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Abstract 
 

Rising challenges to international privacy, safety, security and peace posed by multi-rotor drone operators 

has accelerated research and development of counter small Unmanned Aircraft Systems (C-sUAS) systems. 

As part of this, computer vision (CV) approaches using deep learning (DL) have been typically utilised as 

an effective method for the detection of multi-rotor drones, by way of electro-optical (EO) camera detection 

systems. Since large datasets are often required to train and validate CV models, synthetically generated 

image datasets are a promising method that have been explored to meet this demand. Unreal Engine 5 (UE5) 

is a rendering engine that has grown in prominence due to achievable high-fidelity photorealism not only 

for gaming experiences, but also digital content creation such as imagery. This is made possible with Lumen, 

a new lighting system by UE5, which is a global illumination (GI) and reflections system, that simulates 

accurate lighting, soft shadows and physics-based material properties.  

Training drone direction models exclusively with synthetic data, even with high-levels of photorealism, has 

long caused an issue called synthetic-to-reality gap, due to inherent differences between real-world and 

synthetic data. Strategies such as domain randomisation are commonly practiced to minimise this issue, 

however, the question still remains if high-fidelity photorealism in generated training imagery by a state-

of-the-art rendering platform such as UE5, in tandem with other strategies can effectively bridge the 

synthetic-to-reality gap for improved drone detection. Preliminary results of this research have indicated 

that UE5 can in fact can assist in bridging this gap, however, future research is still required. 
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Chapter 1 – Introduction 

1.1 Background Context 
 

1.1.1 Unmanned Aircraft System (UAS) Categorisation 

The term unmanned aircraft system (UAS) is composed of three elements, a flight capable robotic system 

known as an unmanned aerial vehicle (UAV) (also referred to as a drone), the human operator (end-user) 

who is able to manually control (remotely pilot) the UAV, or delegate a level of autonomy to complete 

assigned task(s), and the datalink technologies, which enables remote control by an end user within their 

visual line of sight (VLOS) or beyond visual line of sight (BVLOS). However, the term UAS is commonly 

used to refer to the UAV itself, hence the following paper will keep with this convention.  

Types of UAS include: Single-rotor, fixed-wing, multi-rotor, fixed-wing hybrid vertical take-off and landing 

(VTOL), as seen in Figure 1.1, which are defined by primary control surfaces, and or propulsion 

configuration (Garg 2022; Heiets et al. 2023). 

The reader should note that a globally standardised classification scheme for UAS is non-existent, with 

variations amongst civilian and military sectors based on operational capabilities. For clarity the following 

paper considers the UAS categorisation framework by the United States Department of Defense (DoD) as 

seen in Table 1.1. It must be made clear that the selection of this scheme is not an indication of author bias 

or sponsored influence in this undergraduate research project; the author rather considers it to be an 

unambiguous classification framework for smaller types of drones, which is a focus point in this research.  

 

Table 1.1: Unmanned Aircraft System (UAS) Categorisation According to U.S. Department of Defense (DoD) 

Kilograms (kg) Pounds (lbs) Meters (m) Feet (ft) Kilometers per Hour (km/h) Knots (Kn)

Group 1 0 - 9.07  0 - 20 < 365.76 AGL < 1200 AGL < 185.20 <100

Group 2 9.53 - 24.95 21 - 55 < 1066.80 AGL < 3500 AGL

Group 3 < 598.74 < 1320

Group 4

Group 5 > 5486.40 MSL > 18000 MSL

Legend:

< 463.00 < 250

< 18000 MSL

> 598.74 > 1320

< 5486.40 MSL

Any Airspeed Any Airspeed

UAS Category

Unmanned Aircraft System (UAS) Categorisation According to U.S. Department of Defense (DoD)

Maximum Take of Mass Normal Operating Altitude Indicated Airspeed 

Source: U.S. Department of Defense (2009)

Notes:

1. If UAS shares characteristics in multiple categories, the UAS will be classified by the higher category, where Group 1 represents the lowest and Group 5 represents the 

highest (U.S. Joint Unmanned Aircraft Systems Center of Excellence 2010).

2. Small Unmanned Aircraft Systems (sUAS) includes Group 1, 2 and 3 categories (U.S. Department of Defense Joint C-sUAS Office 2020). 

AGL: Above Ground Level MSL: Mean Sea Level

Figure 1.1: Types of Unmanned Aerial Systems (UAS) (Adapted from Alghamdi, Munir & La 2021) 
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1.1.2 Rise of Multi-Rotor small Unmanned Aircraft Systems (sUAS)  

Multi-rotor small unmanned aircraft systems (sUAS), which comprise the Group 1 to Group 3 UAS, has 

observed expeditious proliferation over the past decade in the civilian sector. The appeal of these systems 

is founded on its rotary-wing design, where propellers are used to facilitate vertical take-off and landing 

(VTOL); enabling omnidirectional movement, hovering for stationary flight, and the flexibility to 

manoeuvre unhindered within low airspace compared to other UAS types. At a basic level, on-board camera 

sensors are typically equipped as payloads to provide real-time visual feedback to enable piloting, as well 

as serve secondary aims such as imaging, data acquisition and monitoring. The capacity to lift payloads 

further allows other sensor packages to be employed, or for tasks beyond remote sensing with attached 

equipment, which grants multipurpose applications that address to an array of needs encompassing 

consumer (i.e. personal use and hobbyist) and commercial (i.e. professional, industrial and research) 

spheres (Camilli 2015; Kovalev, Voroshilova & Karaseva 2019; Heiets et al. 2023) – refer to Figure 1.2.  

Considering these capabilities, multi-rotor sUAS holds a dominant market share compared to other UAS 

types, which is further driven by primarily off-the-shelf (OTS), ready-to-fly (RTF) systems offered by 

manufacturers, which are affordable, user/beginner-friendly, and readily available from stores and online 

vendors (Vargas-Ramírez & Paneque-Gálvez 2019; Garg 2022). Additionally, consistent engineering 

innovations in terms of hardware (i.e. polymer and composite materials with high-strength-to-weight ratios, 

integrated electronics, battery characteristics), firmware (i.e. flight controller performance) as well as 

software, all combine to foster adoption (Floreano & Wood 2015; Yang et al. 2017; Sala 2021), with 

improvements to flight characteristics (i.e. speed, range, altitude, endurance, payload capacity), as well as 

durability, on-board sensors, navigation and control, communication technologies, autonomous and user 

features, operability in adverse weather and low-light conditions etc.  

The secondary root of popularity has stemmed from ‘do-it-yourself’ (DIY) multi-rotor sUAS, which are 

platforms modified or configured from a software, firmware and hardware level for various degrees of 

customisation, made by enthusiasts, researchers and secondary manufacturers (Camilli 2015; Rao, Gopi & 

Maione 2016; Florence et al. 2018) – refer to Figure 1.2. Systems range from altered OTS units, partially 

prebuilt systems requiring the purchase and or assembly of additional components (i.e. Almost Ready to 

Fly (ARF), Bind-and-Fly (BNF), Plug-and-Play (PNP)), kits requiring complete assembly of included 

components, or units built end-to-end with individually selected components (Verup & Olin 2016; Pereira 

et al. 2020; Motion RC 2021; Liang 2023). This has been achieved with the large availability of cheap 

consumer electronic components on the market, made possible by the culmination of electronic 

miniaturisation, manufacturing efficiencies, with high-volume production, leading to manufacturing cost 

reductions (a trend that also translated to OTS multi-rotor sUAS production) (Qin et al. 2010; Floreano & 

Wood 2015; Maghazei, Lewis & Netland 2022). The making of DIY multi-rotor sUAS can be quite 

involved, however abundant support is present for all stages of the development cycle to create units ranging 

from lower sophistication to higher performance and technical complexity – although these are overall less 

advanced than their OTS counterparts. Makers are able to actualise these systems with the assistance of 

books and manuals, as well as online resources, including tutorials, forums and social media 

(Radharamanan et al. 2016; Lobo et al. 2021). Furthermore, open-source, computer aided design (CAD) 

models and code shared by the DIY community online, contribute to a collaborative design process, which 

can accelerate development times (Rao, Gopi & Maione 2016; Cummings et al. 2017; Lobo et al. 2021). 

Moreover, this process coupled with 3D printing (additive manufacturing) permits rapid prototyping, 

assisting in time and fabrication cost savings for complex and custom parts, not achievable by conventional 

fabrication means. Lastly, the diverse possibilities of 3D prints can easily facilitate the attachment of 
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SUAS detection systems serve as the foundation for C-sUAS operations, which use sensors for 

environmental perception and data capture (input data), to monitor for incoming sUAS in a section of 

airspace in real-time, as detailed in Figure 1.4: 

 

 

 

 

 

 

 

 

 

 

Since the efficacy of each sUAS detection system is contingent on the respective advantages and 

disadvantages of its underlying medium of detection, no definitive detection solution exists, hence 

multimodal detection approaches area best (Apratim Sharma 2022; Zitar et al. 2023). However, visual sUAS 

detection systems, specifically electro-optical (EO) and associated technologies, have some of the strongest 

interest for research, development and deployment in field (aside from infrared (IR) detection systems). 

Reasoning for this is grounded in the fact that these systems utilise camera sensors for data acquisition of 

an environment within the visible spectrum (Elsayed et al. 2021; Park et al. 2021; AeroExpo 2024; 

Echodyne 2024), which holds numerous benefits, including lower associated costs, reduced regulatory 

limitations, large availability of sensor hardware, as well as ease of technology implementation and data 

analysis (Şen & Akarslan 2020; Park et al. 2021; Dieter, Weinmann & Brucherseifer 2023).  

Computer vision (CV) models enable computer systems to interpret visual input data and extract key data 

features to execute tasks based on this information. Among these tasks is object detection, which involves 

the identification, location and classification of instance(s) of objects that are of interest within visual data 

(i.e. image, or a frame-by-frame within pre-recorded or real-time video sequences). In the case of EO 

detection systems, these have inbuilt computer systems to detect sUAS targets in real-time – information 

which is then further utilised by subsequent C-sUAS systems (Ziemba 2019). CV techniques have widely 

adopted deep learning (DL) considering enhanced capabilities in data feature extraction and pattern 

recognition that can improve performance (Kamilaris, van den Brink & Karatsiolis 2019; Xiao et al. 2020). 

Convolutional neural network (CNN), a type of DL architecture, is specifically utilised in CV applications 

due to suitability to analyse data with spatial relationships, such as visual data (Janiesch, Zschech & 

Heinrich 2021). Further to note is that CV models (and thereby CNNs) used for sUAS detection, are 

traditionally trained and validated using supervised learning (SL), which require annotated visual training 

datasets. 

Figure 1.4: Small Unmanned Aircraft System (sUAS) Detection Systems 

(Taha & Shoufan 2019; Şen & Akarslan 2020)  
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SUAS detection by EO systems typically uses a combination of binary classification and multi-class 

classification (Mrabet, Sliti & Ammar 2024): 

▪ SUAS Binary Classification: Categorisation of sUAS and non-sUAS objects within visual input 

data into two mutually exclusive classes, typically by distinction with an expected and unexpected 

class, e.g., “Drone” and “No Drone” (Taha & Shoufan 2019; Brownlee 2020; Mandal & 

Bhattacharya 2020). 

 

▪ SUAS Multi-Class Classification: Categorisation of sUAS and non-sUAS objects within visual 

input data into more than two mutually exclusive classes, typically to differentiate different types 

of sUAS and or specific sUAS characteristics, e.g., “Drone Type 1” vs “Drone Type 2” or “Drone 

with Payload” vs “Plane” vs “Bird” etc. (Brownlee 2020; Del Moral, Nowaczyk & Pashami 2022; 

Mrabet, Sliti & Ammar 2024). 

1.3 Research Problem Definition 

1.3.1 Synthetically Generated Data  

*Note: In CV, the domain is the environment and the elements that constitute the visual data.  

▪ Source domain is the data distribution on which an algorithm is trained to perform a task. 

▪ Target domain is the data distribution that a trained model is applied on, to perform a similar task. 

Despite the successes of CNN for CV tasks, the current architectural limitations of DL impose inefficiencies 

that demand large volumes of annotated visual training datasets, where parameters of the source domain 

are varied to create a diverse image distribution, as would be expected in the real-world (Bengio, 

Goodfellow & Courville 2017). This facilitates the ability of a CV model to effectively generalise, which 

lends to increased robustness and accuracy when the model is applied to a testing dataset or when deployed 

for operations in real-world. In the case of training a multi-rotor sUAS detection model, according datasets 

require the following source domain parameters to be varied (Dieter, Weinmann & Brucherseifer 2023): 

▪ Environmental Conditions: Weather (e.g. fog, rain, types of  cloud cover, etc.), lighting conditions 

(e.g. natural light according to time of day and artificial light), occlusion, clutter within the 

background or foreground of an image with multi-rotor sUAS (Hsiao 2013; Gupta et al. 2024). 

 

▪ Target Object Spatial Attributes: Position, pose, orientation, size of multi-rotor sUAS 

(Kashiyama, Sobue & Sekimoto 2020; Qi et al. 2024; Zheng et al. 2024). 

 

▪ Target Object Features: Colour, configuration, type of multi-rotor sUAS (Dieter, Weinmann & 

Brucherseifer 2023). 

 

▪ Object Similarities: Inclusion of objects similar in appearance to multi-rotor sUAS which may be 

difficult to visually discriminate, e.g. “Bird” vs “Drone” or “Drone Type 1” vs “Drone Type 2”.  

 

▪ Camera Sensor Properties: Camera sensors are electro-mechanical units which capture imagery 

from the real-world. When light interacts with these units during image capture, visible artifacts 

and effects are introduced, e.g. Chromatic aberration, blur, image noise, lens flare, exposure levels, 

etc (Carlson et al. 2018; Hu et al. 2020).  
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▪ Outlier parameters which may be difficult to reproduce frequently in the real-world can be 

generated with ease for synthetic imagery. 

 

1.3.2 Synthetic-to-Reality Gap 

Despite being a logical idea to train CV models with only synthetic data, the literature has overwhelmingly 

demonstrated severe performance losses when  deployed in the real-world (Nikolenko 2021; de Melo et al. 

2022). This is fundamentally attributed to the domain gap or synthetic-to-reality gap (Tobin et al. 2017; 

Reway et al. 2020), which is the discrepancy between the source domain (the data distribution on which an 

algorithm is trained to perform a task) and the target domain (the data distribution that a trained model is 

applied on, to perform a similar task) (Kundu 2022; Doan et al. 2024).  

The works of Sadeghi and Levine (2016), Tobin et al. (2017), and Tremblay et al. (2018), have been heavily 

influential in prevailing research involving the training of CV models using synthetically generated data, 

establishing that that the randomisation of source domain parameters (domain randomisation) within 

rendered synthetic training images is a major contributor to CV model generalisation and robustness which 

translates to improved performance when applied for real-world tasks. Therefore, subsequent works in this 

field have overlooked photorealism of synthetic training data, with the assumption that it is unnecessary. 

However, conclusions from the work of Nikolenko (2021) which provides the most comprehensive survey 

of works surrounding the application of synthetic data for CV, states that the findings of additional literature 

works concerning the level of photorealism required for synthetic training datasets and its impact on CV 

model performance is contradictory within and therefore remains an open question. 

Since a domain randomisation strategy applied to synthetic training data are not a complete solution to 

improving CV model performance in the real-world, it is indicative of a remaining domain gap and brings 

into question if this can be further closed with additional strategies to achieve highly accurate CV model 

performance. An in-depth literature review involving the works of Sadeghi and Levine (2016), Tobin et al. 

(2017), and Tremblay et al. (2018) in this research paper reveals that these previous studies have not 

completely explored the efficacy of photorealistic synthetic training data, with discovered experimental 

biases. Furthermore, it is important to note that since the writing of these papers, the quality of photorealism 

that is achievable with rendering engines has drastically improved. Therefore this aligns with the 

understanding of work by Nikolenko (2021), that the impact of photorealism for synthetic training data is 

yet to be resolved, and furthermore and its potential to bridge the synthetic-to-reality gap. 

1.3.2 The Case for Unreal Engine 5  

Unreal Engine is a software platform (engine) by Epic Games for 3D game development, originally 

intended to accelerate the game development process. The main draw of this platform was its Level Editor, 

which is the Unreal Engine development environment which has a suite of interfaceable settings, tools, 

plugins and programmable features that permit creative control over a design of a virtual world environment 

in real-time, as well as engine customisation. Since the initial release of Unreal Engine 1 in 1998, 

generational improvements have been made to the engine, with each  making strides to push the bounds of 

the platform for (1) wider creative control by developers, providing an anecdotally user-friendly platform 

with the capability to rapidly develop 3D virtual environments manually, and (2) taking advantage of 

improvements to computer systems to achieve state-of-the-art rendering of computer graphics, in order to 

deliver highly immersive gaming experiences. However, utility of Unreal Engine has expanded beyond 

gaming with the introduction of settings and tools suited for DCC (Buecheler 2001; Lightbown 2018; 

Jensen 2023; Epic Games 2024au).  
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1.6 Thesis Outline 

This research paper is structured into the following chapters outlined as follows: 

Chapter 1: 

Introduction 

Provides to the reader the project background context, background information, 

problem definition and stated research questions. 

Chapter 2: 

Literature 

Review 

Relevant background theory, information and past research will be explored in a 

literature review. This understanding will be used to guide the research methodology 

of this report. 

Chapter 3: 

Methodology 

Clear explanation of the methodology undertaken when performing the experimental 

investigation, in service of stated research aim and objectives.  

Chapter 4: 

Results and 

Discussion 

Experimental investigation results are presented with critical assessment of 

experimental investigation results in the context of the reviewed literature, which will 

be used to provide new insights and a solution to the defined problem as well as 

research questions. Experimental limitations and sources of error will be discussed. 

Chapter 6: 

Conclusion 

Summarisation of key findings and contributions of research project to answer the 

stated research questions, as well as suggests future directions for research. 

 

Chapter 2 – Literature Review 
This chapter will conduct a literature review and intends to complete a comprehensive overview of relevant 

and credible research available as of writing this paper in 2024, to provide insight into established works in 

terms of their contributions to theory, achievements and limitations. This will ultimately facilitate the 

identification of gaps in knowledge, which will develop objectives and methodology of this project, in 

service of the stated aim.  

2.1 Background Information 

2.1.1 Object Detection Theory 

Considering the object detection involves highly technical concepts and processes that will be explored in 

this literature review, a brief explanation of the theory will initially be provided to offer context to the novice 

reader, on concepts related to the research. 

A) Artificial Intelligence (AI) 

AI is a technology that grants computer systems the ability to perform a range of cognitive tasks exhibited 

by human intelligence, such as learning, problem-solving, pattern recognition, creativity, etc, in both 

familiar and novel domains (Chen, Chen & Lin 2020; Du‐Harpur et al. 2020). By drawing upon increases 

in computational power, AI has the capacity to process high dimensional data, at high volumes and 

frequencies, which includes structured data, categorised as quantitative data (i.e. time-series, tabular etc.) 

and unstructured, categorised as qualitative data (i.e. image, video, audio, text, etc.) (Peng et al. 2021; 

Leveau 2023; International Business Machines Corporation 2024; SAS Institute 2024). This has 

empowered AI to reliably and accurately exceed human capabilities in applied tasks, which has resultantly 
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spawned various fields of AI (i.e. computer vision (CV), natural language processing (NLP), generative AI, 

etc.) that have been to serve numerous applications. 

B) Machine Learning (ML) 

ML is the subset and manifestation of AI – refer to Figure 2.1. 

It utilises a set of mathematical and software-based 

computational processes termed as an algorithm, to 

experientially learn from data, which it has been exposed to 

(training), by recognising meaningful features, such as 

patterns, as well as linear and non-linear relationships 

(Janiesch, Zschech & Heinrich 2021). Various types 

approaches of learning (paradigms) for ML have been 

developed, which utilise different types of algorithms that are 

specialised in performing certain tasks, generally selected 

based on the characteristics of the data and its application 

(Bengio, Goodfellow & Courville 2017; Mahesh 2020; Liang 

et al. 2022).  

Figure 2.2 uses SL, which is  a ML paradigm, as an example 

to present a hierarchical overview of the relationship between 

a ML paradigm, tasks, and algorithms. It should be noted that 

details of the algorithms/models displayed are beyond the 

scope of this report.  

After the training process, the ML algorithm is termed as a ML model, which leverages the information it 

has learnt, to carry out an intended operation, which can range from visual data processing, mechanical 

design and optimisation, language translation to data analytics.  

B.1) Supervised Learning (SL) 

SL is a type of ML paradigm, where algorithms learn from human-driven guidance, and perform tasks of 

classification with categorical data, and regression with continuous data (refer to Figure 2.2), either 

separately or simultaneously, for predictions in data categorisation, and outcome estimation, respectively 

(Bengio, Goodfellow & Courville 2017; Tatsat, Puri & Lookabaugh 2020; Peng et al. 2021).  

Figure 2.1: Artificial Intelligence (AI), 

Machine Learning (ML) & Deep 

Learning (DL) Venn Diagram 

Figure 2.2: Supervised Learning Hierarchy Overview (Adapted from Castañé et al. 2021) 
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A training dataset is initially provided to an algorithm, consisting of an input-output pair that an algorithm 

is intended to learn from (Jung & Pedram 2010; Bernard 2021). This pair consists of training input data, 

𝑋𝑡𝑟𝑎𝑖𝑛, is a set of raw data that provides the base information, as well as target output data, 𝑌𝑡𝑎𝑟𝑔𝑒𝑡, is a 

labelled version of the corresponding raw data (ground truth), where critical aspects of data pertaining to 

the task are identified with an informative descriptor (Jung & Pedram 2010; Sarker 2021a; MathWorks 

2024a). Data labelling is completed in a procedure known as data annotation, facilitated by software tools 

done either manually by a human supervisor or by an automated process that is reviewed by a human for 

accuracy.  

During a SL training phase, a training dataset allows an algorithm to learn to map (associate) training input 

data, 𝑋𝑡𝑟𝑎𝑖𝑛, with the correct label of the target output data, 𝑌𝑡𝑎𝑟𝑔𝑒𝑡, in terms of key data features (Sarker 

2021b; MathWorks 2024a). This is generally achieved by the iterative optimisation of parameters, which 

are internal variables within ML algorithms, that are adjusted during training to influence the accuracy of 

the algorithm output. In the case of SL, outputs are classification and regression predictions (Hossain & 

Timmer 2021; Petru Potrimba 2023). Ultimately this training/learning process aims to determine a sound 

mapping function, 𝑌 = 𝑓(𝑋), which results in a trained model, that approximates the underlying 

relationship between input data and output data labels of the training data (Cunningham, Cord & Delany 

2008; Mohamed 2017; Brownlee 2019). The mapping function, 𝑌 = 𝑓(𝑋), essential facilitates 

generalisation, which is the ability of the model to accurately predict an output, 𝑌, when deployed on new 

and unseen input data, 𝑋, similar in distribution to the training dataset. Model generalisation can be 

evaluated using types of metrics that quantify model performance, which generally differ for ML tasks. 

B.2) Supervised Classification 

Supervised classification are tasks, where a ML model attempts to correctly categorise unseen input data 

into distinct types/classes that correspond to predefined data labels from the training dataset. There are four 

major types of classification tasks, binary classification, multi-class classification, multi-label classification 

and imbalanced classification (Alnuaimi & Albaldawi 2024). The former two are the most relevant in 

understanding the work of this report, defined as follows: 

▪ Binary Classification: Task of categorising input data into two mutually exclusive classes. This 

can be deployed for applications seeking to distinguish input data with two specific classes, e.g. 

“Dog Bark” and “Cat Meow”; or are used in applications seeking to differentiate input data with 

an expected and unexpected class, e.g., “Drone” and “No Drone” (Brownlee 2020; Mandal & 

Bhattacharya 2020).  

 

▪ Multi-Class Classification: Task of categorising input data into more than two mutually exclusive 

classes, e.g., “Drone”, “Bird”, “Plane” etc. (Brownlee 2020; Del Moral, Nowaczyk & Pashami 

2022). 

C) Deep Learning (DL) 

DL is a subset and evolution of ML – refer to Figure 2.1. It utilises different computational algorithms 

(computer programs that simulate complex systems based on mathematics) based on artificial neural 

networks (ANN) to experientially learn from data, each suited to a certain tasks and applications. ANN are 

roughly inspired by the structure of a biological brain, comprised of interconnected artificial neurons 

(nodes), which are individual data processing units (mathematical functions), where connections are made 

node-to-node, alike synaptic links between neurons in the brain (Alaloul & Qureshi 2020; Montesinos 

López, Montesinos López & Crossa 2022), This facilitates data transfer/information flow throughout an 
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ANN (Janiesch, Zschech & Heinrich 2021), which is a critical enabler for the DL learning process and 

trained model function. 

Compared to ML algorithms, DL algorithms exhibit improved learning performance with greater volumes 

of information/input data, and thereby are more computationally intensive, necessitating specialised 

hardware accelerators such as Graphics Processing Units (GPU), Tensor Processing Units (TPU) or Data 

Processing Units (DPU) to improve the efficiency of learning and execution of tasks and applications (Jeon 

et al. 2021; Mathew, Amudha & Sivakumari 2021; Yagawa & Oishi 2021); however, DL algorithms are 

more adept in determining patterns, non-linear relationships of higher complexity – particularly excelling 

in unstructured data (Najafabadi et al. 2015; Sarker 2021a). This is in part attributed to ANN using 

representation (feature) learning, which is a set of data processing methods that supports the extraction of 

low-level (simple/local) features from raw data (e.g. image pixel) and hierarchical feature abstraction, over 

multiple levels, to high-level (complex/global) representations/features (e.g. object within image); 

ultimately empowering an algorithm to better understand complex data during the learning phase, and 

become a capable DL model (LeCun, Bengio & Hinton 2015; Bengio, Goodfellow & Courville 2017).   

It should be noted that similarly to ML, various paradigms for DL have been developed, including SL (a 

focus point within this research), which employ different types of algorithms. Algorithms that employ SL 

are popular, with leading results being currently achieved in classification and regression tasks (Karhunen, 

Raiko & Cho 2015; Wani et al. 2020). These algorithms can be further categorised according to the utilised 

architecture, which refers to various ANN designs, characterised by the topology, activation functions and 

paradigm (Kalogirou 2001; Srihari n.d.). For reference the taxonomy of DL can is visualised in Figure 2.3. 

