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ABSTRACT

The rapid increase in sensors on manned and unmanned military platforms has led to a significant rise in
image data (e.g., visible, infrared, sonar, radar), enabling extensive scene analysis. Thorough and real-time
understanding of these scenes requires automated image analysis tools, for e.g. object detection, traversability
analysis, and threat classification. However, the development of artificial intelligence (AI) models for automated
scene understanding is constrained by limited access to relevant military training data due to its restricted nature,
high acquisition costs, and evolving threat signatures. Several studies highlight the potential of synthetic data as
an alternative to measured training data, for example by utilizing physics-based modeling of scenes and objects
of interest.

Recent advances in generative AI (GenAl), particularly in diffusion-based models, offer opportunities to
synthesize data with variations beyond what was previously possible, improving performance in various non-
military image analysis tasks. Despite this, the lack of military-relevant data used for GenAI model development
suggests that non-specialized models may produce military scenes with limited quality and variation. In this
review, we explore the opportunities of state-of-the-art GenAI methods for creating high-quality training data for
military Al systems. We identify three key strategies: (1) full-image generation by fine-tuning with application-
specific data; (2) inpainting, where objects of interest can be placed in existing image data; and (3) image-to-
image translation which is used to augment image conditions or translate between image modalities. Visual
results of each of these methods are promising. Some studies have already shown benefits of these data synthesis
methods as data augmentation to improve downstream AT models. Further research shall determine the value
for operationalization in a wide set of use-cases.
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1. INTRODUCTION

The modern battlefield is increasingly characterized by its transparency, a phenomenon driven by the rapid
proliferation of sensors. These sensors, which encompass surveillance, intelligence, and reconnaissance (ISR)
systems, as well as military platforms, both manned and unmanned, have led to a substantial increase in the
volume of image data. This surge in data requires automated processing and analysis techniques to effectively
utilize the information gathered. Typical image data encompasses visible-light (RGB) and infrared (IR) imagery.
However, one can also consider other image data modalities, such as Synthetic Aperture Radar (SAR) and
Synthetic Aperture Sonar (SAS). All of these types of data must be processed into relevant information to
achieve a thorough and real-time understanding of the scenes, necessitating the use of automated image analysis
tools. These tools include object detection,™? traversability analysis,®* and threat classification,”% and are
referred to as downstream tasks.
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The development of artificial intelligence (AI) models for automated scene understanding is constrained by
limited access to relevant military training data due to its restricted nature, high acquisition costs, and evolving
threat signatures. Several studies highlight the potential of synthetic data as an alternative to measured training
data. A typical strategy involves utilizing 3D-based simulations of scenes and objects of interest, followed by the
acquisition of various viewpoints by modeling the relevant sensor. This can be achieved using publicly available
simulation software for the generation of RGB data.” !° Similar work is also done to simulate IR-imagery,'!
where thermal properties can be modeled explicitly.'? The studies demonstrate that adding synthetic data as
training data improves performance on downstream tasks, particularly when the number of real samples is low.
For other applications, especially non-RGB, custom-designed simulation software is required.'® 14 Although the
results of Al models developed with simulated data are promising, they come at the cost of long simulator
development times, depend on the quality and detail of the 3D models used,'® and the amount of variability
available in the simulations.” Adaptability to new settings is possible, but requires extensions to the simulator,
which can be costly and time-consuming.

Recent advances in generative Al (GenAl) offer opportunities to synthesize image data with variations beyond
what was previously possible. Some of the published results look realistic and include a wide range of variation
in composition and style.'®!” Not only do the images look visually impressive, they have been used to extend
training data for improving performance in various non-military image analysis tasks. For example, Azizi et
al. (2023)'® achieved state-of-the-art image classification performance for the ImageNet benchmark dataset by
adding a large amount of images synthesized with GenAl. In a similar fashion, Du et al. (2023)' generated
photorealistic outliers to supplement ImageNet training data to successfully adapt classification to out-of-domain
datasets.

Similarly, GenAl is likely to enable the synthesis of training data for AI applications in the military domain.
For example, by creating a large set of images with military vehicles. However, off-the-shelf GenAl models lack
knowledge of the military domain, since they are not trained with many relevant training examples. To create
image data relevant for military applications, extra steps are often needed. These may include fine-tuning models
on domain-specific examples or synthesizing only parts of the image, such as the background or specific objects,
thereby reducing the need for extensive military knowledge. In this review, we explore the opportunities of
state-of-the-art GenAl methods to create high-quality training data for military Al systems, mainly focusing on
RGB and IR image data.

1.1 Related surveys and study contribution

GenAl methods for image synthesis have been widely studied in recent years, with extensive surveys thoroughly
analyzing their development and applications across various domains, including medical imaging, entertainment
or art.2’ However, studies that consider their potential for military AI are lacking.

