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Abstract— Recent Advances in Artificial Intelligence (AI), 
particularly in the field of compute vision, have been driven by 
the availability of large public datasets. However, as AI begins 
to move into embedded devices there will be a growing need for 
tools to acquire and re-acquire datasets from specific sensing 
systems to train new device models. In this paper, a roadmap in 
introduced for a data-acquisition framework that can build the 
large synthetic datasets required to train AI systems from small 
seed datasets. A key element to justify such a framework is the 
validation of the generated dataset and example results are 
shown from preliminary work on biometric (facial) datasets.  

Keywords—Generative Models, Data Augmentation, Data 
Annotation, Synthetic Data,  

I. INTRODUCTION 
Recent progress in Artificial Intelligence (AI) has been 

driven by a combination of, firstly, increased computational 
power, enabling more sophisticated neural network 
architectures to be trained; secondly the availability of large 
digital datasets, harvested from Big Data on the cloud and 
thirdly, machine learning methodologies based on deep neural 
networks. We are now on the cusp of a new era where 
embedded devices will be able to employ hardware AI 
accelerators [1] enabling transformative AI solutions in fields 
such as autonomous vehicles, smart-healthcare for the elderly, 
smart-city infrastructure and emerging mixed reality and 
wearable technologies.  

But in order to realise solutions in many of these specific 
problem domains there is a growing need to build custom 
datasets that are tailored for a particular use case.  Practical 
solutions require appropriate training datasets modified to a 
constrained use case together with matching ground truth data. 
Acquiring such datasets at the scale required for training with 
today’s AI systems and subsequently annotating them with an 
accurate ground truth is challenging in terms of time, human 
resources and operational costs. And with the recent 
introduction of GDPR and associated complications 
introduced industry now faces additional challenges in the 
collection of training data that is linked to individual persons.  

A. The GADAFAI Hypothesis 
Recently, innovative deep learning methodologies have 

proved surprisingly sophisticated at generating new data 
samples [2]–[5] and the State-of-Art (SoA) in Virtual Reality 
(VR) enables large-scale photorealistic, yet virtual, ‘scenes’ to 
be created. These development suggest that it might make 
sense to focus on developing improved methodologies to 
control and manage the generation of data samples matched to 

a specific machine learning problem rather than struggle with 
the challenges of obtaining sufficient ‘real-world’ data. This 
train of thought has led to a somewhat contrarian, research 
question (hereafter referred to as the “GADAFAI 
hypothesis”): 

“Can we artificially generate and/or augment suitably 
large sets of data samples adapted for training today’s AI 
networks, and prove that the resulting AI networks are as 
robust and reliable as those trained on equivalent ‘real-
world’ datasets?” 

This paper outlines how GADAFAI can work in practice 
and provides a roadmap towards a broader validation of the 
hypothesis and establishes the first steps to validate the 
hypothesis for some specific types of dataset. To provide a 
context for this roadmap we focus on a range of topical 
research fields in Computer Vision (CV). These include, in 
order of increasing complexity, systems for biometric 
authentication (use cases: consumer devices, security & 
authentication), indoor scene analysis (use cases: consumer 
devices & home healthcare), human body motion & facial 
emotion analysis (use cases: home services, healthcare & 
security), and street-scene analysis (use cases: autonomous 
vehicles & smart-city). Some initial results on the validation 
of the GADAFAI hypothesis in the context of large facial 
datasets (biometrics) are provided.  

B. Strategic Importance of this Research 
Today AI resides mostly in cloud systems but, a migration 

from the datacentre towards the data sources/sensors has 
begun. Ultimately, a fusion of sensing & primary data-
processing is to be expected on embedded devices at the 
network edge [6] and for some applications this is feasible 
today [1], [7]–[9]. But moving the core AI functions onto 
embedded devices is only one piece of the puzzle to deliver 
practical AI solutions. Currently, AI is mainly trained on Big 
Data, harvested from large Cloud repositories. But there are 
growing concerns among government regulators and the 
public regarding privacy issues arising from the mass 
harvesting of personal data. Now GDPR data privacy 
regulations in Europe have effectively throttled Big Data as a 
source of training data [10]–[12]. 

With many companies releasing new embedded AI 
accelerators [13]–[15] the only remaining barrier to new 
Edge-AI applications is training of the neural networks. But 
this relies on the availability of suitably annotated datasets that 
in most cases do not yet exist. If the full potential of Edge-AI 
[16] is to be realized in our daily lives, it is important that new 
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approaches are explored to building the training datasets that 
will enable tomorrow’s disruptive AI technologies.  

