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Abstract

Autonomous vehicles have complex data requirements, and data synthesis has emerged as a solution
to alleviate data scarcity. This manuscript presents a set of approaches to tackling this scarcity
when training supervised downstream autonomous visions tasks with 4 concepts in mind - realism,
alignment to ground-truth, control and scalability.

The first contribution presented uses a combination between generative adversarial networks and
cycle generative adversarial networks to multiply existing image data by adding weather effects and
changes in levels of illumination. While the method is successful at improving diversity of data, it does
not tackle changes in the structure of the generated images. To overcome this, the second contribution
employs scene composition, while maintaining realism and quality of associated ground-truth, using a
semi-parametric approach. Since the method operates only on 2D images, it is limited in its ability to
reason about complex interactions. Thus, the third publication introduces a two-stage approach that
splits the problem of data generation into two distinct steps: one that reasons about scene structure and
geometry in a 3D representation, and another that is responsible for the appearance of the scene. The
last publication finally tackles the issue of structure and stylistic consistency by extending the previous
publication with multi-view data, style maps for appearance cues and auto-regressive training.

Approaches are evaluated in terms of visual quality and alignment of structure with ground-truth,
along with select experiments that test the suitability of the data as training data in object detection,
semantic segmentation and depth completion tasks.
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1.1 A brief summary

In recent years, considerable progress has been made in terms of machine learning model archi-

tecture and performance, with the last few years seeing a transition towards foundational models,

large language models, and multi-modal models such as large vision models. Transformer-based

1



2 1.1. A brief summary

architectures have become the standard choice, while diffusion models have revolutionised generative

models across image, video, text, speech and motion generation tasks. Concurrently, significant effort

has been dedicated to optimising, distilling or compressing models, and enabling the fine-tuning of

domain-specific models with considerably less amounts of data compared to the original datasets

used to initially train them (e.g. low-rank adaptation).

Regardless of the model choice, data has also evolved to be an essential component, oftentimes

playing a more crucial role than model architectures or training schemes. For autonomous driving

especially, data has become both a key requirement, since high-fidelity data streams are needed to

train these models, and a key enabler, since easily available, diverse and flexible data sources are key

to reducing time to deployment and enhancing safety. As such, data is pivotal in both generalisation –

as large and diverse datasets are needed to train models to generalise across a wide range of driving

scenarios, but also in specialisation – to tackle specific operational design domains and use cases.

Moreover, data continues to be of critical importance post-deployment and should be treated as a

continuous process, as even a simple change of onboard sensors can lead to a mismatch with the data

accumulated so far due to domain shift. For example, acquiring data with one type of camera / Light

Detection and Ranging (LiDAR) sensor and switching to a different type can introduce a mismatch

between camera noise profiles, different number of beams, different range etc. However, collecting

substantial datasets every time a domain shift occurs can become difficult or cost-prohibitive.

In terms of regulatory compliance, high-quality and high-fidelity data is fundamental in demon-

strating safety to regulators, even before any deployment. The ability to perform a safety analysis

is dependent on the availability of extensive data that can represent or simulate realistic scenarios

of traffic, road conditions, weather and illumination. Furthermore, testing edge-case scenarios, such

as abnormal pedestrian behaviour, can help to ensure that Autonomous Vehicles (AVs) anticipate

and react properly to critical safety conditions and rare events.

Unfortunately, most of the time, such corner cases are difficult or even impossible to obtain via

standard data collection methods. Consequently, simulators and data synthesis approaches have

witnessed increased use in alleviating the demand for more training, validation and testing data, while

domain adaptation has been used in adapting existing data in situations where domain shifts occur.

Although acquiring data from the real world is the ideal choice in terms of domain alignment,

obtaining edge cases is challenging, and careful planning and logistics are required to capture specific
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weathers or levels of illumination. Moreover, the captured data typically requires annotation to

fit the needs of the downstream task.

On the other hand, 2D and 3D simulators provide the ability to model edge-cases and frequently of-

fer the capability to automatically annotate the data. However, they suffer from relatively large domain

gaps, and require high-quality assets (3D models, meshes, textures). Data synthesis using generative

machine learning models can address some of these limitations, by reducing the domain gap compared

to pure simulators, while retaining the ability to generate edge cases and associated ground-truth.

Moreover, generative models can be integrated with both existing sources of (real) data as well as

with simulation. Already-labelled real data can be transformed or adapted to new weather conditions

or levels of illumination, or decomposed and recomposed into new scenes. Similarly, simulation

can be used to generate tail event scenarios, either as single or sequences of observations, and the

resulting output and ground-truth can be used to condition or guide generative models. Numerous

other combinations can be constructed by capitalizing on the strengths of each approach.

GT

GT

Real-world
captured

data

Simulator
data

Data synthesis

Domain adaptation

GT

Synthetic
data AV downstream task

train &
validate

Metrics

Figure 1.1: Data use: in order to train a downstream task, data from both simulators and real-capture can be
used for synthesis and domain adaptation, while their ground-truth annotations can be transferred to the new
synthetic set.

1.2 Motivation

In summary, data capture is often difficult, expensive, laborious and, for some edge cases, outright

hazardous or impossible. However, since most state-of-the-art approaches to perception, planning or

safety have transitioned to machine learning models, data remains essential for training, validating

or certifying their performance.
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While both simulation and generative models have vastly increased in popularity as a mechanism

for data creation, there isn’t a one-model-fits-all solution – a single model to generate all types

of data distributions, modalities or scenarios – so data synthesis and adaptation thus need to be

tailored for specific tasks or use cases.

For the application to autonomous driving downstream tasks, data synthesis must often simul-

taneously be accompanied by ground-truth, either pre-existing or co-generated, and needs to be

synchronized between different modalities – for example images and point clouds need to represent

the same scene, and maintain structure and appearance consistency across the temporal dimension.

Minimising the domain gap and ensuring diversity and control are all important aspects to consider.

Additionally, it is crucial to train downstream tasks on data that is diverse, especially when developing

model backbones and foundational models, but at the same time it is equally important to have data

that is specific to the deployment domain for extensive validation before actual deployment. Waiting

for the local weather to align with the deployment requirements is time-consuming – for example,

deploying in December when there is a high chance of snow, but also not being able to collect snowy

data prior to December. In many such other cases of unavailable environments, data synthesis is

becoming a crucial tool for generating annotated data on demand.

Consequently, the following aspects are essential when considering data synthesis as a source

of autonomous driving data:

• realism, which refers to the reduced domain gap between the generated data and the target real

deployment data;

• alignment, which refers to how well the generated data complies with the associated ground-

truth;

• control, which refers to the ability to compose and manipulate variables in the scene according

to some input;

• scalability, which refers to the ability to generate data and its associated ground-truth at large

scale efficiently.
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1.3 Contribution

This thesis makes a number of contributions to address the aspects of autonomous driving data

generation discussed above, improving the state-of-the-art across adverse weather generation, focusing

on synthesising multiple modalities, and extending the applicability of synthetic data to additional

downstream tasks by tackling frame-to-frame consistency.

In Multi-weather-city (Chapter 4), we address the challenges introduced by adverse weather

conditions, especially when multiple types of weather may be present. The proposed method

explores stacking multiple adverse weather effects, by combining models trained on individual

weather conditions to generate composite weathers, thus allowing for more realistic and challenging

testing scenes for autonomous driving perception models. We demonstrate enhanced performance and

robustness in object detection and instance semantic segmentation when training with multiple synthetic

weathers and testing on real weather, in some cases leading to an increase in mean Average Precision

(AP) of more than 10 percentage points. We additionally provide the materials and instructions

required to construct the dataset for further use.

In Depth-SIMS (Chapter 5), we address synthesis control in terms of compositionality and

alignment of the output data with its ground-truth and realism. Domain adaptation approaches - such

as Multi-weather-city - generate more data, covering more levels of illumination and weather types,

without requiring additional annotation, as they do not change the structure of scenes, and without

requiring additional data collection. But this does not address the lack of co-occurence of classes and

types of structure needed to ensure adequate data coverage. This issue can be alleviated by making use

of existing real-world data: while data on hand may not contain the required co-occurence of classes,

it can be decomposed into its constituent semantic parts and re-combined to generate novel scenes

with the desired elements. Additionally, this further reduces the domain gap by taking advantage of

the realistic and natural appearance of elements extracted from existing data. However, changing the

structure of the scene involves the generation of not only images, but also well-aligned associated

depth and ground-truth annotations, for this data to be useful for training or testing downstream tasks

specific to autonomous driving. The contributions of this approach include a semi-parametric model

that combines the advantages of both parametric and non-parametric methods, retaining as much of

the original blobs as possible, a novel scheme for retrieving candidate blobs based on Hu moments,

and methods for generating both depth maps and updated semantic segmentation maps that match

the synthesized images. We use the generated data to train a semantic segmentation and a depth
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completion model to measure its suitability, and we demonstrate competitive perceptual quality but

also an increase by 3.7 percentage points in terms of alignment to the conditioning semantic map.

In NeuralFloors (Chapter 6) we further address scalability and alignment, while further enhancing

control through modern representations. Multi-weather-city requires RGB images at inference time,

while Depth-SIMS requires a source of blobs, segmentation maps, and optionally depth maps. Scene

manipulation requires 3D understanding, but this is difficult to tackle when inputs and outputs are

ground-view perspective images. To address these shortcomings, NeuralFloors unlocks the scalability

of data synthesis, generating ground-view images along with semantic segmentation, instance and

depth maps by using 2D Bird’s Eye View (BEV) representations as inputs. The advantage of using

BEV inputs - such as semantic segmentation - to control the scene configuration is that they can be

much more easily edited compared to ground-view perspective inputs. Additionally, they are simple,

compact yet rich representations of scenes, enabling easy visualisation, inspection and a high degree of

editability. The contributions include an approach to 2D-to-3D lifting of BEV maps using a neural

field conditioned on BEV semantic segmentation maps, and a 2-stage approach that decouples the

generation of structure from that of visual appearance. Our experiments on 3 representative urban

driving datasets demonstrate both the perceptual quality of the generated images, and the high degree

of spatial alignment of the synthesized ground-truth as opposed to prior art.

In NeuralFloors++ (Chapter 7), we refocus on realism, as represented by multi-view and temporal

consistency. While the previous approach can be used to generate scenes and associated ground-truth,

its outputs cannot be used to train downstream tasks that require style and structural consistency

between consecutive frames, as no mechanism is used to enforce temporal consistency.

To address this shortcoming, the proposed approach focuses on a number of improvements that

are built on top of NeuralFloors . Firstly, it improves frame-to-frame consistency, by making use of

multi-view training to encourage consistency of structure. Additionally, it introduces style maps that

are generated by sampling style embeddings from a bank of style embeddings which are organised by

class, and are consistent between BEV and ground-view outputs across camera poses and movement.

In the second stage, the proposed method also employs autoregressive training which is responsible

for coherent visual appearance, as the current generated frame is also conditional on a past generated

frame. Additionally, by leveraging 3D bounding box annotations, the method is further improved

by introducing dynamic objects in the scene. Finally, we provide an extensive comparison to the
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performance of existing methods in terms of perceptual quality and alignment to ground-truth as

well as an extensive ablation study for each stage.

While not in the scope of the publications presented in this manuscript, further details on how these

approaches could be combined and improved in order to extend their applicability are presented

in their respective chapters.

1.4 Publications

The publication timeline, as described in Fig. 1.2, consists in 4 manuscripts, each presented in their re-

spective chapters:

Multi-weather city

provides scenes under different
conditions
does not allow change in
structure and modelling of rare
occurrences

Depth-SIMS

provides GT segmentation and
depth
allows scene compositing

NeuralFloors

provides GT segmentation,
instance and depth
allows scene compositing
scalable

NeuralFloors++

provides GT segmentation,
instance and depth
allows scene compositing
scalable
allows style manipulation
frame-to-frame consistent

ICCV 2021 ICRA 2022 RAL 2023 IROS 2024

Figure 1.2: Publication timeline.

1. A method for synthesising and combining multiple adverse weather conditions is presented

in Multi-weather city: Adverse weather stacking for autonomous driving (Musat et al., 2021)

included in Chapter 4;

2. A method for generating images, depth and semantic maps is presented in Depth-SIMS: Semi-

parametric image and depth synthesis (Musat et al., 2022) included in Chapter 5;

3. A method for scalable synthesis of images, depth, instance and segmentation maps from BEV

maps is presened in NeuralFloors: Conditional street-Level scene generation from BEV semantic

maps via neural fields (Muşat et al., 2024a) included in Chapter 6;

4. A method for frame-to-frame consistent and scalable synthesis of scenes is presented in

NeuralFloors++: Consistent street-level scene generation from BEV semantic maps (Muşat

et al., 2024b) included in Chapter 7.
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1.5 Thesis outline

Chapter 2 provides a necessary brief overview of synthesis models and building blocks such as

Generative Adversarial Networks (GANs), Cycle Generative Adversarial Networks (Cycle-GANs),

Diffusion models, Neural Radiance Fields (NeRFs) and associated metrics. Understanding the

advantages and disadvantages of such methods provides insights into the progression of the data

synthesis domain as a whole, and the architectural choices made across the publications included

in this manuscript. Chapter 3 presents a brief comparison between 3 data sources: existing datasets

originating from standard capturing methods, simulator-derived data sources and data synthesis.

Understanding the limitations of these approaches helps the reader in understanding the reasoning

behind the choices made in this manuscript. Additionally, a chronological literature review of a

selection of some of the most important publications within the field is provided, in order to easily

place and contextualise the contribution of the manuscript. Chapters 4 to 7 describe the 4 publications

and present brief further insights regarding the progress made within the field since the date of

publication, along with various challenges. Chapter 8 presents a brief summary of contributions

and explores possible future improvements.

1.6 Impact

The transportation sector is set to be transformed by the introduction of AVs, which need to be able

to accurately interpret their surrounding environment, make context-aware decisions and navigate

without the intervention of a human operator.

The UK government’s investment and involvement in AV technology began in 2015 with the

foundation of the Centre for Connected and Autonomous Vehicles (CCAV), whose aim is to connect

different stakeholders to speed up the deployment of AVs which, according to the Connected and

Automated Mobility 2025 report issued by the UK Department of Transport, are anticipated to bring

improvements across multiple areas such as: increased road safety, enhanced access to transport and

consequently a greener future due to reduced emissions (HM Government, 2022).

However, alongside technological challenges, the world-wide deployment of AVs has encountered

issues such as public trust, ethical considerations and regulatory barriers. As a result, the government

and the automotive sector have begun to collaborate on establishing guidelines and regulations that

encourage a transparent assessment of the issues faced in their deployment. As such, the Automated
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Vehicles Act 2024 (Department for Transport and Centre for Connected and Autonomous Vehicles,

2024) proposes safety standards for AVs across Great Britain, expecting that their performance is

at least on par with that of human drivers, thus contributing to an improved overall road safety.

Furthermore, they are expected to operate in specific pre-determined operational design domains,

meaning the AV is allowed to operate solely in well-defined areas and under certain conditions

e.g. downtown area, restricted to roads with a speed limit of 20 mph and during overcast weather

conditions only. Additionally, AVs will likely require robust methods for identifying any deviations

from the specified operational design domain, which will represent another distinct requirement

for training and validation data.

Obstacle detection or pedestrian trajectory estimation in diverse environments requires training and

validation on large datasets with enough representative cases to ensure safety. Depth estimation from

monocular cameras requires training on datasets that are sufficiently diverse to help models to learn the

appropriate prior knowledge. Visual localization across various times of the day or during challenging

weather conditions may require custom feature detectors and descriptors that are invariant to weather

effects. In most of the cases there is always a recurrent requirement - data with accurate ground-truth,

which requires substantial resources to collect, curate and annotate. As this process represents a

bottleneck, many tasks are trained or benchmarked on data from simulation, which by construction can

provide readily available ground-truth. However, due to the sim to real domain gap, many approaches

trained or tested on such data fail to perform well in real-world scenarios. As such, research efforts

have been directed towards closing this domain gap by generating synthetic data or augmenting existing

real data using techniques ranging from heuristics to the current use of large multi-modal models.

This thesis makes contributions in the field of domain adaptation and data synthesis for AVs, with

a focus on providing associated ground-truth for training capabilities. Having access to synthetic data

for training downstream tasks helps to overcome data biases in representation, and to meet safety and

ethical standards, thus accelerating development cycles and reducing time to deployment. Additionally,

the scope of synthetic data might evolve beyond just training data, with highly diverse validation and

certification data needed to be made available to ensure both coverage and robust identification of

out-of-domain conditions. For many unavailable domains, which have a low probability of being

encountered, synthetic data will play a key role in enabling wide-scale deployment of AVs.
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2.1 Introduction

The manuscripts presented in Chapters 4 to 7 make use of model architectures and training techniques

in combinations that depend on both their tasks but also on data and ground-truth availability. Firstly,

Multi-weather-city, presented in Chapter 4, uses both GANs and Cycle-GANs to add weather effects

and change levels of illumination in existing RGB data. Next, Depth-SIMS, presented in Chapter

5, makes use of RGB blobs (masked colored objects and textures extracted from RGB images) to

compose new scenes. To do this, it employs both a GAN-based model to harmonize and blend RGB

blobs on image canvases, but also strong supervision for depth completion. In contrast, NeuralFloors

and NeuralFoors++, presented in Chapters 6 and 7, use a neural field approach in the first stage – which

deals with structure and geometry, and a latent diffusion model in the second stage, which is responsible

for the generation of realistic and diverse RGB images based on the outputs of the first stage.

Regardless of the architecture used, all outputs are evaluated using a set of metrics described

in Section 2.6, which presents a detailed discussion on advantages and shortcomings of metrics

that are commonly used in the literature.

2.2 Generative Adversarial Networks

Introduced by Goodfellow et al. (2014), GANs are a category of deep learning models that have

been used to synthesize realistic data such as text, images, and videos. Their goal is to learn the

distribution of the input data, such that once the model is trained, they can be used to create new

data, by sampling from the learned distribution.

The training framework is a minimax game involving 2 players, where one player learns to fool

the other player, while the other player learns to distinguish whether it is being fooled or not, i.e.

whether the data is generated or real. The goal of each player is to minimize its own loss, while

the Nash Equilibrium is the state in which no player can decrease its own loss, without the other

player increasing theirs. Training a GAN thus involves training a generator and a discriminator in

competition, where the generator is trained to generate data similar to the real distribution, while the

discriminator is trained to distinguish between real and generated data.