Several studies have provided comprehensive overviews of generative models for image synthesis, but typically
focus on only one class of generative models, such as Generative Adversarial Network (GAN)-based approaches.
For example, Wang et al. (2020)%! presented a state-of-the-art review on various GAN-based image synthesis
tasks, while Alotaibi (2020)%? focused specifically on GANs for image-to-image translation, covering both super-
vised and unsupervised approaches. Expanding on these, Shamsolmoali et al. (2021)%* reviewed GANs across
multiple synthesis tasks, including image-to-image translation and text-to-image generation. Alhabeeb et al.
(2024)2* provide an overview of text-to-image generation using GANs.

More recent surveys focus on diffusion-based methods, such as Zhan et al. (2024),%5 who examine the role of
diffusion models for seven conditional image synthesis tasks, including text-to-image, image editing, and visual
signals (such as a sketch) to image translation. Zhang et al. (2024)?° provide a comprehensive review on
diffusion-based text-to-image models.

Baraheem et al. (2023)%7 provide a broad and structured review on image synthesis techniques, considering
several model types (GANs, Variational Autoencoders (VAE), diffusion models) and input modalities. However,
this survey, like the others, focuses on image synthesis as a standalone task and does not consider the use of
synthetic images to train AT models. Other surveys, such as by Alzubaidi et al. (2023),%® do consider generative
AT as a tool for data augmentation. This survey is however a broader review of deep learning strategies to
address data scarcity, not specifically focused on image synthesis.



In this review, we aim to bridge this gap by:

1. Providing a broad perspective that covers multiple image synthesis models: GANs, VAEs, di usion, and
hybrid models;

2. Examining not only the synthesis techniques but also how they could be used to support training of
Al-models;

3. Analyzing the potential of the methods for military applications, where the available real-world data is
limited.

This review provides a comprehensive overview of GenAl methods for image synthesis, with a particular focus
on their potential for Al model training in military applications. The paper is organized as follows: in Section
2, we start with an introduction to the three most widely used generative models, GANs, VAEs, and di usion
models, establishing a technical foundation for understanding their role in image synthesis. Next, in Section 3,
the review categorizes image synthesis tasks into three main groups: 1) full image generation, 2) in-painting,
3) image-to-image translation. For each category, we examine relevant research papers, including studies that
explicitly evaluate their models for Al training (data augmentation) but also those that treat image synthesis as a
standalone task. To illustrate the potential of these methods, from each category, we include a practical example
where we generate synthetic images for military-related use cases. We conclude with an overall discussion in
Section 4, where we describe where the greatest potential lies for military Al applications and the key challenges
that must be addressed.

2. MODELS
2.1 VAE

Kingma and Welling introduced the VAE in 2013.2° A VAE consists of an encoder-decoder architecture: the
encoder maps input images to a latent distribution parametrized by mean  and variance 2, improving upon
regular Autoencoders, which directly map to a single point in the latent space. Consecutively, a latent variable

z is sampled from the learned distribution and is mapped back to the original data space, producing an image
%. During training, the loss consists of two components: the reconstruction loss, which ensures that the image
x generated by the decoder closely resembles the input image and the Kullback-Leibler (KL) divergence loss,
which regularizes the latent space so that it allows for meaningful samples. This ensures that the learned latent
space is continuous, allowing smooth interpolation between data point$® After training the VAE, instead of

rst encoding an image and then decoding it, we can directly sample latent variables from the prior distribution,
i.e. the sampledz is passed through the decoder to generate synthetic images. VAEs have been applied for
various image synthesis tasks, for instance to generate faces, medical images, or satellite imagery. Baraheem et
al. (2023Y7 published an overview of VAE-based methods for text-to-image generation in 2023.

2.2 GAN

The GAN was initially proposed by Goodfellow et al. in 20143° Since then, GANs have been widely used
for numerous image processing task&{?2:24.28.31 The model consists of a generatoG and a discriminator D.
The generator attempts to create realistic imagesx~from a random noise distribution p, from which we can
sample a latent variable z. The discriminator acts as a binary classi er, trying to distinguish generated images
x from real imagesx. D and G are alternately updated, whereD is being trained to maximize the probability of
correctly classifying real and generated images, whil& is trained to "fool" the discriminator D so that images
are incorrectly classi ed. Both the generator and the discriminator can be any type of network?? After training,
to generate images, a random noise vectar is sampled from the noise distributionp, and passed byG to generate
a realistic imagex; i.e. the synthetic image.