Currently, one of the most important challenges in 
building reference datasets for AI applications is the 
management of privacy and ethics. The EU has recently 
initiated major initiatives to boost research activity and 
encourage world-leading research on the next generation of AI 
in Europe [17], [18], but, in parallel, the increasing regulation 
of digital data poses a significant challenge to EU aspirations 
to become a global leader in AI research. In brief GDPR 
creates a significant barrier to building the large datasets 
required as a foundation for future AI research activity. 

C. Overview of this paper 
In the next section some of the challenges in acquiring 

large reference datasets of ‘real-world’ data are discussed. 
This is followed by a high level review of current state-of-art 
in data generation and augmentation techniques – these 
provide a foundation for GADAFAI frameworks to build large 
synthetic datasets. This is followed by a discussion of the 
primary research domains and associated data landscapes in 
the context of today’s computer vision research. Next we 
outline an initial approach to validating the GADAFAI 
hypothesis in the context of biometric data. In this field there 
are large publicly available datasets and a number of well-
developed methodologies to generate synthetic facial and 
other biometric data. A number of experiments are currently 
in progress to realise this initial validation and some results 
will be presented at the ISSC 2020 conference.      

II. THE CHALLENGES OF ‘REAL-WORLD’ DATA 
The technical challenges in building new ‘real-world’ 

datasets arise from the need for accurate annotation and expert 
curation of the data. If data is not correctly annotated or 
sufficiently generalized for the problem at hand then incorrect 
features are easily learned by the neural network [19]–[23].  

 
Figure 1: Illustrative examples of datasets based on ‘real-world’ 
computer vision data. 

In Fig. 1 some examples of datasets based on acquired 
‘real-world’ data are shown. The ideal dataset covers all the 
likely sensing and environmental contexts that might arise, but 
as it is impractical to gather such a broadly scoped dataset 
researchers must typically rely on a much sparser, although 
still costly dataset. In practice this sparser dataset can be 
enhanced using simple data augmentation techniques [24], 
[25] to grow the context of the original samples. More 
sophisticated technique such as learned augmentation [26], 
[27] can help to create some new, intermediate data samples. 
This can improve the performance of existing datasets, but it 
still relies on a large original ‘real-world’ dataset which is 

costly and time-consuming to acquire and often provides a less 
that reliable ground truth.  

To better illustrate the challenges of real-world data it is 
useful to consider a simple example – acquiring a stereo 
baseline dataset for training a neural network to detect image 
depth. To acquire this dataset, a researcher needs two identical 
cameras – but individual cameras have subtle differences in 
the optics (distortions & aberrations), the CMOS sensors 
(noise) and in the digital pipelines (jitter & rolling shutter 
synch). To obtain well matched stereo pairs a detailed baseline 
calibration should be performed between the two cameras. 
Subsequently, they should be maintained at the same 
temperature and in similar ambient conditions. An accurate 
depth sensing system is also required as part of the 
experimental rig to gather detailed depth information for a 
ground truth; the point cloud of depth measurements needs to 
be aligned with individual pixels of the camera image for both 
cameras, and for each image frame as the imaged scene 
changes. Finally, if it subsequently becomes necessary to 
change the stereo baseline, the sequence of imaged scenes 
must be re-created frame by frame, and if the original data is 
to be re-used then each scene should be re-created exactly as 
the original (lighting, object poses & locations, stereo path, 
etc). This exact re-creation of the experimental conditions is 
practically impossible to achieve in the ‘real-world’.  

Now consider an implementation of the above acquisition 
sequence in a photo-realistic virtual environment. The two 
cameras are represented by ‘camera models’ and are 
‘identical’ digital twins of each other; the exact depth values 
for each rendered pixel are available and the stereo acquisition 
paths are precisely defined and can be readily adjusted. 
Objects and animations in the 3D scene are stored and can be 
recreated and manipulated at will in a repeatable manner.  

Naturally the storage and rendering of complex 3D scenes 
has significant associated computational and storage 
overheads so it is helpful if we can also leverage advanced 
augmentation techniques to grow the size of the rendered 
dataset. Further, 3D scenes typically employ digitally 
generated components which do not provide the same 
variations as ‘real-world’ objects and textures – thus some 
acquisition of ‘seed data’ from the real world is still important 
to better generalize the training data and introduce realistic 
variations in surface texture, lighting and image noise.  