The fundamental, non-conditional configuration (Fig. 2.1a), in the context of image synthesis,

consists of a generator G which takes as input a latent embedding z and learns to generate an image

that is indistinguishable from one sampled from the real data distribution pr.
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On the other hand, the discriminator D takes as input either a real image x or an image generated

by G, and learns to distinguish whether the input image is sampled from the true data distribution pr

or from the distribution learned by the generator. Its output is typically in the range [0, 1], indicating

how confidently it classifies an input image as resembling a real image.

Following the notation from Goodfellow et al. (2014), when the generator and discriminator are

trained together, they aim to optimize the following objective:

min
G

max
D

L(D,G) = Ex∼pr(x)[log D(x)] + Ez∼pz(z)[log(1 − D(G(z)))] (2.1)

where D(x) denotes the discriminator’s output when evaluating a real image x, and D(G(z)) its

output when evaluating an image generated by the generator.

fake
image

real
image

(a) In the unconditional GAN setting, the generator
receives as input a latent embedding and generates an
image. The discriminator then learns to distinguish
between real and generated images.

fake
image

real
image

(b) In the conditional GAN setting, both the generator and
the discriminator receive additional information such as
labels, text or sketches – this allows for more controlled
and targeted synthesis.

Figure 2.1: GAN basic unconditional and conditional architectures.

For the discriminator to maximise its objective, both terms of equation 2.1 need to be maximized.

Maximizing Ex∼pr(x)[log D(x)] means that the discriminator D needs to output D(x) = 1 when

it receives a real image as input, in order for the log operation to result in −→ 0. However, if the

discriminator outputs D(x) = 0, the result will be a large negative value −→ −∞. To maximize

Ez∼pz(z)[log(1 − D(G(z)))], the component (1 − D(G(z))) should be close to 1 thus, D(G(z)) should

be close to 0, which means that when given a generated image, the discriminator should output 0 i.e.,

the discriminator distinguishes the generated image as being fake. However, if D(G(z)) = 1 for a

generated image, the log operation will result in −→ −∞, thus instead minimizing the second term.

For the generator to minimise its objective, the second term Ez∼pz(z)[log(1 − D(G(z)))] must be

minimised. This will happen when (1 − D(G(z))) = 0, thus when D(G(z)) = 1, which is when

the discriminator is fooled (i.e. it outputs 1 for a generated image).
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A GAN model can be extended (Fig. 2.1b) to be conditional on an additional input c, in order

to provide guidance to the generation process, allowing more control over the synthesis process,

enhancing diversity and promoting structured outputs. In this case, the generator G(z, c) receives

both the latent embedding z and the condition c when generating an image, and the discriminator

receives the condition c for both the real sample D(x, c) and the generated sample D(G(z, c), c). The

condition c could be for example: a one-hot encoding representing a class label, a depth map of the

image to be generated, a text prompt describing the scene, a sketch etc.

Although powerful, GANs are challenging to train due to the adversarial nature of the learning

process which requires an equilibrium of the two competing networks, while both needing to get

better at defeating the other network. For example, if the discriminator D is over-parametrised, it can

easily distinguish between real and generated samples, leaving the generator with no useful learning

signal. On the other hand, if the generator G is over-parametrised, it will generate samples that will

easily trick the discriminator D. As a consequence, the feedback from the discriminator will fail to

provide useful learning signals to the generator. In order to avoid such problems, various approaches

have been proposed, such as: using networks that are balanced from an architectural point of view,

regularization techniques (such as Spectral Normalisation in BigGAN (Brock et al., 2019)) which

normalize the networks’ gradients in order to prevent gradient explosion, or progressive growing of

GANs (Karras et al., 2018) which involves gradually increasing the resolution of the images and/or the

number of layers in the network during training. As a complement to these, learning rate scheduling

and multi-scale discriminators can also lead to more stable training or higher quality results.

Another challenge that GANs face is mode collapse, which refers to the generator G producing

output images with reduced diversity, thus failing to capture the full distribution of the data and

leading to poor generalization. This occurs when the generator learns a parametrisation that minimally

satisfies the discriminator and is typically due to either unbalanced training, or an architectural

imbalance between the generator and the discriminator, with one overpowering the other. In order to

overcome this, various approaches have been proposed such as mini-batch discrimination (Salimans

et al., 2016) which compares samples within a mini-batch instead of a single sample, thus being

able to detect similarity and encouraging diversity within a larger set of images. Additionally,

feature matching (Salimans et al., 2016; T. Wang et al., 2018) can force the generator to match

feature distributions of real data by minimizing the difference between the features extracted by the
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discriminator from real images and generated images, thus encouraging the generator to learn the

whole data distribution instead of a single or few modes.

The quality of GAN outputs can be improved by using a feature-based loss such as the VGG

perceptual loss (J. Johnson et al., 2016), which leverages a pre-trained VGG network (Simonyan &

Zisserman, 2015) to extract image features from both real and generated images, and computes the

squared Euclidean distance between corresponding elements of the feature maps:

LVGG(xg, xr) =
∑

l

∥ϕl(xg) − ϕl(xr)∥2
2 (2.2)

where xg is the generated image, xr is the real image and ϕl are feature maps from layer l of the

VGG network.

2.3 Cycle Generative Adversarial Networks

Cycle-GANs are an advanced GAN architecture designed for image-to-image translation tasks without

requiring paired training examples. In their proposed architecture, Zhu et al. (2017) combine two

generators and train them with two individual weakly supervised GAN adversarial losses and a strongly

supervised cycle-consistency loss which ensures that an image transformed to another domain can

be mapped back to its original form. Thus the first generator GXY learns a transformation from

X to Y , and the second generator GY X learns the opposite transformation, from Y to X , such

that GY X ◦ GXY = 1, meaning the second generator applied on the output of the first generator

should output the original, unchanged image.

For the mapping X −→ Y , the generator GXY translates images from domain X to domain Y ,

and the discriminator DY distinguishes between real images from domain Y and generated images

GXY (x). Following a notation close to Zhu et al. (2017), the adversarial loss for generator GXY

and discriminator DY is thus:

LGAN(GXY ,DY , X, Y ) = Ey∼pdata(y)[log DY (y)] + Ex∼pdata(x)[log(1 − DY (GXY (x)))] (2.3)

Similarly, for the reverse mapping Y −→ X , the generator GY X translates images from domain Y to

domain X , and the discriminator DX distinguishes between real images from domain X and generated
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fake image
domain

fake image
domain

real image
domain

real image
domain

(a) The real image from domain X is translated into
domain Y using generator GXY . The generated image
from domain Y is further translated back into domain X
using generator GY X .

fake image
domain

fake image
domain

real image
domain

real image
domain

(b) The real image from domain Y is translated into
domain X using generator GY X . The generated image
from domain X is further translated back into domain Y
using generator GXY .

Figure 2.2: The Cycle-GAN basic architecture consists in two generators and two discriminators, one for each
domain.

images GY X(y). The adversarial loss for generator GY X and discriminator DX is thus:

LGAN(GY X ,DX , Y,X) = Ex∼pdata(x)[log DX(x)] + Ey∼pdata(y)[log(1 − DX(GY X(y)))] (2.4)

The cycle-consistency loss ensures that if an image is translated from one domain to another and

back again, the result should be the image in the original domain. Thus in order to encourage the

mappings GXY and GY X to be consistent with each other, a reconstruction loss is applied between

the image in the first domain and the reconstructed image in the same domain:

Lcycle(GXY ,GY X) = Ex∼pdata(x)[||GY X(GXY (x)) − x||1] + Ey∼pdata(y)[||GXY (GY X(y)) − y||1] (2.5)

Similarly to the original GAN loss, in the final objective, the generators GXY and GY X seek to

minimise the total loss (fooling the discriminators), while the discriminators DX and DY seek to

maximise it by correctly distinguishing real from generated images:

min
GXY ,GY X

max
DX ,DY

L(GXY ,GY X ,DX ,DY ) (2.6)

Thus, the final loss becomes:

Ltotal = LGAN(GXY ,DY , X, Y ) + LGAN(GY X ,DX , Y,X) + Lcycle(GXY ,GY X) (2.7)
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The advantage of Cycle-GANs over GANs is the ability to be trained unsupervised, as opposed to

GANs that would require paired datasets in order to be trained for image-to-image translation where

structure is preserved. While training a GAN would require the same exact scene in two domains (e.g.

a horse and a zebra in the same pose), this assumption is relaxed by the introduction of the cycle con-

sistency loss which imposes constraints on the structure of the images produced by the two generators.

One drawback of early Cycle-GANs is their scalability, as a Cycle-GAN can only learn a one-to-one

mapping between two domains which can become impractical as the number of domains grows. To this

extent, latent embeddings that encode domain-specific information can enable one-to-many mappings

by allowing the same generator to work across multiple domains. For example, Xun Huang et al.

(2018) split the latent representations across a content embedding, which captures structure, and a

style embedding, which captures features that are specific to a domain. To perform image translation, a

content embedding is recombined with a style embedding corresponding to the desired domain, and

the resulting latent embedding is decoded into an image representative of the target domain.

Finally, as opposed to GANs, Cycle-GANs also require at least double the computation require-

ments of GANs due the dual-network architecture and the extra loss constraints, leading to longer

training times and higher memory usage.

2.4 Denoising Diffusion Models

Diffusion-based image models are a class of generative models that learn to sample data, by pro-

gressively refining random noise into structured data. The key idea is to model the reverse of a

diffusion process, where an image is incrementally denoised to recover the original structure. These

models have shown great promise in generating high-quality images and have been applied in various

fields such as computer vision, art generation and more.

The process consists in 2 parts: a forward diffusion process and a reverse diffusion process, modeled

as two Markov chains (where each step depends on the output of the previous one).

In the forward diffusion process, noise is gradually added to an image over a series of time

steps. This can be mathematically represented as a Markov chain where each step adds a small

amount of Gaussian noise to the image. The forward process can be described by equation xt =
√

1 − βtxt−1 +
√
βtϵt−1, where xt is the image at time step t, xt−1 is the image at time step t− 1, βt

is a variance schedule at time step t, and ϵt−1 is Gaussian noise at time step t − 1.
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Figure 2.3: The diffusion process consists in a forward diffusion step were noise is gradually added to the input,
and a reverse diffusion step, where noise is gradually subtracted from the noisy representation.

Using the addition property of Gaussian distributions, the forward diffusion process can be re-

expressed as: xt =
√
ᾱtx0 +

√
1 − ᾱtϵ, where αt = 1 − βt, ᾱt = ∏t

i=1 αi and ϵ ∼ N (0, I), which

is useful, as it can be performed in a single step.

In the denoising process, the goal is to reverse the noise addition process in order to recover the

original image. This is done by learning a denoising model that predicts the noise added at each

step. The reverse process can be represented as xt−1 = 1√
αt

(
xt − 1−αt√

1−ᾱt
ϵθ(xt, t)

)
, where ϵθ is a neural

network trained to predict the noise ϵt given the noisy image xt and the time step t.

The training objective is to minimize the difference between the true noise ϵt and the noise ϵθ(xt, t)

predicted by the neural network. This can be formulated as:

L(θ) = Ex0,ϵt,t

[
∥ϵt − ϵθ(xt, t)∥2

2

]
(2.8)

In order to synthesize novel images at inference time, the model starts from pure Gaussian noise and

iteratively applies the learned reverse diffusion process, subtracting the predicted noise at every step.

Unfortunately, the iterative nature of the reverse diffusion process makes the image synthesis a

costly method in terms of time and computational requirements, especially at higher resolutions. To

this end, latent diffusion models have been designed to operate in a lower dimensional latent space,

which increases computational efficiency while maintaining content fidelity. This is done through

an encoder-decoder network, where the encoder is trained to transform an input image into a latent

embedding z and a decoder is trained to reconstruct it back. During the inference phase, a latent

embedding zt is drawn from a Gaussian distribution, and ϵθ is applied to progressively denoise zt.

Finally, the decoder generates an RGB image from the denoised latent embedding.
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Unlike GANs, where the generator and discriminator are trained adversarially, training diffusion

models is stable and the synthesis process is performed step by step.

2.5 Neural Radiance Fields

Introduced by Mildenhall et al. (2020), NeRFs are a method for representing 3D scenes as a continuous

function, generally parametrised by a neural network. This representation is useful, as it is learnable

end-to-end from simple collections of 2D images with known poses, and is able to produce both RGB

and depth images of scenes from novel viewpoints. Many areas of robotics require a mechanism

for representing or storing 3D information about the environment (e.g. path planing in autonomous

driving, robotic grasping and manipulation), where NeRFs can additionally help by encoding not

just color but also features of the scene such as semantic segmentation.

Figure 2.4: Basic NeRF process: given 3D point coordinates and a viewing direction, a Multi-Layer Perceptron
(MLP) outputs colors and densities, which are accumulated to render a image.

Given a 3D point p ∈ R3 in the world frame with coordinates (x, y, z), and a 2D viewing direction

d ∈ R2 with azimuth and elevation (θ, ϕ), a NeRF model outputs a color c ∈ R3 with red, green and

blue intensities (r, g, b), and a density σ ∈ R. The function is parameterized by a neural network

with parameters Θ and can be expressed as: FΘ(p,d) → (c, σ).

In order to render an image, using a simple pinhole camera model, rays need to be cast from the

camera into the scene. First, normalised unit direction vectors of 3D rays are obtained by unprojecting

pixel coordinates (u, v) from the image space to the normalized camera space using the inverse

of the intrinsic matrix K ∈ R3×3:
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dc = K−1


u

v

1

 (2.9)

where fx and fy are the focal lengths of the sensor on the X and Y axes (in pixels), cx and cy are

the coordinates of the optical center (in pixels) and the intrinsic matrix K is given by:

K =


fx 0 cx

0 fy cy

0 0 1

 (2.10)

Then, the camera extrinsic matrix [R|t] ∈ R3×4 describing the position and orientation of the

camera in the real world is used in order to transform the normalized 3D rays from the camera

space to the world space. For each ray, its origin in world coordinates is given by ow = t, and

its direction by dw = Rdc, where:

[R|t] =


r11 r12 r13

r21 r22 r23

r31 r32 r33

tx

ty

tz

 (2.11)

Thus in NeRF, a ray is defined by its origin ow and direction dw, with points along the ray being

determined by their distance t from the camera pinhole: r(t) = ow + tdw.

When forming the image, each ray will correspond to a pixel, and the expected color C(r) of a

pixel corresponding to a particular ray r is calculated by accumulating the product of the transmittance

T (t), the density σ(r(t)) and the radiance c(r(t),d) along the coordinates of points belonging to

the ray r, bounded by the near plane tn and far plane tf :

C(r) =
∫ tf

t=tn

T (t)σ(r(t))c(r(t),d)dt (2.12)

where tn is the minimum distance along the ray from the camera origin starting from which points

are sampled, tf is the maximum distance along the ray from the camera origin up to which points are

sampled and the transmittance T (t) is the probability that light has not been occluded or absorbed

up to point t, being expressed as T (t) = exp
(
−
∫ t

s=tn
σ(r(s))ds

)
.
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In practice, the integral above is approximated as a discrete sum over points sampled along rays.

For N points sampled uniformly along each ray, the rendered pixel color as a result of ray r becomes:

Ĉ(r) ≈
N∑

i=1
Ti

(
1 − exp(−σiδi)

)
ci (2.13)

where Ti = exp
(
−∑i−1

j=1 σjδj

)
is the cumulative transmittance up to point i, σj is the density at

the j-th point and δj is the distance between the j-th and (j + 1)-th points.

The radiance field is typically estimated using MLPs, which unfortunately have difficulty learning

high frequency details such as textures and sharp edges. To overcome this issue, positional encoding

is used in order to transform the input coordinates into higher-dimensional embeddings, allowing

the network to learn high frequency details:

γL(p) =
[
sin(20πp), cos(20πp), sin(21πp), cos(21πp), . . . , sin(2L−1πp), cos(2L−1πp)

]
(2.14)

where γL(·) is applied to both the 3D point coordinates normalized between [−1, 1] and viewing

directions expressed as unit vectors.

The term L denotes the number of sine and cosine functions of progressively higher frequencies

applied to the input, with higher L values leading to sharper details and lower values leading to

smoother output. Since higher detail is needed to reconstruct sharp or detailed object boundaries, a

higher number of functions need to be applied on the 3D point coordinates, whereas view-dependent

effects are smoother, requiring a smaller L. Once the encoding is produced, the input to the MLP

becomes: FΘ(γ(p), γ(d)) → (c, σ).

Finally, the network’s parameters Θ are optimized during training by minimizing the difference

between the colors of the rendered pixels and the ground-truth pixels. The most common loss used is:

L(Θ) =
∑
r∈R

∥Ĉ(r) − C(r)∥2
2 (2.15)

where R is the set of all rays cast for the camera poses corresponding to the images in the training

set, and C(r) is the ground-truth color of the pixel corresponding to ray r.

One of the main advantages of NeRFs is their compact and memory-efficient representation.

Since the structures are represented implicitly using continuous functions, rather than explicitly using

data structures such as meshes, voxels or point clouds, the scene is often compressed in 5-10 MB

(Mildenhall et al., 2020), representing the model weights. This has an impact on both the memory
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footprint but also on scalability as we move towards reconstruction of larger scenes. For example,

since voxel representations store data regarding color, density and other attributes of the scene in

3D arrays, reconstructing larger outdoor scenes requires more memory, which increases cubically.

Also, finer details are lost because a fixed resolution is imposed. To overcome this, more specialized

subdivision algorithms have been proposed, such as octrees and sparse octrees (Laine & Karras,

2010). On the other hand, since in NeRFs the 3D geometry is learned, not stored explicitly, they

can be queried at arbitrary coordinates, and the discretization artifacts are reduced since the scene

is interpolated smoothly. In point clouds, objects are represented as a set of discrete points in space

(consisting in 3D coordinates, and RGB values or laser beam intensities), and although lightweight,

their sparsity makes high-quality rendering difficult without extra interpolation methods, while NeRFs

directly learn the 3D scene structure and appearance. In mesh-based representations, the surface of

3D objects is represented using a collection of vertices, edges and faces. Unfortunately, since their

topology is variable, integration with machine learning methods is difficult and representing fine

details is challenging - requiring shader programming, while NeRFs implicitly learn the reflections,

shadows, and transparency from input images.

Finally, NeRF-based approaches have several drawbacks as well – they are computationally

intensive, which makes them slow to train and slow at inference time, they are overfit to a single

scene, requiring a new model to be trained for each new scene, and in their original formulation

are limited to only representing static scenes.