 

 

 

 

 

 

D) Artificial Neural Network (ANN) Topology 

ANN topologies for DL architectures differ based on neural framework, defined as the number of node 

layers and number of nodes per layer, in addition to the interconnection structure (network connectivity), 

defined as the way which nodes are connected (i.e. intralayer, interlayer, self-connection or supralayer). 

Additionally, each node-to-node connection can be unidirectional or multidirectional, which dictates the 

possible direction of information flow within an ANN. These hold a strong influence on respective DL 

algorithm capabilities, learning performance, suited tasks and applications (Fiesler & Beale 1996; Sammut 

& Webb 2011).  

Figure 2.3: Deep Learning (DL) Taxonomy 
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E) Feedforward Neural Network (FNN) 

A FNN topology is one the simplest and widely used ANN topologies (a focus point within this research), 

which are configured in multiple interconnected layers, consisting sequentially of an input layer, hidden 

layers and output layer (Sammut & Webb 2011; Wang et al. 2015). These are typically labelled as a fully 

connected topology, however, can more specifically be termed as a fully interlayer connected topology, 

meaning all possible node-to-node connections are made between the layers (Fiesler & Beale 1996; Csáji 

2001). All connections are unidirectional, to facilitate forward propagation during algorithm training and 

deployment as a model. This is where input information to the ANN is processed and passed through each 

layer sequentially (forward), with each layer hierarchically abstracting features of increasing complexity, 

by building on the features from the previous layer; the outcome of which generates a learnt output result 

(prediction), relevant to the task (Sazli 2006; Bengio, Goodfellow & Courville 2017; Badillo et al. 2020). 

For reference, a basic FNN is illustrated in Figure 2.4. 

*Note: ANN are classified as deep neural networks (DNN) when it is comprised of more than two hidden 

layers, otherwise it is known as a shallow neural network (Shrivastava 2022). 

FNN operation algorithm training and model deployment will be summarised as follows: 

E.1) FNN Algorithm under Training Operation  

The training of FNN is primarily undertaken by a SL, which is exacted in the following stages (Vora & 

Yagnik 2014; Alauddin et al. 2022; Logunova 2023b):  

▪ Forward Propagation: In this stage a sample of the training input data, 𝑋𝑡𝑟𝑎𝑖𝑛, makes a forward 

pass, by being fed to the input layer and propagated layer-by-layer through the hidden layers of the 

network, with the objective of abstracting data in this process to predict an output, 𝑌, at the output 

layer – refer to Figure 2.4. Drivers for the abstraction process are made by the modifiable network 

parameters – weights, w, and biases, b, assigned to individual hidden nodes (values range between 

0 and 1) (Sazli 2006; Bengio, Goodfellow & Courville 2017; Fetaya, Lucas & Andrews n.d.). 

Forward propagation facilitates the algorithm learning and predictions. 

 

Figure 2.4: Basic Feedforward Neural Network (FNN) 
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▪ Backpropagation: After forward propagation, the stage of backpropagation optimises the network 

parameters to minimise the difference (error) between the predicted output, 𝑌 and the target output 

data, 𝑌𝑡𝑎𝑟𝑔𝑒𝑡 (Pedrycz & Chen 2020; Sekhar & Meghana 2020). This error, 𝐸 (𝑤, 𝑏), is initially 

computed using an error function (specific to the task or application) that takes into account all 

network weights, w, and biases, b (Alzubaidi et al. 2021; Nan, Du & Ibrahimli 2024). A backward 

pass is completed, where the error, 𝐸 (𝑤, 𝑏), is fed to the output layer and propagated layer-by-

layer through the network to the input layer (refer to Figure 2.4), during which the partial 

derivatives of the error, 𝐸 (𝑤, 𝑏), with respect to each node weight, w, and bias, b is computed – 

refer to the according mathematical expressions below (Haykin 2009; Davila 2020; Pearson & 

Ginsburg 2022; Yen 2023; Nan, Du & Ibrahimli 2024): 

 

Partial derivative of the error with respect to node weight :   
𝜕𝐸(𝑤,𝑏)

𝜕𝑤𝑘𝑗
  

 

Partial derivative of the error with respect to node bias :   
𝜕𝐸(𝑤,𝑏)

𝜕𝑏𝑘
  

 

Where:  𝐸(𝑤, 𝑏) = 𝐸𝑟𝑟𝑜𝑟 , 𝑤𝑘𝑗  =  𝑁𝑜𝑑𝑒 𝑊𝑒𝑖𝑔ℎ𝑡  , 𝑏𝑘 =  𝑁𝑜𝑑𝑒 𝐵𝑖𝑎𝑠 

   

*Note: Subscript variables are to be explained further. 

 

Gradients are vectors of partial derivatives, oriented in the direction of steepest ascent, which yields 

the greatest rate of change at a point, 𝑝 and indicate the direction in which the error will increase 

most quickly from that point, 𝑝. By this definition, the partial derivatives of the error, with respect 

to the node weight, 
𝜕𝐸(𝑤,𝑏)

𝜕𝑤𝑘𝑗
, and bias, 

𝜕𝐸(𝑤,𝑏)

𝜕𝑏𝑘
, all together determine the error gradient, ∇𝐸(𝑤, 𝑏); 

which serves to quantify the incurred error, 𝐸(𝑤, 𝑏) from the current network parameters, as well 

as determined the direction along which current error will be further exacerbated (Joyce 2014; 

Antonio 2022).  

 

*Note: The unidirectionality of connections in a FNN is specific to the forward propagation of 

information; this does not apply to the backward propagation of errors. 

 

▪ Gradient Descent: After backpropagation has been completed, a gradient descent algorithm is 

employed, which is responsible for minimising/optimising the error, 𝐸(𝑤, 𝑏), and enables the 

learning process. Several types of gradient descent algorithms are available; the basic 

implementation of this process is where updates are made iteratively to the node weights, w, and 

biases, b, to drive the error gradient, ∇𝐸(𝑤, 𝑏), in the opposite/negative direction, known as the 

direction of steepest descent. It should be noted that in usual training practice these parameters are 

initialised randomly (Wythoff 1993; Kvaal & McEwan 1996; Demuth, Beale & Hagan 2010; Ruder 

2016). The general formula to update current network parameters with gradient descent, involves 

subtracting the product of the learning rate, 𝛼𝑘, and the corresponding partial derivative from each 

weight, w, and bias, b, as presented below (Demuth, Beale & Hagan 2010; Tapkir 2023; Yen 2023): 

General Weight Update 

Formula 

𝑤𝑘𝑗+1 = 𝑤𝑘𝑗 − 𝛼𝑘 (
𝜕𝐸(𝑤, 𝑏)

𝜕𝑤𝑘𝑗

) 

Where: 
• 𝑤𝑘𝑗+1 = 𝑈𝑝𝑑𝑎𝑡𝑒𝑑 𝑊𝑒𝑖𝑔ℎ𝑡  

• 𝑤𝑘𝑗 = 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑊𝑒𝑖𝑔ℎ𝑡 

• 𝑏𝑘+1 = 𝑈𝑝𝑑𝑎𝑡𝑒𝑑  𝐵𝑖𝑎𝑠 
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General Bias Update 

Formula 

𝑏𝑘+1 = 𝑏𝑘 − 𝛼𝑘 (
𝜕𝐸(𝑤, 𝑏)

𝜕𝑏𝑘

) 

• 𝑏𝑘 = 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐵𝑖𝑎𝑠 
• 𝐸(𝑤, 𝑏) = 𝐸𝑟𝑟𝑜𝑟 
• 𝛼𝑘 = 𝐿𝑒𝑎𝑟𝑛𝑖𝑛𝑔 𝑅𝑎𝑡𝑒 

• 
𝜕𝐸(𝑤,𝑏)

𝜕𝑤𝑘𝑗
= 𝑃𝑎𝑟𝑡𝑖𝑎𝑙 𝑑𝑒𝑟𝑖𝑣𝑎𝑡𝑖𝑣𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑒𝑟𝑟𝑜𝑟 𝑤𝑖𝑡ℎ 𝑟𝑒𝑠𝑝𝑒𝑐𝑡 𝑡𝑜 𝑛𝑜𝑑𝑒 𝑤𝑒𝑖𝑔ℎ𝑡  

• 
𝜕𝐸(𝑤,𝑏)

𝜕𝑏𝑘
= 𝑃𝑎𝑟𝑡𝑖𝑎𝑙 𝑑𝑒𝑟𝑖𝑣𝑎𝑡𝑖𝑣𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑒𝑟𝑟𝑜𝑟 𝑤𝑖𝑡ℎ 𝑟𝑒𝑠𝑝𝑒𝑐𝑡 𝑡𝑜 𝑛𝑜𝑑𝑒 𝑏𝑖𝑎𝑠 

*Note: Subscript variables are to be explained further. 

Central to the gradient descent process is the learning rate, 𝛼𝑘, which defines the step size to be 

taken per an update of parameters, resulting in a new and error gradient, ∇𝐸(𝑤, 𝑏).  

As part of the FNN training process, the forward propagation, backpropagation and gradient descent process 

is cyclically repeated to update the weights, w, and biases, b, of all nodes, as seen in Figure 2.5. 

 

 

 

 

 

 

 

 

The goal of the training process is to minimise the error, 𝐸(𝑤, 𝑏), the which is intended to guide the error 

gradient, ∇𝐸(𝑤, 𝑏), to eventually approximate a convergence point, ideally the global minimum, however 

a local minimum may be practically acceptable, as seen in Figure 2.6 (Wythoff 1993). 

 

Figure 2.5: Feedforward Neural Network Training Process  

(Adapted from Werbos (1990)) 
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E.2) Hyperparameters 

Hyperparameters are modifiable external algorithm variables that are manually set by a human supervisor 

before the training process. These influence the response of internal algorithm parameters to provide 

additional degrees of freedom to indirectly assist in error, 𝐸(𝑤, 𝑏), minimisation and thereby the output 

performance of the final trained model. Hyperparameters are tuned and optimised by manual or automated 

processes (Hossain & Timmer 2021; Logunova 2023a; Arnold et al. 2024). Three key hyperparameters are 

of most concern and include:  

▪ Epoch: Defines the number of times that the ANN processes the complete set of samples within a 

training dataset (Sazli 2006; Afaq & Rao 2020). 

 

▪ Batch: Defines the number of training dataset samples processed by the ANN before the algorithm 

parameters are updated (Brownlee 2022).  

 

▪ Learning Rate (𝜶𝒌): Defines the step size to be taken per an update of parameters, and in effect 

how fast the algorithm learns. An excessively small learning rate, 𝛼𝑘, results in a slow and time-

consuming error, 𝐸(𝑤, 𝑏) minimisation process – refer to Figure 2.7 left image. Alternatively an 

excessively large learning rate, 𝛼𝑘, can lead to an unsuccessful approximation of the convergence 

point, and or incur divergent behaviour to the detriment of the error, 𝐸(𝑤, 𝑏) minimisation process 

– refer to Figure 2.7 right image (Bhatnagar 2022; Sellat, Bisoy & Priyadarshini 2022; Zhao et al. 

2024).  

Figure 2.6: Deep Learning Gradient Descent Process (Adapted from Adejumo (2023)) 
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new training data, outperformance in real-time applications, etc. (Voulodimos et al. 2018; O’Mahony et al. 

2020). 

I) Object Recognition 

Object recognition is primarily a supervised CV task, that involves the identification of target object(s) 

within visual data, such as an image, or a frame-by-frame within pre-recorded or real-time video sequences 

(Zhu et al. 2020; Lazebnik 2021; Zou 2022; Tran, Kanaujia & Parameswaran 2023). Object recognition can 

be grouped into two types, outlined as follows: 

*Note: Instance refers to an occurrence of an object. 

▪ Generic Object Recognition: Aim is to identify and categorise of instances of objects according 

to single or multiple predefined class labels (Liu et al. 2020; Khanday & Sofi 2021; Lazebnik 2021; 

Szeliski 2022).  

 

▪ Instance-Level Recognition: Aim is to identify single instances of an object with unique features 

– e.g. human faces, car models, landmarks, etc (Askew & Araujo 2020; Liu et al. 2020; Khanday 

& Sofi 2021; Szeliski 2022). 

J) Generic Object Detection 

Generic object detection is a subtask of generic object recognition, where the output, 𝑌, predicts the 

presence of target object(s) within unseen visual input data, 𝑋. 

For the object detection, the input-output pairs for the datasets consist of raw image data of object(s) that 

provide the base information, as well as the corresponding target output image data (ground truth) which is 

labelled with a ground-truth bounding box, 𝐴. This is a rectangular spatial area that surrounds the object(s) 

of interest to be predicted within input data, 𝑋 and are assigned with class label to indicate the object 

type(s). 

During testing, validation and testing the output, 𝑌, of the algorithm / model provides a predicted bounding 

box, 𝐵, to objects of interest. 

Object detection is achieved by the following set of processes (Jain, Kasturi & Schunck 1995; Cao & Gu 

2019; Zhao et al. 2019; Liu et al. 2020; Zou 2022): 

▪ Object Classification: Aim is to identify the class(es) of instance(s) of target object(s) within a 

visual data according to predefined class labels that the model has been trained to recognise – refer 

to Figure 2.9.  

 

▪ Object Localisation: Aim is to determine the coordinate location of instance(s) of target object(s) 

within visual data with a predicted bounding box, 𝐵  – refer to Figure 2.9. 

 

*Note: Object detection can be used for tasks of binary classification and multi-class classification.  
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The match of these bounding boxes is quantified by its IoU, a value based on the Jaccard Index, which 

measures the similarity between the two datasets. IoU is calculated as the ratio of the overlap of the 

predicted bounding box and the ground truth box (intersection), to their combined areas (union) (Boesch 

2024) – refer to Figure 2.11.   

 

 

 

 

 

 

 

 

IoU score limits range from 0 to 1, and indicate following (Gustafsson 2023): 

▪ IoU = 1: Indicates that both bounding boxes completely overlap for a perfect object detection.  

▪ IoU = 0: Indicates that both bounding boxes share no overlap for no object detection.  

The qualification for detection is governed by a supervisor selected, overlap threshold, 𝑡, given as follows 

(Padilla, Netto & Da Silva 2020): 

▪ IoU ≥ 𝑡: When the threshold, 𝑡, is surpassed this is an indication of a correct detection. 

▪ IoU < 𝑡: When the threshold, 𝑡, is not surpassed this is an indication of an incorrect / missed 

detection. 

In practice the values of this threshold, 𝑡, can range from 0.5, 0.6, 0.75 or 0.95 (50%, 60%, 75% or 95%) 

(Riveros 2018).  

The level of correctness for detection is categorised as follows, and is used to determine other performance 

metrics (Padilla et al. 2021; Gustafsson 2023; Terven et al. 2023; Zhao 2024):  

Figure 2.11: IoU Calculation (Adapted from Shah (2024)) 

Figure 2.10: Illustration of Intersection over Union (IoU) (Shah 2024) 
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K.3) Precision-Recall Curve 

The precision-recall curve is a plot of model precision and recall values. The precision-recall curve displays 

the trade-off between precision and recall for a selected threshold. The following conditions provide a better 

understanding to interpret a precision-recall curve (Scikit-Learn 2024): 

▪ A model with low precision and high recall returns most of the relevant items, but the proportion 

of returned results that are incorrect labelled is high.  

 

▪ A model with high precision and low recall returns few of the relevant items, but most predicted 

labels are correct. 

 

▪ A model with high precision and high recall will return most of the relevant items, with most results 

labelled correctly (perfect classifier – refer to Figure 2.13). 

 

 

 

 

 

 

 

 

 

 

 

 

K.4) Average Precision (AP)  

AP is the value of the enclosed area under precision-recall curve and summarises it as the weighted mean 

of precisions achieved at each threshold (Shah 2022; Scikit-Learn 2024). 

*Note: AP can be given as a percentage 

K.5) Mean Average Precision (mAP)  

MAP is the premier metric used to evaluate object detection models and is the mean of the AP over all 

established classes, calculated as (Padilla et al. 2021; Shah 2022):  

𝑚𝐴𝑃 =
1

𝑛
 ∑ 𝐴𝑃𝑘

𝑘=𝑛

𝑘=1

 

Where: 𝑘 = 𝑐𝑙𝑎𝑠𝑠, 𝐴𝑃𝑘 = 𝑡ℎ𝑒 𝐴𝑃 𝑣𝑎𝑙𝑢𝑒  𝑓𝑜𝑟 𝑡ℎ𝑒 𝑘𝑡ℎ 𝑐𝑙𝑎𝑠𝑠, 𝑛 = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑙𝑎𝑠𝑠𝑒𝑠 𝑒𝑣𝑎𝑙𝑢𝑎𝑡𝑒𝑑 

Figure 2.13: Theoretical Precision Recall Curves (Steen 2020)  
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*Note: mAP can be given as a percentage 

K.6) F1 Score 

F1 Score is a measure of balance between precision and recall, as the harmonic mean of precision and recall, 

to give a more stable performance evaluation (Encord 2023b). It is calculated as:  

𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2 × (
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
) 

*Note: F1 Score can also be given as a percentage 

An F1 Score - Confidence curve is used to visualise the F1 score of a model over a range of confidence 

thresholds.  

A high F1 score is indicative of well-balanced performance, demonstrating that the model can 

simultaneously attain high precision and high recall; whereas a  low F1 score is shows the model has low 

recall and or precision (Encord 2023b). 

An F1 score can also be paired with a confidence threshold to form a graph, as dependent and independent 

variable respectively). A confidence threshold is the minimum score that the model will consider the 

prediction to be a true positive. Predictions with a confidence score below a confidence threshold are 

ignored. A higher confidence threshold leads to fewer, but more reliable predictions, while a lower 

confidence threshold yields more predictions but with a higher likelihood of false positives (Edge AI and 

Vision Alliance 2024). 

*Note: Performance metrics are model-agnostic and therefore can be used for comparison of different 

models, or for comparison of the same model using different configurations (Terven et al. 2023), and 

therefore will be applied in the following literature review. 

2.2 Literature Review 

The following section presents the literature review that was conducted for this research report. Peer-

reviewed research papers were examined for major concepts concerning synthetic data generation. Any 

assessment of non-peer reviewed research papers will be made known to the reader. 

2.2.1 Synthetic Data Types 

The generation of synthetic data does not entail a definitive method, but rather a set of approaches that have 

been developed via experimental practice (Akyon et al. 2021). The following list provides an overview of 

the primary synthetic data types and approaches for image dataset development, that have been 

demonstrated for CV applications as well as other vision-based DL fields including robotic vision (RV) and 

machine vision (MV) (Natarajan & Madden 2023): 

▪ Cut-and-Paste Synthetic Data: Images are generated utilising methods of compositing.  

 

➢ Real-world images of target objects are cut and superimposed onto real-world images of a 

background (Dwibedi, Misra & Hebert 2017). 

 

▪ Hybrid Synthetic Data: Datasets are developed / formed using a combination of synthetic data 

generated within selected rendering engine and real-world data. 
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➢ Type 1: Image capture 3D model target objects placed in front of a 2D standard dynamic 

range (SDR) image or skybox, that acts as a background scene (Tremblay et al. 2018; 

Natarajan & Madden 2023). 

 

➢ Type 2: Datasets are formed using a mixed percentage of synthetic data and real-world 

data (Nowruzi et al. 2019). 

 

Type 3: Images capture 3D model of target objects under or in front of a real-world 360° 

(omnidirectional) image or panoramic image, which are projected as a background within 

the virtual environment (scene), as a dome, sphere, or skybox. The background images are 

high dynamic range (HDR) images that store real-world lighting information incident to 

the camera sensor, with a wider range of light, colour and subtle nuances of ambient light 

than a SDR image. In this consideration, these HDR images are used to provide image-

based lighting (IBL), to illuminate a virtual environment with precise lighting detail from 

the real-world (Debevec 2004, 2006, 2008; Mantiuk, Myszkowski & Seidel 2015; Calian 

et al. 2018; Zhang, Jia & Ivrissimtzis 2020; Barisic, Petric & Bogdan 2022; Pennington 

2024). 

 

▪ Pure Synthetic Data: Images are generated only using synthetic data generated within selected 

rendering engine. 

 

➢ Images capture 3D model target objects under default environmental lighting provided by 

rendering engine.  

Despite being a logical idea to train CV models with just photorealistic Pure Synthetic Data, the literature 

has overwhelmingly demonstrated severe performance losses when the deployed in the real-world 

(Nikolenko 2021; de Melo et al. 2022). This is fundamentally attributed to the domain gap or synthetic-to-

reality gap (Tobin et al. 2017; Reway et al. 2020), which is the discrepancy between the source domain (the 

data distribution on which an algorithm is trained to perform a task) and the target domain (the data 

distribution that a trained model is applied on, to perform a similar task), widely accepted as the result of 

the low-level feature differences at the pixel level (Kundu 2022; Doan et al. 2024). Considering this issue, 

a plethora of studies looking into synthetic data generation strategies that can increase model 

generalisability and robustness of models using synthetic training images have been investigated, with two 

of the most common including domain randomisation and alterations to synthetic image realism.  

▪ Domain Randomisation: An effective strategy used to create diverse synthetic image datasets that 

form the source domain. This is achieved by the randomisation of a variety of visual characteristics 

in the virtual environment where images are generated / captured. Randomised parameters often 

set to be within plausible ranges that will be found within the real-world visual data, however, 

randomisations may not precisely reflect the operating conditions and environment of the target 

domain (Collins et al. 2020). Although, it is recommended from well-established work by Prakash 

et al. (2019) that randomisations should account for the surrounding context of the synthetic image 

to also be representative of the potential target domain. 

 

▪ Synthetic Image Realism: This strategy considers two major aspects of synthetic image fidelity.  

 

➢ Photorealism: This entails accurately reproducing the physical traits of light, texture, 

materials and shadows, within imagery (Kluge & Staadt 2024). In a published review paper 
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by Nikolenko (2021) which provides the most comprehensive survey of various directions 

in the development and application of synthetic data for CV, concludes that findings of 

works concerning the level of photorealism required for synthetic training datasets and its 

impact on CV model performance is contradictory within literature and therefore remains 

an open question. 

 

➢ Sensor-Realistic Properties:  Camera sensors are electro-mechanical units which capture 

imagery from the real-world. Sensor characteristics and how light interacts with these units 

during image capture, are known to have a major impact on digital image quality, with 

introduced visible artifacts and effects, e.g. Chromatic aberration, blur, image noise, lens 

flare, exposure levels, etc. Synthetic training images inclusive and or simulating these 

properties are known to positively influence the performance of vision algorithms (Carlson 

et al. 2018; Hu et al. 2020) 

 

Nikolenko (2021), suggests that there is a plausibility that for low-level CV tasks, 

concerning low-level feature extraction, such as edge detection, segmentation, etc., sensor-

realistic synthetic data is more important, compared to high-level CV tasks concerning 

high-level feature extraction, such as object detection.  

Notable works that have investigated the strategies of domain randomisation and image realism and image 

augmentation are elucidated below: 

2.2.2 Domain Randomisation  

Sadeghi and Levine (2016) pioneered the application of domain randomisation, for synthetic data 

generation and set the foundation for subsequently related research. As part of their work, they proposed a 

method to successfully teach vision algorithms to process raw monocular camera imagery from a multi-

rotor sUAS (and other robotic systems) and visually manoeuvre within real-world indoor environments, by 

being trained to operate in simulated (synthetic) environments. As part of this training, various synthetic 

hallway environments were created in Blender open-source rendering engine, involving 3D models of 

indoor settings, with varying fixtures and populated with obstructive items, alike environments to be 

encountered in the real-world.  

To mimic the perspective of the multi-rotor sUAS in-flight and obtain visual data, a virtual camera / 

simulated camera was implemented in the simulation (details of which are omitted from the report). The 

movement of this camera was controllable in simulation by a deep convolutional neural network (DCNN) 

algorithm, which processed imagery it acquired from the virtual camera and extracted information to detect 

free space / detect the probable collision obstacles, before then being provided a command to alter the 

directional velocity of the multi-rotor sUAS to avoid a potential obstacle. A  deep reinforcement learning 

(DRL) algorithm was used to optimise this model for collision-free flight through an indoor environment, 

after which experimental testing in the real environment was conducted using an actual multi-rotor system 

with an onboard monocular camera.  

The main innovation of their work was that it presents the first demonstration of the concept of domain 

randomisation for synthetic data generation and shows that it can contribute to improved generalisation of 

vision-based models when applied to real-world scenarios, observed with reasonably good performance 

displayed during testing as evidenced by low collision rates. This is explained in the words of Sadeghi and 

Levine (2016), who state that domain randomisation “…forces the network to handle a variety of obstacle 

appearances and lighting conditions, which makes the learned representations invariant to surface 
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appearance. As a result, the network learns geometric features and can robustly detect…”. Additionally, 

since the synthetic data intentionally utilised non-photorealistic renders, this work is also significant in 

positing the idea that realism is not a required element for training vision-based AI learning with synthetic 

data.  

Of particular note from the research method, were the domain parameters that were randomised in the 

synthetic training environments, which included: 

▪ Indoor Environment  (Obstacle): Virtual 3D environment was varied from a selection of 24 

unique hallway configurations based on 12 floorplan layouts, along with fixtures, e.g. open or 

closed doors, windows, stairs, corridor width, etc. 

 

▪ Indoor Items (Obstacle): A combination of different 3D models of common furniture items 

typically found within hallway environments were used and varied from a selection of 1 to 21, e.g. 

bench, chair, etc., to populate the virtual environment. 

 

▪ Indoor Environment Textures: Textures of walls and floors were varied from a selection of 200 

possible textures, e.g., wood, metal, textile, carpet, stone, glass, etc. 

 

▪ Virtual Camera Parameters: Height and yaw angle of the virtual camera of the multi-rotor sUAS 

in-flight were varied to provide a diversity of viewpoints.  

 

▪ Lighting Parameters: Directional light sources were placed and oriented within environments to 

vary illumination / lighting conditions. 

Although the research focus is a robotic vision (RV) problem, these findings provide insight into the 

learning behaviour of vision-based algorithms, and thereby present relevancy to CV tasks, which is further 

provided in the conducted ablation study as part of their methodology.  

To gain an understanding of how statistically significant domain randomisation is for synthetic training data 

compared to photorealistic training data, an ablation study was performed, which are a series of experiments 

conducted on trained AI systems by the removal / alteration of contributing factors to examine respective 

effects on the performance (Sheikholeslami 2019).  

