FID estimates in the feature
space of ImageNet weights produce similar rankings.

Our main contributions are summarized below:
• We propose a novel method of quantifying differences

between DR data distributions from samples, using neural
networks.

• We demonstrate that the method is capable of ranking
the different augmentations and is reflected in the perfor-
mance of an object localization task.

• Based on the produced ranking, generated without any
task-based training, we recommend using more complex
patterned textures when generating DR synthetic data.

II. RELATED WORK

Use of Synthetic Data. Since data-driven deep learning
approaches started gaining popularity, generating synthetic
data has been seen as a more efficient alternative to manually
collecting and labeling real-world data. Synthetic datasets
have been made available for solving various tasks such as
autonomous driving [27]–[29], object detection [30], [31], seg-
mentation [32]–[34], and robotic manipulation [9]. However,
systems trained on existing synthetic datasets [35], [36] have

shown limited ability to generalize to data that differs from the
synthetic source, as the variety needed may not be present.

A practitioner may hand-design datasets for a task through
the simulator and renderer configuration. However, realistic
simulation can be computationally expensive [16], [36], [37].
Designing the environments typically requires expert knowl-
edge of the domain to ensure that generated data is useful
in solving the task. In this paper, we aim to utilize synthetic
texture randomization routines and quantify the influence of
the generated samples on a given task.
Domain Randomization and Domain Adaptation. Domain
Adaptation has shown success at tackling the problem of
adapting networks trained on a source domain to an unseen
target domain [2], [38]–[41]. Several of these works make use
of Generative adversarial networks’ (GANs) [15] architecture
to modify a given input’s appearance.

For example, Shrivastava et al. [2] addressed synthetic data’s
unrealistic appearance by refining the synthetic images using
unlabeled real-world images to enhance realism for solving
gaze and hand pose estimation. Such an approach typically
relies on having access to a large amount of real data, such as
approximately 214K images from the MPIIGaze dataset [42]
in the case of gaze estimation.

DR utilizes the rendering engine and simulator to randomize
parameters such as textures, illumination, object positions,
and camera positions, resulting in a greater variety in the
dataset. This approach to augmenting the synthetic data is an
inexpensive way to improve transfer from synthetic to real in
tasks such as manipulation [7], [18], [20], [21], [23], [24],
pose estimation [16], [43], object detection [11], [19], and
segmentation [17].

The user typically selects the rendering parameters, which
are commonly sampled from a uniform distribution. While
this may eventually lead a given model to learn from a
heavily augmented dataset, the naive sampling of the rendering
parameters may result in an inefficient data distribution for
a given task. This sampling approach would include very
slight variations, and the addition of inefficient data would
be computationally wasteful and may hinder performance.

Existing literature does not perform a thorough comparative
analysis of potential augmentations and typically relies on
ablation studies to demonstrate the effects on a given task. For
example, Table I shows that most implementations apply Flat
RGB, despite the range of possible augmentation techniques.
We show that measuring the distance between distributions
in an image classification feature space provides insights on

Detailed citations available in the paper



Large amount of possible textures — which textures would result in the highest performance to solve a given task?

Patterned Textures
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Non-Patterned Textures
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Typical Approach
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Goal
Quantifying the difference between realistic and DR data distributions.

• Novel method of quantifying differences between DR data distributions and real-equivalent samples 

• Our method avoids the expense of task-specific training and evaluation

• We show lower distance estimates between DR and real-equivalent distributions, generated without task-based training, 

corresponds to higher task-based performance

Contributions
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Method

10x8,
2048 channels

Distribu on 2
Feature Vector

Distribu on 1
Feature Vector

Computed
Wasserstein Es mate

WGAN-GP
Discriminator

ResNet-50
Feature Extrac on

320x240x3

Augmenta on
Rou ne

Domain Randomized
Augmented Image

Distribu on 1 
(Real-Equivalent Images)

Distribu on 2
(Domain Randomized Synthe c Images) Random

Projec ons Compute FID Computed FID

320x240x3

<latexit sha1_base64="9XtE0Dv5RDKNuSBvjAXbAFA+9aQ="></latexit>

d2((maug, Caug), (mr, Cr)) = ||maug �mr||22 +Tr(Caug + Cr � 2(CaugCr)
1
2 )

<latexit sha1_base64="ygGhDHSiYP15qjaGwZG97mUj0gk="></latexit>

L = E
x̃⇠Paug

[D(x̃)]� E
x⇠Pr

[D(x)] + � E
x̂⇠Px̂

h
(krx̂D(x̂)k2 � 1)2

i



Results
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Results
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Conclusion
• We propose a novel method of quantifying 

differences between DR data distributions 
and real-equivalent samples
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• We demonstrate that the method is capable of 
ranking the different augmentations which is 
reflected in the performance of an object 
localization task

• Based on the produced ranking, generated 
without task-based training, we recommend 
using more complex patterned textures 
when generating DR synthetic data 
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