2.6 Metrics

The criteria that synthesized data must meet varies based on its intended application. For domains

such as entertainment and creative design, the data should be aesthetically pleasing and photorealistic

however, when the data is intended to be used for training other models, it is crucial that it is also seman-

tically accurate and well-aligned with the ground-truth, which is particularly important in autonomous

driving. As such, in the following subchapter, metrics will be categorised based on the function they

perform: either to assess the visual quality of the data, or to assess the goodness-of-fit as training data.

Out of the metrics presented in the sections below, we employ Inception Score (IS), Fréchet Incep-

tion Distance (FID), Kernel Inception Distance (KID), Fréchet Video Distance (FVD) and JEPA Embed-
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ding Distance (JEDi) for evaluating visual quality, and mean Average Precision (AP), mean Intersection

Over Union (mIoU) and Root Mean Squared Error (RMSE) when evaluating the downstream task.

2.6.1 Visual quality

Metrics for visual quality can be categorised based on many criteria, but for the purpose of the analyses

performed in this study, they can be mainly split into two categories, depending on ground-truth

availability - paired and unpaired. Additionally, based on the type of data on which they are applied,

they can be categorised as image-based metrics and video-based metrics.

For cases where reference data or ground-truth exists, methods such as Mean Squared Error

(MSE), Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index Measure (SSIM) or Learned

Perceptual Image Patch Similarity (LPIPS) are often employed. On the other hand, when no reference

data exists, or if higher degrees of diversity are either desired or simply a result of the models

used, unpaired approaches are used.

From the paired category, MSE is a commonly employed metric in both image and video generation

tasks, comparing images or frames on a pixel-for-pixel basis:

MSE = 1
N

N∑
i=1

(
Ii − Îi

)2
(2.16)

where Ii is a pixel value from the reference image and Îi is the corresponding pixel value from

the reconstructed image. Used more often in practice, and building on MSE, PSNR is a metric

that evaluates the quality of a processed output signal in comparison to a reference signal, after

undergoing a transformation such as compression:

PSNR = 10 · log10

(
MAX2

I

MSE

)
(2.17)

where MAXI is the maximum possible pixel value. While it is straightforward, quick and cost-

efficient, it does not correlate very well with human perception of image quality (Z. Wang et al., 2004),

as any deviation from the ground-truth image will lead to a reduced score, thus penalizing diversity.

Since it compares pixel values directly, it is unable to capture structural or semantic similarities between

images that are not a perfect match to each other, which is especially important in GAN evaluation,

where both realism and diversity of outputs are more important than replicating pixel values. In the case

of videos, the metric is computed on a frame by frame basis and averaged across frames, thus failing to
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capture any temporal coherence. Given its drawbacks, it is considered more appropriate for tasks such

as image reconstruction, denoising or super-resolution, where pixel-for-pixel reconstruction is the goal.

Alternatively, SSIM (Z. Wang et al., 2004) has been proposed to address the limitations of PSNR

and MSE, and their lack of correlation with human visual perception. The metric is calculated on

patches of local pixel intensities, typically on the luma channel, and averages resulting values across

all image patches to obtain a global SSIM value which measures the degree of similarity between

the ground-truth reference image and the reconstructed image:

SSIM(x, y) = (2µxµy + C1)(2σxy + C2)
(µ2

x + µ2
y + C1)(σ2

x + σ2
y + C2)

(2.18)

where µx, µy are mean intensities of patches x and y, σ2
x, σ2

y are variances of patches x and y, σxy is

the covariance between patches x and y, while C1 and C2 are small constants that stabilize the division.

While the approach is more robust to small amounts of spatial misalignment as opposed to

PSNR and MSE, it still penalises variations that might be semantically correct but are structurally

different, and ignores chromatic consistency if only luma information is used. This makes it

poorly suited for unsupervised image synthesis, especially Cycle-GANs, where reference images

or paired datasets are not available.

In contrast to PSNR and SSIM, LPIPS (R. Zhang et al., 2018) is a method that evaluates both

perceptual and semantic quality, and aligns more closely with human visual perception, frequently

surpassing PSNR and SSIM in studies on image similarity. This makes it better suited for evaluating

diverse GAN outputs that have multiple plausible variations, as it does not directly rely on pixel-

to-pixel or patch-to-patch comparisons, instead comparing features extracted from deeper layers of

Convolutional Neural Networks (CNNs), which are generally better at encoding shape, textures or style:

LPIPS(x, y) =
∑

l

1
HlWl

∑
h,w

∥wl ⊙ (ϕl(x)h,w − ϕl(y)h,w)∥2
2 (2.19)

where ϕl(x) and ϕl(y) are the feature maps of patches x and y at layer l, Hl and Wl are the

height and width of the feature map at layer l, wl is a learned weight vector for channel importance

at layer l, and ⊙ is the Hadamard product.

In practice, since LPIPS uses features extracted from images using a pre-trained network such

as VGG (Simonyan & Zisserman, 2015), it is more computationally demanding compared to PSNR

and SSIM, as for each image it requires a forward pass through the network to obtain feature maps.
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Moreover, the result is also dependent on the chosen network, making scores harder to compare across

literature without standardization of CNN backbones (Goldblum et al., 2023).

From the unpaired category of metrics – when no aligned ground-truth data exists, IS (Salimans

et al., 2016) was one of the first methods employed to evaluate the quality of GAN outputs, being

based on the results of Inception-v3 image classifier pre-trained on ImageNet (Szegedy et al., 2016;

Deng et al., 2009). It takes into account both classifier confidence, interpreted as a measure of

how classifiable or "distinct" the generated images are, while also measuring coverage across all

possible classes as a way to approximate diversity:

IS(G) = exp (Ex∼G [DKL (p(y | x) ∥ p(y))]) (2.20)

where x ∼ G is a generated image, p(y | x) is the predicted label distribution from a pretrained

classifier, p(y) is the marginal label distribution over all generated samples, and DKL is the Kull-

back–Leibler divergence. A high IS score will be achieved when p(y | x) has low entropy (i.e. the

model is confident about its prediction with all probability focused on a single label) and p(y) has high

entropy (meaning that the entire set of generated images covers many individual classes).

The main drawback however is its reliance on the ImageNet-trained classifier which can lead to

poor generalisation to other domains while also being susceptible to distortions, noise or adversarial

attacks, which can lead to spurious high confidence classifications for images that are incoherent

(Barratt & Sharma, 2018). Unlike more modern approaches, it does not compare distributions of real

and generated images thus being limited to the domain captured by ImageNet.

Another metric that makes use of an ImageNet-trained Inception-v3 network is FID (Heusel et al.,

2017), where the last pooling layer is used to extract features from both a set of generated images and

a set of real images. The method assumes that the extracted features follow a multivariate Gaussian

distribution, and computes the Fréchet Distance between the distributions of the two sets of features,

parametrised by their means and covariance matrices:

FID = ∥µr − µg∥2
2 + Tr

(
Σr + Σg − 2 (ΣrΣg)

1
2
)

(2.21)

where µr and µg represent the mean of features from real and generated images, and Σr and Σg

represent the covariance of features from real and generated images.
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As opposed to PSNR, SSIM and LPIPS, the metric does not penalise GAN outputs with plausible

variations and since it does not make use of the classifier output, it is less prone to spurious results

compared to IS, making it a popular choice in literature. While it does not require paired data, the

Gaussian assumption may not always hold, especially in complex datasets (G. Y. Luo et al., 2025), and

the method requires a relatively large number of observations to accurately estimate the covariance

matrices due to the high-dimensional feature vectors extracted from the Inception-v3 network.

An alternative to FID is KID (Bińkowski et al., 2018), which also uses features extracted from

Inception-v3, but does not make any assumption about the distribution of the features. Instead, it

calculates the distance between the distributions of the real and generated images using the squared

Maximum Mean Discrepancy (MMD) with a polynomial kernel:

KID = MMD2 = E[k(x, x′)] + E[k(y, y′)] − 2E[k(x, y)] (2.22)

where (x, x′) are pairs of generated images, (y, y′) are pairs of real images, E[k(x, x′)] is the average

kernel similarity between pairs of generated images, reflecting consistency within each distribution (i.e.

how similar fake images are to each other), while E[k(y, y′)] is the average kernel similarity between

pairs of real images. On the other hand, E[k(x, y)] is the average kernel similarity between real and gen-

erated images, measuring the cross-distribution similarity. The kernel function, k(x, y), is defined as:

k(x, y) =
(1
d
x⊤y + 1

)3
(2.23)

where x and y are the feature vectors being compared and d is their length.

FID and KID are often reported together, as the latter provides an unbiased estimation through the

use of MMD and can better capture higher order statistics, compared to FID, which only accounts for

mean and covariance. On the other hand, KID is more computationally expensive than FID to calculate,

with a runtime that has a quadratic complexity as a function of sample size, with many approaches

instead computing KID on random subsets. Subsequent literature has also addressed the limitations of

feature extractors that were trained on ImageNet, proposing to replace Inception-v3 with Contrastive

Language-Image Pretraining (CLIP) embeddings, as they are richer and more expressive, being trained

on a much larger dataset of 400 million image-text pairs (Radford et al., 2021; Jayasumana et al., 2024).

While metrics such as FID and KID can be used to reason about the quality or diversity of individual

images, they are not suitable for doing the same for the case of video generation, where spatio-temporal
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consistency plays a key role. FVD (Unterthiner et al., 2019) is a metric designed to assess the quality

of videos generated by GANs and other models, and uses a formulation that is very similar to that

of FID. It extends the concept of FID to the video domain, allowing to compare distributions of

generated and real videos, and makes use of features extracted from a video classification model

such as the I3D network trained on the Kinetics Human Action Video Dataset (Carreira & Zisserman,

2017; Kay et al., 2017). Besides the source of the features, the metric is computed identically

to FID and has the same advantages and drawbacks, such as bias and a requirement for larger

number of observations. Furthermore, no explicit mechanisms exist to measure temporal coherence

– this is done implicitly by leveraging embeddings computed using a backbone trained on videos.

Furthermore, recent literature has highlighted that FVD scores are affected more by spatial distortions

than spatio-temporal ones, which suggests that FVD may not be adequate at capturing longer-term

spatial or stylistic coherence (S. Ge et al., 2024).

To address some of the drawbacks of FVD, G. Y. Luo et al. (2025) introduced JEDi, which uses

features extracted from a Video Joint Embedding Predictive Architecture (V-JEPA) model and employs

MMD with a polynomial kernel to measure the distance between distributions of features extracted

from real and generated videos. Similar to KID, this makes JEDi an unbiased estimator which makes

no assumption about the feature space while also requiring significantly less observations. Additionally,

it is also shown that the metric has better alignment with human evaluation of video quality and

consistency. Furthermore, the advantage of using V-JEPA as a feature extractor is that, during training,

it learns to predict latent representations of masked regions in videos, which encourages the model

to learn both contextual relationships and spatio-temporal dynamics.

Introduced by J. Liu et al. (2024), Fréchet Video Motion Distance is another metric intended to

help measure the temporal coherence and motion quality of videos. It relies on PIPs++, which is a

keypoint tracking model trained on a large synthetic dataset, to track keypoints across frames and

capture motion patterns (Zheng et al., 2023). It then computes velocity and acceleration vectors from

the keypoints, and aggregates them into histograms to capture the distribution of both motion direction

and magnitude. These histograms are treated as embeddings, and similar to FID, are used to compute

the Fréchet Distance between the distribution of embeddings extracted from real and generated videos,

with the same drawbacks as those specific to FID. As it focuses on the dynamics of motion, it can

capture unnatural movement or temporal inconsistencies such as jitter, but it needs to be used as a

complement to other video quality metrics, as appearance is ignored.
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Finally, the Vendi score is a general purpose metric for measuring diversity, which can also be

applied to GAN outputs to assess diversity independent from fidelity and without requiring a paired or

reference dataset (Friedman & Dieng, 2023). Additionally, both the embedding type and the similarity

function can be chosen by the user, making it highly adaptable cross domains. The process involves

calculating a similarity matrix, normalising it, computing its eigenvalues, then the Shannon entropy

of the eigenvalues, and finally exponentiating the entropy to obtain the Vendi score.

More specifically, given a feature extractor ϕ which produces embeddings of images x, a similarity

function such as cosine-similarity can be used as a kernel that computes the similarity between two im-

ages k(x, x′):

k(x, x′) = exp
(

ϕ(x) · ϕ(x′)
∥ϕ(x)∥ ∥ϕ(x′)∥

)
(2.24)

where ϕ(x) · ϕ(x′) is the dot product of the feature vectors, while ∥ϕ(x)∥ ∥ϕ(x′)∥ is the product of

their norms.

A similarity matrix K is constructed for the dataset using the similarity function k, then normalised,

and finally the eigenvalues of K are computed. Given the set of normalized eigenvalues λ1, λ2, . . . , λn,

the Vendi score is calculated by exponentiating the Shannon entropy of the eigenvalues:

Vendi Score = exp(H) = exp
(

−
n∑

i=1
λi log λi

)
(2.25)

The metric can be used in conjunction with other metrics such as FID or KID to give a more

complete view of both model performance and output diversity.

2.6.2 Quality as training data

The usefulness of synthetic data as training data can be evaluated using a combination of task-

specific metrics, domain-adaptation analyses and performance benchmarking. The choice of metric in

evaluating the quality of the generative model output is dependent on the output type and the target

task. If the model outputs image and semantic segmentation map pairs and the goal is to train a

downstream semantic segmentation network, the mIoU can be computed in three distinct cases: 1)

between what is now considered to be the ground-truth semantic map (i.e. the semantic map obtained

from the generative model), and the semantic map predicted by a pre-trained segmenter network
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from the generated image, as a way to validate the alignment of the data before training, 2) between

segmenter outputs on both real and synthesized images (referred to in the manuscript as mIoU-align),

and 3) between the predictions of the newly-trained segmentation network and ground-truth, when

validating on real data after training on synthetic data.

In order to calculate mIoU, assume first there are N classes. For each class i ∈ N , TPi (True

Positive) will be the number of correctly predicted pixels as class i, FPi (False Positive) will be the

number of pixels incorrectly predicted as class i and FNi (False Negative) will be the number of

pixels of class i that have been misclassified. Thus mIoU is then given by the Intersection Over

Union of each class i, averaged across all classes N :

mIoU = 1
N

N∑
i=1

TPi

TPi + FPi + FNi

(2.26)

While mIoU is not a general-purpose metric for measuring the quality of generative models, it is

useful when the output is a semantic segmentation map that should correspond to a particular ground-

truth semantic segmentation map, or when the downstream task itself predicts a segmentation map.

Thus 2 types of mIoU are computed in this manuscript, which are further employed in Chapters 6

and 7. The first compares the ground-truth semantic segmentation map and the semantic segmentation

map generated by the synthesis model, measuring the alignment of the synthesized segmentation

output. The second version (which we denote as mIoU-align), compares the semantic segmentation

map obtained by running the ground-truth image through an off-the-shelf segmenter with the semantic

segmentation map obtained by running the synthesised image through the same off-the-shelf segmenter,

in this case Deeplabv3+ (L.-C. Chen et al., 2018). This is used to measure the semantic alignment of

the synthesised image with the ground-truth image, while the reason why both the ground-truth image

and the synthesised image are passed through the segmenter is to control for the drop in segmentation

quality inherent to the off-the-shelf segmentation model itself.

For the cases where the generative model outputs pairs of RGB images and depth maps, monocular

depth estimation or completion models such as PEnet (M. Hu et al., 2021) can be trained or validated.

To measure the quality of the generated depth, RMSE is commonly employed:

RMSE =
√√√√ 1

|N |
∑
i∈N

(d̂i − di)2 (2.27)
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where d̂i is the predicted depth value at pixel i, di is the ground-truth depth value at pixel i and

N is the set of valid pixels for which a depth value is recorded.

For tasks such as object detection, where bounding box coordinates are used instead of segmentation

masks, the generated segmentation or instance map can be used to determine box coordinates of objects

in the image by finding the minimum and maximum of the X- and Y -axis coordinates of the object’s

pixels. In this case, the metrics will be computed between the extracted bounding boxes and the

predicted bounding boxes of the detector network. Other common metrics used in evaluating this

type of task include precision, recall, F1-score and mean AP.
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3.1 Introduction

High-quality data is essential for robotics and computer vision tasks. Historically, various approaches

have been used to train and validate models, each with their own advantages and disadvantages.

In this thesis, data sources will be generally divided into 3 main categories: real-world captured

data, data generated using classical simulators such as 3D engines and data generated using methods

that learn the distribution of the input data, referred to as synthetic data. The latter can itself be

divided into domain adaptation (where existing data is transformed to match target domains) and

data synthesis (where new data is created).

Domain adaptation
sim2real real2weather

Synthesis
seg2img

Datasets
RaidaR

CADC

Simulators
Carla

AirSimAirSim

Figure 3.1: A visual example of sources of data – datasets such as RaidaR (Jin et al., 2021), CADC (Pitropov
et al., 2021), simulators such as Carla (Dosovitskiy et al., 2017), AirSim (Shah et al., 2018), data synthesis
methods such as Pix2pixHD (T. Wang et al., 2018) and domain adaptation methods such as sim2real (S. R. Richter
et al., 2022), Foggy Cityscapes (Sakaridis et al., 2018).

3.1.1 Real-world captured data

In general, data captured in the real world will represent an upper bound on the amount of realism

and domain alignment, since it represents a world that obeys the laws of physics, with accurate and

natural dynamics and kinematics. Unfortunately, these desirable properties come with a set of notable

disadvantages, as data capture is expensive, requires specialised equipment (sensors, mobile platforms),

support from engineers, and especially in autonomous driving, the need for careful planning and
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logistics. This becomes especially challenging because, unlike indoor data collection which is a more

flexible process, one has to account for other traffic participants, dynamic agents and other constraints.

Additionally, the efficiency and usefulness of captured data is significantly influenced by the

difficulty of capturing edge cases and rare events such as accidents, failures, near misses or adverse

weather. Furthermore, manual annotation can be expensive, especially when performed on a per-

pixel level, although pseudo ground-truth can be provided as long as any model bias is taken into

account. Finally, the introduction of privacy laws such as General Data Protection Regulation (GDPR)

has reduced the scalability of data collection but also imposed limitations on collaboration and

sharing between EU and non-EU parties.

3.1.2 Data sourced from simulators

On the opposite side of the spectrum, data generated using classical simulators such as those based

on 3D engines offers notable benefits compared to data collected in the real world, yet it also

comes with a set of drawbacks.