This was conducted on a task similar to CV-based objection detection, where an algorithm is trained on 

synthetic image data and tested on real-world data – in this case prediction of free-space of image pixels. 

Synthetic training image data was captured randomly using the virtual camera as it was moved throughout 

the synthetic hallway environment, and essentially formed Pure Synthetic Data. For the ablation study,  four 

types of synthetic datasets were captured as listed below, with each having specific domain parameters 

altered: 

▪ Randomised Simulation: Multiple domain parameters were randomised within synthetic hallway 

environment during image data capture, used for nine hallway environments. 

 

▪ Realistic Textures and Geometry: Synthetic hallway environment and items were only textured 

with real image textures obtained from a similar environment to simulate photorealism. 

 

▪ Fixed Textures Version 1: Fixed textures and lighting were used for three hallway environments.  
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▪ Fixed Textures Version 2: Fixed textures and lighting were used for nine hallway environments.  

*Note: Synthetic images were rendered at 4K resolution rendered (assumed to be 3840 × 2160 pixels) to 

ensure the highest quality.  

These datasets were then used to train four algorithms respectively, after which the models were then tested 

on real-world hallway datasets to ascertain performance metrics, in terms of a precision-recall curve, as 

seen in Figure 2.14. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Despite not being explicitly related to CV, these results give an important and general understanding of the 

behaviour of CV algorithms, trained to achieve a task using synthetic training data. From the results it 

shows that included randomisation of the synthetic image environment (green), produces the best outcome, 

with maintained high precision over a wide range of recall values, which is indicative of a robust model. 

Photorealistic textures and thereby photorealism for synthetic training data does not surpass a randomised 

approach (blue) and shows less effectiveness, with results being more skewed towards lower precision and 

recall, indicating that it predicts fewer of the relevant items, but most predicted labels are correct. Fixed 

textures (orange and purple) indicate similar performance photorealistic textures, albeit slightly lower. A 

critique of this ablation study is that the amount of training data used for the models were not made known. 

Work by Tobin et al. (2017) is the most distinguished investigation into the use of domain randomisation to 

bridge the gap between Pure Synthetic Data and real-world data. The premise of their work is also a RV 

problem, where a manipulator robot is taught to use monocular camera imagery to grasp simple geometric 

objects in a real-world environment using a CV-based object detection algorithm trained on Pure Synthetic 

Data. The direction of their work is heavily inspired by the final findings of the ablation study made by 

Sadeghi and Levine (2016) and its criticisms. They argue that synthetic training images generated using a 

virtual camera will always fall short, as they are unable to replicate the sensor-realistic effects inherent of 

real-world camera imagery; which contributes to the domain gap, despite the capability create photorealism. 

Resultantly, they hypothesised that non-photorealistic synthetic training imagery with enough variation 

Figure 2.14: Sadeghi and Levine (2016) Image Pixel Free-Space Prediction 

Precision-Recall Curve 
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provided by domain randomisation allows CV-based object detection models to generalise when deployed 

in the real world.  

*Note: A modified version of the VGG-16 algorithm was used for this investigation, which is a CNN 

developed by the Visual Geometry Group (VGG) and was selected due to its high-performance on CV 

tasks. 

For the acquisition of synthetic data, Tobin et al. (2017) used an approach that mirrors Sadeghi and Levine 

(2016), albeit with notable adjustments. This was achieved with MuJoCo open-source physics simulation 

engine, using low-quality / low-rendering settings. The synthetic environment was setup similarly to the 

real-world test environment to be expected. In this case, simple 3D geometric models of target objects to 

be detected were positioned on a 3D table model, with a controllable virtual camera in MuJoCo used to 

capture synthetic imagery in the virtual environment. The randomised domain parameters are listed as 

follows with noteworthy expansions compared to Sadeghi and Levine (2016): 

▪ Target Objects: Position and texture of objects of interest on the table. 

 

▪ Distractor Objects: Number and shape of distractor objects.  

 

➢ Tobin et al. (2017) is the first to implement the use of distractors for vision algorithm 

training, used to clutter the environment and partially occludes the target objects. These are 

objects intentionally introduced in the environment of synthetic training images / source 

domain to confuse and draw attention of detector away from the target object, but in effect 

force the object algorithm model to focus on target objects and ignore the various 

distractions during training (Li 2023). In this instance, these were similar geometric 

objects, positioned around the target object on the table. 

 

▪ Environment Texture: Textures of table, floor, and skybox were randomised to be either a standard 

RGB colour value,  a transitional RGB value between two main RGB colour values, and or a 

checker pattern with two standard RGB values. 

 

▪ Virtual Camera Parameters: Position, orientation and field of view of camera, with respect to 

target object. 

 

▪ Lighting Parameters: Number and location of directional light sources placed within 

environment. 

 

▪ Noise: Different types and amounts of image noise introduced into synthetic images to simulate 

sensor-realistic properties. 

 

➢ Noise are undesirable artifacts and effects always present in digital images, such as grains, 

unrealistic edges, lines, corners, blurred objects, disturbances to background scenes, etc., 

which can be  modelled mathematically and added to an image (Boyat & Joshi 2015). Tobin 

et al. (2017) is the first to implement noise within synthetic data, although does not specify 

the exact types and amount of implemented noise. 

The novelty of this work is that findings strongly support the hypothesis and highlights that the domain gap 

can be bridged with sufficiently domain randomised synthetic training data, despite being non-
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photorealistic, and that this training strategy has credible real-world transfer to achieve CV-based tasks 

requiring accuracy.  

This was made clear from experimental results obtained from the ablation study conducted Tobin et al. 

(2017), which tested synthetically trained CV-based object detection models on real-world images of the 

target object within the test environment. These models were trained with different randomised domain 

parameters (independent domain variables) that were either maintained or removed in the synthetic training 

data, which provides insight into their respective impacts on detection. Testing was done on three real-world 

datasets, which were inclusive of other specific domain randomised parameters within these images 

(dependent domain variables, i.e. target objects only, distractors and occlusion) to provide a deeper 

understanding of the impact of the independent variables. Refer to Figure 2.15. 

 

Figure 2.15: Tobin et al. (2017) Ablation Study: Average Detection Error of Geometric Shapes with 

Varied Domain Parameters [Edit] 

As can be seen, it was found that the randomisation of all listed domain parameters in the training data 

incurred the lowest average detection error (1.3 cm - 2.4 cm) for all datasets. 

Additional observations from the ablation study, which were not noted by Tobin et al. (2017) are 

identified below: 

▪ The removal of randomised noise for model training produced a minor increase in average detection 

error (1.4 cm - 2.4 cm) for all datasets, which indicates that noise has a small statistical significance. 

 

▪ Models applied to test datasets with target objects only had the lowest average detection error (1.3 

cm - 2.0 cm), which shows that distractors and occlusions in test data have an impact on detection 

accuracy. 

 

▪ Having no randomised distractor objects in the synthetic training data created the highest average 

detection error (1.5 cm - 7.4 cm), followed by no camera randomisation with an average detection 

error of (2.0 cm – 2.9 cm).  

 

▪ Models trained with synthetic training data without distractors, were significantly impacted by 

distractors and occlusions within the test datasets, evidenced by large detection errors comparative 

to other models. 

Factors that detract from these results are as follows: 

▪ The results were not quantified using typical CV performance metrics, which makes it difficult to 

compare with other literature.  

 

Model Training Type

(Independent Domain Variables) Target Object Only Distractors Occlusions

Full Method 1.3 ± 0.6 1.8 ± 1.7 2.4 ± 3.0 

No Noise Added 1.4 ± 0.7 1.9 ± 2.0 2.4 ± 2.8

No Camera Randomisation 2.0 ± 2.1 2.4 ± 2.3 2.9 ± 3.5

No Distractors 1.5 ± 0.6 7.2 ± 4.5 7.4 ± 5.3

Real-World Test Dataset (Dependent Domain Variables)

Average Detection Error on Geometric Shapes (cm)
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▪ The number of training data samples for the ablation study were not made clear, which further 

provides issues for a general comparison. 

 

▪ These results focus on simple geometric objects in a simple synthetic environment, which holds 

limited scope for real-world detection applications. This was a missed opportunity to expand this 

research, to compare a system trained to detect more complex objects, within a more complex 

environment using a domain randomisation strategy. 

However, this report does provide valuable insight into CV model pretraining to improve performance. 

Pretrained models are algorithms that have been trained on transfer learning datasets. These are large-scale, 

curated datasets, consisting of labelled images from a broad distribution relevant to the CV task and or 

operation. The pretraining process facilitates the acquisition an initial set of weights, 𝑤, and biases, 𝑏, at a 

random initialisation point (refer to Figure 2.6). This enables transfer learning, that does not necessarily 

improve model accuracy, but assists in the fine tuning of parameters, which accelerates convergence, 

particularly in the earlier phase of training with the actual training data. Therefore, the use of pretrained 

models is a standard practice for training CV algorithms (He, Girshick & Dollár 2019; El-Nouby et al. 

2021; Encord 2023c).  

This understanding is supported by the evaluation study run by Tobin et al. (2017), for the detection of 

target objects within the real-world test environment images. As part of this, a VGG-16 model with a 

pretrained backbone (feature extracting neural network part of a greater CNN algorithm) using ImageNet 

was compared with a VGG-16 algorithm trained from scratch, in terms of its average detection error of the 

target object, after being trained with 5000 to 50,000 samples of randomised synthetic data. It was found 

that the pretrained model can achieve lower average error on fewer samples, compared to a model trained 

from scratch. However, as the number of training samples increased towards 50,000, the average error of 

the algorithm and model came to be similar, as seen in Figure 2.16. 

 

 

 

 

 

 

 

 

Research by Tremblay et al. (2018) builds upon the research knowledge established by Tobin et al. (2017) 

and Sadeghi and Levine (2016), however their work is specifically focused on CV-based object detection 

and investigates if domain randomisation of synthetic data can be used to bridge the domain gap for 

detection of more complex real-world target objects amongst complex environments – in this case cars. 

Tremblay et al. (2018) asserts that the expense required to generate photorealistic and high-quality synthetic 

data, i.e. the use of high-end computer system equipment, undermines the argument that Pure Synthetic 

Data is a cost-free solution to gather large amounts of data. Therefore, as part of looking into a low-cost 

approach to synthetic data generation that does not prioritise photorealism, Tremblay et al. (2018) pursued 

the use of Type 1 Hybrid Synthetic Data, which are simpler to render than photorealistic Pure Synthetic 

Figure 2.16: Tobin et al. (2017) Evaluation of Model Pretrained vs Trained from Scratch  
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Data, and thereby are more achievable by low-end computer systems. UE4 game engine software was used, 

where low-quality / low-rendering settings were applied.  Synthetic data was acquired in software by use 

of a virtual camera to capture imagery of 3D car models (imported) positioned in front of the 2D background 

images (imported). They interestingly state the creation and use of a plugin (extension software to Unreal 

Engine) that collected 1200 × 400 resolution images via the virtual camera, which then automatically 

annotated the car models, to form the synthetic images to be used for training. This was done to reduce the 

need for time-consuming manual labelling, however the methodology for this was not clarified.  

The following parameters were randomised for the capture of these synthetic images and deserves attention:  

▪ Target Objects: Number and types of target objects (3D car models) were varied from a set of 36 

downloaded models. The texture of these target objects was also randomised.  

 

▪ Background Images: Background images were randomised using Flikr8K dataset (publicly 

available large dataset consisting of 8000 random  images  (Kaggle 2024)). 

 

▪ Distractor Objects: Number, type, colour and size of distractors were varied as 3D geometric 

shapes. These distractor objects created clutter and partially occluded the target objects similar to 

those used by Tobin et al. (2017), however instead of being only placed on the same level as the 

target object, these were also located in the airspace surrounding the target object within the virtual 

environment – known as flying distractors. Distractors on or near the same level as the target object 

will from now on be known as standard distractors. 

 

▪ Virtual Camera Parameters: Randomisation of the orientation of the virtual camera with respect 

to target object, with a  pan, tilt and roll ranging between -30° to 30°. Position of virtual camera 

with respect to target object, with azimuth ranging from 0° to 360° and elevation ranging from 5° 

to 30°. 

 

▪ Lighting Parameters: Number and location of directional light sources placed within environment 

were varied from 1 to 12. Planar lighting (distributed light source from a large, uniform plane) 

provided for ambient illumination. 

 

▪ Visibility of Ground: Ground plane was ensured to be visible to capture the complete domain 

environment. 

In contrast to the experimental process by Tobin et al. (2017), it can be objectively stated that Tremblay et 

al. (2018) uses a more rigorous methodology to assess the effectiveness of non-photorealistic, domain 

randomised synthetic training data for CV-based object detection. The initial part of the methodology 

involved a comparison of three different types of object models trained using domain randomisation 

methods proposed by Tremblay et al. (2018), versus object detection models trained with a benchmark 

dataset of photorealistic Pure Synthetic images.  

As part of this comparison, it is important to acknowledge the three CNN architectures selected by Tremblay 

et al. (2018), which used common high-performing backbone architectures, listed as follows:  

▪ Faster R-CNN: Used Inception-Resnet V2 backbone as the feature extractor, pretrained on 

ImageNet. 

 

▪ R-FCN: Used Inception-Resnet V2 backbone as the feature extractor, pretrained on ImageNet. 
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▪ SSD: Used Resnet101 backbone as the feature extractor, pretrained on ImageNet. 

While the exact rational for the selection of specifically three architectures was not explained, it can be 

assumed that this was to ensure a fair test, considering differences CNN architecture can impact values of 

accuracy of a model (as documented by Sanchez, Romero and Morales (2020)). 

Additionally, to facilitate a proper comparison of the trained models, a benchmark dataset was utilised. In 

AI development, these datasets, are large-scale, curated datasets, consisting of labelled images from a broad 

distribution relevant to the CV task and or operation. These are standardised datasets (publicly available or 

accessible on request) and allow the meaningful comparison and valuation of trained models. This is 

completed by a model being trained with a benchmark dataset, and a separate model being trained with its 

respective data, after which both are evaluated on the same test dataset from the benchmark dataset (Blagec 

et al. 2023). Since the target object for detection were cars, the Virtual Karlsruhe Institute of Technology 

and Toyota Technological Institute (VKITTI) benchmark dataset was utilised, which is a photorealistic 

synthetic dataset of urban environments under different weather conditions and daylight hours, generated 

using the Unity game engine. 

For this experiment, Tremblay et al. (2018) used 100,000 domain randomised synthetic images, generated 

by way of their method (Type 1 Hybrid Synthetic Data), and used 2,500 images from the VKITTI dataset 

(Pure Synthetic Data) for both training and testing. Also, the performance metric used was AP using a 50% 

IoU threshold (AP@0.5), which produced the following results, as seen in Figure 2.17. 

 

 

 

 

Figure 2.17: Tremblay et al. (2018) Comparison of Object Detector Performance of Models Trained 

using VKITTI Dataset and Domain Randomisation (AP@0.5) [Edit] 

From these results it is evident that training an object detection model with synthetic data that uses domain 

randomisation produces better performance than photorealistic Pure Synthetic Data. This is evident with 

the difference in average precision for the R-FCN and SSD models trained with the domain randomised 

dataset and the VKITTI dataset, calculated to be 6.9% and 10.2% respectively. Since the average precision 

values are considerably high, these provide strong metrics that support the hypothesis of Tobin et al. (2017), 

that the domain gap can be sufficiently bridged with domain randomisation and ostensibly indicates that 

photorealism for training models with synthetic data is not necessary.  

However, a noticeable issue with these results is the fact of the imbalance between the amount of training 

data used for the domain randomised dataset and VKITTI dataset, which may be a significant contributor 

to a biased result. It was also seen that model training with the photorealistic Pure Synthetic Data produced 

marginally better performance with the Faster R-CNN model with a 1.6% advantage. This outlier result 

may be due to superior precision exhibited by the specific Faster R-CNN model architecture used. 

Alternative reasoning could be attributed to the fact that a moderate level of domain randomisation is 

induced when the object detection model is trained on the VKITTI dataset considering variations in object 

textures, backgrounds, distractor objects, and occlusions as an uncontrolled environment. This may be 

suggestive of the underlying potential of photorealism for synthetic training data to be competitive, 

Architecture VKITTI Dataset Domain Randomisation Dataset

Faster R-CNN 79.70% 78.10%

R-FCN 64.60% 71.50%

SSD 36.10% 46.30%

Comparison of Object Detector Performance of Models Trained using 

VKITTI Dataset and Domain Randomisation (AP@0.5)
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provided that the source domain is sufficiently varied with enough training data volume. Additionally, this 

indicates that domain randomisation can be of parameters that would be expected to change within the real-

world (realistic domain randomisation) and does not necessarily have to be of a high-level as seen in 

previous works. 

Tremblay et al. (2018) provides additional value from their investigation, by performing a comprehensive 

ablation study to understand how statistically significant the individual randomised parameters of synthetic 

training data are for detection in the real-world, as seen in Figure 2.18. 

 

 

 

 

 

 

 

 

 

 

For this ablation study, a Faster R-CNN architecture using Resnet V1 backbone as a feature extractor, 

pretrained on ImageNet, was trained with 50,000 domain randomised synthetic images, generated by way 

of their method (Type 1 Hybrid Synthetic Data), and was tested on a real-world benchmark dataset – 

Karlsruhe Institute of Technology and Toyota Technological Institute (KITTI), which consists of real-world 

images of urban environments in traffic scenarios with cars, under clear weather and daylight hours 

(Paperswithcode 2024). Performance was measured using AP@0.5. Results from this study are important 

to take into account: 

▪ Using the complete set of domain randomised parameters the AP was measured at a base line of 

74% 

 

▪ When the lights positions were randomised, but brightness and contrast turned off (no light 

augmentation) the AP was measured at 73%, which is a minor 1% decrease from the baseline. 

However, when the detection algorithm was trained on fixed lights, this had the greatest impact 

with the lowest recorded AP at 68%, which is a 6% decrease from the baseline. These findings 

indicate that that randomised lighting for synthetic datasets significantly contributes to improved 

generalisation and model robustness, compared to static lighting. Additionally, it shows that 

lighting augmentations can slightly degrade detection, and thereby lighting properties hold some 

significance, albeit minor. 

 

▪ The use of no flying distractors for the synthetic training dataset had a minimal effect with a 1% 

reduction of performance. Tobin et al. (2017) similarly performed an ablation study with a model 

trained on synthetic training data using no standard distractors; when applied on real-world data 

Figure 2.18: Tremblay et al. (2018) Ablation Study Results (AP@0.5) 
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with distractors and occlusions, it instead showed poor detection (refer to Figure 2.15) and therefore 

shows a contradiction in results with Tremblay et al. (2018).   

 

▪ Texture properties contribute low-level feature information which is extracted by a CV model 

during the hierarchical feature abstraction process of training, and thereby contributes to CV model 

generalisation when deployed. 

 

4K textures (assumed to be 3840 × 2160 pixels) saw a 3% reduction in performance with an AP of 

74%, which shows that high-fidelity textures have a minor impact on performance and 

demonstrates that the photorealism brought about with 4K textures is not as impactful as domain 

randomisation. 

 

The use of no textures for synthetic training data saw a performance decrease of 5% with an AP of 

69%. With the second lowest performance this demonstrates that textures are statistically 

significant parameter for synthetic training data. 

*Note: Ablation study hyperparameter values: Epoch: Not stated, Batch Size: 4, Learning Rate: 0.0003  

In a similar, but different vein, research by Damian et al. (2023) investigated the comparative impact of 

using primarily photorealistic Pure Synthetic Data (using a minor level of domain randomisation), versus 

using photorealistic Pure Synthetic Data using a high level of domain randomisation, for CV-based object 

detection. For context this work involved the detection of barrel drums. Damian et al. (2023) made 

innovations of interest with the development of a pipeline that provides a streamlined and progressive 

methodology to generate synthetic data and train CV-based object detection models. Results of their work 

are pertinent to the focus of this research report, since the rendering engine used was UE5.  

The following pipeline was implemented by Damian et al. (2023) for their investigation: 

1. Photogrammetry was used to scan the target object to be detected, in this case barrel drums, to 

obtain high-fidelity 3D model scans. The process was enabled by the Scaniverse application using 

an iPad tablet. The target object scans were then imported into the UE5 virtual environment. 

Damian et al. (2023) does not justify reasoning for this approach in modelling barrel drums, 

however it can be assumed that this was to ensure a high similarity between the training and testing 

object data, in order to limit the impact of discrepancies in object form perceived by the model 

feature extractor, contributing to unrepresentatively lower performance than what could be. 

 

2. A background environmental setup within UE5 was designed, for synthetic imagery to be acquired 

using a virtual camera.  

 

3. This camera was initially positioned near ground-level of the virtual environment with a view of 

the target object and was rotated in 5° intervals along the azimuth angle to capture imagery. After 

each rotation, domain parameters were randomised. This process was repeated until the camera 

completed a 360° revolution, thereafter the camera was raised by 5° to repeat this process again, 

until a 90° elevation was reached. Damian et al. (2023) justified the logic behind this process as 

being intended to gather a comprehensive training dataset from different viewpoints, however, 

Prakash et al. (2019) forwards the idea that it may not be necessary to exhaustively iterate over 

entire ranges of modifiable domain parameters.  
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4. Roboflow, an online platform which allows the end-to-end development and deployment of CV 

models with relative ease, including object detection was used. Users can select algorithms to be 

trained ‘out-of-the-box’ by uploading according image data for training, validation and testing. 

Upon completion of training, performance metrics are obtainable for model review. Damian et al. 

(2023) opted to use CNN algorithm, YOLOv8, which employs a CSPDarknet53 backbone for 

feature extraction (Torres 2024). A key choice that Damian et al. (2023) makes is that they 

purposefully avoid the use of a pretrained backbone, to eliminate biases that would be introduced 

to the model from preconfigured algorithm parameters, that would ultimately influence test results.  

As part of the study, synthetic image data of barrels were manually collected by Damian et al. (2023) and 

used as training and validation data for the YOLOv8 algorithm. To clarify, 260 real-life images were 

captured using both a multi-rotor sUAS and smartphone camera sensors. The reasoning for the use of two 

camera sources was not specified by the authors, however it can be assumed that this was for the purpose 

of diversifying image data considering inherent camera lens characteristics and camera sensor effects, 

which may induce dataset bias.  

Three experiments were conducted using datasets that progressively increased to higher levels of domain 

randomisation, based on the outcome of the previous, after which changes to the synthetic environment 

were made. Performance results for the experiments were in terms of an F1 score. The key strength of the 

results was the use of three confidence levels, 20%, 50% and 80%, to effectively quantify the balance 

between precision and recall.  

For the first experiment Damian et al. (2023) created Dataset Version 1, by designing a synthetic forest 

background environment with the barrels placed on the ground amongst trees, fallen branches and grass. 

These acted as distractor objects that created clutter around the target objects, although these were not 

randomised, nor were they modified in number, shape and or colour as with standard or flying distractors. 

It is not known if these created occlusions, since Damian et al. (2023) does not make clear the distance(s) 

between the virtual camera and the target object that was utilised. The only domain parameter randomised 

was the lighting conditions, by modifying the virtual environment lighting, by changing the time of day, 

over a day-night cycle to mitigate fixed lighting condition biases, which would impact the object detector, 

as found by Tremblay et al. (2018). The results of the model, trained with captured synthetic imagery from 

this environment, showed suboptimal F1 scores when deployed on the real-world test dataset, with results 

ranging between 15% - 25% amongst the three confidence levels – refer to Figure 2.19.  

Considering the poor model performance, Damian et al. (2023) generated Dataset Version 2, which 

increased the number of training images to 6,737, with the introduction of standard distractors, as well as 

randomisation of colours for each material within the virtual environment. Testing showed an improvement 

in the F1 score with results ranging from 25% - 43% amongst the three confidence levels – refer to Figure 

2.19. With the still suboptimal performance, Dataset Version 3 was formed, with the number of training 

images expanded to 13,978, as well as distractors varied in size and shape, which displayed a demonstrable 

boost for generalisation, with an F1 score ranging from 80% - 85% – refer to Figure 2.19.  
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The investigation by Damian et al. (2023) holds a large significance, as it distinctly demonstrates that high-

quality photorealistic Pure Synthetic training data achieved by a state-of-the-art rendering engine with high-

fidelity lighting, shadow, texture and material simulation provided by this software, such as UE5, cannot 

independently improve model generalisation by virtue of enhancing image details for extraction by the CV 

algorithm – this was clearly demonstrated with the underperformance of the model trained on Dataset 

Version 1. This result can also be attributed to the minor level of randomisation that Dataset Version 1 

utilised.  

Improvements in the generalisation of models trained using higher levels of domain randomised synthetic 

training data provided by Dataset Version 2 and Dataset Version 3 respectively, reinforces findings of 

Tremblay et al. (2018), Tobin et al. (2017) and Sadeghi and Levine (2016). However, it is important to note 

that these improvements were also made possible by large, stepped increases of training data for Dataset 

Version 2 and Dataset Version 3 respectively, which expands the volume of information the models can 

learn from. Resultantly, this skewed the findings of Damian et al. (2023) and presents biased results in 

favour of domain randomisation. Therefore, it can be stated that the question of the efficacy of photorealistic 

synthetic training data for CV-based object detection is still open. 

Other drawbacks and points for improvement of this research include the following: 

▪ Lack of clarification of which YOLOv8 model and hyperparameters were used for training.   

▪ UE5 settings used in investigation to achieve photorealism were not made clear. 

▪ Details are not provided of the target domain from the real-world test dataset; therefore, it is difficult 

to contextualise the precise reasoning for the poor model performance. 

▪ Additional models should have been tested for this investigation, to ensure a fair test. 

2.2.3 Photorealism  

Most works in literature involving the use of synthetic training data for applications on real-world visual 

data are heavily influenced by the apparent conclusions of Sadeghi and Levine (2016), Tobin et al. (2017), 

and Tremblay et al. (2018), and thus assume that photorealism unnecessary. An in-depth literature review 

Figure 2.19: Damian et al. (2023) Testing Results Dataset Version 1, 2 & 3 [Edit] 
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of these works reveals otherwise, and that these previous studies have not completely explored the efficacy 

of photorealistic synthetic training data and its potential to bridge the synthetic-to-reality gap, considering 

experimental biases.  