III. STATE OF ART IN DATA GENERATION & AUGMENTATION  

A. Advanced Data Augmentation 
Fully learnable data augmentation was originally proposed 

by Lemley et al. [26] and there have been many refinements 
of the approach over the last 3 years [27]. In the learned, or 
smart augmentation technique of [26], all the components of 
the augmentation pipeline are learned via an auxiliary neural 
network. An alternative approach is proposed in [28] where 
the augmenter accepts two random images from a class and 
tries to generate images which reduce the loss of the target 
network (a network that learns a desired task). In another 
approach a Bayesian technique [29] is applied to generate data 
based on the distribution which is learned from an originl 
training set. Similarly, learned features can be manipulated 
using simple transformation which results in augmented data 
as shown in [30]. Note that learned augmentation techniques 
differ from the more widely researched generative adversarial 
networks (GANs) in that the end point is create data samples 
that improve a training task, rather than data samples that 
attempt to mimic a known data distribution.    
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B. Generative Adversarial Networks (GANs) 
Since the introduction of GANs in 2014 [31], there has 

been a rapid growth of research in this field. GANs are now 
applied to many applications across different domains from 
computer vision to natural language processing and 
audio/speech processing. The use of GANs in SoA is 
particularly effective in the generation of facial data samples 
[32]–[36]. The GADAFAI hypothesis seeks to investigate a 
broader range of data classes across the image and audio 
domain, but initial investigations have focussed on facial data 
as advanced techniques and large public datasets are more 
highly evolved in this field.   

IV. OVERVIEW OF GADAFAI 
GADAFAI is distinguished from other efforts to build 

synthetic datasets in that it also seeks to provide some 
validation metrics to measure the usefulness of the synthetic 
data samples for a particular use case or problem. These 
metrics should allow researchers to quantify variances 
between ‘real-world’ datasets and those that are ‘generated’ 
via alternative methodological approaches. The intention is to 
focus on measuring the validity of synthetic datasets for 
practical problems across a range of fields of application. This 
should enable new methodological refinements of the 
generated datasets to specific use cases. 

Key research fields to be addressed include, in order of 
increasing complexity and challenge, (i) biometrics 
(consumer devices, security & authentication); (ii) indoor 
scenes (smart-home & home healthcare), (iii) human body 
motion & facial emotion analysis (home services, healthcare 
& security), (iv) complex & dynamic street scenes 
(autonomous driving & smart-city) and (v) human speech 
synthesis. Each of these research fields provide a more 
complex format of dataset and represent progressive 
challenges both in generating appropriate and accurate 
datasets and in the availability of suitable quantitative and 
qualitative metrics to realize the validation of the dataset.  

A. The Data Landscape 
There is no doubt that we face a complex and 

heterogeneous data landscape in the field of computer vision 
and much of the challenge revolves around this complex data 
landscape. The GADAFAI hypothesis considers this data in a 
series of categories of increasing complexity. Note that the 
main goal is to demonstrate sufficient commonality to deliver 
on a broadly-scoped data synthesis framework, while 
potentially solving some specific applied research problems. 
Here we briefly review each data category, summarising the 
inherent challenges.   

Biometric Data – This category of data is well studied in 
the literature and mature techniques to analyse and validate 
biometric identity are available, especially for facial and iris 
recognition pipelines. More recently, advanced deep learning 
techniques have shown improvements on certain aspects of 
these acquisition pipeline and the use of less robust acquisition 
platforms, such as handheld devices have been explored. The 
maturity of biometric data analysis offers a good starting point 
to explore the GADAFAI hypothesis and some work on the 
validation of synthetic facial data samples for use in the area 
of facial recognition will soon be ready for publication.  

Indoor Scenes – This category of data has received much 
attention recently as methods for acquiring 2.5D data (imaged 
scene + depth data) have been refined and in parallel there 
have been advances in the 3D modelling of rooms and 

buildings and recently a range of deep learning techniques and 
the use of GANs have been applied to both analyse indoor 
scenes and generate random, but semantically valid models of 
indoor spaces. Important tools include monocular depth 
estimation [37], [38] and scene segmentation [39]. This data 
category provides a first step away from the maturity of 
biometric data, but as scenes are essentially static the 
challenges are reasonably tractable. Applied problems related 
to this data category include the dynamic analysis of a room 
environment to improve consumer audio experience, or to 
enable augmented or mixed reality on smartphones or with 
wearable glasses. This data category also offers a stepping-
stone to modelling a dynamic indoor environment involving 
human interactions.    