Once a base simulator has been implemented (either 2D or 3D, with or without a physics engine)

the process of generating data is more cost-efficient, highly scalable, and corresponding ground-truth

such as bounding boxes, semantic and instance segmentation maps or depth maps is comparatively

straightforward to obtain, and generally free from annotation mistakes.

Multiple sensors and modalities can be simulated, such as images, LiDAR, Radio Detection And

Ranging (RADAR) or Inertial Measurement Unit (IMU) data, but also less conventional sensors

such as event cameras, and usually ground-truth can be provided for each of these. Furthermore, the

environment is fully controllable, allowing for modeling of edge cases or rare events, with accurate

modeling of friction, gravity, collisions, and so on. Additionally, there are no issues with logistics,

GDPR or sensor and vehicle availability, and even more importantly AV stacks or stack components

can be integrated to run in simulation to aid development and reduce time-to-deployment.

Unfortunately, this approach also comes with its own shortcomings, the most concerning being

the domain gap (the sim to real domain gap) between the distribution of data generated by simulators

and that obtained from real-world observations. In the case of images, lighting and textures might be

different due to the use of simplified graphics. In terms of dynamics, there might be inconsistencies

because the simulated physics are only approximations of the forces acting in the real world. Similarly,
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other simulated sensors such as LiDAR might be represented as a more idealized version than their

real-world counterparts, which suffer from issues in adverse weather and even hardware faults.

Furthermore, the fidelity of simulation often depends on the available computational resources,

with high fidelity simulations requiring increasingly more expensive hardware. Although scalable, the

existence of a simulator alone is insufficient, as different techniques must be employed to produce

scenarios, agent trajectories or to procedurally generate environments. As such, human involvement

is still high, with many 3D assets requiring the expertise of 3D artists to reach an adequate level

in closing the sim to real domain gap.

3.1.3 Synthetic data

Data generated using models that implicitly learn a distribution emerges as a method to address

some of the inherent limitations of both data collected in the real world and data sourced from

simulators. Once a model has been trained, it can serve as an efficient method to produce diverse

data. Additionally, re-targeting a different domain usually involves fine-tuning, which can be faster

and more cost-efficient than recreating assets or environments in a simulator, or than collecting

the same amount of data in the real world.

Traditionally, training or fine-tuning a model involved access to an initial dataset, most of the

time the choice being real-world datasets, however modern approaches such as diffusion models have

been shown to extrapolate from their training data. For example, a model that is trained with images

of cats and images of moons can generate an image of a cat on the moon given the prompt, even

if this combination was not present in the training dataset. As a result, such models allow for rare

events and edge cases to be generated more easily or safely.

Notably, these models can also be applied to address the primary limitations of each of the other

two methods – real world data can be transformed and multiplied, thus increasing its diversity and

usefulness, while data from simulation can benefit from a reduced domain gap via domain adaptation

or from conditioning a model using the pixel-perfect ground-truth produced by simulators.

The primary disadvantage of data synthesis revolves around a domain gap that is lower than that of

data from simulation, but still significant. Additionally, training data requirements increase with the

complexity of conditioning. For example, models that are prompted with text only are easier, cheaper

and faster to train compared to those that incorporate 2D information such as segmentation maps, or
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3D information such as point clouds or meshes, but at the same time they are far more ambiguous

since natural language as a conditioning input is comparatively less rich.

Models can also be set up to generate both the target modalities (images) and corresponding ground-

truth (semantic segmentation, depth map), but the alignment and correspondence between the two is

not guaranteed unless specific architectural choices are made and adequate data is available for training.

Advantages: 

• cost-efficient to generate


• ground truth of input data still valid


• can simulate any rare event


• can be conditioned on more abstract representations (scene 
graphs, sketches etc)


Disadvantages: 

• domain gap much smaller than simulators but larger than 
real-captured datasets

Advantages: 

• captures the actual distribution of the real world


Disadvantages: 

• costly to acquire and label


• imperfect ground truth


• difficult to capture rare events


• practically finite


Advantages:
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• free, high-quality ground truth
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Advantages: 

• cost-efficient to generate


• ground truth of input data still valid


• multiplies existing data 


Disadvantages: 

• relies on existing datasets and/or simulators


• domain gap much smaller than simulators but larger 
than real-captured datasets

Real-world captured data Simulators

Domain adaptation Data synthesis

Figure 3.2: The advantages and disadvantages of classical and modern approaches to data.

Therefore, selecting the most suitable data source relies heavily on the domain and task, with the op-

timal outcomes being achieved through a combination of two or more of the above approaches, leading

to synergistic effects. Some combinations include the following, as also visually explained in Fig. 3.3:

• Multiplying existing real-world data using domain adaptation techniques such as in Multi-

weather city (Musat et al., 2021);

• Augmenting existing data with novel views such as Klinghoffer et al. (2023);

• Reducing the domain gap of data from simulation using domain adaptation such as S. R. Richter

et al. (2022);

• Using ground-truth from real world (or simulator) data to condition models and obtain more data

such as in Depth-SIMS (Musat et al., 2022), NeuralFloors (Muşat et al., 2024a), NeuralFloors++

(Muşat et al., 2024b), SimGen (Y. Zhou et al., 2024);
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• Multiplying synthetic data using domain adaptation models such as a combination between

Multi-weather city (Musat et al., 2021) by first transforming real world data and subsequently

synthesizing fog using an analytical approach such as Foggy Cityscapes (Sakaridis et al., 2018);

• Multiplying synthetic data by swapping class labels and sampling style latent embeddings from

diverse datasets.
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Figure 3.3: Combining approaches leads to synergistic effects – SimGen (Y. Zhou et al., 2024), Sim2Real
(S. R. Richter et al., 2022), Foggy Cityscapes (Sakaridis et al., 2018), ClimateNeRF (Yuan Li et al., 2023) or
SIMS (Qi et al., 2018), and as part of this manuscript – Multi-weather city (Musat et al., 2021), Depth-SIMS
(Musat et al., 2022), NeuralFloors (Muşat et al., 2024a), NeuralFloors++ (Muşat et al., 2024b).

Data synthesis thus plays a critical role in robotics and autonomous driving as it alleviates the

burden of data collection and limits reliance on real world data. It thus enables much safer and easier

modeling of edge cases and rare scenarios, increases data usefulness, and provides a more scalable

and controllable process for generating the data required.

3.2 Datasets

With the progression of machine learning methodologies, driven by advancements in both software and

hardware, model architectures have grown increasingly sophisticated and computationally intensive,

requiring larger volumes of data for effective training. Consequently, substantial efforts have been di-

rected towards the development of more expansive datasets that encompass a broader range of geograph-

ical regions, multiple sensor modalities, diverse scenarios, and comprehensive ground-truth annotations.

Prominent examples of early vision-based datasets include: CamVid (Brostow et al., 2009) and

Cityscapes (Cordts et al., 2016) in overcast daytime, followed by BDD100K (F. Yu et al., 2020)
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and Mapillary (Neuhold et al., 2017) in diverse weather, offering a mix between 2D bounding

boxes and pixel-wise semantic labels. However, due to their limited modality and ground-truth

annotations, these datasets support a limited range of single-frame tasks such as 2D object detection

and semantic segmentation.

As such, more modern datasets are designed to include multiple cameras, LiDAR and ground-truth

types. Prominent examples include KITTI (Geiger et al., 2013), SemanticKITTI (Behley et al., 2019) ,

KITTI-360 (Liao et al., 2023), Argoverse (Chang et al., 2019), Apolloscape (Xinyu Huang et al., 2018),

A2D2 (J. Geyer et al., 2020), A*3D (Pham et al., 2020), WOD (P. Sun et al., 2020) and Lyft (Houston

et al., 2021), while nuScenes (Caesar et al., 2020) and Aduulm-360 (Schön et al., 2024) further include

radar. This set offers a mix between pixel-wise semantic and instance annotations, 3D point-wise

annotations, 3D bounding boxes and track IDs, being able to support the training of more complex

tasks such as 3D object detection and tracking, 3D semantic segmentation and multi-sensor fusion.

While some of these datsets have been designed to capture diverse areas, weathers and illumination

conditions, most of them are biased towards daytime overcast conditions, making them unsuitable

for tasks that are supposed to perform in any weather condition, at any time. As such a lot of

attention has been devoted towards capturing datasets that focus mostly on physical degradations

due to fog, rain, snow and night-time. For this case, the group of datasets primarily dedicated to

providing 2D annotations consists in IDD-AW (Shaik et al., 2024), DAWN (Kenk & Hassaballah,

2020), ACDC (Sakaridis et al., 2021), Brno (Ligocki et al., 2020), RaidaR (Jin et al., 2021), Dark

Zurich (Sakaridis et al., 2019), NightOwls (Neumann et al., 2018) and NightCity (Tan et al., 2021),

while a mix between 2D and 3D ground-truth is provided in DENSE (Bijelic et al., 2020), Ithaca365

(Diaz-Ruiz et al., 2022), WADS (Kurup & Bos, 2023), SemanticSpray (Piroli et al., 2023) and

CADC (Pitropov et al., 2021). Adverse weathers have also been captured in Boreas (Burnett et al.,

2023), OORD (Gadd et al., 2024), SID (El-Shair et al., 2024) and RADIATE (Sheeny et al., 2021),

however ground-truth in these datasets is limited.

Of particular interest are Ithaca365 (Diaz-Ruiz et al., 2022), which provides amodal segmentation,

capturing the full extent of the object despite occlusions, WADS (Kurup & Bos, 2023), which provides

point-wise annotations for falling snow and accumulated snow particles, and SemanticSpray (Piroli

et al., 2023), which focuses on the effects of vehicle-generated water spray and provides point-wise

annotations for LiDAR points belonging to static elements, vehicles, water droplets and mist. Having

fine labels that differentiate weather artifacts from actual scene content enables the development
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of data-driven approaches that explicitly learn the characteristics of weather effects, de-weathering

models and weather-induced outlier detection.

While some datasets, such as ACDC, try to capture the same scene in multiple conditions, it is

impossible to guarantee pixel-level alignment between pairs, especially in urban complex datasets.

As such, in Rainy Screens, Porav et al. (2020) propose to re-capture any existing dataset using a

physical adherent rain droplet rig, while in Desoiling Dataset (Uricar et al., 2019), adherent mud

and soil is added to 3 cameras while one is kept clear.

Additionally, frameworks such as Robo3D (Kong et al., 2023) offer the ability to apply multiple

analytical weather models (e.g. fog, snowfall, rainfall) in the LiDAR point space to existing well-

established datasets such as NuScenes, Waymo or A2D2.

While domain adaptation is a valuable tool for transforming existing datasets, some edge cases

cannot be captured in the real-world, due to having a low probability of occurrence or a high risk profile.

As such, traditional 2D and 3D simulators still play an important role in improving data coverage.

3.3 Simulators

To circumvent the limitations associated with data capture and manual annotation, methodologies

that exploit simulated environments have been introduced, leveraging the ability to more easily

extract all types of ground-truth that 2D or 3D simulator engines can offer. The most popular

open-source AV-oriented simulators include Carla (Dosovitskiy et al., 2017) and AirSim (Shah

et al., 2018), both built on Unreal Engine.

Their rise in popularity has been largely driven by a number of additional advantages associated

with simulators, including the ability to capture dangerous scenarios that would otherwise be ethically

infeasible to obtain, and the capacity for a large number of variations of corners cases through

the manipulation of environment variables such as lighting, traffic density, agent trajectories, scene

configurations or weather conditions. Similarly, scenarios can be replayed with full reproducibility, and

novel sensors such as event cameras can be used to develop new perception algorithms without

requiring access to expensive hardware.

In addition to standalone AV-oriented simulators, various synthetic datasets have been built around

established 3D engines or 3D games. For example, S. Richter et al. (2016) propose the extraction of

RGB images and corresponding semantic segmentation from Grand Theft Auto (RockstarNorth, 2015),
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while in SYNTHIA (Ros et al., 2016), RGB images, semantic segmentation, and depth maps are ren-

dered for street scenarios under diverse weather conditions. In Synscapes (Wrenninge & Unger, 2018),

the authors focus on the controllability of scenario-generation in order to ensure a diverse combination

of assets, placements, and types of appearance, and later Hahner et al. (2019) add synthetic fog.

MatrixCity (Y. Li et al., 2023) offers scenes under different simulated weather conditions and levels

of illumination, along with varying levels of traffic participants and ground-truth that includes semantic

segmentation, depth and surface normals. Urbansyn (Gómez et al., 2025) is later proposed as a photo-

realistic alternative to simulator-derived data from S. Richter et al. (2016), while Wrenninge & Unger

(2018) use OpenStreetMap for generating realistic urban layouts (OpenStreetMap contributors, 2004).

Testolina et al. (2023) introduce SELMA, which is an extensive CARLA-based dataset comprising of

a mobile rig with 24 diverse sensors capturing scenes under 27 environmental conditions, complete

with semantic annotations for camera and LiDAR, representing 36 classes following the Cityscapes

labeling standard. The Carla-derived dataset IDDA (Alberti et al., 2020) is proposed to deliver a wide

range of weather conditions, while SHIFT (T. Sun et al., 2022) provides both discrete and continuous

shifts in domain, to support the development of models for continuous domain adaptation.

Although 3D simulators offer high-quality ground-truth and virtually infinite variations, creating

the virtual environments involves generating assets, designing scenarios, determining object paths,

and managing appearance factors such as colors, textures, and lighting. The most significant

drawback, however, is the gap between simulation and reality, making simulators suboptimal for data

augmentation. J. Ge et al. (2025) address these limitations by proposing a data-driven AV simulator

that employs gaussian splatting, intended for assessing end-to-end autonomous driving models.

Finally, Mehr & Eskandarian (2025) propose SimBEV, which is a comprehensive Carla-derived

dataset, consisting in multiple sensor modalities, ground-truth and accurate BEV representations,

facilitating the advancement of BEV segmentation and sensor fusion models.

3.4 Data synthesis

3.4.1 Image synthesis

Images are one of the most common sources of information about the environment, can be acquired

cheaply using cameras, and are commonly used as input by numerous machine learning tasks such

as object detection, semantic and instance segmentation, depth estimation, place recognition, visual
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odometry and SLAM, trajectory prediction and affordance estimation. As such, image synthesis is an

important capability for ensuring the highest possible coverage across visual information.

Classical image synthesis methods relied mostly on non-parametric models that do not make

assumptions about the data distribution or the mapping between inputs and outputs. As a result,

no network / model is trained when generating data and such approaches do not learn an internal

representation of the data. Furthermore, they rely on either user input or externally stored data at

inference time, such as memory banks, from which data is retrieved, and employ similarity-based

algorithms such as search and patch matching for retrieval and interpolation for blending. Since they

directly reference memory banks, the output data is generally highly photo-realistic, since pixels

or patches are copied from real data, allowing for preservation of fine-grained details and textures.

Although this aspect provides the greatest advantage, it simultaneously presents the most significant

drawback, namely, limited capacity for generalisation i.e. the ability to generate data that is not present

in the training set / reference set. While new data can be generated by interpolating existing data,

swapping or re-shuffling and blending image patches, this generalisation is limited to the reference

dataset. Notable works include approaches such as Sketch2Photo (T. Chen et al., 2009), CG2Real

(M. K. Johnson et al., 2011), PhotoClipArt (Lalonde et al., 2007) and PatchMatch (Barnes et al., 2023).

With the rise in popularity of neural networks and CNNs, the focus has shifted towards parametric

models, which are trained end-to-end and learn an internal representation of the data in their weights.

This was especially due to the ability of Deep CNNs to learn and extract rich features, textures and

shapes (Simonyan & Zisserman, 2015). As such, given enough diverse datasets on which to be trained,

such models have a great generalisation power and the ability to synthesise true novel content. On

the other hand, since these models learn an approximation of the data distribution, this can lead to

loss of fine-details, bluriness and over-smoothing in their outputs. Additionally, they can suffer from

mode collapse, being unable to represent long-tail and complex variations. Notable approaches include

Pix2pixHD (T. Wang et al., 2018), CycleGAN (Zhu et al., 2017), StyleGAN (Karras et al., 2019),

StyleGAN2 (Karras et al., 2020), SPADE (Park et al., 2019) and OASIS (Sushko et al., 2021).

Semi-parametric models integrate in a synergistic approach both a parametric component with

learned weights, and a non-parametric component such as an external memory bank. In this setup, the

generalisation power of the network combined with the flexibility and specificity of the retrieval process

and external memory can ensure high-fidelity and novel data generation, as opposed to parametric

models, where generalisation capability is a function of the trained weights, or non-parametric models,
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where generalisation can only come from accessing other external memory banks. Recent works

include SIMS (Qi et al., 2018), which explores a combination between a non-parametric component

(retrieval from a bank of objects) and a learned, parametric component (in-painting encoder-decoder)

showing realistic image generation, Depth-SIMS (Musat et al., 2022), which additionally generates

depth and semantic segmentation ground-truth, while Blattmann et al. (2022) condition a diffusion

model with exemplars retrieved from a memory bank. Flexibility is however limited if the method

employs heuristics that break down under a domain shift.

However, fully parametric approaches have become widely adopted, and have since surpassed the

performance of most previous methods, whether non-parametric or semi-parametric. The introduction

of unconditional GANs by Goodfellow et al. (2014) marked a pivotal moment, as they took a game-

theoretic approach with a generator and a discriminator being trained simultaneously, leading to the

beginnings of unprecedented realism in the field of image synthesis. While the literature is vast, the

following sections focus on only a few notable GAN models which are suitable for AV data.

In the unconditional setting, where image synthesis starts from a noisy latent code, Karras et al.

(2018) propose to train on low-resolution images, then gradually increase the resolution by adding

layers to both the generator and discriminator, in order to reduce training instability observed previously

when training on high-resolution images, leading to results that improve image diversity and sharpness

at a resolution of up to 1024 × 1024.

As opposed to unconditional GANs, conditional GANs are more practical and task-specific, as

they can provide explicit control over the synthesis process via conditional input. Pix2pix (Isola et al.,

2017) explores conditioning GANs using semantic maps, sketches, edges and Google Maps data.