Only a limited number of works have made further investigations into this literature gap. The study by 

Movshovitz-Attias, Kanade and Sheikh (2016) is one of these main works. They pioneer the use of using 

synthetically generated training data for the CV task of viewpoint estimation of real-world objects, in this 

case cars. The relevancy of this study is that it is one of the only works to properly demonstrate the 

importance of photorealism for synthetic training data and what photorealistic features can be used to 

maximise its potential for a CV task, which has transfer for object detection. 

*Note: A CNN architecture called AlexNet was used with several modifications made for the task. 

For this investigation, they comprehensively compare the performance of models for 3D viewpoint 

estimation, which are trained with both synthetic and real-world training datasets, both individually and 

mixed. These datasets are detailed below: 

▪ Real-World Datasets:  

  

➢ CMUCar: Real-world dataset of over 3,500 (SDR) images consisting of cars, augmented 

by Movshovitz-Attias, Kanade and Sheikh (2016) camera matrices for images, using an 

augmented dataset by Naresh Boddeti, Kanade and Vijaya Kumar (2013) containing 

landmark annotations of cars, previously based on the MIT Street Dataset. This dataset was 

used to assess the performance of a model trained on data only relevant target objects in 

their according domain. 

 

➢ PASCAL3D+ (PASCAL): Benchmark dataset contains over 13,900 (SDR) images using 

12 categories of random objects in the real-world, i.e. airplanes, boats, bottles, cars, chairs, 

etc., with over 3,000 instances of each category. Images are captured under uncontrolled 

settings, in cluttered scenes and under many different poses. These objects are annotated 

with pose information, i.e. azimuth, elevation and distance to camera (Elhoseiny et al. 

2015; Yu Xiang 2017). This dataset was used to assess the performance of a model trained 

on a larger variety of data with relevant target objects and non-relevant objects in varied 

domains.  
 

➢ Mixed Real-World Dataset (PASCAL + CMUCar): Dataset combined PASCAL3D+ (P) 

and CMUCar (C) datasets. This dataset was used to assess the performance of a model 

trained with a larger dataset of relevant target objects and non-relevant objects. 

 

▪ Synthetic Datasets:  

 

Type 1 Hybrid Synthetic Dataset (Render): Although this research intends to assess the 

performance of a model trained with synthetic data prioritising photorealism, Movshovitz-

Attias, Kanade and Sheikh (2016) considers that Pure Synthetic Data is both time 

consuming and computationally intensive to render (similar to Tremblay et al. (2018) 

stated), therefore photorealistic Type 1  Hybrid Synthetic Data was used as training data 

instead. For the generation of this data, Movshovitz-Attias, Kanade and Sheikh (2016) used 

Autodesk 3Ds Max rendering engine with the VRAY plugin, a third-party extension to 3Ds 

Max software that can achieve high-quality renders with high-fidelity lighting and shadows 
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– details of software settings were not stated. In order to capture this imagery, 3D CAD 

models of cars were imported from online into the software and positioned in front of 

background images derived from the PASCAL3D+ dataset. However, in the case of this 

training dataset, high-fidelity lighting and shadows were omitted to provide a moderate 

level of photorealism. This dataset was known as RenderCar and cars consisted of 819,000 

images. A unique approach was taken to acquire imagery with the use of multiple virtual 

cameras placed around the randomised target object to form a sphere. These cameras were 

spaced in 1° increments within rings at five elevations: -5°, 0°,10°, 20°, 30° 

 

➢ Type 2 Hybrid Synthetic Dataset (Render + PASCAL): This dataset was used to assess 

the impact of combining Type 1 Hybrid Synthetic Data as well as real-world data. 

*Note: Both training and testing images were captured close to the car as the target object.  

The following parameters were randomised for the capture of these synthetic images. They make highly 

innovative and in-depth considerations for randomised domain parameters, with variations being mostly 

limited to bounds of what would be possible in the real-world, as detailed below: 

▪ Lighting Parameters:  

 

➢ Light Position: Directional lighting source was positioned randomly around sphere at 

elevations of 10° and 80°. 

 

➢ Light Temperature: One of nine light temperature profiles in terms of Kelvin are 

randomly selected within the virtual environment to simulate real world lighting 

scenarios, i.e. midday sun, overcast sky, tungsten lightbulb, etc, to vary the colour of the 

light source. 

 

➢ Light Intensity: Luminous power which is the total visible light power, was randomly 

modulated between 1,400 to 10,000 to also randomly selected to simulate real world 

lighting scenario variation.  

 

▪ Virtual Camera Parameters: Sensor-realistic properties were introduced to data to enhance 

synthetic image realism. 

 

➢ Camera F-Stop: Virtual camera aperture, which controls the amount of light entering a 

camera lens and controls how much of the image is in focus (depth of field) was 

randomly varied. 

 

➢ Camera Shutter Speed: Shutter speed of virtual camera was randomised between 
1

25
  

and 
1

200
 of a second. 

 

➢ Lens Vignetting: Varied simulation of optical vignetting effect, which is the gradual 

reduction of image brightness or saturation from the image centre to the periphery. 

 

➢ Background Images: Background images for Type 1 Hybrid Synthetic Data were 

randomised using PASCAL3D+ dataset. 
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▪ Compression Effects: Movshovitz-Attias, Kanade and Sheikh (2016) mentions that it would have 

been ideal to have synthetic images captured from the virtual camera saved in a PNG image format 

due to its lossless compression, which preserves image quality. This is a critical considerations 

since current DNN architectures are significantly affected by low image resolution (Koziarski & 

Cyganek 2018). However, as the model was to be exposed to benchmark images that use JPEG 

images during training, which have image quality losses when compressed in its respective format, 

Movshovitz-Attias, Kanade and Sheikh (2016) made a compromise to save rendered synthetic 

images in JPEG format (.jpg). 

 

▪ Occlusions: To improve the model robustness to potential occlusions, randomised rectangular 

patches of uniform colour or images from PASCAL3D+ dataset were overlayed on the image. 

These patches took up between 20% to 60% of the synthetic image. This can be stated to be an 

effective method simulate real-world scenarios where a target object may be partially obscured by 

another object.  

As part of a comparison of the different models trained on these datasets in terms of car viewpoint 

estimation performance, all models were tested on car class images from the PASCAL3D+ dataset, with 

results quantified in terms of median azimuth angular error (degrees), as observed in Figure 2.20.   

 

 

 

 

 

 

 

 

 

 

These results are important to understand, as they clearly display a model trained with synthetic data with 

a moderate level of photorealism (Render training dataset – green), outperforming a model trained with 

real-world data (CMUCar  training dataset – blue) by a considerable margin (approximately 12° from visual 

inspection of Figure 2.20) for a CV task and challenges the established notion that synthetic training data 

prioritising photorealism will not enable a model to effectively generalise with real-world data. Since the 

Render training dataset consists of a larger volume of training data compared to the CMUCar training 

dataset, and also is comprised of imagery that is more randomised in terms of domain, this confirms 

observations from Damian et al. (2023), that these factors improve model generalisation.  Since the Render 

training dataset also uses realistic domain randomisation, that is randomised to a high-level and has a 

moderate level of photorealism, this supports the idea that synthetic data employing photorealism, which is 

sufficiently varied with enough training data can effectively generalise on real-world data and potentially 

Figure 2.20: Movshovitz-Attias, Kanade and Sheikh (2016) Results of Car 

Viewpoint Estimation by Models Trained Varied Datasets  
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bridge the synthetic-to-reality gap, as was surmised with the high performance of the Faster R-CNN model 

trained with the VKITTI dataset in the work of Tremblay et al. (2018). 

Another valuable revelation from these results is that Type 2 Hybrid Synthetic Data demonstrates the best 

results with the lowest error (Render + PASCAL dataset). Movshovitz-Attias, Kanade and Sheikh (2016) 

suggests that this is due to the training algorithm being forced to learn from two types of data. Further 

expanding on their idea, this can be stated as logical since the algorithm must learn over a wider range of 

data, essentially two different domains and thereby the gap is more effectively bridged as the algorithm 

must abstract higher-level features that share commonality between both domains, rather than low-level 

features, which in effect improves robustness when encountering real-world data which is highly variable 

and nuanced. 

Movshovitz-Attias, Kanade and Sheikh (2016) also investigates the impact of photorealism for synthetic 

training data and questions if it is worth the cost of computational resources. Photorealism in rendering 

considers the 3D object relationship within the virtual environment and thereby places an emphasis of the 

simulation of lighting, shadows, material and texture properties (Joon 2010). Rendering engines have the 

ability to control levels of photorealism via adjustable rendering quality. For this evaluation three AlexNet 

models were trained to perform car viewpoint estimation using Type 1 Hybrid Synthetic datasets, that 

combined a PASCAL3D+ dataset with synthetic car image data. All models were tested on car class images 

from the PASCAL3D+ dataset, with results quantified in terms of median azimuth angular error (degrees). 

Each of the three models were respectively trained using synthetic car image data consisting of three 

adjusted levels of photorealism (taken at random angles), as seen below: 

▪ Simple Material, Ambient Lighting (1): Simple render of car body material property and uniform 

ambient lighting (non-randomised) – low-level photorealism 

▪ Complex Material, Ambient Lighting (2): Complex render of car body material property and 

uniform ambient lighting (non-randomised). 

▪ Complex Material, Directional Lighting (3): Complex  render of car body material property, and 

directional lighting where the location, colour, and strength were randomised – high-level 

photorealism. 

Considering the established importance of dataset quantity, model performances were evaluated over a 

range of synthetic dataset sizes, synthetic images ranging from 5,000, 22,000, 58,000 and 94,000 images. 

Results are presented in Figure 2.21: 

 

 

 

 

 

 

 

 

 
Figure 2.21: Movshovitz-Attias, Kanade and Sheikh (2016) Results of Car Viewpoint 

Estimation by Models Trained with Three Levels of Photorealistic Synthetic Data 
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Referring to Figure 2.21, the following observations from this experiment are valuable to take note, which 

were not highlighted by Movshovitz-Attias, Kanade and Sheikh (2016): 

▪ For all models it was noted that increasing the size of the training dataset does improve model 

performance. Training volumes are ideally in the tens of thousands, as shown in the work of Damian 

et al. (2023) and to a lesser degree Tremblay et al. (2018), but only to a certain extent, depending 

on the model, before diminishing returns are met. 

 

▪ Over the use of 0 to 58,000 training images, the viewpoint estimation error of a model trained with 

synthetic training data using a simple material property and uniform ambient lighting (1) decreased 

by approximately 3°; where as the model trained with synthetic training data using a complex car 

material property and uniform ambient lighting (2) decreased by approximately 4°, which 

demonstrates the minor impact of material property photorealism for rendered objects on CV model 

performance, since ambient lighting is not varied for these two models. Material properties 

contribute low-level feature information which is extracted by a CV model during the hierarchical 

feature abstraction process of training, and thereby contributes to CV model generalisation when 

deployed. 

 

In comparison to Model (2) the model trained with synthetic training data using a complex material 

property and randomised directional lighting (3) decreased by approximately 5°, over the use of 0 

to 58,000 training images. This is indicative of the greater significance of randomised directional 

lighting compared to complex materials. The ablation study by Tremblay et al. (2018) is also in 

agreement with this finding, that randomised lighting for synthetic datasets substantially 

contributes to improved generalisation. Although Tremblay et al. (2018) does miss an opportunity 

to explore the impact of randomised ambient lighting to quantify its impact comparative to 

randomised directional lighting. These clear improvements in model performance over increased 

levels of photorealism / fidelities of photorealism, shows evidence that CV models trained with 

synthetic data benefit in terms of accuracy, provided that the synthetically generated data has a 

large volume and employs sufficient domain randomisation, which supports observations from the 

work of Tremblay et al. (2018). 

 

▪ Model (3) appears to achieve better performance, reaching a low viewpoint estimation error, with 

a smaller volume of training images at 22,000 images, whereas Model (2) and Model (1), with 

lower levels of photorealism, achieve lower viewpoint estimation errors at 55,000 images and 

94,000 respectively. This is an indication that both lighting and material properties support each 

other and plausibly indicates that synthetic training data with a high-level of photorealism 

encompassing factors of lighting and complex material properties, can provide improved results 

over smaller training data volumes, whilst employing domain randomisation. Although this 

observation contradicts the results of Damian et al. (2023), which showed significant CV model 

underperformance despite employing high-level photorealism with the UE5 engine; their CV model 

results significantly improved with larger training data volumes – further, exploration of this 

observation is required. 

The latter two points supports the need for high-fidelity photorealism in terms of lighting and material 

properties within synthetically generated data and that it is worth additional computational effort. 
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2.2.4 Rendering Engine Lighting Theory 

2.2.4-1 Introduction to Rendering Engine Lighting Theory 

From previous works it is apparent that high-level domain randomisation and large training volumes for 

synthetically generated training data plays a primary role in the reduction in the synthetic-to-reality gap, 

providing the most substantial contribution to the enhancement of CV model performance. In addition, high 

quality photorealism in rendered imagery with simulated lighting and material properties can provide 

complementary support to further improve performance. Expanding on the latter observation, rendering 

engines use the interaction of simulated light with object surfaces within the virtual environment (light 

transport) as a proxy to achieve photorealism, which facilitates the representation of shadows and physical 

properties such as material and texture. At a fundamental level this is enabled by the combined support of 

both illumination models (also known as lighting models or shading models) and physically-based 

rendering (PBR), which are methods to assist rendering techniques accurately replicate real-world lighting 

(lighting fidelity), including direct and indirect lighting, generated from light source models and interactions 

within materials. Other concepts important to achieving photorealism will be outlined in this section, which 

form part of general rendering engine capabilities. 

2.2.4-1.1 Light Source Models 

Light source models are simulated sources of light in the virtual environment (Yadav 2020). 

▪ Point Source: Light rays emanate from a point radially in all directions, i.e. spotlight (Foley & 

Dam n.d.; Tel Aviv University n.d.). 

 

▪ Parallel Source: Light rays emanate and travel from point source in parallel to each other in a 

single direction. The point source is modelled at an infinite point in the virtual environment, i.e. 

sun (Foley & Dam n.d.; Tel Aviv University n.d.).  

 

▪ Distributed Source: Light rays emanate from a finite area. The uniformity of a light source can be 

modified to achieve different lighting effects, i.e. IBL, planar light, etc (Foley & Dam n.d.; Tel Aviv 

University n.d.). 

2.2.4-1.2 Illumination Models 

Illumination models (group of algorithms) simulate lighting within a virtual environment by computing the 

intensity of light reflected from a point on an 3D object surface by use of illumination and shading functions. 

Calculations made by illumination models are contingent on the following factors (Komura 2011; Yadav 

2020; Bar-Ilan University n.d.; Wüthrich n.d.): 

▪ Light Source Parameters: Position of lighting source(s), colour and strength of the emitted light, 

emitted light direction, shape of light source(s), etc (Middle East Technical University 2007). 

 

▪ Object Surface Parameters: Object position with respect to light source(s), object reflectance 

properties, object position with respect to other objects (Middle East Technical University 2007; 

Foley & Dam n.d.; Tel Aviv University n.d.).  

 

▪ Virtual Camera Parameters:  Position of virtual camera(s), sensor-realistic properties, orientation 

of viewing plane, etc. (Foley & Dam n.d.; Tel Aviv University n.d.).  
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The primary illumination model which is used by rendering engines is global illumination (GI), which 

simulates the complexities of both direct lighting and indirect lighting (i.e. ambient light, diffuse reflection 

and specular reflection) within the virtual environment, which encompasses light emitted from direct light 

source(s), light reflected and refracted by the other surfaces, as well as soft shadow effects (Unity 2016c; 

Whitted 2020; Adobe 2024h; Wüthrich n.d.). 

2.2.4-1.3 Physics-Based Rendering 

PBR is an approach to simulate the physical behaviour of light when it interacts with object surface 

materials within a virtual environment. This is achieved using shading models and surface scattering 

models, which determine the distribution of light that is scattered from points on different types of object 

surfaces due to incoming light – primarily reflective and refractive light (Jakob 2013; McGuire et al. 2020; 

Adobe 2024a; SGVR Lab n.d.). Material properties are assigned to object meshes of a 3D model within 

software that match the real-world; surface scattering models utilise these properties to calculate light 

scatter and more accurately achieve photorealistic visual fidelity within the virtual environment (Moor 

Insights & Strategy 2017; Adobe 2024f; Iontcheva 2024).  

*Note: 

➢ Prior to further explanation, it is worth mentioning that for DCC, 3D models utilise data rich file 

formats that store information encompassing not only the geometric data that defines the structure 

of a model as an object, but also a range of other model attributes such as assigned material and 

texture properties (Martínez-Díaz 2022; Alpha3D 2023; Adobe 2024d; Schechter 2024). Generally, 

a 3D model of an object is defined as a polygon mesh (object mesh), where each polygon consists 

of vertices, edges and faces are used to virtually represent the surface of an object/component and 

thereby the overall geometry in detail. Models rendered within software are localised within a 3D 

cartesian coordinate system (x,y,z) of the rendering engine. Vertices of a model store geometry and 

position  data of a model within the 3D space of the virtual environment, in terms of the local 

coordinates of the rendering engine (Adobe 2024c; Tiigimägi 2024; UNSW Sydney n.d.).  

 

➢ Surface reflection and refraction are important visual characteristics that contribute to 

photorealism, which are dependent on both illumination and viewing orientation within a virtual 

environment (Nayar, Ramamoorthi & Hanrahan n.d.). Since surface reflections are also offered by 

PBR and by extension GI, this further emphasises the need for the orientation of a virtual camera 

to be varied as part of domain randomisation.  

2.2.4-1.4 Shadow Mapping 

To achieve hard shadows in renders, shadow mapping is used, which at a basic level is completed in two 

stages (passes) by a shadow mapping algorithm. For the first pass the  shadow map is created, this is 

completed when a scene is rendered from a light source perspective, where fragments are sampled from the 

light source to the closest visible object surface points in the scene, as viewed by the light source. A fragment 

represents a point on an object mesh surface, which is an interpolation of the vertices of a mesh, and holds 

respective values such as texture, material, coordinates. The distance of the fragments from the light source 

(depth values) are derived using the 3D coordinate data, which is then transformed (mapped) into the light 

source coordinate space using view and projection matrices specific to the light source. After 

transformation, the depth information of the fragments is processed and stored as pixels in a shadow map 

(2D texture) – refer to Figure 2.22. The pixel resolution of the shadow map determines how detailed 

rendered shadows will be, with larger shadow map resolutions providing more precise the shadows (vice 

versa) (Gerasimov 2004; Hock-Chuan 2012; Unity 2016a; De Vries 2017; Hocevar 2017; Unity 2024b).  
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For the second pass, a standard render of a scene is completed using backwards ray tracing from the camera 

perspective. As part of this process a secondary set of fragments are sampled, where the 3D coordinates of 

each fragment are similarly transformed into the light source coordinate space, by use of the same view and 

projection matrices that are employed in the first pass. To explain this concept further, when a fragment of 

an object mesh is sampled from the camera perspective at point P, its coordinates are transformed to P’ 

within the light source coordinate space, which essentially aligns P with the shadow map and provides a 

depth value relative to the light source. Using the coordinate P’, the corresponding 2D location in the 

shadow map is indexed to retrieve the stored fragment depth value C (sampled from the light source) – refer 

to Figure 2.22. A comparison is then done between the depth values of the transformed fragments from the 

camera perspective (second pass) and the corresponding depth values stored in the shadow map from the 

light source perspective (first pass), to check if fragments in the standard render are lit or shadowed from 

the employed light source, which considers the following: 

▪ If depth values of a transformed fragment from the camera perspective is greater than the depth 

values stored in the shadow map, this indicates that the fragment is occluded by an object that is 

closer to the light source in the scene and therefore is in shadow.  

 

▪ If depth values of a transformed fragment from the camera perspective is less than or equal to the 

depth values stored in the shadow map, the fragment is considered lit and not in shadow. 

Calculations for this check are made by a fragment shader, which then renders shadows accordingly within 

a scene (Gerasimov 2004; De Vries 2017; Hocevar 2017). 

 

 

 

 

 

 

 

 

 

 

2.2.4-2 Ray Tracing and Path Tracing  

It is important to understand that GI and PBR are methods of photorealistic lighting and material simulation, 

employed for rendering. Rendering is the process where a rendering engine computes and converts 3D 

environments captured by a virtual camera into a 2D image frame. As part of rendering, different techniques 

are used to model light transport, which utilise GI and PBR. Currently, there are two primary rendering 

methods – ray tracing and path tracing. These techniques are implemented in various rendering engines 

using differing algorithms (Keller et al. 2019).  

Figure 2.22: Illustration of Shadow Mapping Process (Adapted from De Vries (2017)) 
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from each respective pixel (Cook 1989; Subr 2008; Mardaljevic 2011). Considering the use random 

generation of rays, a significantly larger number of samples per pixel (SPP) are required comparative to ray 

tracing, to ensure proper coverage of the virtual environment, as facilitated by the use of hundreds to 

thousands of rays (AMD 2024). For the generation of secondary ray from an intersection point, path tracing 

again employs stochastic sampling, where only a single successive ray is randomly selected from possible 

alternatives, as opposed to multiple rays generated in ray tracing (Whitted 2020), as illustrated in Figure 

2.24.  

 

 

 

 

 

 

 

 

 

 

After samples for each pixel have been collected, a Monte Carlo estimator is used to average the 

contributions that will be assigned to the corresponding pixels (Lambers n.d.; SGVR Lab n.d.). The benefit 

of the Monte Carlo method for the tracing of rays is improved accuracy and more faithfully accounts for 

the randomness of physical lighting behaviour, which allows for higher lighting fidelity compared to ray 

tracing, as observed in Figure 2.25 (Eclat Digital 2024; Modelo 2024). However, it is also not a perfect 

solution with the following disadvantages: 

▪ Rendering of images is computationally intensive and time consuming, compared to ray tracing, 

with large quantity of SPP required for sampling and convergence to an ideal image quality (to be 

clarified further) (Rotenberg 2017; SGVR Lab n.d.) 

 

▪ Difficult to simulate diffuse inter-reflection between surfaces, caustics (specular reflections from a 

surface that then strikes a diffuse surface resulting an a concentrated amount of light in an area), 

and high specular reflection (Rotenberg 2017; Nichols 2024; Imperial Collage n.d.). 

 

 

 

 

 

 

Figure 2.24: Ray Tracing vs Path Tracing Secondary Ray Secondary Ray Paths 

(Adapted from Whitted (2020)) 



 

50 

  

 

 

 

 

 

 

 

 

 

 

 

2.2.4-3 Render Quality Factors 

The following controlling factors dictate rendering image quality achieved by both ray tracing and path 

tracing. The first four listed factors are user-adjustable within rendering engine settings.  

▪ Samples per Pixel: This determines the number of rays that are cast from an image frame pixel. 

Increased SPP in effect increases the amount of lighting information collected to enhance pixel 

quality and thereby the photorealism of the rendered image, as well as reduces noise artifacts, which 

are a result of insufficient ray coverage within the virtual environment (AMD 2024; Hain n.d.). 

Park and Baek (2021) who use their own custom-built real-time ray tracing rendering engine, 

clearly demonstrate the impact of increased SPP, with a subsequent reduction of noise artifacts and 

improved render quality, as observed from visual inspection of their rendered images of a suit case 

in Figure 2.26, using SPP values ranging from 1 SPP to 100 SPP. Considering the results of the 

rendered images, Park and Baek (2021) makes an observation that noise is exacerbated for 

simulation of diffuse reflection scatter (omni-directional light scattering due to light interaction 

with rough or uneven surfaces) for low SPP counts. Additionally, from these results it was also 

demonstrated that increases in SPP resulted in a marked increase in the rendering time, as observed 

with a rise from 3ms to 336ms over 1 SPP to 100 SPP.  Therefore, a trade-off exists between the 

increased computational demands from more SPP and the quality of the final image render. 

Figure 2.25: Path Tracing vs Ray Tracing (Adapted from Caulfield (2019a)) 
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▪ Number of Ray Bounces: This determines the number of times cast rays are permitted to reflect 

or refract before termination, and is critical for the generation of accurate indirect lighting and by 

extension GI (Martin 2017; Blender 2024). Research by Vasiou et al. (2018) found that the majority 

of contributions to render quality by ray bounces are most effectual in the initial few bounces. In 

their investigation, they used the TRaX real-time ray tracing engine and tested up to nine ray 

bounces for rendering small and large city environments. It was found that four ray bounces were 

sufficient to achieve photorealistic renders, before diminishing returns were observed in terms of 

expended computational energy, which was measured using compute execution time, CPU stall 

time, memory stall time and other metrics.  

 

▪ Virtual Environment Complexity: Larger amounts of detail within a virtual environment 

including but not limited to: Number and type of lighting, number and size of objects in association 

with assigned type of materials and textures, etc. (3S Cloud Render Farm 2023). 

 

▪ Resolution: Increased pixel dimensions of images obtained from the virtual camera require more 

time to render, since an increased quantity of pixels will constitute an image frame for rendering 

(vice versa) (iRender 2020; 3S Cloud Render Farm 2023). 

 

▪ Rendering Engine/Software: Differences in rendering engine including but not limited to 

available settings, parameters, implemented rendering algorithms, which contribute to its 

capabilities, and can lead to some providing comparatively better or poorer results in terms of 

render quality (iRender 2020).  

 

▪ Hardware: Computer hardware is generally demanded by rendering engines to ascertain the best 

rendering results, including the latest high-end CPUs and GPUs. These perform the computational 

backend to support and accelerate ray tracing calculations for faster and accurate renders (iRender 

2020; 3S Cloud Render Farm 2023). 

 

Figure 2.26: Relationship Between Increased Samples per Pixel (SPP) and Render Quality 

(Park & Baek 2021) 
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2.2.4-4 Offline and Real-Time Rendering 

It was noticed that most of the reviewed literature does not make explicitly clear the type of rendering 

approach that the rendering engine employed – either offline and real-time rendering, and furthermore if 

rendering techniques of ray tracing or path tracing was utilised. These are critical pieces of information that 

have been omitted, since these considerations offer different render qualities. 

