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Abstract

Recently, the use of synthetic training data has been on the rise as it offers correctly
labelled datasets at a lower cost. The downside of this technique is that the so-called
domain gap between the real target images and synthetic training data leads to a de-
crease in performance. In this paper, we attempt to provide a holistic overview of how
to use synthetic data for object detection. We analyse aspects of generating the data
as well as techniques used to train the models. We do so by devising a number of
experiments, training models on the Dataset of Industrial Metal Objects (DIMO) [3].
This dataset contains both real and synthetic images. The synthetic part has different
subsets that are either exact synthetic copies of the real data or are copies with cer-
tain aspects randomised. This allows us to analyse what types of variation are good
for synthetic training data and which aspects should be modelled to closely match the
target data. Furthermore, we investigate what types of training techniques are benefi-
cial towards generalisation to real data, and how to use them. Additionally, we analyse
how real images can be leveraged when training on synthetic images. All these ex-
periments are validated on real data and benchmarked to models trained on real data.
The results offer a number of interesting takeaways that can serve as basic guidelines
for using synthetic data for object detection. Code to reproduce results is available at
https://github.com/EDM-Research/DIMO_ObjectDetection.

1 Introduction

Deep learning and its applications have advanced tremendously over the last couple of years.
These powerful machine learning models require a large amount of labelled training data
however. The more complex and the better these models get, the more training data they
require. But good training data is not easy to come by. Manually creating photographs and
labeling them is a slow and costly process. Additionally, humans are prone to introducing
errors and bias in datasets [13, 17], which is bad for model performance. Furthermore, some
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forms of annotations are very difficult for a human to create, such as depth maps, segmenta-
tion maps or object poses.

Due to these problems with datasets created by humans, synthetic training data has become
more popular over recent years. With modern rendering technology it is easy to render thou-
sands of images fairly quickly and at a low cost when 3D models are provided. Since the 3D
composition of the depicted scene is known, the accompanying labels for the machine learn-
ing task can easily be generated. Additionally, these labels are pixel correct and the dataset
contains less bias, since a computer is way better at randomising than a human. There is
however a big disadvantage to using synthetic data. Although looking very realistic, there
still is a difference in appearance between real and rendered images. This causes a model
that is trained on synthetic images, to perform worse on real images. This phenomenon is
called the domain gap [16] and it hinders synthetic training data from being widely adopted.
Object Detection is one of the most prominent fields of computer vision. This is due to the
fact that it has many applications and is often the first step in vision pipelines for more com-
plex tasks. Some of these applications include robot control [2], product inspection [20],
surveillance [15] and many more. If a company wants to apply deep learning to their spe-
cific tasks, they need high quality training data that is specific to them. Manually labelled
data is often too expensive or sometimes even too difficult to come by, especially so for
smaller companies. These companies sometimes resolve to using synthetic data to train their
models, often with unsatisfactory results, due to the aforementioned problems with synthetic
data. While synthetic data is cheaper then manually created data, it is not for free. When
rendering thousands of images, costs can accumulate to a large number as well.

In this paper we offer a number of insights on how to generate and how to use synthetic
training data. The goal is to generate knowledge on how to create training data that offers
good performance on real images whilst keeping the total cost of rendering as low as pos-
sible. When using this synthetic data we use only basic deep learning mechanisms that are
available in most toolkits. We deliberately stray away from more complex methods of do-
main adaptation and generalisation to make our findings as widely applicable as possible. To
provide these insights, we perform a number of experiments using the Dataset of Industrial
Metal Objects (DIMO) [3]. This dataset contains a set of real images, exact synthetically
rendered copies of those real images and sets of synthetic images with variations in different
aspects. This unique dataset allows us to study the exact impact of those variations towards
the generalisation on real images. However, data alone is only half the picture. Additionally,
we study the impact of a number of deep learning techniques towards the generalisation on
real test sets. The impact is measured by training a number of object detection models on
different datasets and configurations while measuring the performance on a real test set.

2 Related Work

Models trained on synthetic data often suffer from a decrease in performance on real data.
This is due to the domain gap, a term introduced by Tobin et al. [16]. They argue that it is
impossible to perfectly simulate all aspects of a camera and that there will always be a differ-
ence between synthetic training data and real test data. They solve this for the task of object
localisation by using domain randomisation. This technique randomises as many aspects of
the rendering as possible as opposed to trying to accurately simulate the data. Trembley et
al. [18] applied this technique for object detection. Their domain randomised car detection
dataset leads to great performance on the KITTI dataset [5], even better than the Virtual
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KITTI dataset [4] that was modelled to be similar. This has shown that randomisation can
be a substitute for realism.

A different approach to randomisation is attempting to make the datasets as realistic as pos-
sible. Movshovitz-Attias et al. [12] investigated how useful photorealism is and what param-
eters are the most important, for the task of viewpoint estimation. They show that a more
complex rendering process is beneficial and that adding synthetic images to a real dataset
offers a boost in performance. Additionally, they conclude that randomising lighting param-
eters leads to better generalisation. Hodan et al. [9] developed a method for generating object
detection datasets using physically based rendering (PBR). They show that models trained on
PBR datasets perform better than ones trained on datasets created by simpler rendering tech-
niques and that increasing the quality of the PBR leads to better models. Additionally, they
show that taking into account the context (gist, geometric, semantic, and illumination con-
textual aspects) in which the object will be placed improves the performance of the trained
network.

There are other techniques to improve performance as well. Hinterstoisser et al. [8] use trans-
fer learning to improve generalisation of models trained on synthetic data. They initialise a
network with weights trained on real data and freeze the layers of the feature detector during
training. Using this technique, they train a model on a simple synthetic dataset and manage
to get performance close to that of a model trained on real data. Nowruzi et al. [14] investi-
gated the use of real images when training on synthetic data. They show that adding a small
amount of real images can be useful and that fine-tuning is better than mixing the data.

In our research we use the DIMO dataset. This dataset contains a real dataset, an exact
synthetic copy and a number of different variations of the synthetic copy. We can thus inves-
tigate what variations are beneficial for generalisation but also research if it is useful to put
effort in copying some aspects of the target dataset. This allows us to offer some unique in-
sights that other papers have not yet investigated. Additionally, we attempt to offer a holistic
analysis, investigating a number of important concepts for synthetic training data.

3 Experimental Setup

3.1 The Dataset

In our experiments we use five subsets of the DIMO datasets. The first subset contains real
RGB images, captured with a JAT GO-5000 camera (subset denoted as real). Additionally,
we used the four synthetic datasets that have two types of variations. The first is an exact
digital twin dataset, where both the poses of the objects as well as the light of the environ-
ment match with the real images (synth). The second and third are datasets for which either
the poses (synth, rand pose) or the lighting conditions (synth, rand light) are randomised,
with the non-randomised component matching the real images. The fourth and last dataset
of DIMO that we use in our experiments varies both the poses and the lighting conditions
(synth, rand all). The poses of the objects for the real images were manually set in repre-
sentative and interesting positions. These poses were then manually annotated and used in
the generation of the synthetic data. The randomization of the poses in the synthetic data is
done by spawning the objects in a uniform random location 30 cm above the carrier. Sub-
sequently, a physics engine simulates the dropping of the objects on the carrier, until they
advance into a stable state. This provides a variation in the distribution of poses between the
synthetic and real datasets. The light variations were created by iterating over a list of 31
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