Subsequently, T. Wang et al. (2018) propose Pix2pixHD, a multi-scale generator and discriminator,

with a feature matching loss and a VGG perceptual loss among others, to synthesise high-resolution

images of up to 2048 × 1024 pixels. As models evolved, more types of conditioning data were

used as input, apart form the original random noise vectors. This has led to sub-domains such as

image-to-image synthesis, where guidance can come from semantic segmentation maps, depth maps,

layout, sketch and edge maps or other RGB images, text-to-image synthesis where the input is a simple

caption describing the scene contents, or other types of applications with inputs such as keypoint poses.

Nevertheless, a significant drawback of conditional GANs is the necessity for a curated or annotated

dataset to be trained on. Regardless of their conditioning type - be it captions, embeddings, or 2D
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data such as segmentation, instance or depth maps - it needs to be paired or associated with the

desired output, for example RGB images.

CycleGAN (Zhu et al., 2017) was introduced to overcome the main limitation of conditional

GANs – the requirement of paired training data – essentially enabling the domain of unpaired image

translation and paving the road for domain adaptation via style transfer. The novelty consists in

employing 2 conditional GANs together with a cycle-consistency loss, with a first GAN translating

the original input into a target domain, and the second GAN translating the output of the first back

into the original domain. Relaxing the strict requirement of paired data meant that a wider set of

data sources could be used for training, thereby enabling a more diverse range of applications. For

instance, although acquiring RGB-sketch pairs is straightforward, capturing corresponding daytime

overcast images and nighttime clear images in an urban outdoors setting is unfeasible, since it is

impossible to ensure that agents and poses remain unchanged.

More recently and due to its flexibility in describing visual concepts and relative ease of use, condi-

tioning using natural language prompts (text) has become a key focus in image synthesis, as language

can be used to describe a broad spectrum of details that may not be easily conveyed through alternative

types of conditioning. However, language is also subject to variability in interpretation, which can lead

to ambiguity in the generated data. As such, while generated images can display a large amount of

diversity and richness of detail, the end results are oftentimes misaligned with the conditioning prompt.

Notable contemporary text-to-image models range from those that use a GAN backbone such as

StackGAN++ (H. Zhang et al., 2017), to transformer-based approaches such as DALLE (Ramesh

et al., 2021) and more recently, diffusion models such as Stable Diffusion (Rombach et al., 2021).

Additionally, various approaches have focused on enabling domain adaptation through fine-tuning

using small amounts of data, in comparison to the sizes of the datasets used to train the models initially,

such as DreamBooth (Ruiz et al., 2023) or LoRA (E. J. Hu et al., 2022).

Finally, methods that enable further conditioning of text-to-image models using multiple additional

modalities are highly relevant to the domain of data for autonomous driving, allowing for much finer

control over the content placement and structure of the generated images, while maintaining the

ability to control stylistic elements using natural language. A commonly used approach is ControlNet

(L. Zhang et al., 2023), which adds the ability to condition the Stable Diffusion group of models using

semantic segmentation and instance maps, depth maps, normal maps, canny edge maps or human

pose keypoints by re-using the encoder portion of Stable Diffusion’s UNet backbone as an additional
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encoder. T2I-Adapter (Mou et al., 2024) achieves comparable results, but makes use of an encoder with

a much smaller number of parameters, allowing for faster inference times. Notably, both approaches

allow multiple independent encoders to be used together in parallel at inference time: for example,

separate encoders can be trained, one for conditioning on segmentation maps and one on depth maps,

but at runtime the two can be composed to enable enhanced controllability. These approaches have

significantly narrowed the domain gap with respect to real-world data, and their ability to produce a

diverse set of image styles has made them an essential source for data augmentation.

3.4.2 3D aware synthesis and NeRF

Models that only reason in 2D are a suboptimal approach for a whole range of common operations, as

images are a lossy representation of the world since they are the result of a projection from 3D to 2D. Re-

lighting, pose or view changes or object manipulation are difficult as the depth dimension is lost. Hence,

various 3D representations have started being employed in image synthesis models to improve control.

Most 3D aware image synthesis models, which attempt to generate images that follow the

underlying 3D structure of the scene, use various inductive biases to enforce this. Architectural biases

are common, such as disentangling latent representations so that shape and appearance / texture are rep-

resented by separate latent vectors, or conditioning models on camera poses. Similarly, representation

biases control how the 3D structure is encoded internally: implicitly, where 3D information is modeled

as a continuous function such as MLPs in NeRFs, or explicitly via voxels, meshes or point clouds.

Several generative approaches explored mechanisms that rely on 3D inductive biases, such as

PlatonicGAN (Henzler et al., 2019), which learns to lift an image into a 3D volume and renders novel

views using several types of differentiable renderers, or HoloGAN (Nguyen-Phuoc et al., 2019), which

disentangles pose from object identity (shape) without any explicit 3D supervision.

In 3D reconstruction, Mildenhall et al. (2020) propose to represent a scene via a fully-connected

neural network, which takes as input a spatial location and viewing direction, and outputs a density and

an RGB-color. The neural network is queried at coordinates of points along rays corresponding to a

pinhole camera model with a known pose, and a volume renderer is used to then project all of the rays

into a final image. While they present both high-quality synthesised views and fine-detailed depth maps,

the base method is restricted to a single static scene for each trained network – since the scene is learned

in the network weights, once a NeRF model is trained on a scene it cannot generalize to a different scene

– and it is inherently slow for both training and inference. With this in mind, pixelNeRF (A. Yu et al.,



44 3.4. Data synthesis

2021) enables NeRF to share prior knowledge between scenes, by conditioning the model on spatial

image features, NeRF in the Wild (Martin-Brualla et al., 2021) tackles dynamic scenes by handling

static and transient objects separately, while iNGP (Müller et al., 2022) improves the speed of training

by relying on a multi-resolution hash table, and kiloNeRF (Reiser et al., 2021) improves the speed of

rendering new views, by discretising the scene representation across many smaller neural networks.

With a focus on data for autonomous driving, NeuRAD (Tonderski et al., 2024) tackles novel view

synthesis for scenes with dynamic actors such as vehicles and pedestrians by learning separate NeRF

representations for the static part of the scene and for the dynamic parts, while also incorporating sensor-

specific effects like rolling shutter and LiDAR beam divergence. Besides generating RGB images

and depth, it also synthesizes LiDAR returns, including intensities and ray drop probablities, and

allows manipulation of actors in the scene by changing the location of their bounding box coordinates.

In SplatAD, Hess et al. (2025) offer the same functionality but use gaussian splatting (Kerbl et al.,

2023), leading to significantly faster rendering compared to NeRF.

NeRF-based metods, along with volume rendering have also become the backbone for 3D aware

generative models, with GRAF (Schwarz et al., 2020) demonstrating consistent novel view generation

for single objects or human faces, EG3D (Chan et al., 2022) combining a StyleGAN generator (Karras

et al., 2020) with a neural renderer and a StyleGAN discriminator to generate novel views of faces

and animals, while GSN (DeVries et al., 2021) and GAUDI (Bautista et al., 2022) use a conditional or

unconditional encoder to output a 2D floorplan or tri-plane representation respectively, that is sampled

using points along rays and finally rendered into an image and a depth map using a volume renderer.

Kim et al. (2023) propose NeuralField-LDM, which is a 3-stage generative pipeline for synthesizing

photorealistic 3D scenes, where the first stage learns to lift posed images into a 3D representation, the

second stage learns to compress this representation into a set of 1D, 2D (representing a BEV) and 3D

latent embeddings, while the third stage learns to sample these embeddings, either unconditionally or

conditional on a semantic BEV. At inference time, the third stage is used to sample latent embeddings,

the second stage decodes these embeddings into a 3D representation, and the first stage uses this

3D representation to render novel views.

K. Yang et al. (2023) propose BEVControl, where sketch-style BEV layouts along with natural

language prompts are used to generate street view RGB images with multi-view consistency. The

method lifts the BEV sketch along with bounding boxes into 3D and projects it into each camera

to obtain foreground and background conditioning inputs, which are then used to generate a set of
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geometry-consistent and appearance-consistent features that are decoded into images. However, the

depth information is lost during the 2D projection step, making it harder to reason about occlusions

or scale. Similarly, BEVGen (Swerdlow et al., 2024) uses semantic BEV layouts as inputs to an

autoregressive transformer to generate multi-view images, but it relies on an implicit spatial attention

mechanism rather than on any explicit 3D representations.

MagicDRIVE (Gao et al., 2024b) uses a diffusion model conditioned on semantic BEVs, object

bounding boxes, camera pose information and natural language prompts to generate street-view

images with multi-view consistency and weather conditions. MagicDRIVE3D (Gao et al., 2024a)

builds on MagicDRIVE, splitting the street-view synthesis task into 2 steps. Firstly, by extending the

conditioning with a temporal sequence of camera poses, the method generates conditional multi-view

videos. Next, deformable gaussian splatting is used to generate a 3D reconstruction of the scene using

the generated video frames, allowing for novel-view synthesis from different camera poses.

In contrast to methods that mainly output RGB images, Nunes et al. (2025) propose 3DiSS,

which focuses on generating 3D semantic data without additionally producing or relying on images.

The method first trains a VAE to encode 3D data into latent representations, then trains a diffusion

model to sample these embeddings. At inference time, novel dense 3D scenes can be generated,

with each point being assigned a semantic class.

3.4.3 Video synthesis

The ability to generate realistic videos without the necessity of manually modeling materials, lighting,

weather conditions, scene geometry, and dynamics saves a significant amount of effort and time that

would otherwise be required for manual generation and rendering.

Similar to image synthesis, video synthesis aims to generate sequences of images (or frames),

typically representing some degree of movement within a static or dynamic scene. This requires a

high degree of correlation between consecutive frames, both in terms of stylistic consistency but also

with respect to the physical plausibility of movements and interactions between objects.

Earlier approaches such as video-to-video (T.-C. Wang et al., 2018; Mallya et al., 2020) showcased

transforming the style of existing videos, while Tulyakov et al. (2018) and Clark et al. (2019)

demonstrated video generation from scratch, although at lower resolutions and often with significant

artefacts. More recently, text-to-image model backbones have been adapted for video generation by

Blattmann et al. (2023), X. Wang et al. (2023), and Bar-Tal et al. (2024) for the case of generation from
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scratch, or M. Geyer et al. (2023) for transforming existing videos. Similarly, multi-modal conditioning

adapters such as Ctrl-Adapter (H. Lin et al., 2025) can transform sequences of conditioning frames

such as semantic segmentation into videos with good stylistical consistency, while Kondratyuk et al.

(2024) model the task of video generation as a sequence of tokens obtained from multi-modal inputs

and predicted by a large language model.

However, these methods lack explicit mechanisms for 3D understanding, relying instead on

learning plausible composition, generation, and movement from the training data, thus leading to

artifacts and temporal inconsistency in longer videos.

3.5 Adverse weather synthesis and weather effect removal

The domain of weather synthesis and removal is vast, spanning analytical models and conventional

rendering using 3D engines, data driven approaches, and physical data augmentation. Therefore,

this section highlights a limited yet relevant part of this domain, with a stronger focus on weather

synthesis, while briefly describing approaches that disentangle the effect of weather from scenes

– a topic explored further in Section 8.2.

In general, weather synthesis methods can be grouped into three categories: analytical – which

use a set of formulas to represent or approximate the physics of weather effects, data-driven – which

try to learn the distribution of data, and hybrid – which combine the previous two.

Analytical methods rely on physical principles such as light scattering or particle attenuation

models, and can offer high realism and physical accuracy. While no training or reference data

is needed, the methods are often difficult to develop and computationally intensive and may not

generalize well to all real-world variations, which may contain complex interactions. Due to this,

these approaches are less commonly used today.

On the other hand, data-driven methods aim to synthesize weather conditions by learning from

data affected by weather, and are typically framed as either a synthesis or a domain adaptation task.

Both strongly and weakly supervised approaches have been investigated, with applicability to various

weather conditions provided that adequate training data is available. However, the primary limitation of

such approaches is that, depending on formulation, physically meaningful parameters (e.g. millimeters

of rain per minute) are often difficult to control.
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Hybrid approaches typically integrate an analytical model with a data-driven approach that serves

to parameterise the analytical model, leveraging the ability to learn complex interactions or weather

patterns and the ability to retain control of physically meaningful parameters. Alternatively, a data-

driven approach can be used to provide a representation of a scene that makes reasoning about weather

effects easier, for example, lifting images into a 3D representation makes it possible to approximate

water and snow accumulation or depth-based degradation of visibility.

3.5.1 Image

A very common approach that best approximates real weather is to attempt to replicate the processes

that cause a particular type of weather within a controlled environment. Examples include the DENSE

(Bijelic et al., 2020) dataset, which provides images and associated ground-truth captured inside

a chamber where the level of illumination, fog or rain can be tightly controlled, but also datasets

proposed by Uricar et al. (2019), Qian et al. (2018), and Porav et al. (2020) which simulate weather

or soiling adherent to a camera lens. The drawback of these methods however is that they are both

resource intensive, time consuming, expensive and also cannot scale to generate very large and

diverse datasets required for training large models.

A second class of approaches makes use of analytical models of weather to augment existing

datasets or to synthesize data that follows the distribution of real world weather data. Such methods

range from simple rain streak generation as in W. Yang et al. (2017), H. Wang et al. (2021), and Trem-

blay et al. (2020), to fog generation based on a model of light transmittance as in Sakaridis et al. (2018),

Hahner et al. (2019), and Yiming Xie et al. (2024) or snow flake generation as in Y.-F. Liu et al. (2018).

Data-driven generative models have also been employed to augment existing clean images, such as

Cycle-GAN-based domain adaptation models to add rain and snow (Porav et al., 2018), conditional

image translation and a simple analytical model to add rain and rain streaks (Jeon et al., 2025) or

unpaired image translation techniques to add fog, snow or wet surfaces (Rothmeier & Huber, 2021).

3.5.2 Lidar

For the case of LiDAR weather effects, Robo3D (Kong et al., 2023) offers a framework for augmenting

existing laser data with fog, snow, or distortions while also simulating the effect of wet ground on

LiDAR attentuation. In Hahner et al. (2021), the authors implement a physically valid simulation
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for fog, while Teufel et al. (2022) explores analytical models for rain, snow and fog. In D. Yang

et al. (2024), the CARLA simulator is used to develop an analytical model for the effect of water

splashes and water spray on LiDAR returns, with the resulting augmented data used to improve

the robustness of a real-world 3D object detector. Finally, Lee et al., 2022 propose a modified

Cycle-GAN architecture in order to transform range and intensity images obtained from LiDAR

data, for adding rain and fog effects, with the results being benchmarked against a dataset of rain

and fog data collected under laboratory conditions.

3.5.3 NeRF-based

A special class of approaches is represented by models that learn to both reconstruct a scene and

simultaneously eliminate the weather effects that degrade it. In ScatterNeRF (Ramazzina et al.,

2023) and DehazeNeRF (W.-T. Chen et al., 2024) the authors use an explicit model of how fog

affects light by scattering and implictly parametrise it using an additional MLP, while in WaterNeRF

(Sethuraman et al., 2023) and SeaThruNeRF (Levy et al., 2023), additional models estimate coefficients

for backscattering and light attenuation effects. In DerainNeRF (Yunhao Li et al., 2024), a mask

indicating the location of adherent droplets is used to generate a clean reconstruction of the scene

from collections of images affected by droplets.

In ClimateNeRF (Yuan Li et al., 2023), a pre-trained NeRFs is combined with physical simulation

to render accumulated snow, smog and water flooding, while ClimateGS (Yuezhen Xie et al., 2025)

adopts a very similar approach using gaussian splatting as a replacement for NeRF, and RainyGS

(Dai et al., 2025) augments scenes with rain streaks and puddles by combining analytical methods

with a height map obtained from a gaussian splatting representation.

Although Clean-NeRF (X. Liu et al., 2023) is not specifically designed to tackle weather effects,

it makes use of a mechanism for manipulating the density peaks along rays, which can have valid

applications for weather synthesis or weather removal. The drawback of contemporary NeRF or

gaussian splatting-based methods is that they are overfit to a particular scene and cannot be applied

to a new scene without re-training. However, the same ideas used here can be repurposed to train

a more generalizable model - the final experiments proposed in Section 8.2 in this document offer

more details on how this could be achieved.
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3.6 Training and validating with synthetic data

For modular self-driving stacks which employ sequential perceptual, predictive, planning, and control

modules, a perception module will typically provide information about the state of the world, often

in the form of object bounding boxes, semantic segmentation, depth maps, occupancy grids and so

on. A more accurate understanding of the world surrounding the ego-vehicle — such as reduced

perception errors, more accurate detection of small objects, or more temporally consistent outputs –

typically results in a reduction of unsafe or overly cautious decisions taken by downstream tasks such

as planners, which consume the output of perception. The quality of the outputs of such downstream

tasks is often a direct function of the quality of perception, since no other component can provide

up-to-date information about the world, especially with respect to dynamic actors or obstacles.

Similarly, for end-to-end or pixel-to-pedal approaches, which map raw sensor inputs directly to

vehicle control signals, training on extended or more diverse datasets has the same effect of increasing

both the performance of the model and the robustness to edge cases. For example, in Goel et al.

(2024), synthetic data is used to improve two end-to-end models in terms of metrics such as route

completion, infraction, and driving score, leading to an improvement in driving performance of up

to 20% across a diverse range of weather and illumination conditions.

The work undertaken in this manuscript is part of a broader category of approaches that focus

on the generation of synthetic data for the purpose of training modular downstream tasks – such as

perception, localisation or planning - with this generated data.

Historically, throughout the stages of generative model exploration, approaches were aimed primar-

ily at enhancing image realism, visual quality, and ensuring a wide range of diversity. Subsequently,

a stronger emphasis was placed on enforcing structure and semantic control, in order to facilitate

label-consistent synthesis. For example, the auxiliary classifier GAN was built upon the classical

conditional GAN framework by incorporating a discriminator with dual purpose - to predict both the

source of the input (real or fake) and its class probability (Odena et al., 2017). As such, the generator

learned to output images that are not only visually plausible, but also comply with their semantic

constraints. Later, more advanced architectures were proposed, such as OASIS (Sushko et al., 2021),

which outputs a pixel-wise semantic segmentation map, instead of a single class label.

In the meantime, Porav et al. (2018) and Anoosheh et al. (2019) laid the groundwork for using

image synthesis as a source of training and validation data for AV downstream tasks in the context

of visual localisation under varying weather and illumination conditions, while Xu et al. (2021) and
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Teeti et al. (2022) later explored object detection. This established a new direction, as synthesized or

domain-adapted data must not only possess high visual quality but should also improve the performance

of the downstream tasks that are trained and validated on it. Bai et al. (2024) further evaluate the

difference in performance between models trained on simulation-derived data and those trained on

real data and further adapt depth estimation and odometry models to improve their effectiveness.