2.2.4-4.1 Offline Rendering 

Offline rendering consists of offline path tracing  and offline ray tracing. Offline path tracing is more heavily 

adopted, typically used for DCC applications in film, television and visualisation (i.e. advertising, 

architecture, etc.). Achieving offline renders to a high image quality generally comes at the expense of 

longer rendering times, ranging from minutes to hours (depending on desired results), while shorter 

rendering times generally sacrifice image quality (Caulfield 2019a; Keller et al. 2019; Chaos 2023; 

VNTANA 2023; Epic Games 2024f; NVIDIA 2024a). Traditionally this was done by the support of CPUs 

with the aid of high-capacity random-access memory (RAM). CPUs perform necessary rendering 

calculations, while RAM enables the storage and management of larger amounts of graphical data (i.e. 

materials, textures, lighting, object polygon meshes, etc.) relevant to the render of the environment.  

Resultantly, offline path tracing, provides superior results for rendering physically precise, photorealistic 

image frames, with  high environmental complexity, resolution and lighting fidelity (Archxstudio 2024; 

Autodesk 2024; Epic Games 2024f; Lenovo 2024a). It should be noted that with current improvements to 

VRAM, GPUs can also perform offline rendering with engines, however do not perform as well as CPUs 

for rendering highly detailed scenes as well as simulations requiring a lot of memory (Autodesk 2024). 

Attention should be drawn to the fact that offline rendering requires more user technical skill and adjustment 

to produce desired lighting results (Epic Games 2023; LinkedIn 2024).  

2.2.4-4.2 Real-Time Rendering 

Currently, real-time rendering only includes ray tracing, with real-time path tracing being an emerging field 

at the time of writing. This rendering method accelerates ray tracing calculations with the use of GPUs 

(typically NVIDIA RTX series or AMD Radeon series), which employ dedicated video random-access 

memory (VRAM), which is a type of high-speed, low-capacity memory for storage and management of 

graphical data. Additionally, GPUs employ multi-core parallel processing to perform faster and more 

efficient rendering operations (graphics processing); thereby in combination with VRAM, GPUs are 

optimised to undertake the computational demands of high-quality renders. Although, due to the lower 

memory capacity of GPUs using VRAM, as opposed to CPUs using RAM, it provides comparatively lower 

accuracy for rendering photorealistic image frames. However, real-time rendering should not be easily 

dismissed, as rendering engines can achieve photorealistic results ‘out-of-the-box’, and even obtain 

competitive results with offline rendering by optimisation of settings and parameters, e.g. lighting, shadows, 

post processing effects, particle effects, anti-aliasing, etc., though it will compromise real-time 

performance, and often be to the detriment of other settings and parameters (Archxstudio 2024). 

It should be clarified that for real-time rendering, imagery is generated instantaneously with respect to the 

view of the virtual camera, instead of long render times provided by offline rendering. Hence, the utilisation 

for real-time ray tracing has primarily been for video games, which prioritise fast rendering times of images 

approximating 30 to 60 frames per second, to interact seamlessly within the virtual environments, and 

require varying levels of photorealism, detail and resolution (Caulfield 2019b; VNTANA 2023; Autodesk 

2024; Lenovo 2024a). These advantages have also been capitalised by rendering engines, with real-time 

rendering capabilities offered for time-effective DCC.  
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2.2.5 Photorealism: Lighting Fidelity  

Considering this underlying lighting background theory, this prompts enquiry into whether lighting fidelity 

of synthetically generated training data can make a difference in further closing a remaining domain gap 

for highly accurate CV model performance, since lighting fidelity is a part of achieving photorealism. 

Presently, there is an outstanding literature gap of works that have directly explored this question, with only 

research by Zhang, Jia and Ivrissimtzis (2020), which makes these works highly valuable in this regard. 

The investigation by Zhang, Jia and Ivrissimtzis (2020) involved a demonstrative problem requiring the CV 

model to detect and extract watermarks consisting of a 20 × 20-bit array (matrix) of semi-spherical bumps 

on the surface of 3D printed square plates within real-world images. This was achieved using a generated 

confidence map that encoded the probability that an image pixel was part of a bump or background, which 

was then used for a thresholding operation to retrieve the watermark matrix. Synthetic data consisting of 

3D models of these printed square plates within various virtual environments was specifically used to train 

algorithms to detect the bumps via a confidence map. The relevancy of their work is derived from the 

research focus being on the impact of how different lighting sources employed within the virtual 

environment, which offer different lighting fidelities, can affect the quality of synthetic training imagery 

and thereby performance of a trained CV model. 

Zhang, Jia and Ivrissimtzis (2020) diverges from most other research with the use of the Mitsuba rendering 

system used to generate synthetic training data. Mitsuba is a rendering engine, oriented towards research 

purposes, which is modularised to support a variety of customisation, more than standard rendering engines, 

with control over implemented algorithms for ray tracing, path tracing GI and PBR, render quality factors,  

as well as control over the use of CPUs of GPUs for backend computation and much more (Jakob 2013; 

Mitsuba 2024). The synthetic training data consisted of eight different datasets, which were distinguished 

by three types of lighting sources deployed within the virtual environment (not to be confused with light 

source models) that were used for illumination, as listed below – refer to Figure 2.27. 

  

 

▪ Synthetic Training Datasets  1 - 5 (Green): The first type of lighting source was provided by light 

probes, which are a type of real-world 360° HDR image that offer IBL (Calian et al. 2018). For 

individual datasets, the light probes captured natural lighting within various indoor and outdoor 

environments at different resolutions and were imported into the Mitsuba virtual environment to 

create high-fidelity synthetic background lighting. This in effect formed Type 3 Hybrid Synthetic 

Data. Refer to Figure 2.27. 

 

▪ Synthetic Training Dataset 6 (Yellow): The second type of lighting source simulated natural 

lighting from the virtual environment itself, and in effect formed pure synthetic data. The scene 

Synthetic Training Dataset Rendering Environment (Scene) Resolution

1 Indoor dining room 3072 x 6144

2 Indoor cathedral 1536 x 3072

3 Outdoor glacier 1024 x 2048

4 Indoor kitchen 640 x 640

5 Outdoor, covered hallway 641 x 640

6 Sky, physically based skylight at 10 AM pure synthetic data

7 Indoor office, area lights pure synthetic data

8 Indoor classroom, area lights and 10AM skylight pure synthetic data

Figure 2.27: Zhang, Jia and Ivrissimtzis (2020) Synthetic Datasets [Edit] 
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was set in an outdoor environment with clear sky, and was devoid of any objects. Additionally, this 

dataset was rendered using path tracing, using an algorithm proposed by Preetham, Shirley and 

Smits (1999). Refer to Figure 2.27. 

 

▪ Synthetic Training Datasets 7 - 8 (Blue): These datasets focused on simulations with artificial 

lighting sources within indoor environments. The first dataset utilised only ceiling point lights 

within the scene, whereas the second used ceiling point lights, as well as natural lighting from 

windows. Refer to Figure 2.27. 

Since synthetic data generated for Synthetic Training Dataset 6 used path tracing, it can be assumed that it 

utilised an offline rendering approach, however for Synthetic Training Datasets 1 - 5 and Synthetic Training 

Datasets 7 - 8, Zhang, Jia and Ivrissimtzis (2020) does not clarify the exact rendering method (ray tracing 

or path tracing) or approach (offline or online) used for these virtual environments. Given the large 

customisability of the Mitsuba rendering engine, this is difficult to contextualise, other than stating that a 

non-path tracing method was utilised for generated data using Synthetic Training Datasets 1 - 5 and 

Synthetic Training Datasets 7 - 8. However, this gives further insight into the impact of lighting fidelity for 

synthetically generated data, by assessing influence of offline path tracing compared to an alternative 

rendering method and approach.  

Zhang, Jia and Ivrissimtzis (2020) generated each dataset using the following strategies which are worth 

highlighting:  

▪ 3D Model Usage: It was expected that differences in the geometry between the training and test 

datasets would contribute significantly to poor detection performance and compromise validity of 

the results. Since Damian et al. (2023) takes a similar approach in using 3D identical models for 

training and test datasets, this is a strategy worth taking note. 

 

▪ Virtual Camera Parameters: Orientation of the virtual camera view of the target object was 

randomised in terms of distance, 𝑑, elevation, 𝜃, and azimuth 𝜙 for set domain values, e.g. 𝑑 ∈
[50 𝑐𝑚, 100 𝑐𝑚] , 𝜃 ∈ [45°, 90°] and 𝜙 ∈ [0°, 360°]. This strategy was also similarly followed 

for the generation of the test dataset to ensure domain consistency. 

 

▪ 3D Model Textures and Materials: Texture with associated material and colour for the 3D models 

of square plates were varied from a selection of 100 from online sources. 

For fair testing of these datasets in the real-world, Zhang, Jia and Ivrissimtzis (2020) takes an interesting 

approach that merits acknowledgement. Preliminary experimental training and testing of three types of 

CNN detection architectures was initially completed to determine an ideal detection algorithm to be used 

for actual training and testing, as opposed to training and testing these three architectures separately and 

then comparing the results, which would have been a more standard experimental approach that also ensures 

fairness of results. The following three architectures were included, which hold respective strengths and 

weaknesses: ResNet50 – provides low noise predictions, Unet-3DW – a custom architecture by Zhang, Jia 

and Ivrissimtzis (2020) based on the U-Net architecture, which has good localisation capability (therefore 

is more effective at extracting local features), however provides predictions with more noise, and Unet-

Res-3DW – a custom architecture by Zhang, Jia and Ivrissimtzis (2020) that is a combination of the former 

two algorithms, where the early layers utilised U-Net for low-level feature extraction, whereas later layers 

utilised ResNet50 for high-level feature extraction. This in effect combined the best aspects of ResNet50 

and Unet-3DW. These architectures were trained on each synthetic dataset, which were comprised of 2,000 

generated images, to create eight models for each architecture. 
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Eight real-world testing datasets were then applied to these eight trained models of each architecture – 

seven of the testing datasets included 3D printed plastic plates varying in dark and light colours, and one 

with a 3D printed metal plate. Each test dataset consisted of 20 real-world images captured under strong 

ambient light within indoor and covered outdoor environments with the camera being at distances of 1m. 

This was done to understand if real-world reflective surface properties, including colour and roughness of 

a target object, can significantly impact detector generalisation after being trained on synthetically 

generated data. For each of the three architectures, the eight models were tested on each of the eight real-

world testing datasets, with the watermark detection results obtained in terms of F1 scores. The F1 scores 

from the eight models for each real-world dataset were averaged separately (therefore a combined total of 

16,000 training images contributed to an averaged F1 score), which provided the following preliminary 

results presented in Figure 2.28, and gives several key insights as listed below: 

 

 

 

 

 

 

 

▪ The most prominent observation from these results is that the Unet-Res-3DW architecture 

consistently performs better than the other architectures with results on average ranging between 

75% - 90%, compared to Unet-3DW, ranging from 72% - 88%, as well as ResNet50 ranging 

between 72% - 79%. Zhang, Jia and Ivrissimtzis (2020) does not elaborate on this further but 

considering that the images consisted of bumps that provided subtle low-level image features (the 

detection focus), as well as prominent high-level features provided by the overall 3D printed plate; 

these results are indicative of the potential of hybrid neural network architectures to improve the 

performance of CV models (Lin, Guo & Aberer 2017). This is because the respective strengths and 

weaknesses of each architecture can be leveraged and strategically implemented within the greater 

architecture, at certain layers, to enhance the hierarchical feature abstraction process for both high-

level and low-level features – seen with better performance from the Unet-Res-3DW architecture. 

In comparison, single architectures are limited in this flexibility – therefore lower performance was 

seen in ResNet50 and more specifically Unet-3DW, since it was more specialised towards low-

level feature extraction.  

 

▪ Zhang, Jia and Ivrissimtzis (2020) does not provide a comprehensive interpretation of these 

preliminary results other than making a brief note that the three architectures unexpectedly 

demonstrated good detection results for white and black 3D printed plastic plates as well as the 3D 

printed metal plates. It can be assumed that their concern was based on the idea that these represent 

the extremes of reflective surface properties that may impact feature extraction performance for the 

bumps. Taking a deeper review of their observation, it should be clarified that all real-world object 

Figure 2.28: Zhang, Jia and Ivrissimtzis (2020) Average F1 Scores for Watermark Detection 

on 3D Printed Square Plates (Preliminary Experimental Results) [Edit] 
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noted that the average F1 score results observed are likely to have been influenced positively by a 

combination of domain randomisation and the averaging of the F1 scores.  

Zhang, Jia and Ivrissimtzis (2020) provides additional value with the main experiment, which takes a 

similar approach to the preliminary experiment. Unet-Res-3DW, as the best performing architecture from 

the preliminary experiment was trained on each synthetic dataset, consisting of 2,000 generated images, to 

create eight corresponding models. A test dataset comprised of 20 real-world images was applied to these 

models respectively, with results quantified in terms of precision and recall. The average of the according 

results is presented in Figure 2.30, and provides important findings involving synthetic training data lighting 

fidelity, as listed below, which are not explored by Zhang, Jia and Ivrissimtzis (2020): 

▪ Average results of the model trained using Synthetic Training Dataset 1 (Indoor dining room) which 

employed a light probe as the lighting source, indicated the best performance at 98% precision and 

98% recall, in comparison to the results of models using Synthetic Training Dataset 6 - 8, which 

employed lighting sources derived from the virtual environment itself. This was expected since 

simulated lighting is directly based on measurements from a real-world scene, as opposed to relying 

solely on approximated rendered lighting behaviour by path tracing and or ray tracing methods.  

 

Further to note is that the light probe used for Synthetic Training Dataset 1 had the highest 

resolution at 3072 × 6144 pixels, in comparison to Synthetic Training Datasets 2 - 5, and models 

trained with Synthetic Training Dataset 1 exhibited superior results. This shows that IBL resolution 

is a crucial factor for improved model performance, which is a logical point, since a higher 

resolution would capture a larger amount of lighting information with direct and indirect lighting. 

When this is implemented in a virtual environment in tandem with object material properties, it 

translates to a higher simulated fidelity of lighting interactions with improved illumination of low-

level environmental details, such as the plate bumps for the synthetic training data. With the use of 

Unet-Res-3DW architecture, the model was better able to learn to extract lower-level features, 

which were made available with this improved lighting in the training data, which thus led to 

improved hierarchical feature abstraction and thereby model generalisation performance with real-

life data.  

 

This again agrees with the findings of Movshovitz-Attias, Kanade and Sheikh (2016) and 

demonstrates how lighting and material properties support each other and the importance of the 

simulated fidelity of these properties (high-fidelity photorealism) as facilitated by GI and PBR; 

however further underscores the critical impact of lighting fidelity as the proxy for photorealism.  

Figure 2.30: Zhang, Jia and Ivrissimtzis (2020) Precision and Recall for Watermark Detection on 

3D Printed Square Plates (Main Experimental Results) [Edit] 
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▪ Attention should also be focused on the average results of models using lighting sources derived 

from the virtual environment itself (Pure Synthetic Data).  It is worth noting that on average the 

model using Synthetic Training Dataset 6 (Sky, physically based skylight at 10 AM), which was 

rendered using path tracing, had a 92% Precision and 86% Recall, whereas on average the model 

using Synthetic Training Dataset 7 (Indoor office, area lights), which was rendered using non-path 

tracing methods, indicated a higher performance at 94% Precision and 96% Recall. This is despite 

the capability of path tracing to produce comparatively more photorealistic training data with a 

higher fidelity of lighting, which clearly demonstrates that synthetically generated training data, 

rendered with non-path tracing methods, as well as Pure Synthetic Data, can achieve competitive 

results for real-world CV model applications, as supported by the fact that these results are second 

highest observed in this experiment.  

 

▪ The virtual environments provided by Synthetic Training Dataset 1 (Indoor dining room) and 

Synthetic Training Dataset 7 (Indoor office, area lights), which had the better performing models, 

were well-lit scenes with ambient light elements, highly similar to the test dataset environment, 

which enabled improved generalisation results. Whereas some of the other synthetic training 

datasets provided lighting environments that had considerable differences, which contributed to 

lower performance. A prime example is the average results of the model trained with Synthetic 

Training Dataset 8 (Indoor classroom, area lights and 10AM skylight), where major differences in 

the amount and type of lighting sources, compared to the test data environment likely resulted in a 

large domain shift. This is because CV detection models learn to extract critical features in the 

source distribution of the training data, and when these are not present in the target domain, this 

causes a domain shift, which can exacerbate poor feature extraction and thereby performance 

(Mukherjee et al. 2021). Considering that low-level features in images are sensitive to the 

adjustments in illumination, this significant domain shift led to the average results of models trained 

with Synthetic Training Dataset 8 (Indoor classroom, area lights and 10AM skylight) being the 

lowest at an 80% Precision and 81% Recall. This is a strong indication that the source domain of 

the training dataset and the target domain of the testing dataset should ideally have a high similarity 

in terms of lighting conditions to minimise a domain shift and that the fidelity lighting 

(encompassing direct and indirect lighting) is an important aspect of CV feature extraction that can 

assist in the minimisation of a domain shift. 

 

▪ Considering the extremely high average performance values for models trained using Synthetic 

Training Dataset 1 (Indoor dining room)  and to a lesser extent Synthetic Training Dataset 7 (Indoor 

office, area lights) had the better simulated lighting, compared to the average results of models 

using other training datasets, this is a strong indication that high fidelity lighting for synthetic 

training data can also contribute to closing the synthetic-to-real gap. 

This research by Zhang, Jia and Ivrissimtzis (2020) serves as a good entry point to understanding the impact 

of lighting fidelity and by extension material properties for synthetically generated data, although there are 

limitations to the investigative approach which detract from a more detailed understanding, as listed below: 

▪ Since a consistent virtual environment was not used for the synthetically generated training 

datasets, a fair comparison cannot be made on the impact of factors such as, path tracing versus 

non-path tracing methods, differences in IBL resolutions and the effectiveness of different types of 

lighting sources.  

 

▪ Considering the use of various indoor and outdoor virtual environments, this investigation could 

have been extended to provide a comparative understanding of the impact of lighting sources for 

each of these scenes respectively. 





 

60 

  

Actors: Objects that are placeable within a level. By default these support 3D transformation properties 

such as translation, rotation and scaling (Epic Games 2024aq). These also have adjustable functions, 

properties and settings as per its assigned component (Epic Games 2024ap). 

Components: These are functions, properties and settings assigned to actors, which can grant them 

complex capabilities, including AI, lighting, physics, camera perspective view, etc (Epic Games 2024ap, 

2024ao). Components are also assigned to actors via the UE5 Blueprint system (Epic Games 2024an). 

Viewport: This is a window within the engine user interface (UI), which allows users to visualise and 

interact with the virtual environment during level development, which is made possible with real-time 

rendering. A viewport can be configured to view a level by different types, layouts and modes to assist with 

the level development process, with Perspective View being the default 3D view used to operations (Epic 

Games 2024am).  

Blueprint: Blueprint is a programmable feature and system which allows the creation and modification of 

actor components using a visual scripting system or directly using C++, by either two methods (Epic Games 

2024al, 2024an): 

▪ Class Blueprint: Used to define a single actor. 

▪ Level Blueprint: Used to define multiple actors, as well as control and coordinate their respective 

interactions with other actors, and or other blueprints within the level.  

Material Editor: Allows user to edit material and texture and material properties for actors (Epic Games 

2024ak). 

Cine Camera Actor: An actor with real-world camera capabilities that allows for the capture of visual data  

within the virtual environment for offline rendering of imagery (virtual camera). Renders can be completed 

using ray tracing or path tracing (Epic Games 2024a).  

Plugin: Extension software to Unreal Engine that can be enabled or disabled locally within the Editor for 

individual projects, to supplement project development. Some major uses for plugins include, but are not 

limited to, modifications to existing engine features or the addition of new ones, extending the capabilities 

of the Editor with new menus, tools, and sub-modes, the creation of new file types, etc. Plugins can be 

officially developed by Epic Games or developed by third-party developers, which can be downloaded from 

the Unreal Engine Marketplace (Epic Games 2024aj). 

Movie Render Queue: Plugin tool that generates high quality offline renders of visual data captured by 

the Cine Camera Actor (Epic Games 2024ai).  

High Dynamic Range Image (HDRI) Backdrop: This is a 360°, HDR image which can be projected as a 

background to provide IBL to an UE5 virtual environment (Epic Games 2024ah). 

Unreal Engine Marketplace: The Unreal Engine Marketplace, renamed as Fab as of writing this paper, is 

an online store (by Epic Games) with free or paid content made by third-party developers that can be 

downloaded and imported into UE5 to supplement project development (Epic Games 2024ag, 2024ac). 

2.3.2 Unreal Engine 5 Lumen  

Lumen is a new lighting system by UE5, which is stated as a GI and reflections system (note that the 

reflections component of the system is PBR) that uses ray tracing methods. Although GI is available for 

many rendering engines, Lumen distinguishes itself with the first production-ready, real-time, dynamic GI 

and reflection system. Dynamic GI and reflections compute the intensity of light reflected from a point on 
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object surfaces within a virtual environment in real-time, which facilitates instant and adaptive lighting 

changes during rendering, for adjustments made to a scene, e.g. modified light sources and objects – thereby 

is more user-friendly with ‘out-of-the-box’ results during development of a virtual environment for DCC. 

Lumen is a highly accurate GI and reflection system, attributed to the fact that calculations for lighting 

interactions encompass the entire virtual environment, with the computation of an infinite amount of ray 

bounces during ray tracing operations, which replicates natural lighting interactions. The alternative is 

baked GI, which pre-computes surface lighting within a virtual environment to be stored as a light map, 

that is then overlayed on object textures and materials for incorporation during rendering. This is applicable 

only for offline rendering and requires that the scene be baked again for every scene change, which can be 

time consuming for complex virtual environments. Furthermore, working with baked GI is less user-

friendly for beginners, requiring in-depth experience to adjust lighting (Unity 2017; Luksch, Wimmer & 

Schwärzler 2019; Unity 2019a; Epic Games 2023; Adobe 2024h; Epic Games 2024av).  

2.3.3 Hardware Ray Tracing vs Software Ray Tracing 

In UE5, the Lumen system can be set to utilise hardware ray tracing or software ray tracing as per the 

specifications of the user computer system performing rendering operations: 

2.3.3-1 Hardware Ray Tracing 

Relies on computational acceleration by GPUs, which supports higher fidelity of lighting simulation by 

Lumen and ultimately a higher visual quality for ray traced renders (Epic Games 2023). For this type of ray 

tracing, the process is as described in Section 2.2.5-2.1 (Epic Games 2024af; NVIDIA 2024b).  

For UE5 hardware ray tracing, the recommended GPU for a computer system is an NVIDIA RTX-2000 

series and higher, or AMD RX 6000 series and higher, with DirectX 12 (DX12) support. DX12 is a 

communication Application Programming Interface (API), that enables applications (apps) to take 

advantage of the graphics processing capabilities of computer systems equipped with one or more GPUs. 

However, these GPUs must be DX12-compatible, which are typically newer generation GPUs (Microsoft 

2021; Epic Games 2024ae). 

*Note: This is enabled when the Use Hardware Ray Tracing when available and Support Hardware Ray 

Tracing settings are checked within UE5 settings (Epic Games 2024h). 

2.3.3-2 Software Ray Tracing 

This ray tracing process does not rely on acceleration from ray tracing capable GPUs (facilitated by DX12 

support), instead it is a less computationally intensive ray tracing process that allows ray tracing operations 

to be completed with older GPUs that do not provide ray tracing capabilities – primarily GPUs with DirectX 

11 (DX11) support. This ultimately allows for software ray tracing to be used with a wider range of 

computer systems (Epic Games 2023, 2024af). Software ray tracing is made possible with the use of a Mesh 

Distance Field, a 3D grid generated by voxelisation, which converts polygonal meshes (continuous 

geometric structures), that form 3D objects, into discrete volumetric elements known as voxels, which in 

effect forms a discretised spatial representation of the scene to be rendered. This is achieved by voxels 

measuring and storing the minimum distance from any point in the rendered scene, to the closest point on 

any present object mesh surface. This distance is determined with transformation calculations using 

coordinate values from the mesh vertices (Jones 1995; Jones & Satherley 2001; Bærentzen & Aanæs 2002; 

Ridzuan et al. 2022; NVIDIA 2024b; PixCap 2024). A Mesh Distance Field ultimately allows for a more 

computationally efficient ray tracing process that can  skip through empty space, since the distance to the 

nearest surface is known in prior, which reduces the number of steps required to find the ray intersection 

points (Epic Games 2024ad).  
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Moreover, for software ray tracing, Lumen generates a Surface Cache, which is a lower resolution data 

structure that is a parameterisation of all surfaces within a scene, that precomputes and stores material 

properties of each object mesh surface determined by PBR, as well as direct and indirect lighting incoming 

and outgoing to the surface, as simulated by GI and PBR. The Surface Cache is layered over surfaces in a 

scene, which allows simulated rays during software ray tracing to rapidly reference the precomputed 

lighting interactions with objects and simulate appropriate light bounce from the ray intersection points 

during ray tracing operations. In combination, these aspects of software ray tracing significantly reduces 

the computational overhead for rendering, compared to hardware ray tracing, however, includes some 

technical limitations, with the most relevant being listed as follows (Epic Games 2024af, 2024ab; NVIDIA 

2024b; Tatzgern et al. 2024): 

*Note: This is enabled when the Use Hardware Ray Tracing when available and Support Hardware Ray 

Tracing settings are unchecked within UE5 settings (Epic Games 2024h). 

2.3.3-3 Software Ray Tracing Technical Limitations 

▪ In general, hardware ray tracing produces superior accuracy for rendered lighting and visual fidelity 

compared to software ray tracing. This difference is clearly displayed in Figure 2.31, with a 

noticeable difference surface reflection and to a lesser extent refraction. This is because during the 

sampling process for hardware ray tracing, rays pass through a virtual environment to directly 

intersect with the object mesh, which offers a higher resolution of data to sample GI and PBR 

lighting interactions. In contrast, for software ray tracing, the traced rays refer to the Surface Cache 

to perform sampling, which is a data structure that stores the GI and PBR lighting interactions of 

an object mesh at a lower resolution to improve rendering efficiency and thereby produces a lower 

accuracy (Epic Games 2023, 2024h, 2024af; NVIDIA 2024b).  

 

▪ Software ray tracing has difficulty representing Mesh Distance Fields of extremely thin and large 

objects (Epic Games 2024af). 

 

▪ A 3D model that is imported in the rendering engine in a very small size and then scaled up, will 

result in an insufficient resolution for the Mesh Distance Field to accurately represent the object 

surface properties (Epic Games 2024af).  