Body Motion & Facial Expressions – This spans a 
number of different areas from motion-capture, typically for 
purposes of advanced animations, to security systems, often in 
urban environments and more recently Driver-Monitoring 
Systems (DMS) and Adaptive Driver Assistance Systems 
(ADAS) for the automotive sector. This data category presents 
an additional challenge as it involves dynamic transitions 
rather than the static data of the first two categories. Research 
is not as mature, but there are many useful datasets and data 
analysis tools that can be leveraged to support data-generation, 
augmentation and 3D modelling.  

Indoor Scenes with Humans – This data category takes 
us beyond current state-of-art by combining the previous two 
data categories to enable the modelling or generation of 
dynamic human interactions within a living environment. At 
this point technical challenges are encountered in terms of the 
size of data required to represent such dynamic scenes and the 
bandwidth and computational power required to model or 
generate interactive action sequences. Some real-world 
datasets exist for human activities and actions, but they are 
less comprehensive than in the previous data categories. 
Applied problems related to this category include monitoring 
the capacity of the stay-at-home elderly – a compelling and 
global socio-economic challenge.   

Street Scenes with Dynamic Activities – This data 
category involves a wider range of depths and more complex 
dynamic scenes with multiple vehicles, humans and other 
animated elements. While these scenes represent an even 
greater challenge over dynamic indoor scenes some aspects of 
the data models and generative techniques are better 
developed in this field due to the research focus of industry 
and academia on autonomous driving.  

B. The GADAFAI Data-Generation Framework 
Up to this point the goal was to explain the scope and 

context of the GADAFAI hypothesis. Here the proposed 
dataset-generation framework is explained in the context of a 
practical application such as generating a dataset of facial 
identities to train a facial recognition classifier. Figure 2 
illustrates a brief overview of the pipeline employed to 
activate GADAFAI hypothesis. The process starts with a 
number of seed datasets - Fig 2(i). For facial data samples 
there are quite a few suitable datasets, one of the best being 
CELEB-A. Public facial datasets typically have a significant 
number of bad data samples. These may be incorrectly 
labelled or of such poor quality that a neural network 
algorithm will not be able to learn correctly from these 
samples. Thus the seed dataset often has to be pre-filtered, or 
cleaned before if can be used. Another challenge is that the 
number of data samples in each class can vary widely with 
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some classes only having 1-3 data samples. These classes 
should be excised from training data but can be useful later for 
validation. Classes with more samples, but lower numbers – 
typically having only 5-10 samples – should have additional 
data samples created using learned augmentation - Fig 2(ii).  

 
Figure 2: The brief overview of GADAFAI hypothesis 

To create additional data classes a GAN such as StyleGAN 
should be trained - Fig 2(iii) – and these can then be used to 
generate new data classes which can bridge gaps between the 
seed datasets - Fig 2(iv). At this point the framework can 
provide a larger hybrid dataset than is available from public 
datasets, and such a comprehensive dataset should, on its own, 
enable more sophisticated facial classification techniques and 
building more adaptive facial class generators. Current state 
of research for this specific problem is now at the stage 
illustrated in Fig 2(iv) and should be published later this year.    

V. PRACTICAL VALIDATION ON FACIAL DATASETS 
It is clear that, the GADAFAI hypothesis is somewhat 

contrarian in nature - no data scientist would subscribe to the 
idea that man-made data can substitute for real-world data. 
Thus, it is important to validate the hypothesis across a 
number of different fields. As was discussed earlier, the field 
of facial biometrics offers a good starting point. In this section 
some details of our initial work on facial datasets is provided, 
together with some preliminary outcomes.  

There are several steps to achieve this first validation. 
Firstly it is necessary to build tools that can generate a larger 
number of unique synthetic data samples of a human face. 
Secondly we need to work with existing ‘real-world’ facial 
datasets to obtain a relatively clean distributions of data 
samples. Both of these tasks are challenging in their own right 
and are documented in companion papers to be presented at 
ISSC 2020 and QoMEx 2020. A third, more comprehensive 
journal paper will bring together all of this research. In this 
section an overview of the current status and summary of the 
main findings is presented.   

A. Re-Training of StyleGAN 
StyleGAN is a state-of-art generative adversarial network 

(GAN) architecture that generates random 2D high-quality 
synthetic facial data samples. The original GAN network for 
StyleGAN was trained on the CelebA-HQ (high quality) 
dataset which has 30,000 facial images. However this is not a 
particularly large facial dataset so the motivation to re-train 
StyleGAN is to better understand the relationship between the 
original seed data and the synthetic samples generated by the 
GAN after training on different sizes of seed data.  