Goel et al. (2024) use ControlNet (L. Zhang et al., 2023) to generate Waymo (P. Sun et al., 2020)

and CARLA-derived scenes in rare conditions such as night-time or night-time rain with lens glare,

using the data to improve Mask2Former (Cheng et al., 2022) and SegFormer (E. Xie et al., 2021)

predictions. Rothmeier et al. (2024) use ChaptGPT (OpenAI, 2024) to craft 300 textual narratives

depicting driving scenes and further employ Midjourney (Midjourney, 2024) to generate images of

underrepresented weather conditions such as rain, snow and fog, obtaining 18, 000 images. After

providing labels, they fine-tune and validate FasterRCNN (Ren et al., 2015), FCOS (Tian et al., 2019),

RetinaNet (T.-Y. Lin et al., 2017) and SSD (W. Liu et al., 2016) and further show improvements in

their performance as opposed to only training on real data.

The robustness of simulator-derived data for 2D and 3D object detection is further tested by Özeren

& Bhowmick (2025), when training in 3 configurations: with real data only, with simulator-derived

data only and on a combination of both. After assessing the generalisation capabilities of detectors

by testing them on out of sample data, it is concluded that training on a combination between real

and synthetic data outperforms training on a single source alone.

An extensive study by Silva et al. (2025) explores the impact of diverse rendering parameters in

simulator-derived data on the performance of semantic segmentation models. They vary factors such

as rendering noise, color transformations and material realism in the UrbanSyn simulator (Gómez

et al., 2025) and further train DeepLabv3+ (L.-C. Chen et al., 2018) and SegFormer (E. Xie et al.,

2021) on the generated data. Experiments conducted on real-world datasets like Cityscapes (Cordts

et al., 2016), BDD100K (F. Yu et al., 2020), and Mapillary Vistas (Neuhold et al., 2017) reveal that

using simple materials leads to a drop in model accuracy, while employing suitable color transfer

methods can narrow the domain gap, increasing the model’s generalisation power, and furthermore

training on a combination of both noisy and denoised images can improve robustness.

As opposed to studies so far that have focused on improving tasks from the ego-view, MagicDRIVE

(Gao et al., 2024b) uses generated data to augment training for both a BEV segmentation and a 3D

object detection model, showing improved performance on BEVFusion (Z. Liu et al., 2023) and
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CVT (B. Zhou & Krähenbühl, 2022), while in BEVControl (K. Yang et al., 2023), the authors train

Bevformer (Z. Li et al., 2025) on synthetic data, showing improved results. Similarly, to evaluate

the quality of generated data in 3DiSS (Nunes et al., 2025), a 3D semantic segmentation model is

trained with varying mixtures of real and synthetic data, demonstrating that the inclusion of generated

data leads to significant improvements in performance.

Additionally, Klinghoffer et al. (2023) argue that variability in camera rigs resulting from diverse

sensors and mounting configurations across different vehicle platforms can lead to distribution shifts

which in turn affect the accuracy of downstream tasks. Since data collection and annotation for every

possible rig and configuration is an impractical avenue, they instead improve the performance of

downstream models such as LSS (Philion & Fidler, 2020) and CVT (B. Zhou & Krähenbühl, 2022)

using an augmented dataset generated using novel-view synthesis.

An alternative approach to training downstream tasks is to train an adapter that converts raw

sensor data into a representation that maximises the performance of downstream tasks, such as in

Porav et al. (2019) or Clement & Kelly (2017), but this category of methods also relies on diverse,

multi-modal data to train the adapter.

Finally, while all the data generated using the methods described so far can be used for training

models in a strongly-supervised fashion, data from NeuralField-LDM (Kim et al., 2023), NeuRAD

(Tonderski et al., 2024) or SplatAD (Hess et al., 2025), among others, can similarly be used for

training self-supervised tasks such as novel view synthesis, simultaneous localisation and mapping

or 3D reconstruction from 2D images.
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4.1 Contribution

This paper contributes to the field of perception for autonomous driving by addressing the challenges

introduced by adverse weather conditions, especially when multiple types of weather may be present.

The key contributions of the paper include:

1. The development of a comprehensive weather dataset that includes a diverse set of adverse

weather conditions such as night-time, rain, snow, fog and their combinations, designed to

test and improve the robustness of autonomous driving systems. Beginning with a dataset that
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includes ground-truth annotations in the form of semantic segmentation and bounding boxes, we

create 7 different weather-degraded versions. Additionally, we suggest an extension to enhance

the generated conditions by incorporating an analytical fog model from existing literature,

leading to a total of 14 adverse weather conditions, all based on a single set of ground-truth

annotations;

2. The introduction of a novel method for stacking multiple adverse weather models, allowing for

more realistic and challenging testing scenarios for the perception modules. This stacking is

advantageous as it combines data-driven model effects from individual weather conditions to

generate composite weathers;

3. The demonstration of the effectiveness of the proposed dataset and methods in terms of both

perceptual quality and also through extensive perception experiments on multiple in- and out-

of-domain real-world datasets. Our results demonstrate enhanced performance and robustness

in object detection and instance semantic segmentation when trained with multiple synthetic

weathers, in some cases leading to an increase in mean AP of more than 10 percentage points;

4. We additionally provide the resources and instructions required to reconstruct the multi-weather

dataset, which is derived from the original Cityscapes dataset (Cordts et al., 2016).

4.2 Integrated manuscript

The manuscript was published at the 2nd Autonomous Vehicle Vision (AVVision) Workshop, Inter-

national Conference on Computer Vision (ICCV) 2021, (Musat et al., 2021)
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Abstract

Autonomous vehicles make use of sensors to perceive
the world around them, with heavy reliance on vision-
based sensors such as RGB cameras. Unfortunately, since
these sensors are affected by adverse weather, perception
pipelines require extensive training on visual data under
harsh conditions in order to improve the robustness of
downstream tasks - data that is difficult and expensive to
acquire. Based on GAN and CycleGAN architectures, we
propose an overall (modular) architecture for construct-
ing datasets, which allows one to add, swap out and com-
bine components in order to generate images with diverse
weather conditions. Starting from a single dataset with
ground-truth, we generate 7 versions of the same data in
diverse weather, and propose an extension to augment the
generated conditions, thus resulting in a total of 14 adverse
weather conditions, requiring a single ground truth. We
test the quality of the generated conditions both in terms of
perceptual quality and suitability for training downstream
tasks, using real world, out-of-distribution adverse weather
extracted from various datasets. We show improvements in
both object detection and instance segmentation across all
conditions, in many cases exceeding 10 percentage points
increase in AP, and provide the materials and instructions
needed to re-construct the multi-weather dataset, based
upon the original Cityscapes dataset.

1. Introduction
Autonomous vehicles rely on a set of sensory informa-

tion in order to correctly perceive the environment and en-
sure a safe journey. Unfortunately, adverse weather and
lighting conditions can affect how the environment is per-
ceived, thus impacting the performance of downstream
tasks and, ultimately, the safety of the traffic participants.
Cameras, which are one of the most cost-effective modal-
ities in autonomous vehicles, are also among the most af-
fected by adverse weather and illumination conditions [52],
with matters made worse by the overlap with some of the
causes of LIDAR performance degradation [17].

*Oxford Robotics Institute, University of Oxford
†Autonomous Driving Group, Oxford Brookes University
‡Visual Artificial Intelligence Laboratory, Oxford Brookes University

Figure 1: Concept of weather stacking: generated weather appearance,
starting from real overcast.

Due to the increase in popularity of the autonomous driv-
ing industry, a lot of effort has been devoted to tackling
these issues. While hardware solutions are being developed
using the latest technology in order to ensure more robust-
ness to adverse weather at the data acquisition stage [5], a
large body of research focuses on improving the robustness
of downstream tasks via domain adaptation, de-noising, de-
weathering and sensor fusion, amongst others.

Unfortunately, both the aforementioned methods and
the relevant AV-related tasks (such as semantic segmenta-
tion, object detection and depth estimation) require large
training datasets, both in general and in each of the spe-
cific weather conditions the vehicle might encounter. Data
availability, however, has become a serious bottleneck due
to the cost, time and difficulty of obtaining it. To over-
come this issue, significant work has recently been directed
at the synthetic generation of weather conditions [13, 38]
and the photo-realistic style-transfer of weather appearance
[34, 33, 32, 2, 42]. For the purpose of testing downstream
tasks in the wild, datasets have been designed to include
scenes with diverse weather and the corresponding ground
truth [45, 21]. Others have attempted to provide both clear
weather and weather condition pairs for both static [10] and
dynamic scenes [33, 35].

While these approaches are commonly benchmarked in
isolation, rather than in combination, here we aim to show
that combining these techniques can yield much more visu-
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ally diverse outputs in a controlled and stackable way. In
this work, in particular, we generate augmented imagery
under 7 distinct various weather and illumination settings
starting from a single dataset with ground truth (Cityscapes
[8]), and test if the generated data is a good proxy for real
weather. We do this by using the generated data as train-
ing data in the context of autonomous driving-related down-
stream tasks. As an extension, we propose as future work
7 other conditions based on the work of [38], and further
present visual results.

The contributions of the paper are as follows:

1. We generate a number of weather conditions using a
unified generator architecture for image translation, for
both paired and unpaired settings, based on the work of
[30] and [54], which results in imagery that not only is
of increased realism and has fewer

2. We use the above-generated weather appearance as in-
put to an additional network designed to add adherent
droplets, thus resulting in a combination of more di-
verse weather appearances, again starting from only a
single dataset with paired ground truth.

3. For a more extensive evaluation, we use multiple
publicly available datasets comprising real adverse
weather for validating the suitability of the data for in-
stance segmentation and object detection, while also
evaluating the quality of the images using the Incep-
tion Score and Fréchet Inception Distance.

4. We release the relevant materials and steps
needed to recreate and use the multi-weather
Cityscapes dataset, which can be found at
https://github.com/vnmusat/multi-weather-city.
Due to licensing restrictions, the dataset itself is
distributed as a set of additive transformations that can
be applied to the original Cityscapes dataset [8].

We would like to stress the facts that the purpose of this
study is not to present an entirely novel image-to-image
translation architecture, but to demonstrate a methodology
for creating diverse data by starting from a single dataset
with paired ground truth, using cascaded image translation
models.

2. Related work
Adverse weather can affect the performance of computer

vision tasks in multiple ways: temperature and tempera-
ture variations affect the optical, electronic and mechani-
cal components used in capturing visual data, while ambi-
ent conditions affect light propagation and the appearance
of the environment [7]. For example, cold temperatures
or foggy conditions can result in condensation on the lens,
blurring the view; raindrops on the windshield can act as
a double lens or generate glares; static snow on roads may

cover the lane markings, affecting detection of driveable ar-
eas, while wet road surfaces might result in reflections and
artefacts due to water puddles, and deteriorated contrast be-
tween road features. As the success of autonomous vehicles
depends on the ability to overcome the effects of these con-
ditions, some studies have developed hardware solutions to
tackle these problems. For example, [5] studies the per-
formance of gated cameras, while [4] extends the study to
combine stereo, gated and thermal cameras with Radar and
LiDAR scanners, showing significant improvements for car
detection at various levels of fog, rain and snow. Other stud-
ies use domain adaptation to ‘change’ the weather condi-
tions as a post data-acquisition process. For example, [29]
explores the effect of generated night-time and generated
day-time rain images on road segmentation and traffic ob-
ject detection, whereas [34] shows an improvement in lo-
calisation by using generated night-time imagery and [33]
develops a de-raining model to improve semantic segmen-
tation.

2.1. Real adverse weather capture

Among the first to provide a dataset with clear and
weather-affected image pairs were the authors of [10], who
used a transparent pane to add dirt and droplets to real-
world scenery. Unfortunately, the dataset focuses only on
static scenes. In the same category fall the works of [46],
which uses 4 cameras attached to a vehicle to capture pairs
of clear and images affected by soil; [33], which uses a
stereo camera behind a bi-partite chamber with one clear
lens and one lens affected by adherent droplets; and finally,
[35] which uses a similar setup to [10], but captures outdoor
images in an indoor environment.

A related but different category is represented by efforts
to collect and annotate data in a series of target conditions
such as: night-time, rainy night, heavy snow and other vari-
ations, such as [39, 28, 45, 31, 21, 44]. Whist these pro-
vide some of the most extensive datasets so far, the data is
limited to specific road conditions in specific areas of the
world, and the data collection process is heavily influenced
by weather forecast. To facilitate the development of a truly
weather-proof system using real data would require the col-
lection of training imagery in all conditions, in all usage ar-
eas and at all times - which is a time-consuming and expen-
sive undertaking. To overcome this difficulty, efforts have
been made to provide a cost-effective and more scalable al-
ternative, such as augmented visual data that is based upon
physics models, synthesis or appearance style transfer.

2.2. Synthetic adverse weather generation

Physics-based approaches are often employed in gener-
ating synthetic weather, especially for fog and droplets. For
example, [36] proposes a pipeline that uses a stereo pair
and depth information to add synthetic fog on clear images,
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while [13] creates a purely synthetic fog dataset based on
Synscapes [49] (synthetic fog to synthetic images). Simi-
larly, [14] uses a physics simulator to add rain streaks and
fog on clear images and further tests object detection and se-
mantic segmentation on real rainy imagery, while [33] uses
a physics-based pipeline to add synthetic adherent raindrops
to clear images, and further tests a lane-marking segmenta-
tion model.

Furthermore, [1] uses a computer graphics engine to ren-
der photo-realistic in-focus and defocused raindrops, and
[22] develops a model for restoring images affected by
heavy rain. Neither, however, tests the viability of restored
images as training data, focusing instead on reconstruction
metrics. On the other hand, [23] develops a decomposition
network to split rain-affected images into a clean image and
a rain layer and further trains the model on synthetic gener-
ated rain, but only tests it on 20 real-world images.

2.3. Weather appearance transfer

Due to the recent developments in GAN [12] and Cy-
cleGAN architectures [54], an increasing body of research
has been devoted to applying these models for autonomous
driving tasks. In the case of unpaired data, the first to use
appearance transfer were the authors of [34], who trained
a model to generate images with snow and diverse illumi-
nation in order to optimise feature matching for localisa-
tion. Later research includes that of [2], which generates
day-time images from night-time images in order to im-
prove retrieval-based localisation and [53], which learns to
de-haze synthetic hazy images. The authors of [24] gener-
ate night-time images from day-time images, whereas [47]
generates the soiled counterpart of a clear image and [11]
adds synthetic fog to clear images. Similarly, [29] generates
night-time images from day-time images and shows quali-
tative results on a day-time image with adherent droplets,
while [9] is among the few papers that test semantic seg-
mentation under rainy night conditions, with the drawback
that their model requires paired data. While the aforemen-
tioned works provide multiple weather appearance pairs,
they do not combine or stack conditions, and provision of a
dataset is outside the scope of their work.

Other approaches involve direct image synthesis using
paired data, with prominent examples being [20] and [48]
which synthesize images from semantic or instance maps.
These models, however, assume that a semantic segmen-
tation ground truth exist in order to ensure higher-quality
image generation. Later extensions that aim to improve re-
alism include AdaIN [19] and SPADE [30], which propose
improved normalization techniques to encourage the inter-
mediate convolutional layers to make a better use of the in-
put data. We describe how our work derives from existing
methods in the following section.

3. Methodology
Our overall weather stacking methodology (Fig. 2) con-

sists of two stages. In the first stage, a set of N models re-
ceives as input real overcast imagery, and outputs the same
data but in N different weather styles. In the second stage,
a single model receives the generated weather images and
adds adherent raindrops.

Figure 2: Overall methodology for weather stacking. First, an image
translation CycleGAN model (trained using unpaired data) is used to cre-
ate N weather and illumination conditions from a reference real condi-
tion. Then, a second image translation GAN model (trained using paired
data) is used to apply adherent droplets to the N conditions. The current
setup is one example of such a model stack, with both models being freely
electable.

3.1. Datasets

We chose Cityscapes [8] as our source dataset, on which
we transfer weather appearance (snowy, rainy/wet, night-
time), using Oxford RobotCar [26] as a source of style for
rainy/wet and snowy and the train set of Dark Zurich [39]
for night-time appearances.

Cityscapes was chosen as it is a widely used dataset for
training downstream tasks, with high-quality instance anno-
tations and additional sources of ground-truth such as dis-
parity. Additionally, many of the methods adapted in this
work have been either trained or tested on Cityscapes or its
derivatives. The choice for a source dataset is however open
and free and should be consistent with the target applica-
tions. Since RainyScreens [35] contains imagery captured
through a transparent pane with added droplets, it makes a
good source of paired data for training a droplet generation
model. Finally, to evaluate the night and night+droplets
generated data, we extract diverse real images with adverse
weather from Mapillary [27], BDD100K [51], DAWN [21]
and ACDC [37] to cover the conditions of interest.
3.2. Models

Generative Adversarial Networks [12] are a class of gen-
erative models where a generator and a discriminator com-
pete against each other: the generator G learns to gener-
ate data from a particular distribution pdata(x), whereas the
discriminator D learns to detect which data comes from the
same distribution. The learning setting can thus be formu-
lated as a minimax game, where each of the models tries to
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minimise its own losses:

min
G

max
D

L(D,G) = Ex∼pdata(x)[logD(x)]

+ Ey∼py(y)[log(1−D(G(y)))]. (1)

The generator seeks to minimise its own loss by generating
images with high fidelity. Thus, its loss will be minimal
when the discriminator is fooled, i.e., D(G(y)) = 1. On
the other hand, the loss of the discriminator will be minimal
when it is able to correctly identify real images (D(x) = 1)
from generated images (D(G(y)) = 0).

Cycle-consistency GANs are an extension of GAN mod-
els, developed in order to allow image translation between
unpaired datasets. Training a CycleGAN involves optimiz-
ing simultaneously two generators and two discriminators,
where one generator learns the mapping function from a do-
main A to a domain B, while the other learns the mapping
from domain B to domain A. Since the supervision of the
two discriminators is not enough to ensure transfer, an ad-
ditional reconstruction loss is used in order to enforce cy-
cle consistency, by forcing the two generators to reconstruct
each other’s output back into the original domain.

We use N CycleGANs (N = 3 in our case) to
train image translation from (real, overcast, daytime) →
(fake, night), (real, overcast, daytime) → (fake, wet)
and (real, overcast, daytime) → (fake, snow), using the
official architecture [54] but with a SPADE-based generator,
as it was shown to generate images with higher fidelity due
to improved normalization layers [30].