Figure 2.31: Unreal Engine 5 Lumen Global Illumination System using Hardware Ray Tracing vs 

Software Ray Tracing (Adapted from Epic Games (2024h)) 
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2.3.4 Unreal Engine 5 Shadowing Methods  

Shadows are a critical component that compliment GI, adding photorealistic attributes to a lit virtual scene 

by providing a sense of depth and space to an illuminated virtual environment. Typically shadows are 

calculated with GI, however, UE5 offers five types of separate shadowing methods, two in particular 

provide the highest quality for rendered shadows (Epic Games 2024aa): 

▪ Virtual Shadow Maps: This is the default shadowing method for UE5. Virtual shadow maps are 

conceptually ultra high-resolution shadow maps used by UE5 as part of a shadow mapping process, 

which are 16,384 × 16,384 pixels used for an entire scene. However, a virtual shadow maps are 

sectioned into tiles of 128 × 128 pixels known as pages, which are deployed as required during 

scene rendering of shadows and thus imposes reduced computation and memory costs compared to 

ray traced shadows (discussed below). One of the major technical limitations of virtual shadow 

maps is that they exhibit better performance on object meshes with high polygon counts, and 

display undesirable artifacts for object meshes with low polygon counts  (Epic Games 2023, 2024h, 

2024z). 

  

▪ Ray Traced Shadows: This standalone method of shadowing uses hardware ray tracing which 

produces shadow renders with more accurate visual fidelity than virtual shadow maps. The 

distinction is particularly observed with ray traced shadows being able to render sharper/harder 

contact shadows the closer a shadow casting object is to a receiving surface, and softer shadows 

the farther a shadow casting object is from the receiving surface. An example of this difference in 

rendering capability between ray traced shadows and virtual shadow maps is demonstrated in 

Figure 2.32 with a rendering of a light pole (Epic Games 2024aa, 2024h).  

 

 

 

 

 

 

Figure 2.32: Ray Traced Shadows vs Virtual Shadow Maps (Adapted from Epic Games (2024h)) 
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Another example of distinctions in shadow rendering accuracy between ray traced shadows and virtual 

shadow maps is observed in terms of the sharpness and softness of shadows with variations in light source 

size and angles. Figure 2.33 demonstrates these differences for generated shadows using different 

directional lighting source angles, where it can be observed that ray traced shadows is better able to render 

complex interactions of shadowing phenomena with hard and soft shadows. This is noticeable with better 

hard shadow definition from the model tree trunk and branches and soft shadow definition from the leaves 

(Epic Games 2024h). 

 

 

 

2.3.5 Unreal Engine 5 Scalability Settings 

The following computer system specifications are the minimum recommended for both hardware and 

software ray tracing – refer to Figure 2.34 (Epic Games 2024y). 

 

Renders of higher image quality produce higher computational loads with increased graphics processing 

requirements (vice versa). Even if the computer system of a user meets the minimum requirements, it may 

not be able to meet demands of higher quality renders due to the inadequacies of available hardware.  

Operating System (OS) Microsoft Windows 10

System Type 64-Bit

Central Processing Unit (CPU) Quad-Core Intel or AMD - 2.5 GHz or faster

Random Access Memory (RAM) 8GB

Graphics Processing Unit (GPU) DirectX 11 or DirectX 11 compatible GPU

Minimum Recommended Computer System Specifications for Unreal Engine 5

Figure 2.34: Minimum Recommended Computer System Specifications for Unreal Engine 5 

Figure 2.33:  Generated Shadows for a Tree Model using Ray Traced Shadows (RT) 

vs Virtual Shadow Maps (VSM) Over Various Directional Lighting Source Angles 

(Adapted from Epic Games (2024h))  
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Therefore UE5 scalability settings are provided, ranging from low to cinematic, in order to adjust the quality 

level of various rendered properties within the UE5 engine, in order to accommodate UE5 use by various 

computer systems (Epic Games 2024b). Figure 2.35 displays UE5 scalability settings (Epic Games 2024ab):  

 

The rendered properties that are adjusted by UE5 scalability settings are listed below – eleven in total. Note 

that adjustments to the scalability settings correspondingly impact the level of photorealism provided by 

UE5. 

▪ View Distance: Objects can be removed based on their distance to the viewer, including Cine 

Camera Actor and Viewport (Epic Games 2024b). 

 

▪ Anti-Aliasing: Adjusts the quality of Anti-Aliasing selected method (Epic Games 2024b). Aliasing 

is a rendering artifact produced by the limited resolution of digital displays, commonly appearing 

as jagged edges for objects with smooth curves and diagonal edges relative to an image. This effect 

is a result of digital displays which use a grid of discrete pixels to represent details of an image. 

Thus digital displays have finite pixel densities, which produce visible pixelation and decreased 

sharpness for rendered objects with smooth curves and diagonal edges. Anti-aliasing is a rendering 

technique that can be employed, to minimise the aliasing effects by sampling multiple points around 

the edges of objects in an image to determine the average colour values, which are then used to 

effectively blur the edges of objects, to reduce visible pixelation and thus create appearance of 

smoother edges (Cabading 2024; Lenovo 2024b). For reference Figure 2.36 illustrates the effects 

of aliasing and anti-aliasing for rendered geometric objects.  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.35: Unreal Engine 5 Scalability Settings (Epic Games 2024b) 

Figure 2.36: Effects of Aliasing (Left) vs Anti-Aliasing (Right) for 

Rendered Geometric Objects (Unity 2016b) 
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▪ Post Processing: This encompasses a wide range of effects mostly tied to camera properties, that 

enhance the visual realism of a rendered scene and are applied prior to a complete render of a scene 

(Epic Games 2024x). A list of the most noteworthy effects that are changed with adjustments to the 

scalability settings are provided below: 

 

➢ Motion Blur: Reproduces the visual effect where a fast-moving object appears blurry for 

imagery captured by real-world cameras (sensor-realistic property) (Houdini n.d.). 

 

➢ Ambient Occlusion: This is a shadowing method additional to the primary methods described 

in Section 2.2.6-3, which reproduces soft shadows generated from ambient lighting (sensor-

realistic property) (Hoberock 2007; Plural Sight 2014). 

 

➢ Depth of Field: Reproduces the effect where certain parts of an image appear blurred when 

not in the focus of a real-world camera, which provides a sense of distance between near and 

far objects (sensor-realistic property) (Epic Games 2024w). 

 

➢ Lens Flare: Reproduces the real-world phenomenon when a strong source of light interacts 

with a camera lens, causing light to scatter with visible artifacts to appearing in captured 

imagery (sensor-realistic property) (Epic Games 2024v). 

 

➢ Colour Fringe: Reproduces the real-world phenomenon of chromatic aberration/colour 

fringing, which is a distortion of image colours when a camera lens fails to converge all light 

wavelengths of incoming light to the camera sensor focal point, which is explainable as follows. 

Light is refracted as it passes between two transparent mediums of differing densities, which 

alters the direction of light. During this process dispersion occurs, where variation in the 

refractive index of the incoming medium for different wavelengths, causes wavelengths to 

refract at different angles, and hence exhibit a noticeable separation of visible light per 

constituent colours. In the case of light passing between the mediums of air to a camera lens, 

dispersion contributes to the inability of cameras to precisely focus light on the camera sensor 

focal point, which results in the camera sensor capturing these wavelength separations, to 

ultimately produce colour artifacts outlining object edges, as seen in Figure 2.37 (sensor-

realistic property) (Tunney 2023; Adobe 2024g; Image Engineering 2024; City University of 

Hong Kong n.d.). 
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➢ Eye Adaptation: Reproduces automatic exposure features of modern real-world cameras, 

where the exposure of a scene is automatically adjust when transitioning from darker 

environment to a lighter environment (vice versa) (sensor-realistic property) (Epic Games 

2024u). 

 

➢ Bloom Quality: Reproduces imaging artifact of real-world cameras of glow around lights and 

reflective surfaces (sensor-realistic property) (Epic Games 2024ar). 

 

▪ Shadows: Both virtual shadow maps and ray traced shadows can be adjusted. A list of the most 

noteworthy sub-properties that are changed with adjustments to the scalability settings are provided 

below (Epic Games 2024b): 

 

➢ Light Function Quality: Adjusts the quality of light functions used to simulate lighting. 

 

➢ Shadow Quality: Adjusts the quality of rendered shadows. 

 

➢ Shadow Maximum Resolution: Adjusts the maximum resolution that can be used. 

 

➢ Shadow Distance Scale: Adjusts the rendered distance of shadows.  

 

▪ Global Illumination & Reflections: Associated scalability settings impact the quality provided by 

Lumen system, as listed below (Epic Games 2024ab): 

 

➢ Cinematic: Scalability setting is intended for high quality offline renders with Movie Render 

Queue. 

 

➢ Epic: Scalability setting targets a 30 frames per second rendering speed. 

 

➢ High: Scalability setting targets a 60 frames per second rendering speed.  

Figure 2.37: Chromatic Aberration Artifact (Jkk 2013)   



 

68 

  

 

➢ Medium and Low: Scalability settings disable the Lumen GI and reflections, instead resorting 

to Screen Space Global Illumination (SSGI) and Screen Space Reflections (SSR), which 

performs GI and reflection calculations for what is visible on screen in a scene, which means 

it does not account for objects and lighting outside the Viewport or Cine Camera Actor vision. 

To clarify, SSGI and SSR are less accurate compared to the Lumen GI and reflections, since 

Lumen performs calculations accounting for lighting interactions within the whole scene, even 

if not visible to the Viewport or Cine Camera Actor (Shinsoj 2023; Epic Games 2024t, 2024ab). 

 

Textures: This adjusts three sub-properties associated with the render of textures, listed as follows 

(Epic Games 2024b): 

To understand the effects of the first two properties it should be understood that UE5 uses a texture 

streaming system (streamer) that dynamically loads object mesh textures into a scene as required 

during a render and dynamically regulates the level of detail (LOD) for each object mesh texture 

(resolution), using mipmaps. These are cached and down sampled version of the original high-

definition textures; a higher mipmap LOD is used for objects closer to the View Port and the Cine 

Camera Actor, and lower mipmap LOD are used for more distant objects. Texture streaming in 

effect allows for efficient GPU memory management, which is particularly important since textures 

contribute a large portion of memory usage during rendering operations and can reduce 

computational and rendering performance if unchecked. The texture streaming pool is a designated 

amount of memory used to store textures used by the texture streaming system (Unity 2019b; Epic 

Games 2024s; Mower 2024; Unity 2024a). 

➢ Streaming Mip Bias: A mipmap bias establishes the threshold for selection of mipmap LOD 

by a GPU. The Streaming Mip Bias is a global property that is applied to all mipmaps and is 

important in ensuring that the texture streaming system loads appropriately sized mipmaps that 

do not place an excessive GPU memory load (Epic Games 2024r). 

 

➢ Streaming Pool Size: Adjusts the available pool size for textures in the engine (Epic Games 

2024r). 

 

➢ Maximum Anisotropy: Uses Anisotropic filtering, which improves the appearance of 

textures viewed at oblique angles (Intel 2024). 

 

▪ Effects: Adjusts the quality of many different types of effects. A list of the most noteworthy effects 

is provided below (Epic Games 2024b): 

 

➢ Translucency Lighting Volume Dimensions: Adjusts the resolution of 3D textures (volume 

textures) that provide translucent material properties for Actors. 

 

➢ Refraction Quality: Adjusts the quality of rendered refractions.  

 

➢ Screen Space Reflections: Activates the use of SSR per the UE5 scalability setting. 

 

➢ Detail Mode: Adjusts the minimum level of detail that an Actor should be rendered at. 
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➢ Material Quality: Adjusts the use of high-quality or low-quality material properties.  

 

▪ Foliage: Adjusts how many foliage meshes are rendered at one time for 3D vegetation objects 

(Epic Games 2024b). 

 

▪ Shading: Shading Models are used as part of PBR to determine how a mesh material reflects 

incoming light (Epic Games 2024b, 2024q). 

 

▪ Landscape: Adjusts texture and material resolution applied to landscape object meshes, as well as 

the LOD for the number of polygons used to represent the mesh surface based on distance to the 

Cine Camera Actor or Viewport (3D Studio 2024; Epic Games 2024p, 2024b). 

2.3.6 Unreal Engine 5 Environmental Lighting  

Environmental lighting is one of the main draw features of UE5, which provides the ability to create realistic 

virtual worlds, with high-fidelity natural lighting conditions. This is made possible with lighting 

components, which can model natural phenomena such as fog, clouds, sky lighting and atmospheric features 

and how light interacts with them. These components work in unison to determine light interactions globally 

within a virtual environment. The Lumen system in tandem with associated tools allow for dynamic and 

real-time modification of these components for rapid scene development, and the ability to set a variety of 

lighting conditions as desired by the user. A brief overview of some of the main lighting components 

provided by UE5 is presented below (Epic Games 2024o): 

▪ Exponential Height Fog: A physically-based fog rendering system (model), which creates a 

diffuse lighting effect, which is a soft light that is scattered uniformly within an environment that 

contributes to the ambient light of a scene (Wronski 2014; Adobe 2024e). In a virtual environment, 

Exponential Height Fog component generates multi-layered fog with less density in high areas, 

increased density in low-lying areas and at distances further from the Viewport and Cine Camera 

Actor, as well as volumetric effects for light shafts (Epic Games 2024o, 2024d). Figure 2.38 

compares an effect of Exponential Height Fog component when enabled and disabled in UE5 

render. 

 

 

 

 

 

 

 

 

 

▪ Volumetric Clouds: A physically-based cloud rendering system (model), which can create various 

cloud types, shapes, and effects within a scene, ranging from mostly clear skies to storm clouds. 

Figure 2.38: Exponential Height Fog Disabled vs Enabled (Epic Games 2024d) 
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Figure 2.39 provides examples of the range of possible cloud formations that can be rendered using 

Volumetric Clouds (Epic Games 2024e, 2024o).  

 

▪ Directional Light: This is a parallel light source model used to simulate the sun and emanated 

sunlight within a scene. The angle of a directional light can be adjusted within a scene environment 

in relation to a simulated sun path, which allows for the simulation of time-of-day (Epic Games 

2024n, 2024o). 

 

▪ Sky Atmosphere: A physically-based sky and atmosphere-rendering system (model), which 

simulates light scatter interactions with particles and molecules within the Earth atmosphere and 

considers the impact of other components such as Exponential Height Fog, Volumetric Clouds and 

Directional Light. Since the angle of the sun (Direction Light) is adjustable, the modelled scattering 

effects by the Sky Atmosphere component, enable the sky to dynamically change colours 

depending on the altitude of the sun to replicate times during day and night. Figure 2.40 illustrates 

renders using Sky Atmosphere. Furthermore, the lighting interactions facilitated by the  Sky 

Atmosphere, Volumetric Clouds and Exponential Height Fog facilitates the accurate representation 

of the Directional Light as a sun disk, as opposed to an artificial lighting source (Epic Games 2024c, 

2024n, 2024m, 2024o). 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.39: Examples of Volumetric Cloud Renders (Epic Games 2024e) 

Figure 2.40: Example of Sky Atmosphere Renders (Epic Games 2024c) 
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▪ Sky Light: Models lighting in distant parts of virtual environment sky, and matches this lighting 

with the Sky Atmosphere model (Epic Games 2024l, 2024k, 2024o). 

2.3.7 Unreal Engine 5 Light Source Models  

UE5 provides additional types of lights that can be implemented in a virtual environment, typically used 

for artificial, local environmental lighting (Epic Games 2024k): 

▪ Point Light: A point light source, which acts a light bulb to cast light in all directions from a single 

point. 

 

▪ Spot Light: A point light source, which emits in a single direction. 

 

▪ Rectangular Area Light: Provides planar lighting emitted from a rectangular plane, to provide a 

distributed light source for ambient illumination. 

2.3.8 Unreal Engine 5 Physics-Based Materials 

Physics-based materials are assigned to object meshes, replicating the lighting interaction response of a 

physical material as would be in the real-world, within the virtual environment. Physics-based materials 

incorporate the following components (Epic Games 2024aw, 2024j):  

• Base Colour: Controls the colour and texture of an object mesh. 

• Roughness:  Controls how rough or smooth a material appearance is, defined by how sharp or 

blurry object mesh surface reflections appear.  

• Metallic: Controls object mesh surface reflections ranging from non-metallic to metallic 

appearance. 

• Specular: Controls how much specular light the object mesh surface reflects. 

2.4 Literature Review Main Findings Summary and Conclusion 

2.4.1 Literature Review Summary 

From this literature review it is realised that closing the synthetic-to-reality gap is multifaceted and is 

dependent on a variety of strategies that ultimately contribute to higher model generalisability and 

robustness of a CV model, with some being more significant than others. From the assessed works, an 

overview of the main findings concerning the effectiveness of strategies used in generating synthetic 

training data and the resulting impact on model generalisation and robustness when employed to train a CV 

mode are presented below: 

▪ Domain Randomisation: This is the primary contributor to model generalisation. The 

randomisation of image parameters to a level that would be expected in the real-world was found 

to be acceptable. All other strategies listed appear to complement domain randomisation and can 

further assist in the minimisation of the synthetic-to-reality gap. Domain randomised lighting (and 

by default including shadows) plays a major role for model performance compared to other 

randomised parameters. 

 

▪ Large Volume Training Datasets: Training dataset volumes should optimally be in the tens of 

thousands and domain randomised. However, over a certain quantity, depending on the model, 

before diminishing returns are observed.  
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▪ Synthetic Image Realism: Associated properties should be randomised with the use of large 

volume training datasets; these should not be use independently as a strategy:  

 

➢ Photorealism: Higher fidelities of lighting (and by default including shadows) achievable 

with high resolution IBL can significantly boost generalisation performance with real-

world data, which indicates great potential to majorly contribute to closing the synthetic-

to-reality gap. This is resultant of improved lighting fidelity in terms of direct and indirect 

lighting, with the support of material properties (facilitated by GI and PBR), enabling the 

CV model to learn to extract lower-level features made available with improved lighting, 

which leads to improvement in hierarchical feature abstraction and CV model 

generalisation. Separately, photorealistic elements including material properties and 

textures contribute minor performance gains for model generalisation as these contribute 

low-level feature information that can be extracted by a CV model. Increased levels of 

photorealism plausibly appear to reduce the amount of training data required, when a 

sufficient amount of domain randomisation is used for the generated training data and test 

images are captured close to the target object.  

 

➢ Sensor-Realistic Properties:  Noise added to synthetic imagery was found incur minor 

performance improvements, although further investigation into the impact of other sensor-

realistic effect is necessary. 

Additional strategies which optimise CV model enhance model generalisation and robustness are presented 

below: 

▪ Use of Pretrained CV Models: Model pretraining facilitates transfer learning which accelerates 

learning efficiency and model convergence with actual training data. 

 

▪ Use of Hybrid Neural Network Architecture: Combining the strengths of separate CNN 

architectures as part of a unified architecture, improves the hierarchical feature abstraction 

capability of a CV model. 

 

▪ Use of Type 2 Hybrid Synthetic Datasets: The use of a mixed percentage of synthetic data and 

real-world data for training datasets forces the training algorithm over two different domains and 

abstract higher-level features that share commonality between both domains. 

2.4.2 Literature Review Conclusion 

In the context of this research report, the broad insight into these synthetic data generation strategies from 

this literature review is vital, since any advantage afforded to CV model detection performance of multi-

rotor sUAS, no matter how minor, can serve to provide edge for mission-critical C-sUAS operations.  

The most outstanding results indicated amongst these strategies is a combination of high-fidelity 

photorealism and a domain randomisation strategy, as presented in the work by Zhang, Jia and Ivrissimtzis 

(2020). As part of their work, CV models were trained with synthetically generated data, which employed 

high-fidelity lighting source derived from high resolution IBL (Type 3 Hybrid Synthetic Data), as well as 

randomised the target object surface texture, with associated material and colour, as well as the orientation 

of the virtual camera view which captured the synthetic imagery.  

However, the primary issue with the use of Type 3 Hybrid Synthetic Data for synthetically generated 

training data, for multi-rotor sUAS detection applications, is that fact that the projected background images 
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applied in the real-world. Therefore this leaves an opening for UE5 which primarily employs ray tracing 

for renders. 

2.5 Knowledge Gap 

High-fidelity photorealism of synthetically generated data, in terms of rendered lighting and material 

properties, has been indicated to make a significant difference in closing a remaining domain gap of a CV 

model trained with synthetically generated data using a domain randomisation strategy and can achieve 

highly accurate CV model performance. Movshovitz-Attias, Kanade and Sheikh (2016) and to a greater 

extent Zhang, Jia and Ivrissimtzis (2020) are among the only major works that support this idea, however, 

do not provide a direct investigation into the matter; therefore, this encourages further exploration into the 

advantages of high-fidelity photorealism of synthetically generate data – specifically Pure Synthetic Data. 

UE5 has state-of-the-art general rendering engine capabilities that can generate high-fidelity photorealistic 

digital content, by ray traced GI, PBR and shadowing. However, to date no known research has assessed 

the performance impact of high-fidelity photorealism (enabled by these rendering engine capabilities) in 

synthetically generated training data using UE5, when employed in training a CV model and if it can further 

close the synthetic-to-reality gap, when employed with a domain randomisation strategy. In order to 

understand the performance impact of high-fidelity photorealism in synthetically generated training data 

using UE5, when it is employed in training a CV model, the performance impact of Lumen GI and 

reflections, as well as ray traced shadows will need to be investigated. This research project intends to 

address this literature knowledge gap in terms of a real-world application – multi-rotor sUAS detection, 

which will gain the most benefit from determined results for C-sUAS research and development using EO 

detection systems. 

To guide the direction of this research in line with the question, the following research aim, and objectives 

have been determined: 

2.6 Research Aim 

Project Aim: To investigate the performance impact of high-fidelity photorealism provided by UE5 Lumen 

global illumination and reflections, as well as ray traced shadows in synthetically generated training and 

validation data (Pure Synthetic Data), on CV models for the application of multi-rotor sUAS detection in 

the real-world. 

2.7 Research Objectives 

Objective 1: Collect real-world testing image datasets of multi-rotor sUAS under different lighting 

conditions with a sufficient distribution, that can be used in the assessment of CV models trained with 

synthetically generated data. 

Objective 2: Generate and collect synthetic training images of multi-rotor sUAS under similar lighting 

conditions in UE5. For each of these lighting conditions, separate datasets will be generated with varying 

levels of Lumen global illumination and reflections, as well as ray traced shadow support. 

Objective 3: Evaluate and compare the performance of CV models trained with synthetic datasets 

employing varying levels of Lumen global illumination and reflections, as well as ray traced shadow 

support, respectively for each lighting condition. 
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Chapter 3 – Methodology 
3.1 Background Information 

To address the stated aim and relevant literature knowledge gap, the following methodology was devised 

and undertaken for this experimental research project. The reader should acknowledge that there is no 

specific method to synthetic data generation and is highly depended on the problem at hand, as seen with 

previous works. Therefore, this methodology will be a novel approach, although, it should be clearly stated 

that it draws inspiration from prior research. 

*Note:  

▪ All experimental work was conducted on a personal computer (PC) with access to the internet. 

▪ Actions completed in this guide used Windows OS and Unreal Engine 5.4.4.  

3.1.1 Computer System Specifications 

Referring to the minimum recommended computer system specifications for UE5 outlined in Figure 2.34, 

the computer system utilised for this research report had the following specifications as presented in  Figure 

3.1. This can be stated as a high-end computer system, which was necessary with the use of hardware ray 

tracing in UE5. This was to ensure the best possible results that could be acquired in UE5 in terms of render 

quality and ensure reasonable render times. However, the incurred financial costing required to support this 

project can be considered a critical limitation for independent validation of results. 

*Note: Refer to Appendix C for according settings that were set for the use of hardware ray tracing as part 

of this experimental research project. 

3.2 Methodology 

Considering that this research project intended to be a preliminary investigation, this experimental research 

project, was divided into two stages – Stage 1 and Stage 2. For each stage, multiple experiments were 

carried out, where for each experiment, respective tests were then completed. Experiments devised for Stage 

2 were based on the collective findings of tests from Stage 1 experiments.  

3.2.1 Stage 1: Experimental Design Overview and Context 

In service of the aim of this research paper, to effectively assess the performance impact of high-fidelity 

photorealism provided by UE5 Lumen global illumination and reflections, as well as ray traced shadows in 

Figure 3.1: Computer System Specifications 

Power Supply Unit (PSU) MSI  MPG A1000G PCIE5 - 1000W

Operating System (OS) Microsoft Windows 11 Pro

System Type 64-Bit

Central Processing Unit (CPU) Intel  Core i9-14900K (24 Core(s) / 32 Thread(s) / 3.2 GHz)

Random Access Memory (RAM) Kingston Fury Beast DDR5 128 GB (4x32 GB) - 5.2 MHz

Graphics Processing Unit (GPU) ASUS TUF GeForce RTX 4090 OG OC Edition - 24 GB

Operating System (OS) Drive Kingston KC3000 NVMe M.2 SSD - 2 TB

Data Drive Kingston  NV2 PCIe 4.0 NVMe M.2 SSD - 2 TB

Motherboard ASUS  Prime Z790-P WiFi CSM

Computer System Specifications
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synthetically generated training and validation data (Pure Synthetic Data), on CV models for the application 

of multi-rotor sUAS detection in the real-world, the following experimental design was developed for Stage 

1. This section will provide an overview of the experimental design for the reader to contextualise concepts 

prior to detailed explanation of the approach during implementation in Section 3.2.2. 

3.2.1-1 Source Domain and Target Domain Considerations 

In this experimental research, the developed CV-based multi-rotor sUAS detection models used binary 

classification; therefore, all dataset samples (images) were to have a single airborne multi-rotor sUAS. This 

was decided as the best approach for this work, to simplify the findings derived from results, considering 

that this research was a preliminary investigation. The development of each CV-based multi-rotor sUAS 

detection model involved the use of training and validation datasets comprised of synthetically generated 

imagery of airborne multi-rotor sUAS obtained from the UE5 virtual environment. It is important to note 

is that this generated imagery was Pure Synthetic Data, with the lighting source derived from the UE5 

virtual environment itself and additionally. The corresponding testing dataset of real-world images was 

collected from online sources.  

3.2.1-1.1 Outdoor Environment 

Since EO detection systems are primarily deployed in outdoor settings to visually monitor an airspace for 

multi-rotor sUAS threats. To enhance the practical value of findings in this investigation for C-sUAS 

research, it was considered ideal that for developing the CV-based multi-rotor sUAS detection models, both 

the source domain of generated synthetic training and validation imagery, as well as the target domain of 

training imagery will consist of multi-rotor sUAS within an outdoor environment.  