Examples of applying GANs to improve military datasets are scarce, but do exist. McCloskey et al. (2023§
use di erent GAN variants to augment training data for an ISR-object detector. Wang et al. (2024)233 propose a
data augmentation method for conditional inpainting of multiple object classes in IR images of a naval setting.
Koo et al. (2024)** developed a generator that produces synthetic sonar images, used to augment training data
for an underwater classi cation model. In the review by Zhang et al. (2023)3® GAN-based methods to generate
Synthetic Aperture Radar (SAR) and/or inverse-SAR imagery are described.



2.3 Diusion

The most recent developments in the eld of image synthesis have taken place using Di usion models, obtaining
an improved image realism in comparison with GANs?# 36 Dj usion models consist of two phases: forward and
backward di usion. In the forward phase, Gaussian noise is added to the input imagex step by step. After

T steps, the image is nearly indistinguishable from pure Gaussian noise. In the backward phase, the di usion
process is reversed, where the noise is iteratively removed so that the original input image is recovered. During
training, the model has to predict the noise at time step t. As loss, the predicted noise is compared to the true
noise. After training, a random noise vector can be sampled and by applying the learned reverse process frdm
to 0 to this noise vector, nally a synthetic image Xg is generated. Di usion models can be applied for a variety
of image synthesis tasks, including full image generation, inpainting and image-to-image translatiof? 36:37

3. METHODS FOR IMAGE SYNTHESIS WITH GENAI

GenAl can be used in various ways for creating synthetic image data. In this chapter, we review speci ¢ methods,
providing an overview of the current playing eld, and focus on methods that we consider to have most potential
at this point in time. Methods are grouped into three main strategies. The rst one is full-image generation,
where the goal is to synthesize a full image, e.g. by netuning a diusion model with some domain-specic
examples. The next strategy is inpainting, where parts of an image are lled in, for example to place objects
in existing images that represent the environment of interest. The nal set of methods is about image-to-image
translation. Here, the main goals are to translate either the appearance of the image (e.g. change weather
conditions), or the modality (e.g. translate RGB tot IR data).

An overview of our mapping of methods is provided in Fig. 1. Each GenAl strategy is subdivided into some
subcategories with some examples of key papers on this topic. In the next sections, we dive into the di erent
strategies. For most papers, we only explore the opportunities of synthesizing image data. Whenever available
however, we add some context on how the results can be used to augment training data and improve downstream
Al model development.

3.1 Full-image generation

Recent advances in di usion models have established them as the state-of-the-art for high-quality image genera-
tion. Well-known di usion models, such as Stable Di usion®® and Imagen?® are trained on large-scale general-
purpose data sets such as LAION-2B and LAION-5B%°:4! which contain approximately 2 to 5 billion image-text
pairs collected from the web. Although this allows them to generate photorealistic images across a wide range
of domains, they lack speci c knowledge in the military domain. This knowledge gap means that out-of-the-box
models are likely to be insu cient for military applications. However, ne-tuning techniques can be used to adapt
the models. Furthermore, the image synthesis can be controlled by specifying the prompts and incorporating
guidance methods.

The rest of this section is thus structured as follows: rst, we introduce the major base di usion models,
followed by an overview of ne-tuning methods. Next, prompting strategies to guide the image generation are
described. Finally, we discuss additional guidance techniques, such as ControlN®t and other conditioning
mechanisms, to further enhance control over the generated images.

3.1.1 Base models

To reduce computational costs, modern di usion models rely on compressed latent spaces rather than performing
the di usion process directly in pixel space. Instead of generating images at full resolution, di usion models rst
encode images into a lower-dimensional latent space, where the generative process is performed before decoding
the results back into high-resolution images. This is typically achieved using VAEs (Section 2.1), or Vector
Quantized GANs (VQGAN). 43

VAEs encode images into a continuous latent space, enabling smooth transformations but sometimes in-
troducing blurriness, while VQ-GANs quantize images into discrete tokens, preserving sharpness and structure
but occasionally causing visual artifacts due to reconstruction limitations. Both of these approaches signi -
cantly reduce computational requirements, making training and inference more e cient. A downside, however,



Figure 1: Overview of GenAl methods for synthesizing image data.

of incorporating these sub-models, is that the nal image quality depends on the e ectiveness of the VAE or
VQ-GAN for encoding and decoding. Most modern latent di usion models, including Stable Di usion (SD),
use VAEs rather than VQ-GANs due to their better adaptability for text-to-image generation and ne-tuning
exibility. ** In the next paragraphs, we describe the key base di usion models, their architectures, and their
speci ¢ advantages for image synthesis.

Stable Di usion 1.5 Following OpenAl's success with DALL-E, which was based on a discrete VAE, SD
was introduced. SD emerged from the Latent Di usion Model (LDM) framework, ¥ combining a U-Net-based
CNN architecture with transformer cross-attention blocks at each layer. One of the major impacts of SD1.5 was
due to its open-source nature. The open release of the model's weights led to widespread adoption in artistic
communities, and contributed to the development of netuning tools for the base model. This adaptability makes

it a good candidate for customization, including for military applications. However, one limitation of the model

is its training and output resolution of 512 512 pixels, which does not preserve ner details as well as more
modern models with a larger output size. Additionally, a Contrastive Language-Image Pretraining (CLIP)-based
encodef® is used, which is restricted to a using relatively short prompt length. For more details on the CLIP
encoder used in SD, refer to Section 3.1.3.