For the paired image translation task (in this case,
applying adherent droplets to the generated conditions)
we use a pix2pix-like architecture [20, 48], again with
a SPADE-based generator [30]. As we have pairs of
clear and droplet-affected images of the Cityscapes dataset
(from the Rainyscreen dataset [35]), we employ one single
GAN to learn the (real, overcast, daytime) → (fake-
droplet, overcast, daytime) mapping, and at inference
time we run it on the N conditions generated as previously
explained.

3.3. Evaluation
3.3.1 Perceptual quality evaluation
Following image quality assessment methods as used in
[30] and [41], we evaluate the perceptual quality of the
generated styles using Fréchet Inception Distance (FID)
[18], but also Inception Score (IS) [40], both based on the
Inception-v3 network [43], and shown to be in line with
human judgements [6]. Whereas IS is computed by tak-
ing into account the predicted class probabilities of gener-
ated images via [43], the FID score analyses the last pool-
ing layer (prior to classification) and models the activations
of real and generated images as two multi-variate Gaussian
distributions, calculating the distance between the two dis-
tributions using the Fréchet distance. An image with high

Dataset O D W WD S SD N ND
BDD100K 100 37 70 68 63 12 46 14
Mapillary 65 - 99 9 385 - 20 -
DAWN - - - 200 - 204 - -
ACDC - - 400 - 400 - 400 -

Table 1: Number of images used in out-of-sample testing of Mask-RCNN

diversity and high quality would have a high IS, whereas an
image with a low FID would correlate with high quality.

3.3.2 Quantitative evaluation

The suitability of the generated images as training data for
relevant downstream tasks is extensively tested on various
real weather conditions, in terms of (i) object detection, (ii)
semantic segmentation and (iii) instance segmentation per-
formance. Due to the large number of condition-and-dataset
combinations, we chose to use and fine-tune Mask-RCNN
[15], as it performs all tasks from the same backbone, while
training relatively efficiently. We would like to stress that
our goal is not to produce state-of-the-art results, but instead
to assess the suitability of our generated training data while
keeping all other variables constant. Any other recent or
state-of-the-art model could be a substitute for MaskRCNN,
yielding potentially better results overall. Table 1 contains
a summary of the datasets, weather conditions and number
of images extracted and used for testing.

In order to evaluate the suitability of each generated con-
dition, we start with a Mask-RCNN model pre-trained on
Cityscapes real overcast images, which is then further fine-
tuned for each generated condition (7 different instances
of the same initial pre-trained model). After fine-tuning
each model, we test it out-of-sample and out-of-distribution
on the real conditions extracted previously, and note the
changes in results. Finally, to test the performance in the
case of a monolithic model instead of individual models,
we fine-tune one model on all the generated conditions at
once, and test again out-of-sample on all real conditions.

The image-translation models were trained on images
that have been resized to 512×1024 and randomly cropped
to 512 × 512. In this way we enforce a uniform standard
across all analyses and ensure that the ground truth is pro-
cessed to reflect the changes.

We use the Detectron2 [50] implementation of Mask-
RCNN with a ResNet+FPN backbone [16, 25]), which out-
puts both predicted masks and bounding boxes. We start
with the official pre-trained model on ImageNet, COCO and
Cityscapes for instance segmentation and bounding box de-
tection.

We report our results in terms of mean Average Precision
(AP), AP@50 and AP@751, for Object detection, Semantic
segmentation and Instance segmentation, depending on the
ground truth availability of the test dataset.

1AP at IoU=.50/IoU=.75, where only candidates with an area at least
50%/70% compared to GT area are considered.
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4. Results
4.1. Qualitative results

Using the IS and FID metrics described in section 3.3.1,
the results are reported in Table 2. The Inception Score
is provided as a means for performing a rough comparison
with other approaches, but needs to be used carefully when
comparing models, as outlined in [3]. On the other hand
the FID score may be used to check the degree of alignment
(how similar the conditions or their distributions might be)
between datasets or conditions, and in our case has a sur-
prising amount of correlation with the Quantitative results
reported in Table 3, under ”Improvement on individual fine-
tuned models”. Cityscapes’ synthetic conditions that have a
comparatively lower (better) FID score with respect to BDD
(such as wet, snow and night) also perform much better on
their corresponding BDD conditions, with the ranking pre-
dicted by the FID score being a good indicator of object de-
tection and instance segmentation performance across vari-
ous conditions.
Dataset IS FID
Real overcast (O) 3.75 69.74
Fake droplets on real overcast (D) 4.04 124.66
Fake wet (W) 4.13 87.10
Fake droplets on fake wet (WD) 3.21 182.24
Fake snow (S) 4.12 116.40
Fake droplets on fake snow (SD) 3.72 227.00
Fake night (N) 3.27 86.56
Fake droplets on fake night (ND) 3.45 152.48

Table 2: Qualitative results for Inception Score and Fréchet Inception Dis-
tance. FID is computed wrt. the selected BDD100K train set.

4.2. Quantitative results

We split our quantitative analysis into four parts: testing
against the BDD, Mapillary, DAWN and ACDC datasets,
respectively. We would like to point out that all our testing,
except for the initial baseline, is done on out-of-distribution
data in order to strengthen the validity of the results and to
act as a better proxy for real world performance.

4.2.1 BDD
Table 3 shows our results on various conditions extracted
from the BDD dataset. We begin by benchmarking the per-
formance of the model fine-tuned on half-resolution, center-
cropped Cityscapes overcast images against the Cityscapes
validation set, in order to establish a baseline (1st row).

First, we note that the performance is slightly lower that
the official baseline in [50] due to the use of half-resolution
images. We then assess the loss of performance due to do-
main shift by testing the same model on BDD real overcast
imagery. We note that the drop in performance is less pro-
nounced for Object detection as compared to Instance seg-
mentation, but still significant. After establishing these two
overcast baselines, we then assess the performance of the
model (fine-tuned on overcast images) on the 7 representa-
tive conditions extracted from BDD, establishing our condi-
tion baselines. We notice particularly low performance for

real droplets on real night and unusually high performance
for real droplets on real snow. This is potentially due to the
low number of samples used for these two conditions (see
Table 1), and should be assessed with care.

We then test models trained on the 7 individual synthetic
Cityscapes conditions on their respective BDD conditions.
On first analysis, the mixed results (potentially discount-
ing the two aforementioned conditions with low number of
samples) might be surprising, with fake night and fake wet
showing large increases, fake snow and fake droplets on fake
wet remaining largely the same, and fake droplets on real
overcast showing much lower performance. However, the
FID scores in Table 2 may contain an indication for this
behavior: we notice that fake night and fake wet have rela-
tively good (low) FID scores, appearing to be aligned with
their respective BDD conditions, while the other 5 condi-
tions seem much more unaligned with their respective BDD
conditions.

We analyze this claim in the next block of rows, where
we show results for testing a model trained on all the
Cityscapes conditions against the individual BDD condi-
tions. Because the model now has to learn to generalise
across a much wider set of distributions of conditions in-
stead of only one potentially misaligned distribution, we
would expect to see significant gains against both the re-
sults on individual models and against the baselines. And
indeed, we observe gains across all conditions, with large
improvements (discounting the two conditions with reduced
samples) for fake droplets on real overcast, fake night, fake
snow, fake wet and fake droplets on fake wet. Additionally,
we test this model on the Cityscapes overcast validation set
and show that it outperforms the original baseline, by up to
3.3 percentage points.

4.2.2 Mapillary, DAWN and ACDC
To make up for the reduced number of samples for cer-
tain conditions in BDD, we also test on conditions extracted
from the Mappillary dataset, with results presented in Table
4. We follow the same procedure as for BDD, establishing
baselines, observing mixed results for individual models,
and finally obtaining significant increases for all conditions
when using the model trained on all synthetic Cityscapes
conditions (for example an almost 11 percentage points in-
crease in AP@50 when testing on snow). The DAWN [21]
dataset contains examples of harsh weather conditions, and
specifically covers real droplets with snow (which was un-
derrepresented in BDD) and real droplets with wet. Our
results are reported in Table 5. Again, we begin by es-
tablishing baselines for the model trained on overcast data.
We then obtain mixed results for the individually trained
models, with fake droplets on fake wet improving consid-
erably. Finally, we show significant improvements on both
conditions when using the model trained on all synthetic
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(a) real overcast (b) fake snow (c) fake rain/wet (d) fake night

(e) fake droplets (real overcast) (f) fake droplets (fake snow) (g) fake droplets (fake rain/wet) (h) fake droplets (fake night)

Figure 3: Generated conditions

(a) drop(real) (b) fog(wet(real)) (c) fog(snow(real)) (d) fog(night(real))

(e) fog(drop(real)) (f) fog(drop(wet(real))) (g) fog(drop(snow(real))) (h) fog(drop(night(real)))

Figure 4: Extension: fog applied on generated conditions, with a fog coefficient of 0.01

Cityscapes conditions, with fake droplets on fake wet gain-
ing more than 10 percentage points over the real overcast
baseline, and fake droplets on fake snow more than 6 per-
centage points.

The ACDC dataset [37] contains examples of night,
snow and wet conditions with semantic segmentation

ground truth. We report results in Table 6. Similarly to pre-
vious experiments, we observe mixed results for individual
models and an increase in performance across the board for
the monolithic model, reinforcing the trend observed in pre-
vious experiments.
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Description Fine-tune set
Cityscapes

Test condition Object detection Instance segmentation
AP AP@50 AP@75 AP AP@50 AP@75

Domain shift to
BDD

Real O train City real O val 31.83 52.73 30.77 27.14 48.15 24.95
Real O train BDD O 29.22 51.92 25.28 20.99 37.52 19.32

Weather
baselines

Real O train BDD D 26.00 47.82 16.06 19.57 43.12 7.49
Real O train BDD N 20.60 29.90 23.67 15.11 27.69 21.50
Real O train BDD ND 7.75 19.12 3.61 4.02 14.74 1.23
Real O train BDD S 24.95 40.40 27.08 20.50 34.37 19.48
Real O train BDD SD 39.38 57.60 51.67 37.40 52.02 45.98
Real O train BDD W 22.09 39.99 20.95 16.58 34.54 15.55
Real O train BDD WD 17.57 37.65 17.04 13.76 32.10 10.99

Results on
individual
fine-tuned
models

Synth D train BDD D 21.03 35.92 22.97 15.86 32.51 8.88
Synth N train BDD N 26.45 36.48 25.82 22.03 33.56 22.70
Synth ND train BDD ND 16.86 34.21 9.48 8.35 22.41 3.07
Synth S train BDD S 25.07 42.62 26.46 17.33 27.35 19.40
Synth SD train BDD SD 8.77 15.68 9.66 4.44 8.05 3.58
Synth W train BDD W 25.12 43.30 25.35 18.73 37.13 17.52
Synth WD train BDD WD 17.10 35.64 15.91 15.22 30.26 9.13

Results on
all-weathers
fine-tuned
models

Synth all train BDD D 31.46 52.71 42.89 21.43 48.13 13.01
Synth all train BDD N 26.73 46.08 32.75 25.43 42.48 24.09
Synth all train BDD ND 26.27 45.32 26.78 13.66 38.36 4.63
Synth all train BDD S 36.59 62.38 33.28 28.29 56.72 28.50
Synth all train BDD SD 36.33 49.62 44.47 29.88 43.65 36.40
Synth all train BDD W 35.13 58.62 35.14 28.94 52.37 27.45
Synth all train BDD WD 23.98 49.39 23.56 24.88 42.54 30.06

Re-test Synth all train City real O val 35.18 56.42 35.37 25.68 44.63 24.66

Table 3: Object detection and instance segmentation results on BDD conditions

Description Fine-tune set
Cityscapes

Test condition Object detection Instance segmentation
AP AP@50 AP@75 AP AP@50 AP@75

Domain shift to
Mapillary

Real O train City real O val 31.83 52.73 30.77 27.14 48.15 24.95
Real O train Mapillary O 24.02 38.44 25.48 20.20 35.49 19.05

Weather baselines
Real O train Mapillary N 10.40 19.08 11.07 7.85 19.34 6.52
Real O train Mapillary S 11.12 18.18 11.17 10.51 16.91 11.14
Real O train Mapillary W 17.67 29.03 17.64 15.06 29.11 13.07
Real O train Mapillary WD 12.90 17.94 14.37 13.90 27.13 13.98

Results on individual
fine tuned models

Synth N train Mapillary N 8.44 17.34 6.55 6.15 11.66 5.74
Synth S train Mapillary S 7.75 12.27 8.59 7.04 11.51 7.09
Synth W train Mapillary W 16.09 27.78 15.54 15.10 26.24 15.04
Synth WD train Mapillary WD 13.16 19.96 12.95 15.18 29.53 16.89

Results on
all-weathers fine
tuned models

Synth all train Mapillary N 11.14 19.94 9.11 9.80 16.62 10.25
Synth all train Mapillary S 13.69 23.22 13.28 13.22 21.10 14.40
Synth all train Mapillary W 18.22 30.89 18.69 16.80 32.41 12.73
Synth all train Mapillary WD 16.52 25.60 15.04 17.12 23.73 18.64

Table 4: Object detection and instance segmentation results on Mapillary conditions

Description Fine-tune set
Cityscapes

Test condi-
tion

AP AP
@50

AP
@75

Weather
baselines

Real O train set DAWN SD 9.27 25.19 6.84
Real O train set DAWN WD 10.39 18.24 11.11

Results on
individual
fine tuned
models

Synth SD train
set

DAWN SD 8.13 16.04 7.74

Synth WD train
set

DAWN WD 14.49 24.96 15.76

Results on
all-weathers
fine tuned
models

Synth all train
set

DAWN SD 16.55 37.21 14.46

Synth all train
set

DAWN WD 21.20 39.19 21.62

Table 5: Object detection results on DAWN conditions

5. Conclusions and proposed work
In this work we propose a modular architecture aimed

to unlock diverse and stackable weather conditions with the
purpose of weather appearance synthesis for improving per-
ception downstream tasks. We generate 7 different weather
styles starting from a single dataset with ground truth and
show significant improvements in AP in both object detec-

Description Fine-tune set
Cityscapes

Test con-
dition

AP AP
@50

AP
@75

Weather
baselines

Real O train set ACDC N 1.63 4.68 1.12
Real O train set ACDC S 9.29 20.96 6.31
Real O train set ACDC W 10.60 21.74 8.04

Results on
individual fine
tuned models

Synth N train set ACDC N 3.03 8.24 1.81
Synth S train set ACDC S 5.95 14.15 4.32
Synth W train set ACDC W 9.76 20.16 7.22

Results on
all-weathers fine
tuned models

Synth all train set ACDC N 3.95 10.51 2.10
Synth all train set ACDC S 12.07 27.09 9.41
Synth all train set ACDC W 11.69 25.48 8.10

Table 6: Semantic segmentation results on ACDC conditions

tion and instance segmentation, in many cases exceeding
10 percentage points increase in AP. Due to the difficulty of
finding aligned real-world conditions with existing ground
truth from available datasets, we also train a monolithic
model and show significant improvements not only over the
weather baselines, but also over the original real overcast
Cityscapes baseline. Finally, we publish instructions to re-
construct the dataset. As future work, we propose an ex-
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(a) Percentage points improvements in AP for Object detection, evaluated on BDD
weather conditions

(b) Percentage points improvements in AP for Instance segmentation, evaluated on
BDD weather conditions

(c) Percentage points improvements in AP for Object detection, evaluated on Mapil-
lary weather conditions

(d) Percentage points improvements in AP for Instance segmentation, evaluated on
Mapillary weather conditions

Figure 5: Due to misalignment between the train conditions and test conditions, models trained on individual conditions only may exhibit loss of perfor-
mance (Blue). However, training the model on all weathers leads to large improvements in performance across all conditions, compared to the baseline
model trained on the original Cityscapes overcast imagery.

(a) Percentage points improvements in AP for Semantic segmentation, evaluated on
ACDC weather conditions

(b) Percentage points improvements in AP for Object detection, evaluated on DAWN
weather conditions

Figure 6: Reinforcing the trend observed in previous experiments, we observe that models trained with all conditions perform significantly better than either
the baselines or models trained with individual conditions.

tension to our current overall methodology based on Foggy
Cityscapes [38], which applies synthetic fog on real images
with good weather conditions. Since their fog pipeline is
based on stereo pairs from Cityscapes, we are able to use
the authors’ provided demo in order to add synthetic fog to
our generated weathers. While quantitative analysis of the
extended foggy conditions is out of the scope of this paper,
we present visual results in Fig.4.
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66 4.3. Further insights

4.3 Further insights

Table 2 from the integrated manuscript, which presents qualitative results in terms of both IS and FID

scores, has a good degree of correlation with the quantitative results presented in Table 3, but also a

considerable amount of fluctuation in the FID scores, especially for fake droplets on fake snow. This

is possibly due to the addition of droplets, which could introduce a large domain gap with respect

to the BDD100K dataset (F. Yu et al., 2020), which contains examples of images with droplets but

which may not be well aligned with the style of droplets found in the RainyScreens (Porav et al., 2020)

dataset. This is evident in Table 3 concerning individual fine-tuned models, where performance with

respect to baselines is degraded for some conditions, which might again highlight a degree of domain

misalignment. However, for monolithic models trained on all synthetic weather conditions at the same

time, performance is almost always improved compared to baselines, across all datasets, sometimes

by a large amount. This could indicate that even in the absence of a robust mechanism for aligning

domains, training on data with increased diversity results in an improvement compared to baselines.

The models employed in Multi-weather city to perform domain adaptation and image translation

were based on GANs, with a SPADE (Park et al., 2019) backbone, and the state-of-the-art has

progressed significantly ever since, having largely switched over to latent diffusion models. Both the

paired and unpaired image translation tasks can be easily improved using approaches such as ControlNet

(L. Zhang et al., 2023), which extends latent diffusion models with extra conditioning, or CycleGAN-

Turbo (Parmar et al., 2024), which uses latent diffusion models in a cycle-consistent configuration.