Additional justification for the use an outdoor environment for synthetically generated data is provided 

below: 

▪ Since a critical component and enabling factor of high-fidelity photorealism by rendering engines 

has been demonstrated to be high-fidelity lighting, it was determined as necessary for the 

investigation that a virtual environment can provide lighting conditions conducive to delivering the 

best expression of Lumen GI and reflections, as well as ray traced shadows, which can facilitate 

high-fidelity photorealism within UE5 renders. An outdoor virtual environment can be deemed a 

suitable choice, being able to provide natural lighting conditions, which can take advantage of UE5 

environmental lighting, and simulate light interactions globally within a virtual environment. UE5 

environmental lighting can provide well-lit conditions (high-level environmental illumination), as 

well as nuanced direct and indirect lighting, to facilitate high-fidelity lighting for rendered synthetic 

training and validation data. Therefore, potential CV-based multi-rotor sUAS detection models in 

training are capable of learning to extract lower-level features, which are made available with this 

enhanced lighting and with the support of UE5 physics-based materials within generated training 

image data. This in turn can improve hierarchical feature abstraction and thereby the performance 

of multi-rotor sUAS detection models.  

 

▪ UE5 environmental lighting with its Exponential Height Fog, Volumetric Clouds, Directional 

Light, Sky Atmosphere and Sky Light features can simulate sky conditions and corresponding 

natural lighting conditions within a virtual environment. This allows the source domain of 

generated synthetic imagery of multi-rotor sUAS to closely replicate the target domain of real-

world test images, which can minimise domain shift and enables more effective feature detection 

performance, and thus a reduced contribution to the synthetic-to-reality gap. 
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▪ Comparatively UE5 light source models, which provides artificial, local environmental lighting 

within a virtual environment, is unable to provide high-level environmental illumination, as well 

as nuanced direct and indirect lighting. Resultantly it is unable to match the fidelity of UE5 

environmental lighting, which can potentially contribute a domain shift and lower model 

performance and therefore was discounted for use. 

3.2.1-1.2 Image Viewing Angles 

Given that EO detection systems are ground-based, the viewing angle of airborne multi-rotor sUAS 

generally range from the sides to the bottom, as seen in Figure 3.2. Therefore, in keeping with the desire to 

make findings of this work to have a practical value for C-sUAS research, all real-world and synthetically 

generated imagery of multi-rotor sUAS used for training, validation and testing were ensured to have 

similar viewing angles when acquired. 

 

 

 

 

 

 

 

 

 

 

 

3.2.1-2 Experiment Independent and Dependent Variables 

A proper method of quantifying the performance impact of high-fidelity photorealism provided by UE5 

Lumen global illumination and reflections, as well as ray traced shadows in synthetically generated training 

and validation data, on CV-based multi-rotor sUAS detection models, can be stated to be challenging 

considering that there are numerous high-level controlling factors outlined in the literature review, as well 

as low-level controlling factors that were excluded from the literature review, as these were excessive in 

number to be practically covered and further accounted for within experiments of this research paper.  

Drawing from the high-level controlling factors recognised from the literature review, the UE5 scalability 

settings was determined as the primary controller for UE5 Lumen GI and reflections, as well as ray traced 

shadows, which can adjust the degree of photorealism provided in UE5 image renders. Therefore, it was 

decided that the best way to gauge the performance impact of high-fidelity photorealism provided by UE5 

Lumen global illumination and reflections, as well as ray traced shadows in synthetically generated training 

and validation data, on CV-based multi-rotor sUAS detection models, was by comparison of model 

performances, when developed with synthetic imagery rendered using Low and Cinematic scalability 

settings. To reiterate these settings are defined as follows: 

Figure 3.2: General Multi-Rotor sUAS Image Viewing Angles 



 

78 

  

▪ Cinematic: Maximum scalability setting, which is intended for high quality offline renders  

 

▪ Low: Minimum scalability setting, which disables Lumen GI and reflections, instead resorting to 

Screen Space Global Illumination (SSGI) and Screen Space Reflections (SSR), which performs GI 

and reflection calculations for what is visible on screen in a scene, which means it does not account 

for objects and lighting outside the Viewport or Cine Camera Actor vision. SSGI and SSR are less 

accurate compared to the Lumen GI and reflections, since Lumen performs calculations accounting 

for lighting interactions within the whole scene, even if not visible to the Viewport or Cine Camera 

Actor. 

These two UE5 scalability settings (independent variables) were to be used for separate experiments that 

allowed comparison of model performance (dependent variable). These experiments are listed below with 

the intended results to be obtained: 

▪ Experiment 1: Results of developed CV detection models using UE5 synthetically generated 

image data of multi-rotor sUAS under Cinematic settings. 

 

▪ Experiment 2: Results of developed CV detection models using UE5 synthetically generated 

image data of multi-rotor sUAS under Low settings. 

3.2.1-3 CV Model Types 

For each experiment, different CV model types were planned for use since these provide different 

accuracies and speeds, due to a variety of factors such as the model size (which generally encompasses the 

number of hidden layers, number of parameters, used backbone architecture), the use of pretraining, 

datasets used for pretraining, set hyperparameter values, etc., which impact the learned values of weights, 

w, and biases, b, and ultimately the output performance of the final trained model. To ensure a fair test and 

eliminate the possibility of model bias impacting the detection performance and results, multiple CV model 

types were developed for Experiment 1 and Experiment 2. 

3.2.1-4 Additional Source Domain and Target Domain Considerations 

3.2.1-4.1 Lighting Conditions  

Lighting conditions are a domain feature that can influence the level of illumination within an environment 

and thereby the features available to be learned and extracted from synthetic training and validation data, 

as well as real-world testing data. A high-level of environmental illumination allows improved CV model 

feature extraction, where as a low-level of environmental illumination challenges CV model feature 

extraction (Morawski et al. 2021; Mukherjee et al. 2021).  

Therefore, to prevent the potential introduction of bias by utilising one type of lighting condition for image 

data used to develop CV model types for Experiment 1 and Experiment 2, an additional set of CV model 

types for Experiment 1 and Experiment 2 was developed with image data using alternative lighting 

conditions and background features (domain conditions).  

As part of this consideration, day light and low light conditions were utilised as two extremes of lighting, 

which can be considered optimal lighting conditions with a high-level environmental illumination, as well 

as challenging lighting conditions with a low-level environmental illumination respectively. This further 

allowed an understanding into the performance impact of photorealism provided by UE5 synthetic image 

data on detection models operating under different ends of lighting conditions. 
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3.2.1-4.2 Background Features  

Since lighting is the proxy for photorealism in renders, to ensure that experimental findings pertain to the 

impact of UE5 render photorealism, it was decided that the domains of generated synthetic training and 

collected real-world testing image datasets, were to include only natural lighting features in the background 

e.g. sun and clouds. No other features were included as these could act as potential distractors, which may 

negatively skew results. 

With this context, to ensure consistency in the domain for  training, validation and testing datasets that were 

used to develop CV model types under day light and low light conditions, a classification scheme for 

background features in an image was developed, as explained below and listed in Figure 3.3: 

▪ Level 0 Background Features: Sun is the only background feature present with multi-rotor sUAS 

in image. Sun is positioned anywhere within image, including directly behind. No clouds are 

present. 

▪ Level 1 Background Features: Clouds and sun are background features behind multi-rotor sUAS 

in image. Sun is positioned anywhere within image, including directly behind. 

 

 

 

 

 

 

 

 

 

 

For clarification, it was decided that the following combination of lighting conditions and background 

features (domain conditions) for images with multi-rotor sUAS will be used for the development of CV 

model types for Experiment 1 and Experiment 2: 

▪ Day Light Conditions / No Clouds / Level 0 Background Features  

▪ Low-Light Conditions / Clouds / Level 1 Background Features  

For reference, real-world images of multi-rotor sUAS with domain conditions of (Low-Light Conditions / 

Clouds / Level 1 Background Features) and (Day Light Conditions / No Clouds / Level 0 Background 

Features) are presented below in Figure 3.4 and Figure 3.5 respectively. It should be noted that these 

combinations were specifically chosen due to their prevalence amongst real-world images. 

 

 

 

Figure 3.3: Level 0 and Level 1 Background Features 
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3.2.1-4.3 Domain Randomisation 

For the generation of the synthetic training and validation data, domain randomisation strategies were used 

with the variation of the following domain parameters, which is similarly observed in real-world testing 

data, in order to minimise the domain gap. 

▪ Multi-Rotor sUAS Texture Properties: Variation of multi-rotor sUAS model texture properties. 

 

▪ Multi-Rotor sUAS Orientation & Position: Adjustment of multi-rotor sUAS model orientation 

within UE5 virtual environment in pitch, roll, yaw and position, to simulate airborne flight. 

 

▪ Virtual Environment Time of Day: Variation of simulated time in UE5 virtual environment. 

 

▪ Virtual Environment Cloud Formations: UE5 Volumetric Clouds were varied in terms the 

amount of cloud coverage and type of cloud cover. 

*Note:  

▪ Other domain randomisation strategies were not included in synthetic data generation, to limit the 

impact of other strategies on CV model performance, which may interfere with observations of the 

impact of UE5 photorealism. 

3.2.1-5 Offline Rendering 

It was decided to use the Cine Camera Actor feature to generate offline rendered synthetic training images 

of the virtual environment, because it can offer the best quality results for renders for complex scenes 

requiring high-fidelity photorealism and at a high resolution. The latter point is important since peer 

reviewed work by Hao et al. (2023) demonstrates that the resolution of imagery enables a greater detection 

range of objects in CV, which serves to benefit the detection of multi-rotor sUAS that are in-flight at various 

ranges and altitudes. 

Figure 3.4: Multi-Rotor sUAS with (Day Light 

Conditions / No Clouds / Level 0 Background 

Features) (Geometric Photography 2022) 

Figure 3.5: Multi-Rotor sUAS with (Low-

Light Conditions / Clouds / Level 1 

Background Features) (EyeEm n.d.)  
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3.2.2 Stage 1: Implemented Experimental Method 

This section will provide an in-depth explanation of the method undertaken for the Stage 1 Experiments.  

Figure 3.6 provides a brief overview of the method employed.  

 

 

 

 

 

 

 

 

 

Step 1: Testing Dataset Acquisition 

Testing dataset images of multi-rotor sUAS with domain conditions of (Day Light Conditions / No Clouds 

/ Level 0 Background Features) and (Low-Light Conditions / Clouds / Level 1 Background Features) were 

acquired from online sources, due to limited availability of systems on-hand and research investigation time 

restrictions. The best possible effort was made to obtain images incorporated under various Creative 

Commons (CC) licences or similar, which permits the public use of these images free of charge, subject to 

certain terms of use, with online websites including Wikimedia Commons, Pixabay, Pexels, Unsplash and 

Freepik. As part of this dataset collection, it was ensured images captured multi-rotor sUAS at different 

imaging angles and distances with reasonable visibility – approximately 1m - 100m. 

However, finding the range of images that catered to the specific domain conditions of the datasets proved 

difficult with only free images, and consequently there was a need to resort to non-free image content 

available through subscription-based services, to supplement the training datasets. Resultantly, a Freepik 

premium subscription was used, as well as an individual subscription with Institute of Electrical and 

Electronics Engineers (IEEE) DataPort repository, to access the Visiodect Dataset: An Aerial Dataset for 

Scenario-Based Multi-Drone Detection And Identification. With the use of these online sources, the most 

prevalent images of multi-rotor sUAS consisted of consumer grade multi-rotor sUAS, including DJI Mavic 

series, DJI Phantom series, DJI Mini series and DJI Air series – refer to Figure 3.7. Therefore, for ease of 

data collection, images of these types of multi-rotor sUAS were obtained for the testing datasets. 

Figure 3.6: High-Level Overview of Research Method 
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Data formats are important for the transfer of 3D content between software, whilst retaining critical model 

data. GLB and FBX are among many file formats specifically used in the field of DCC, however FBX 

represents the standard for the VFX and gaming industry, as it can hold more information about model 

attributes, as well as provide wider software support (Martínez-Díaz 2022; Alpha3D 2023; Adobe 2024d; 

Schechter 2024). Resultantly, provided GLB files (.glb) for the models were initially downloaded and then 

converted to a FBX file (.fbx), using online website, Convert 3D, which allowed for use within the UE5 

virtual environment. 

However, the following issues were found when attempting to import the directly converted FBX file of 

the multi-rotor s-UAS into UE5. 

Issue 1: 

In UE5 a 3D model can be positioned, oriented and scaled within its local coordinates, which is relative to 

the origin of global coordinates of an UE5 level. The original 3D models downloaded from Sketchfab were 

typically positioned by the file author in an arbitrary location relative to the origin of the global coordinates 

of the software used for model creation. When these models were imported into UE5, the arbitrary location 

of the 3D model is maintained within the UE5 global coordinate system, however, alterations of a model 

position, orientation and scale within its local coordinates, are then relative to the arbitrary starting location. 

This in effect produced an offset, which created difficulty when trying to accurately control the orientation 

and position of the multi-rotor s-UAS model relative to the UE5 global coordinate system, for operations 

such as domain randomisation (discussed further). To ameliorate this problem, the FBX file was opened 

and edited using Autodesk Fusion360 (under Education Licence) to align the approximate centroid of the 

multi-rotor s-UAS model to the origin of the coordinate system in the Autodesk Fusion360 development 

environment. 

 

Issue 2: 

Complex 3D models are typically composed of multiple components, and thereby are defined using several 

meshes for independent control of component model properties (Adobe 2024b; Tiigimägi 2024). The 

original multi-rotor sUAS models downloaded from Sketchfab constituted of tens of components / elements 

/ meshes, that were assigned with respective material and texture properties. This provided an unnecessary 

amount of control over the individual component model attributes, which needed to be changed individually 

for each component for the randomisation of the appearance of a multi-rotor sUAS models as part of the 

used domain randomisation strategy.  

To remove this requirement, the edited FBX file, following from Issue 1, was saved and exported as an OBJ 

file (.obj), as it preserves geometric data, and separates material and texture data with a reference file in 

MTL (.mtl) format (Library of Congress 2020). After this the OBJ file was opened in Autodesk Fusion360 

and exported again as an FBX file, which combines the separate components into a single mesh (element), 

which was then imported into UE5. This allowed for easier assignation of different material and texture 

properties for multi-rotor sUAS models in UE5 as part of domain randomisation when collecting training 

image datasets.  

3. Setup Ultra Dynamic Sky Plugin 

Ultra Dynamic Sky is a downloadable plugin from the Unreal Engine Marketplace (Fab), which can be 

setup within an UE5 rendering environment. It is a system which expands the standard capabilities of UE5 

environmental lighting, by offering a large set of tools and features, capable of generating high fidelity sky 
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and weather renders in an integrated manner. This allows for the generation of more nuanced lighting 

conditions and interactions with respect to natural lighting features, which is otherwise a much more 

involved process using standard UE5 tools, with the consideration of constituent factors separately (Gunther 

2024).  

The development of accurate cloud formations is one the natural lighting features that significantly benefits 

from this plugin. This is the major appeal of this plugin for this research, along with its user-friendliness, 

which can enable the rapid development of the multi-rotor sUAS synthetic data under the required domain 

conditions (Day Light Conditions / No Clouds / Level 0 Background Features) and (Low-Light Conditions 

/ Clouds / Level 1 Background Features), especially considering the use of domain randomisation strategies 

for synthetic data generation. Resultantly, Ultra Dynamic Sky was purchased and installed in UE5. 

For reference, examples of generated results of synthetic images with Ultra Dynamic Sky of multi-rotor 

sUAS with domain conditions of (Low-Light Conditions / Clouds / Level 1 Background Features) and (Day 

Light Conditions / No Clouds / Level 0 Background Features) are presented below in Figure 3.9 and Figure 

3.10 respectively. 

 

 

4. Implementation of Domain Randomisation Strategies in Unreal Engine 

The implementation of domain randomisation strategies outlined in Section 3.2.1-4.3, within the UE5 

virtual environment for the generation of synthetic imagery is detailed further below:  

4.1 Implementation of Randomisation of Multi-Rotor sUAS Texture Properties 

As part of domain randomisation of multi-rotor sUAS texture properties, five copies (arbitrarily chosen 

value) of each of the multi-rotor sUAS 3D models were imported into the virtual environment (level), as 

seen in Figure 3.11.  

Figure 3.10: Synthetically Generated Image of 

Multi-Rotor sUAS with (Low-Light 

Conditions / Clouds / Level 1 Background 

Features) using Ultra Dynamic Sky 

Figure 3.9: Synthetically Generated Image of 

Multi-Rotor sUAS with (Day Light 

Conditions / No Clouds / Level 0 Background 

Features) using Ultra Dynamic Sky 
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The material properties of each model were then selected and assigned as plastic, as shown in Figure 3.12 
(yellow section), to generally simulate the real-world material properties of consumer grade drones which 

use a combination of polycarbonate carbon fibre composite materials (DJI 2016, 2024a). 

 

 

 

 

 

 

 

 

 

 

 

Since real-world appearances of drones in the test data varied from white, shades of grey and black, each 

of the five copies of the multi-rotor sUAS models were similarly altered in terms of texture colour by editing 

the texture properties of the assigned plastic material, with five RGB values. 

Table 3.1 presents the assigned RGB values used for each of the five copies of each multi-rotor sUAS 

model. 

Figure 3.11: Import Multiple Multi-Rotor sUAS Models into UE5 Level 

Figure 3.12: Assign Material Properties to Multi-Rotor sUAS Models 
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For clarification Table 3.2 presents the assigned RGB values for each of the five copies of each multi-rotor 

sUAS model.  

Table 3.2: Assigned RGB values of Texture Colour for Copy of Multi-Rotor sUAS Models 

The visual results of modifying the RGB values of each of the five copies of each multi-rotor sUAS 

model is presented visually presented in Figure 3.13. 

 

 

 

 

 

 

 

 

 

Model Copy 1 Model Copy 2 Model Copy 3 Model Copy 4 Model Copy 5

DJI Phantom 4 Pro (0,0,0) (0.25,0.25,0.25) (0.5,0.5,0.5) (0.1,0.1,0.1) (1,1,1)

 DJI Mavic 3 Classic (0,0,0) (0.25,0.25,0.25) (0.5,0.5,0.5) (0.1,0.1,0.1) (1,1,1)

DJI Air 2S (0,0,0) (0.25,0.25,0.25) (0.5,0.5,0.5) (0.1,0.1,0.1) (1,1,1)

DJI Mini 3 Pro (0,0,0) (0.25,0.25,0.25) (0.5,0.5,0.5) (0.1,0.1,0.1) (1,1,1)

DJI Mini 2SE (0,0,0) (0.25,0.25,0.25) (0.5,0.5,0.5) (0.1,0.1,0.1) (1,1,1)

RGB Values
Multi-Rotor sUAS Model

Table 3.1: RGB Values of Texture Colour for Multi-Rotor sUAS Model Copies 

Figure 3.13: Results of Assigned RGB values of Texture Colour for Copy of Multi-Rotor sUAS 

Models 
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For the generation of a synthetic image, one of the five multi-rotor sUAS models were randomly selected, 

as well as an according model copy. This process was completed by use of an online random number 

generator, which generated two numbers 1 - 5 (whole numbers), to index the multi-rotor sUAS model and 

the model copy, from Table 3.3, to be used in the randomisation process.  

4.2 Implementation of Randomisation of Multi-Rotor sUAS Orientation & Position 

Using the selected 3D model copy, parameters constituting its orientation and position within its local 

coordinates were randomised. This was achieved with the modification of Location and Rotation settings 

(yellow section), as shown in Figure 3.14. The Location settings effectively controlled the height (z) and 

distance (x,y) of the multi-rotor sUAS within local coordinates, relative to the UE5 global coordinate origin. 

The Rotation settings controlled the rotation of the model relative to its local (x,y,z) axe, which effectively 

controlled the perceived pitch, roll and yaw of a multi-rotor sUAS model within the UE5 virtual 

environment. 

 

 

 

 

 

 

 

 

 

 

 

Table 3.3: Randomised Index Values for Selection of Multi-Rotor sUAS Model and Model Copy 

Figure 3.14: Unreal Engine 5 Location and Rotation Settings 

Multi-Rotor sUAS Model Model Copy 1 Model Copy 2 Model Copy 3 Model Copy 4 Model Copy 5

DJI Phantom 4 Pro (1,1) (2,1) (3,1) (4,1) (5,1)

 DJI Mavic 3 Classic (1,2) (2,2) (3,2) (4,2) (5,2)

DJI Air 2S (1,3) (2,3) (3,3) (4,3) (5,3)

DJI Mini 3 Pro (1,4) (2,4) (3,4) (4,4) (5,4)

DJI Mini 2SE (1,5) (2,5) (3,5) (4,5) (5,5)

Randomisation Index Values for Selection of Multi-Rotor sUAS Model and Model Copy 
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The randomisation of the orientation and position parameters of a selected multi-rotor sUAS for a generated 

synthetic image was completed with the assistance of an online random number generator, which generated 

values (whole numbers) between the established minimum and maximum ranges, as presented in Table 3.4. 

The determined values were then applied to the multi-rotor sUAS model in the virtual environment. Note 

that the ranges for the pitch, roll and yaw, as well as the distance and height from the origin, were established 

through trial and error as the best ranges that produced similar results in appearance to the real-world 

datasets, with the use of the Cine Camera Actor for imaging. 

*Note: The minimum height from origin (z) of 200, was specifically determined as value at which the Cine 

Camera Actor (with preset Filmback (to be discussed further)), when also set at the same height, does not 

view the floor of the virtual environment with the imaged multi-rotor sUAS, which may act as a potential 

distractor in synthetic training imagery.   

4.3 Implementation of Randomisation of Virtual Environment Time of Day and Virtual Environment 

Cloud Formations 

For the randomisation of the virtual environment time of day and virtual environment cloud formation 

domain parameters, corresponding settings provided by the Ultra Dynamic Sky plugin were varied within 

the framework of the synthetic image domain conditions to be generated, i.e. (Low-Light Conditions / 

Clouds / Level 1 Background Features) or (Day Light Conditions / No Clouds / Level 0 Background 

Features). The settings included the following: 

4.3.1 Virtual Environment Time of Day 

Using the Time of Day setting of the Ultra Dynamic Sky plugin (yellow section), as shown in Figure 3.15, 

it was possible to vary the time of day along with the according environmental lighting conditions, between 

0000 to 2400 hours. Figure 3.15 demonstrates this controllability, with an example of simulated time at 

1800 hours. 

Table 3.4: Randomised Multi-Rotor sUAS Orientation and Position Parameters 

Multi-Rotor sUAS Orientation and Position Parameters Minimum Value Maximum Value

Pitch -30 30

Roll -30 30

Yaw -30 30

Height from Origin (z) 200 2000

Distance from Origin (x,y) 200 2300

Randomised Multi-Rotor sUAS Orientation and Position Parameters
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*Note: Ultra Dynamic Sky can simulate seasons and the respective time-of-day lighting conditions, 

however for simplicity, the default season setting was used for experimentation. 

4.3.2 Virtual Environment Cloud Formations 

For the simulation of virtual environment cloud formations, two factors were used which varied the amount 

of cloud coverage and type of cloud cover, to create levels of nuance to the synthetic image sky background, 

alike real-world conditions: 

▪ Cloud Coverage: Using the Cloud Coverage setting (yellow section) as shown in Figure 3.16, it 

was possible to generate various levels of cloud coverage, ranging from clear sky to overcast. These 

can be considered low-level to middle-level clouds which appear ‘puffy’ (Ceranic 2020). Figure 

3.16 demonstrates this controllability with an example of simulated cloud coverage at a setting 

value of 4.0. 

 

 

 

 

 

 

 

 

 

 

▪ Cloud Wisps: Using the Cloud Wisps Opacity (Clear) setting (yellow section), as shown in Figure 

3.17, it was possible to generate high-level clouds, which appear as wisps – strands or tufts of thin 

Figure 3.15: Ultra Dynamic Sky Time of Day Setting Example 

Figure 3.16: Ultra Dynamic Sky Time of Day Setting Example 
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clouds (Ceranic 2020). The setting adjusts the level of opacity, however in effect can be considered 

a form of cloud coverage. Figure 3.17 demonstrates this controllability with an example of 

simulated cloud coverage at a setting value of 3.0. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Taking these Ultra Dynamic Sky plugin settings into account, for the generation of synthetic data consisting 

of multi-rotor sUAS with (Low-Light Conditions / Clouds / Level 1 Background Features) and (Day Light 

Conditions / No Clouds / Level 0 Background Features), the following virtual environment time of day and 

virtual environment cloud formation domain parameters were randomised, as outlined in Table 3.4 and 

Table 3.5 respectively. The minimum and maximum ranges used in the randomisation process were also 

established through trial and error as the best ranges that produced similar results in appearance to the real-

world datasets. Furthermore, the randomisation process of the was also completed by use of an online 

random number generator, which generated values between the established minimum and maximum ranges, 

to be used in the randomisation process. The determined values of the parameters were then implemented 

in the UE5 virtual environment with the according Ultra Dynamic Sky settings. 

Figure 3.17: Ultra Dynamic Sky Cloud Wisps Setting Example 
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Table 3.5: Randomised Ultra Dynamic Sky Parameters for Domain Condition: Low-Light 

Conditions / Clouds / Level 1 Background Features 

Details regarding the ranges of Ultra Dynamic Sky settings for the generation of images of multi-rotor sUAS 

with (Low-Light Conditions / Clouds / Level 1 Background Features) are outlined below: 

▪ Time of Day – Low Light Range 1: This range simulated low light in early hours of day.  

 

▪ Time of Day – Low Light Range 2: This range simulated low light in later hours of day.   

 

➢ During the randomisation process, the use of ranges of Time of Day – Low Light Range 1 or 

Time of Day – Low Light Range 2 were alternated. Furthermore, determined values by the 

online random number generator were whole numbers. 

 

➢ Cloud Wisps and Cloud Coverage: Determined values by the online random number 

generator were decimal numbers, accurate to one decimal place. 

 

Table 3.6: Randomised Ultra Dynamic Sky Parameters for Domain Condition: Day Light 

Conditions / No Clouds / Level 0 Background Features 

Details regarding the ranges of domain parameters for the generation of images of multi-rotor sUAS with 

(Day Light Conditions / No Clouds / Level 0 Background Features) are outlined below: 

▪ Time of Day:  This range simulated full day light hours with no dimming or low light. 