SDXL Released in 2023, Stable Di usion XL (SDXL)* signi cantly improved upon SD1.5, enhancing image
quality, resolution, and detail preservation. SDXL leverages a three times larger U-Net, a two-stage synthesis
pipeline in latent space, and an improved VAE for higher delity decoding. In addition, a larger CLIP model



is used for text encoding, enabling better text-image alignment. The training procedure was improved with
multi-aspect ratio learning and a cropping mechanism, allowing the model to generalize across diverse image
dimensions and to retain ner details. Furthermore, the model is able to synthesize images up to 1024 1024
pixels, making it more suitable for detailed scene synthesis.

PixArt-Alpha PixArt-Alpha introduced Di usion Transformers (DiTs) “¢ as a replacement for the U-Net
architecture found in SD1.5 and SDXL. The authors demonstrated that Vision Transformers (ViTs) can be
e ectively adapted for image generation when scaling both model parameters and training dataset size is feasible.
Despite this shift in network architecture, PixArt-Alpha retains SD's VAE to decode from the latent space
back into pixel space. In this way, compatibility is ensured with existing ne-tuning methods like LoRA and
DreamBooth (Section 3.1.2). This allows for experimentation with the DiT architecture while leveraging the
existing SD ecosystem. Additionally, PixArt-Alpha integrates the Vision-Language Model (VLM) LLaVA #’ to
generate synthetic captions for training images, enhancing text-to-image alignment during training.

FLUX.1-dev  FLUX.1-dev'® is a new di usion model developed by the original authors of VQ-GAN*3 LDM,
and Stable Di usion. *® Black Forest Lab, the company behind its development, has positioned it as a commercial
alternative to SD. While no formal research paper accompanied its release, a blog post hints at its architecture,
notably the use of Recti ed Flow Transformers (RFTs).*® While DiTs, used in PixArt-Alpha, rely on complex,
multi-step di usion processes, RFTs connect data and noise in a more direct trajectory, simplifying the gener-
ation process. This approach reduces sampling steps, leading to faster generation times and improved image
quality. Additionally, FLUX.1-dev includes native support for LORA ne-tuning (Section 3.1.2, making it highly
adaptable to a new subject or style in the military domain.

SANA  SANAis a highly e cient di usion model designed to generate high-resolution images up to 4096 4096,
developed by NVIDIA and MIT researchers®® It integrates linear attention instead of self-attention for faster
inference, and the small decoder-only Large Language Model (LLM) Gemma-2 as a text encoder, to enhance
text-to-image alignment. In addition, an improved solver (Flow-DPM-Solver) reduces the number of sampling
steps, making inference up to 100 faster than FLUX and 40 for SDXL.

3.1.2 Fine-tuning methods

In less than six months after the release of S3¥ several methodologies were introduced to adapt text-to-image
models to new subjects, styles, or datasets. Fine-tuning techniques allow models to incorporate domain-speci c
knowledge without requiring full retraining. In this section, we explore four major ne-tuning methods: Textual
Inversion,*® IP-Adapter, > DreamBooth,>? and LoRA.%3

Textual Inversion®® learns a compact textual embedding from only a few reference images, allowing the model
to reproduce the learned concept via prompting without modifying its weights. While computationally e cient,
this method lacks structural control, making it less e ective for precise scene modi cations needed in military
applications.

IP-Adapter 3! introduces a lightweight image-conditioned adapter module that allows a di usion model to
incorporate reference images into its generation process. Unlike Textual Inversion, which operates through
text embeddings, IP-Adapter injects reference image features into the model's conditioning process. While this
enables style and structural adaptation, it does not alter the model's weights,

DreamBooth>? ne-tunes a model using a small dataset and a unique abstract identi ed (e.g. "M]") repre-
senting the object or style. This method maintains the object's key visual characteristics and allows for synthesis
of the object on new backgrounds. For instance, if ne-tuned on images of a CV90 armored vehicle, the model
could generate realistic CV90 images in di erent landscapes and conditions. However, DreamBooth ne-tunes
all model weights, producing a new model that matches the original in storage size, which makes it impractical
for ne-tuning on a large variety of military vehicles or environmental conditions.

LoRA (Low-Rank Adaptation) > was initially developed for LLM ne-tuning, but has since then been adapted
for di usion models. Instead of modifying the entire model, LoRA injects small, trainable low-rank matrices
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