 

 

 

 
Figure 3: Four examples of uncannily similar StyleGAN image 
pairs generated randomly in a batch sample of 20,000 images; 

Our preliminary work suggests that without a sufficiently 
large seed dataset that StyleGAN can exhibit overlappings 
within the generated samples within the latent space. This 
manifests through a small number of synthetic data samples 
that are separated in latent space, but appear uncannily similar 
to one another as shown in Figure 3. Additional experiments 
are in progress to better quantify this phenomenon. The results 
of several of our re-trainings of the generator network are 
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made available publicly 1 to encourage other researchers to 
contribute and explore the stability of StyleGAN further. 

B. Cleaning of Large Facial Datasets 
CelebA and CelebA-HQ are actually not very optimal 

datasets as they provide relatively small numbers of individual 
data samples and separate identities. CelebA has 200,000+ 
individual facial data samples and 10,000+ identities, but that 
is only an average of 20 samples per identity. There are several 
datasets with at least an order of magnitude more unique data 
samples and thus a greater density of samples per identity. But 
all these large datasets share one common challenge – they 
have many bad data samples. Some are of poor image quality, 
but there are also many examples of bad labelling of data in 
all public datasets. This motivated a second piece of work to 
find a method to improve the quality of such large real-world 
datasets because without such clean ‘real-world’ datasets we 
cannot make a fair comparison with datasets built from 
synthetic data samples.  

C. Real Vs Synthetic Data Samples - Preliminary ROCs 
Our initial experiments comparing CelebA negative pairs 

with StyleGAN and several other datasets led to the discovery 
of overlapping identities across several of these datasets. After 
removal of these overlapping identities the results shown in 
Figure 4. It is noted that all of the ROC curves are essentially 
consistent, apart from a comparison of StyleGAN with 
StyleGAN negative pairs (yellow curve). At this point it was 
concluded that this poor performance is due to the similar 
negative pairs, as illustrated in Figure 3 and this is turn is due 
to insufficient training samples in the CelebA dataset. A re-
training of StyleGAN on the larger CelebA and Casia datasets 
was recently completed and results from an extended set of 
experiments will be provided at the ISSC 2020 conference.   

 
Figure 4: ROC curves comparing negative pairs between CelebA 
and StyleGAN, Casia and Labeled Faces in the Wild (LFW) datasets. 

D. Towards complete Synthetic Identities 
The results presented here are the first phase of validation 

on large facial datasets. To complete the validation the next 
step is to build a complete facial identity from a random 
StyleGAN data sample so that a fair comparison can be made 
between a ‘clean’ real-world dataset and a corresponding 
‘synthetic’ dataset. This entails augmenting each random 
StyleGAN data sample with variations such as facial 
expressions, pose variations, and mixed lighting conditions 
amongst others. These variations can be generated both using 
conventional image processing techniques and though 
specialized training of GANs. Elements of this work are 

 
1 https://github.com/C3Imaging/Deep-Learning-Techniques/tree/Re-

training-StyleGAN 

underway and will be reported in detail in a following 
publication.  

VI. DISCUSSION 
The initial work on validation of the GADAFAI 

hypothesis has led to some interesting findings and outputs. 
Firstly, in order to provide clean versions of a number of large 
public face datasets a semi-automated cleaning methodology 
was developed and validated and will be presented in a 
companion paper.  

Secondly, the quality of the data samples generated by 
StyleGAN when trained on some of the smaller facial datasets, 
such as CelebA-HQ or CELEBA has been explored. Initial 
results show that some of the generated data samples result in 
uncannily similar facial identities. This suggests that either 
there is insufficient variation in the seed data used to train the 
generator or alternatively the GAN may be approaching mode 
collapse. More detailed investigations are ongoing and a 
methodology to measure the uniqueness of generated data 
samples is evolving. These results should inform other 
researchers relying on the use of generators such as StyleGAN 
that additional analysis of the generated data is needed if this 
data is to be used to accurately simulate variations in real-
world datasets. Some additional results will be presented at the 
conference and a more detailed journal publication is in 
preparation.  

The GADAFAI research hypothesis has been outlined in 
some detail in this work and represents an evolving approach 
that can help develop powerful new training methodologies to 
enhance the capabilities of state-of-art neural networks. 
Ultimately, such methodological frameworks could free 
researchers from concerns with the logistics of dataset 
acquisition, enabling them to focus on new technology 
innovations in terms of smart services and products. 
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