 

▪ Cloud Wisps and Cloud Coverage: Values were set to zero considering the use of Level 0 

Background Features. 

 

Domain Parameters (Ultra Dynamic Sky Settings ) Minimum Value Maximum Value

Time of Day –  Low Light Range 1 600 700

Time of Day –  Low Light Range 2 1780 1800

Cloud Wisps 0 5

Cloud Coverage 0 6.5

Randomised Ultra Dynamic Sky Parameters for

Domain Condition: Low-Light Conditions / No Clouds /  Level 1 Background Features	

 Domain Parameters (Ultra Dynamic Sky Settings ) Minimum Value Maximum Value

Time of Day 800 1500

Cloud Wisps Set to a Value of 0 Set to a Value of 0

Cloud Coverage Set to a Value of 0 Set to a Value of 0

Randomised Ultra Dynamic Sky Parameters for

Domain Condition: Day Light / No Clouds / Level 0 Background Features
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Hardware Ray Tracing Hardware Ray Tracing 

6. Implementation of Synthetic Data Capture – Cine Camera Actor 

For the capture of synthetic training and validation images, the Cine Camera Actor was employed by 

selecting Quick Add > Cinematic > Cine Camera Actor, as seen in Figure 3.21, which then allowed 

placement within the UE5 virtual environment.  

 

 

 

 

 

 

 

 

 

The Cine Camera Actor was initially placed on the ground level of the virtual environment over the global 

coordinate origin of the Level floor. For the capture of each synthetic image of a selected model copy, under 

the Current Camera Settings the Enable Look at Tracking setting was activated with the Actor to Track set 

as the requisite multi-rotor sUAS model copy – refer to Figure 3.22. This allowed for a more effective 

method of manipulating the camera viewing angles to capture a multi-rotor sUAS, especially during the 

randomisation of the orientation and the position of the model, relative to the global coordinate origin within 

the virtual environment, as opposed to manual control. 

 

Additionally, the Filmback setting under the Current Camera Settings was used, which provides selectable 

preset camera types to be simulated by the Cine Camera Actor, in terms of a captured image field of view 

and aspect ratio. Considering that most images sourced from online sources stated the use of a Digital 

Single-Lens Reflex Camera (DSLR) camera, in order to replicate this in captured synthetic imagery the 

16:9 DSLR preset was utilised. 

Figure 3.22: Cine Camera Actor Settings 

Figure 3.21: Setup of Cine Camera Actor (Epic Games 2024a) 
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*Note: The height position of the Cine Camera Actor (z) was ensured so that captured imagery does not 

view the floor of the virtual environment with the multi-rotor sUAS, which may act as a potential distractor 

in synthetic training imagery.   

To provide visual context, Figure 3.23 illustrates all implemented strategies for synthetic data capture within 

the UE5 virtual environment.  

 

 

 

 

 

 

 

 

 

 

 

7. Implementation of Synthetic Data Capture – Movie Render Queue 

In order to capture an image using the Cine Camera Actor, the Movie Render Queue plugin was installed 

and to generate offline rendered images of the virtual environment. Considering that this process is highly 

involved, this will not be detailed in this methodology, however key points are listed below.  

▪ The Sequencer Editor was set to output a single frame to capture an image. 

 

▪ Recommended anti-aliasing settings were configured as seen in Figure 3.24. This was found to be 

necessary to remove ‘ghosting’, which is an aliasing artifact present on rendered object edges, 

showing as a slightly blurred outline. This was particularly noticeable upon closer inspection of 

initial offline renders output by Movie Render Queue, as observed in Figure 3.25. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.23: Implemented Strategies for Synthetic Data Capture 
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▪ Images were output at 4K (3840 × 2160 pixels) with a JPEG file format to match average resolution 

and file compression to mitigate the influence of potential low-level domain inconsistencies which 

may impact detection. 

For more information regarding the installation and generation of image output via Movie Render Queue, 

refer to the following website: 

➢ https://dev.epicgames.com/documentation/en-us/unreal-engine/rendering-high-quality-frames-

with-movie-render-queue-in-unreal-engine 

Step 2: Training and Validation Dataset Acquisition Limitations 

The following limitations can be stated for the Step 2 training and validation dataset acquisition process: 

▪ Since the Look at Tracking process automatically centres the Actor / target object to be tracked 

within the image captured by the Cine Camera Actor, this may bias CV model learning to search 

for multi-rotor sUAS in the middle of an image, and thereby impact generalisation when applied to 

real-world images, where the location of multi-rotor sUAS are varied within images of the target 

distribution. 

 

Figure 3.25: Offline Render Ghosting Artifacts 

Figure 3.24: Recommended Anti-Aliasing Settings 
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▪ The randomisation of the Filmback presented a further option for domain randomisation that could 

have been used to increase CV model robustness. However, this can be explored in a further 

investigation.   

 

▪ Synthetic data acquisition is a time consuming process, alike real-world data acquisition. 

Step 3: CV Model Development Process with Roboflow 

To build and develop multiple CV model types for Experiment 1 and Experiment 2, inspiration was drawn 

from the work of Damian et al. (2023) to use an online platform that removes the need for model 

development from scratch. Upon investigation it was found that two platforms offer such a capability, 

including Roboflow and V7 Labs, with features such as hosted model training features, dataset management, 

dataset annotation tools, deployment options, etc. From comparison it was found that Roboflow presented 

a more affordable and user-friendly option for CV projects for the consumer-level and small teams and 

therefore was the platform of choice, compared to V7 Labs, which is suited for enterprise-level CV projects 

(OpticIntellect 2024). 

Step 3 Technical Challenge 

Originally it was opted to use Roboflow Notebooks for carious CV model development, although not 

explicitly part of the Roboflow online platform itself, these are a collection of open-source Jupyter 

Notebooks available on GitHub that enable users to learn and develop CV models for differing tasks with 

step-by-step guides and outlined sections of code. One major advantage of this method is the 

customisability of CV models with tuneable hyperparameters and attainable performance metrics. However 

unforeseen difficulty was encountered during usage, which can either be attributed to human error or 

systematic error, therefore the Roboflow online platform was employed. 

Step 3 Solution 

In comparison, CV model development with the Roboflow online platform is a more streamlined process, 

which provides an API that offers assistive tools, to systematically develop CV models end-to-end for 

differing tasks. Furthermore, hyperparameters are optimised during training by the platform itself, which 

can be considered both and advantage and a disadvantage with unavailable control of model performance 

by the user (Witt 2024).  

The following steps were taken for the development of all CV model types developed for Experiment 1 

(Low scalability settings) and Experiment 2 (Cinematic scalability settings), per each domain condition 

(Low-Light Conditions / Clouds / Level 1 Background Features) and (Day Light Conditions / No Clouds / 

Level 0 Background Features). 

1. Created a Workspace for CV project. 

 

2. Selected a Roboflow user plan – considering that this platform was to be extensively used for CV 

model training operations, a subscription plan was selected to gain access to required training 

credits. 

 

3. Established Project Name and annotation (label) class for multi-rotor sUAS. 

 

4. Selected Project Type as object detection. 
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5. Uploaded 105 synthetic training images (70%), 15 synthetic validation images (10%) and 40 real-

world testing images (20%) for each domain condition. 

 

6. Images samples were initially labelled with the automatic labelling feature by Roboflow to reduce 

annotation time, before manual annotation was applied to missed or incorrectly labelled samples. 

 

7. After these steps, selectable options of preprocessing (application of image transformations to 

datasets) and augmentation (creation of new image data by modification of images from existing 

dataset to increase number of dataset samples) to improve model performance were provided by 

Roboflow, however were avoided to limit the impact of other strategies on CV model performance, 

other than photorealism.  

 

*Note: By default, all images are preprocessed by being resized to a standard 640 × 640 pixels for 

usage as an input to hosted CV models by Roboflow. 

 

8. Hosted CV models by Roboflow refer to machine learning models that are hosted on the cloud that 

are readily usable through the API. You Only Look Once (YOLO) is a popular architecture used 

for real-time object detection and tracking, with multiple model types having been iteratively 

produced by various researchers and organisations. YOLO models are commonly available in 

different model network sizes, which typically trade speed for accuracy with larger sizes (vice 

versa). Roboflow primarily offers YOLO hosted models – as of writing this report YOLOv11 

Small, YOLOv11 Nano, YOLO NAS Medium and YOLO NAS Small.  

 

Therefore, Steps 3 -7 were repeated to develop these four types of YOLO models using datasets 

for each domain condition pertaining to Experiment 1 and Experiment 2. For clarity this is outlined 

below: 

 

 

9. Roboflow provides the option to use pretrained versions each CV model type using an industry 

standard dataset – Microsoft Common Objects in Context (COCO), or versions each CV model 

type that have not been pretrained. For the sake of minimising training times and improving 

performance, pretrained versions of these models were utilised. 

 

10. Training process was then initiated. 

After training completion, the performance metrics of each model were provided by Roboflow. It should be 

noted that Roboflow online platform provides a limited set of performance metrics, including the following: 

▪ MAP with a 50% IOU threshold (mAP@50) 

▪ Precision 

▪ Recall 

▪ Training graphs: 

Experiment 1 Experiment 1 Experiment 2 Experiment 2

Low Scalability Settings Low Scalability Settings Cinematic Scalability Settings Cinematic Scalability Settings
Day Light / No Clouds /  Level 0 Background 

Features

Day Light Conditions / No Clouds / Level 0 

Background Features

Day Light / No Clouds /  Level 0 

Background Features

Day Light Conditions / No Clouds / Level 0 

Background Features

YOLOv11 Small YOLOv11 Small YOLOv11 Small YOLOv11 Small

YOLOv11 Nano YOLOv11 Nano YOLOv11 Nano YOLOv11 Nano

YOLO NAS Medium YOLO NAS Medium YOLO NAS Medium YOLO NAS Medium

YOLO NAS Small YOLO NAS Small YOLO NAS Small YOLO NAS SmallC
V
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d
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l 
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p

e
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➢ MAP with a 50% IOU threshold (mAP@50) versus epoch range optimised by Roboflow. 

 

➢ MAP with a 50% - 95% IOU threshold (mAP@50:95) versus epoch range optimised by 

Roboflow. 

 

➢ Box loss versus epoch range optimised by Roboflow. 

 

➢ Class loss versus epoch range optimised by Roboflow. 

 

➢ Object loss versus epoch range optimised by Roboflow. 

Step 3: CV Model Development Process with Roboflow Limitations 

The following limitation can be stated for the Step 3: CV Model Development Process with Roboflow: 

▪ Roboflow online platform offers a limited amount of usable performance metrics for comparison. 

Training graphs in particular provide an ideal data for comparison; however data cannot be 

exported, hence metrics of mAP@50, Precision and Recall were recorded for performance 

comparison between Experiment 1 and Experiment 2. 

 

▪ The use of pretrained models, preconfigures algorithm parameters, which will positively influence 

test results of models. However, it will not be a true representation of the impact that photorealism 

from UE5 synthetic data has on CV model performance and may detract from findings for this 

investigation. 

Chapter 4 – Results and Discussion 

4.1 Stage 1 Results 

The performance metrics (mAP@50, Precision, Recall) acquired from each trained model of Experiment 1 

and Experiment 2 were accordingly tabled in Microsoft Excel spreadsheeting software, as seen in Figure 

4.1 and Figure 4.2. Considering the volume of raw data, in order to effectively interpret the overall 

performance of CV models for each experiment, the overall mean for each type of performance metric, for 

each domain experimental domain condition was calculated. 

 

Figure 4.1: Experiment 1: Results of Developed Models using UE5 Synthetically Generated Image 

Data of Multi-Rotor sUAS under Low Scalability Settings 

Training / Validation / Testing Image Domain Conditions:

Model Type mAP@0.5 Precision Recall mAP@0.5 Precision Recall

YOLO v11 Small 99.50% 93.50% 100.00% 99.50% 99.60% 100.00%

YOLO v11 Nano 99.50% 99.70% 100.00% 99.50% 99.30% 100.00%

YOLO NAS Medium 100.00% 100.00% 86.70% 100.00% 100.00% 86.70%

YOLO NAS Small 100.00% 78.90% 100.00% 100.00% 100.00% 100.00%

Mean 99.75% 93.03% 96.68% 99.75% 99.73% 96.68%

Experiment 1: Results of Developed Models using UE5 Synthetically Generated Image Data of Multi-Rotor sUAS under Low Scalability Settings
Day Light / No Clouds /  Level 0 Background Features Low-Light / No Clouds / Level 1 Background Features
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Figure 4.2: Experiment 2: Results of Developed Models using UE5 Synthetically Generated Image 

Data of Multi-Rotor sUAS under Cinematic Scalability Settings 

4.2 Stage 1 Performance Analysis 

Inspection of mean performance results from Figure 4.1 and Figure 4.2, indicates almost identical results 

for multi-rotor sUAS detection for Experiment 1, which used Low scalability settings and Experiment 2 

which used Cinematic scalability settings. Noted differences were observed with the values of Precision, 

with a minor advantage of 1.08% for Low scalability settings over Cinematic scalability settings for a (Day 

Light / No Clouds / Level 0 Background Features) domain condition and a minor advantage of 1.50% for 

Cinematic scalability settings over Low scalability settings for a (Low-Light / No Clouds / Level 1 

Background Features) domain condition.  

*Note: The observed percentage differences in performance for Precision do not provide a meaningful 

indication of the impact of photorealism provided by UE5 synthetic image data on detection models 

operating under different ends of lighting conditions and therefore can also be considered insignificant at 

this time.  

From Stage 1 findings, it would be easy to disagree with the research question – Can high-fidelity 

photorealism provided by Unreal Engine 5 bridge the synthetic-to-reality gap for improved multi-rotor 

drone detection?, since the method of gauging the performance impact of high-fidelity photorealism 

provided by UE5 in synthetically generated training and validation data, on CV-based multi-rotor sUAS 

detection models, was by comparison of model performances, when developed with synthetic imagery 

rendered using Low and Cinematic scalability settings. Especially considering that these scalability settings 

impact UE5 Lumen global illumination and reflections, as well as ray traced shadows, which both 

theoretically and practically demonstrated a considerable impact on render photorealism (refer to Section 

2.2.4 and Section 3.2.2 Inspection respectively). However, it can be stated that there is more to these results. 

It should be noted that developed CV models for Experiment 1 and Experiment 2, using Low and Cinematic 

scalability settings respectively, both perform to a high degree of correctness with average results greater 

than 97% in terms of mAP@50, Precision and Recall. This exceeds or matches results in comparison to 

previous literature, such as major findings by Zhang, Jia and Ivrissimtzis (2020), who used high-fidelity 

photorealism derived from high resolution IBL (Type 3 Hybrid Synthetic Data) in tandem with similar 

domain randomisation strategies employed Experiment 1 and Experiment 2 for synthetic data capture, such 

as the randomisation of target object surface texture, material and colour, as well as the orientation of the 

virtual camera view, which resulted in Precision and Recall values of 98%. This unexpected performance 

could be attributed to the use of the Microsoft COCO model, which may have significantly supported model 

generalisation.  

It is further interesting to note that a limited volume of training and validation samples were used for the 

development of models in Experiment 1 and Experiment 2, totalling 105 and 15 synthetic images. This 

contradicts that majority of works reviewed such as Damian et al. (2023), Movshovitz-Attias, Kanade and 

Sheikh (2016), and to a lesser extent Tremblay et al. (2018), who indicate in their work that training volumes 

are ideally in the tens of thousands. However, these works did not use pretrained models, which facilitates 

Training / Validation / Testing Image Domain Conditions:

Model Type mAP@0.5 Precision Recall mAP@0.5 Precision Recall
YOLO v11 Small 99.50% 93.70% 100.00% 99.50% 99.60% 100.00%

YOLO v11 Nano 99.50% 99.40% 100.00% 99.50% 99.50% 100.00%

YOLO NAS Medium 100.00% 83.30% 100.00% 100.00% 93.80% 100.00%

YOLO NAS Small 100.00% 100.00% 86.70% 100.00% 100.00% 93.30%

Mean 99.75% 94.10% 96.68% 99.75% 98.23% 98.33%

Day Light / No Clouds / Level 0 Background Features Low-Light / No Clouds /  Level 1 Background Features

Experiment 2: Results of Developed Models using UE5 Synthetically Generated Image Data of Multi-Rotor sUAS under Cinematic Scalability Settings
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transfer learning that accelerates learning efficiency and model convergence with actual training data. 

Therefore, it can be stated that using pretrained models for this research experiment was likely a cause of 

bias, which positively skewed performance results, and are not representative of the performance impact of 

UE5 photorealism. However, the alternative interpretation of the results of the Stage 1 experiments is that 

the source domain and target domain of the Stage 1 experiments were ensured to be highly similar in the 

methodology to enhance detection performance and may have also contributed to the high model 

performance metrics, therefore providing a strong indication that the photorealism of UE5 training data can 

be used for the purposes of domain gap minimisation. 

4.4 Stage 2 Methodology Expansion  

Considering the uncertainty of the impact of model pretraining and or the domain similarity across datasets 

for Stage 1 experimentation. Stage 2 expanded the methodology of Stage 1. For Stage 2 it was maintained 

that the best way to gauge the performance impact of high-fidelity photorealism provided by UE5 Lumen 

global illumination and reflections, as well as ray traced shadows in synthetically generated training and 

validation data, on CV-based multi-rotor sUAS detection models, was by comparison of model 

performances, when developed with synthetic imagery rendered using Low and Cinematic scalability 

settings. However, testing data would be more complex allowing for the demonstration of model 

generalisation capability based on the photorealism provided by UE5 synthetic data. As part of Stage 2, 

Experiments 3 – 6 were conducted. 

For each experiment, training and validation datasets used synthetically generated data with Level 0 

Background Features with Low and Cinematic scalability settings. Testing datasets used real-world images 

with classified Level 2 and Level 3 Background Features, as explained below and listed in Figure 4.3: 

▪ Level 2 Background Features: Clouds and sun are background features behind multi-rotor sUAS 

in image. Sun is positioned anywhere within image, including directly behind. Objects, people, 

landscapes, and other elements are located below multi-rotor sUAS.  

 

▪ Level 3 Background Features: Objects, people, landscapes and other elements are background 

features behind multi-rotor sUAS in image. 

 

 

 

 

 

 

 

 

 

For clarification, it was decided that the following combination of lighting conditions and background 

features (domain conditions) for testing images with multi-rotor sUAS will be used for the development of 

CV model types for Experiments 3 - 6: 

Figure 4.3: Level 2 and Level 3 Background Features 
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▪ (Day Light / No Clouds / Level 2 Background Features) 

▪ (Day Light / Clouds / Level 3 Background Features) 

▪ (Low-Light / Clouds / Level 2 Background Features) 

▪ (Low-Light Sky / Clouds / Level 3 Background Features) 

For reference, real-world images of multi-rotor sUAS with these domain conditions are presented below in 

Figure 3.4 and Figure 3.5 respectively. It should be noted that these combinations were specifically chosen 

due to their prevalence amongst real-world images. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Similar to Stage 1, multiple pretrained models were developed using Roboflow. For clarification the results 

of each experiment are presented below: 

4.5 Stage 2 Results 

 

Testing Image Conditions:

Model mAP Precision Recall mAP Precision Recall
YOLO v11 Small 99.10% 92.90% 100% 99.50% 93.30% 100%

YOLO v11 Nano 99.50% 97.10% 100% 99.50% 99.60% 100%

YOLO NAS Medium 100% 100.00% 86.7% 100% 75.00% 100%

YOLO NAS Small 100% 88.2% 100.00% 100% 100% 100.00%

Mean 99.65% 94.55% 96.68% 99.75% 91.98% 100.00%

Experiment 3: Results of Developed Models using UE5 Synthetically Generated Image Data of Multi-Rotor sUAS under Cinematic vs Low Scalability Settings

Training / Validation Image Conditions: (Day Light / No Cloud / Level 0 Background Features)

Testing Image Conditions: (Day Light / No Clouds / Level 2 Background Features)
Cinematic Settings: (Day Light / No Clouds / Level 2 Background Features) Low Settings: (Day Light / No Clouds / Level 2 Background Features)

Figure 4.5: Multi-Rotor sUAS with Day Light / 

Clouds / Level 3 Background Features 
Figure 4.4: Multi-Rotor sUAS with Day Light / No 

Clouds / Level 2 Background Features) 

Figure 4.7: Multi-Rotor sUAS with Low-Light / 

Clouds / Level 2 Background Features 
Figure 4.6: Multi-Rotor sUAS with Low-Light 

Sky / Clouds / Level 3 Background Features 
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4.6 Stage 2 Performance Analysis 

The results of Stage 2 are similar to Stage 1, with multi-rotor detection models exhibiting high-level of 

correctness on average in terms of mAP@50, Precision and Recall values. Although, a distinguishable 

difference was also not observed between Low scalability settings and High scalability settings to gauge the 

performance impact of high-fidelity photorealism provided by UE5 in synthetically generated training and 

validation data, on CV-based multi-rotor sUAS detection models, this work is able to successfully 

demonstrate that UE5 can bridge the synthetic-to-reality gap for improved multi-rotor drone detection under 

various domain conditions with domain randomisation and the use of pretrained models. 

4.7 Benefits of Research 
This research will serve to benefit future C-sUAS research based on CV 

4.8 Future Work / Limitations 

To extend this work further, the following future work is recommended considering limitations: 

▪ It is recommended that experimental methodologies in this research paper be repeated without the 

use of pretrained models, in order to truly understand the impact that high-fidelity photorealism 

provided by UE5 Lumen global illumination and reflections, as well as ray traced shadows in 

synthetically generated training and validation data (Pure Synthetic Data), on CV models for the 

application of multi-rotor sUAS detection in the real-world. 

 

▪ Taking the approach outlined in this research report, synthetic data acquisition of multi-rotor sUAS 

in an UE5 virtual environment is an extremely time-consuming process, considering the use of 

domain randomisation of parameters including the multi-rotor sUAS model, Cine Camera Actor, 

and environmental parameters. Future work should explore methods UE5 that can automate this 

process, which will serve to benefit the multi-rotor sUAS detection research community. 

 

Testing Image Conditions:

Model mAP Precision Recall mAP Precision Recall
YOLO v11 Small 97.40% 91.90% 100.00% 99.50% 100.00% 100.00%

YOLO v11 Nano 99.50% 98.60% 100.00% 99.50% 99.70% 100.00%

YOLO NAS Medium 100.00% 100.00% 100.00% 100.00% 93.80% 100.00%

YOLO NAS Small 100.00% 88.20% 100.00% 100.00% 100.00% 93.30%

Mean 99.23% 94.68% 100.00% 99.75% 98.38% 98.33%

Training / Validation Image Conditions: (Day Light / No Clouds / Level 0 Background Features)

Experiment 4: Results of Developed Models using UE5 Synthetically Generated Image Data of Multi-Rotor sUAS under Cinematic vs Low Scalability Settings

Testing Image Conditions: (Day Light / Clouds / Level 3 Background Features)
Cinematic Settings: (Day Light / Clouds / Level 3 Background Features) Low Settings: (Day Light / Clouds / Level 3 Background Features)

Testing Image Conditions:

Model mAP Precision Recall mAP Precision Recall

YOLO v11 Small 99.50% 99.70% 100.00% 99.50% 99.60% 100.00%

YOLO v11 Nano 99.50% 99.70% 100.00% 99.50% 99.50% 100.00%

YOLO NAS Medium 100.00% 100.00% 80.00% 100.00% 60.00% 100.00%

YOLO NAS Small 100.00% 100.00% 93.30% 100.00% 100.00% 100.00%

Mean 99.75% 99.85% 93.33% 99.75% 89.78% 100.00%

Experiment 5: Results of Developed Models using UE5 Synthetically Generated Image Data of Multi-Rotor sUAS under Cinematic vs Low Scalability Settings
Training / Validation Image Conditions: (Low-Light Sky / Clouds / Level 1 Background Features)

Testing Image Conditions: (Low-Light / Clouds / Level 2 Background Features)
Cinematic Settings: (Low-Light / Clouds / Level 2 Background Features) Low Settings: (Low-Light / Clouds / Level 2 Background Features)

Testing Image Conditions:

Model mAP Precision Recall mAP Precision Recall
YOLO v11 Small 99.50% 99.60% 100.00% 99.50% 100.00% 99.10%

YOLO v11 Nano 99.50% 99.70% 100.00% 99.50% 96.60% 100.00%

YOLO NAS Medium 100.00% 100.00% 100.00% 100.00% 88.20% 100.00%

YOLO NAS Small 100.00% 32.60% 100.00% 100.00% 100.00% 100.00%

Mean 99.75% 82.98% 100.00% 99.75% 96.20% 99.78%

Experiment 6: Results of Developed Models using UE5 Synthetically Generated Image Data of Multi-Rotor sUAS under Cinematic vs Low Scalability Settings
Training / Validation Image Conditions: (Low-Light Sky / Clouds / Level 1 Background Features)

Testing Image Conditions: (Low-Light Sky / Clouds / Level 3 Background Features)
Cinematic Settings: (Low-Light Sky / Clouds / Level 3 Background Features) Low Settings: (Low-Light Sky / Clouds / Level 3 Background Features)
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▪ This work relied entirely on Roboflow. While an effective platform future work should compare 

performance with other model training methods. 

 

▪ Comparisons should be made between the high-fidelity photorealism provided by UE5 and other 

rendering engines to extend the research of this paper specifically. 

 

Chapter 5 – Conclusion 
 

Unreal Engine 5 (UE5) is a state-of-the-art rendering engine, which can not only be utilised for immersive 

game development, but also for the generation of high-fidelity photorealistic imagery. This is enabled by 

rendering capabilities such as Lumen global illumination and reflections, as well as ray traced shadows. 

Furthermore, this experimental research project provides preliminary investigation into the impact of high-

fidelity photorealism provided by UE5 Lumen global illumination and reflections, as well as ray traced 

shadows in synthetically generated training and validation data (Pure Synthetic Data), on CV models for 

the application of multi-rotor sUAS detection in the real-world. Although findings were not able to 

explicitly quantify the exact impact that UE5 brings to improving drone detection, it has clearly 

demonstrated the ability to bridge the synthetic-to-reality gap with a domain randomisation strategy and 

model pretraining. 
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Appendix C – Hardware Ray Tracing Settings    
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