More recently, various 3D-based methods have emerged to enhance synthetic data by incorporating

weather effects. ClimateNeRF (Yuan Li et al., 2023) integrates 3D reconstruction with analytical

methods and neural stylisation, where a NeRF model first learns a representation of the scene

parametrised by densities and color estimates. Then, various heuristics - one for each weather

type - are used to modify the densities and colors, with the resulting image being obtained using

the typical NeRF volume rendering approach. Neural stylisation (Yijun Li et al., 2018) is used

to further change the style of images, with the underlying NeRF model being subsequently fine-

tuned on the updated images to improve multi-view consistency. ClimateGS (Yuezhen Xie et al.,

2025) adopts a very similar approach using gaussian splatting instead of NeRF, while RainyGS (Dai

et al., 2025) explores rain streaks and puddles by combining analytical methods with a height map

derived from a gaussian splatting representation.
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These subsequent approaches highlight that working solely in a 2D image space without any

understanding of weather placement guided by the 3D geometry of the scene is suboptimal, and methods

that incorporate 3D information are more suitable for this endeavor. However, the disadvantage of many

such models is that they rely on heuristics that are specifically tailored to each weather type. Further-

more, when tackling multiple types of weather conditions, a data-driven mechanism is more appropriate

as it offers flexibility, especially when dealing with weather combinations where multiple heuristics-

based components would need to be combined. As such, future work is proposed in Section 8.2.
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5.1 Contribution

Domain adaptation approaches such as Multi-weather city (Musat et al., 2021) commonly leverage an

existing dataset of real-world annotated data to generate more data. While this is a powerful approach,

the initial real-world dataset may not contain the necessary placement and co-occurence of class

objects to ensure adequate data coverage. At the time of publication, the field of image synthesis

had emerged as a possible solution to this, with GANs demonstrating good results, however, they

were still suffering from either a domain gap, or a difficulty in controlling the style of the individual

objects or scenes in synthesized images. Both of these issues can be alleviated by making use of

existing real-world data: while data on hand may not contain the required co-occurence of classes,
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it can be decomposed into its constituent semantic parts and re-combined to generate novel scenes

with the desired elements. Additionally, this approach also enhances photo-realism as it leverages

already-captured components. As such, this paper contributes to the field of perception for autonomous

driving by enabling scene composition using an approach for synthesizing pairs of images, dense depth

and semantic segmentation maps. The key contributions of the paper include:

1. A semi-parametric model that combines the advantages of both parametric and non-parametric

methods for image and depth synthesis. Components (blobs) obtained from real-world data have a

low domain gap, but re-combining them into a novel scene is a difficult task, requiring inpainting

and image harmonisation. The method includes an updated model for image harmonisation that

retains as much of the original blobs as possible, and also a novel scheme for retrieving candidate

blobs based on Hu moments (M.-K. Hu, 1962), thus avoiding expensive pair-wise comparisons;

2. Besides images, the method also produces a corresponding depth map, conditional on an initial

sparse depth map but following the structure of the blobs contained in the newly synthesized

image. This extends the applicability to training and validating depth prediction models as well;

3. While the synthesis process is conditioned on an initial semantic segmentation map, the resulting

image and depth maps are constructed from blobs that may not perfectly match the shapes

indicated by the segmentation map. To address this, the method also outputs an updated semantic

segmentation map that matches the synthesized result;

4. Experiments demonstrating the effectiveness of the proposed method, both in terms of perceptual

quality metrics such as FID, but also in terms of alignment with the conditioning semantic

segmentation data. Additionally, the data is used to train both a semantic segmentation and

a depth completion downstream task to measure its effectiveness as training data. At the

time of publication, Depth-SIMS outperformed existing state-of-the-art methods, matching the

perceptual quality of the best performing previous method but surpassing it by 3.7 percentage

points in terms of alignment to the conditioning semantic map.

5.2 Integrated manuscript

The manuscript was published at the International Conference on Robotics and Automation (ICRA)

2022, (Musat et al., 2022)
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Abstract— In this paper we present a compositing image
synthesis method that generates RGB canvases with well aligned
segmentation maps and sparse depth maps, coupled with an in-
painting network that transforms the RGB canvases into high
quality RGB images and the sparse depth maps into pixel-
wise dense depth maps. We benchmark our method in terms
of structural alignment and image quality, showing an increase
in mIoU over SOTA by 3.7 percentage points and a highly
competitive FID. Furthermore, we analyse the quality of the
generated data as training data for semantic segmentation and
depth completion, and show that our approach is more suited
for this purpose than other methods.

I. INTRODUCTION

Vision for autonomous driving has come a long way due to

the availability of high-quality datasets with manual ground-

truth (GT) annotations [1]–[3]. Still, providing GT annotation

for real datasets is cumbersome, expensive and slow, espe-

cially at pixel-level. To overcome this bottleneck, several

methods have emerged, enabled by the rapid development

of deep-learning, two of which have received significant

attention - domain adaptation and image synthesis.

While domain adaptation seeks to adapt data from a source

domain to resemble the characteristics of a target domain

(in particular day-to-night and sim-to-real appearance style

transfer), image synthesis aims to generate data from abstract

representations instead, such as semantic segmentation or

latent embeddings. In the context of image synthesis, end-to-

end parametric approaches involving Generative Adversarial

Networks (GANs) have been particularly successful at re-

producing the spatial structure of segmentation layouts, thus

scoring high on metrics such as mean Intersection over Union

(mIoU). On the other hand, semi-parametric approaches that

combine both compositing-based and learned methods [4],

achieve state-of-the-art (SOTA) results in terms of perceptual

image quality, as measured by the Frechét Inception Distance

(FID).

In this paper, we look at two strong and well-known

examples of the above methods in the context of training data

synthesis. We investigate the effect of perceptual image qual-

ity and structural alignment (measured via FID and mIoU

respectively) of the synthesised images on the performance

of semantic segmentation and depth completion. In doing

so, we propose a set of improvements to a compositing

framework derived from SIMS [4], yielding SOTA results

in terms structural alignment of the synthesised images with

their GT, highly-competitive results in terms of perceptual

quality, as well as surpassing previous methods in terms of

1Corresponding author. ∗Equal contribution. Thanks to the Assuring
Autonomy International Programme, a partnership between Lloyd’s Register
Foundation and the University of York, as well as EPSRC Programme Grant
“From Sensing to Collaboration” (EP/V000748/1).

(a) Input segmentation (b) In-painted RGB canvas

(c) Output segmentation (d) Synthesised depth

Fig. 1: Depth-SIMS produces in-painted RGB canvasses alongside
synthesised dense depth maps.

performance on downstream tasks trained with the gener-

ated data. Moreover, since our synthesised images are well

aligned with their segmentation maps, we extend the model

to also synthesise dense depth from sparse depth information,

such that datasets with LiDAR information can be leveraged.

II. OVERVIEW AND CONTRIBUTIONS

Our main contribution is a reformulation of the SIMS

[4] compositing framework, for the purpose of generating

well-aligned RGB images with complementary dense depth

(Fig. 2). Therefore, our model enhances SIMS [4] by: 1) pro-

ducing GT segmentation maps which are better aligned with

the RGB image; 2) synthesizing dense depth from sparse

depth alongside RGB images; 3) using Hu moments as blob

descriptors instead of pair-wise Intersection over Union (IoU)

comparisons, in order to speed up blob retrieval. As our goal

is to build a simple and general framework with minimal

handcrafted heuristics, we opt for a simple ordering of object

blobs instead of the more complex ordering network that is

employed in [4].

Our work is accompanied by an application of the gen-

erated data and GT to train semantic segmentation and

monocular depth completion tasks.

III. RELATED WORK

Image synthesis On one side of the image generation

spectrum lies the image compositing process, through which

a foreground image or object blob is overlaid on top of a

background image or blank canvas. Although this method

is straight-forward and maintains object realism, it often

results in artefacts due to differences in appearance of objects

coming from different sources (i.e. lighting, shading), or

differences in object poses that lead to geometric inconsisten-

cies. To solve these drawbacks, [6] presents a classic method

2022 IEEE International Conference on Robotics and Automation (ICRA)
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Fig. 2: GAN-based in-painting of RGB canvas holes and densification of sparse canvas depth maps; the blue area indicates the processes
active at inference time, while the purple area shows the components used for the training procedure. We use a generator based on
SPADE [5] to produce in-painted RGB images, IRGB , as well as a dense depth map by giving it access to an RGB canvas, hole-and-
boundary map, the semantic canvas, the edges of blob instances and finally sparse depth maps and masks – which are shown and described
further in Sec. IV-B and Fig. 3.

of pixel-value interpolation while later, [7] proposes an end-

to-end image harmonisation architecture based on CNNs.

On the opposite side, lies end-to-end image synthesis,

which has been enabled by the rapid advancement of

GANs [8]. Initially unconditional and further conditional

on latent representations, segmentation information and style

encodings, GANs have been successfully applied to image-

to-image translation and manipulation, with impressive qual-

itative results [5], [9]–[12]. One of the most common ar-

chitectures is pix2pixHD [11] which allows photo-realistic

synthesis of 2048 × 1024 images based on semantic maps,

and enables changing of label classes in order to create

new scenes. The architecture is further improved in terms of

image quality by introducing techniques such as spatially-

adaptive normalisation layers [5], segmenting discriminators

and 3D-noise sampling to ensure multi-modality [12]. Al-

though GANs are trained to match the distribution of natural

images, the realism is still not ideal as the images contain

artefacts or lack physical correctness, thus their applicability

in robotic downstream tasks is limited.

A different approach to improve robotic tasks makes use

of simulators. As a result of the improvements in specialised

software and hardware for Computer Graphics (CG), a

number of simulators such as GTA [13], Carla [14], Airsim

[15], and Synthia [16] have been employed to simulate data

from different modalities. While this approach offers access

to virtually unlimited data, the process is tedious since it

requires creation of environments, assets and scenarios, as

well as careful control of parameters. Most disadvantageous,

however, is the sim-to-real domain gap, making simulators

less than ideal for data generation.

To this end, semi-parametric approaches combine the

advantages of model-based and data-driven approaches by

taking advantage of the existing data to enforce realism in

appearance, and the situational diversity and controllability

of simulation. In the context of 2D images, [17] employs

two generative models that learn the shape of an object and

a plausible, context-aware location in the segmentation map.

For videos, GeoSim [18] performs geometry-aware image

composition in which new urban scenarios are synthesised

by adding dynamic objects (from a pre-built asset bank) on

top of existing images, and further blending them in.

In-painting and Harmonization Although image composit-

ing is a powerful synthetic data generation tool, the com-

posed canvases are generally affected by missing regions or

rough edges. To this end, image editing tasks such as image

in-painting and completion have been used to fill in holes

and smooth edges in a perceptually pleasing manner. For

example, the architecture in EdgeConnect [19] successfully

fills in missing regions with fine details, using two modules:

a generator that first hallucinates missing edges of objects

in the image, and a subsequent generator that fills in pixel

values based on the output from the edge network.

In an autonomous-driving context, [20] makes use of depth

information in order to guide a video in-painting task. The

authors build a 3D map of frame-wise point clouds which are

then projected onto frames, to generate a dense depth map

that is further used to sample pixel colors. When removing

a dynamic object from the scene, the area is then in-painted

using pixel colors from adjacent frames. In contrast, [18]

adds dynamic images on top of videos and further smooth

the canvas using an in-painting GAN [21].

Depth estimation Geometry-based methods include Struc-

ture from Motion (SfM) where a sequence of 2D images

is used to estimate 3D structures via feature matching.

This approach is heavily reliant on feature matches which

themselves rely on high quality image sequences [22]. On the

other hand, stereo vision matching requires two viewpoints

of the same scene to estimate the 3D structure via disparity

maps. Both approaches include either image pairs or image

sequences and are thus not applicable for our current setup

where we compose a canvas from a single viewpoint.

Sensor-based methods (RGB-D cameras, LiDAR) are ca-

pable of retrieving pixel-level depth information but have

a limited range and are affected by weather conditions,

whereas monocular camera depth estimation has become

2389

Authorized licensed use limited to: Bodleian Libraries of the University of Oxford. Downloaded on May 02,2024 at 14:14:02 UTC from IEEE Xplore.  Restrictions apply. 



(a) Guide semantic layout Sguide (b) RGB w/ holes CRGB (c) Semantic w/ hole Saligned (d) Semantic w/out hole Saligned

(e) Hole-and-boundary map H
∗ (f) Guiding depth D

∗

guide (g) Sparse depth mask M
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Fig. 3: An overview of our canvasing procedure, described in more detail in Sec. IV-B. The semantic layout Sguide, shown in (a) is used
to guide the retrieval and placement of blobs onto the RGB canvas CRGB , shown in (b). The associated semantic footprints of the blobs
are simultaneously pasted onto a corresponding semantic canvas Saligned, shown in (c), which is further corrected by repairing holes due
to mismatched target and original shapes, shown in (d). The missing areas in CRGB are reflected in a hole-and-boundary map in (e),
which is used to guide the in-painting network later on. The guiding depth in (f) (which corresponds to Sguide) is corrected by checking
the consistency in class contents between Saligned and Sguide. Based on valid depth locations and a sampling probability, a sparse depth
mask (shown in (g)) is created, based on which Dguide is sparsified, resulting in an aligned sparse depth map, shown in (h).

more popular due to lower weight and cost requirements.

Finally, due to the rapid advancement of deep learn-

ing, CNN-based methods have dramatically improved the

accuracy of monocular depth estimation [23]–[26]. SOTA

architectures such as PENet [27] make use of both image

and sparse depth information in a two-branch approach. One

branch is designed to exploit color information from the

image and sparse depth via an encoder-decoder network with

skip connections, while a second depth-dominant branch is

designed to output dense depth from a sparse depth map and

color information that is processed by the color-dominant

branch.

IV. METHODOLOGY

We aim to synthesise an image and its corresponding

pixel-wise segmentation and dense depth map, from initial

guiding semantic layout and sparse depth, and a database of

objects. The process is split into four steps: 1) the creation of

an object blob database from a source set, 2) a canvasing step

in which a series of compositing rules are used to position

objects retrieved from the database onto a blank image canvas

and a corresponding segmentation canvas, based on a guiding

segmentation layout, 3) a sparse depth map composition step,

where any existing depth cues are used to create a sparse

depth map that corresponds to the newly created image

canvas, 4) an in-painting step in which the image canvas

is harmonised and the sparse depth map is densified. A

graphical representation of the system can be found in Fig. 2.

A. Object blob database

Let N be an image dataset where for each image Ii ∈ N ,

object instances have been labelled through segmentation

and instance masks Si and classified as one of L classes.

Our first objective is to decompose N into a dataset B of

object blobs, where each class of objects is stored separately.

More specifically, for each blob bj in each image and

segmentation pair (Ii, Si) ∈ Ntrain from the train set,

we extract its corresponding binary mask mj and label lj ;

where bj ∈ R
hj×wj×3, mj ∈ {0, 1}

hj×wj×1
and lj ∈ L,

where hj×wj represent the dimension of the tight bounding

rectangle inscribing the blob. Empirically, we ignore object

blobs whose areas are smaller than 1000 pixels, and prefer

larger, high-quality blobs that can then be resized. For object

classes lacking instance segmentation, we attempt to obtain

them by performing connected components [28].
Alongside each blob bj , mask mj , and label lj from

image Ii, we store its corresponding shape descriptor qj . The

original framework of [4] uses mIoU as a metric for blob

matching however, this is difficult to scale to large numbers

of blobs as any retrieval requires pair-wise comparisons

over the entire dataset that belong to a particular class. To

overcome this limitation, we use Hu moments [29] shape

descriptors, which – beyond being invariant to translation,

scale, rotation, and reflections – can be easily stored in a

database and quickly compared, allowing faster retrieval.
To keep our assessment in line with previous works, we

focus on the Cityscapes [2] dataset as a source of object

blobs. However, any other dataset which provides instance

segmentation can be used.

B. Canvasing

Elements of our canvasing procedure are shown in Fig. 3.

In this second stage we compose both an image canvas

CRGB ∈ R
w×h×3 based on a guiding semantic layout

Sguide, and a corresponding segmentation map Saligned ∈
R

w×h×1 that is aligned to CRGB .
The canvases CRGB and Saligned are composed starting

from blank canvases onto which objects from database B

and their masks are pasted. Based on a guiding semantic

layout Sguide that the compositing should follow, we retrieve

blobs that have a similar shape to that of the object’s foot-

prints from the guiding segmentation layout Sguide. More

specifically, for a segmentation map Si
guide ∈ Nval from the

validation set, shown in Fig. 3(a), for each instance label with

corresponding mask (lj ,mj) ∈ Si
guide, we compute a Hu

moments shape descriptor and use it to find the closest blob

bj ∈ B and paste it on the canvas CRGB , shown in Fig. 3(b).

Similarly, we paste the mask of the blob bj onto the semantic
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canvas Saligned, shown in Fig. 3(c). Due to invariance to

reflection of the shape descriptor based on Hu moments, we

test the suitability of both orientations of the retrieved blob

by flipping it horizontally and comparing the IoUs with the

target footprint. Vertical flipping can also be used, but for

most classes it is not applicable. As a general rule, we first

place sky, buildings, road and pavement blobs, followed by

the rest of the static objects and finally, the dynamic ones.

As there is often a mismatch between the target and

original shapes, the RGB canvas CRGB and the semantic

canvas Saligned may contain holes. The RGB canvas holes

will be in-painted by the in-painting model in a subsequent

step using a hole-and-boundary map described below. The

semantic canvas holes are repaired using a simple strategy:

1) For any holes that correspond to static classes in the

original guiding semantic map Si
guide, we simply copy

over the semantic information from Si
guide;

2) For any remaining holes that do not correspond to static

classes in the original guiding semantic map Si
guide, we

create a copy of the semantic canvas S
copy
aligned, dilate the

static class footprints in this copy until no more holes

exist, and finally transfer information corresponding to

the location of the initial holes into Saligned.

This strategy allows us to keep blobs corresponding to

dynamic classes unmodified, but also assumes that static

classes (road, sky, pavement, vegetation etc) are mainly

texture-based and can be easily in-painted by the in-painting

model. An example of the results of the hole-filling strategy

can be seen in Fig. 3(d).

Finally, a hole-and-boundary map H (Fig. 3(e)) that en-

codes the location of any remaining holes in the RGB canvas

along with the boundaries of all pasted blobs will be used

as guide in the in-painting phase.

C. Sparse depth

In the third stage, we optionally create a sparse depth map.

For a guiding semantic layout Sguide that has an available

depth map Dguide (in Fig. 3(f)), we can also create a sparse

depth map D
sparse
aligned that corresponds to the newly generated

RGB canvas CRGB and its segmentation map Saligned, as

shown in Fig. 3(g).

In order to produce the sparse depth map D
sparse
aligned, we first

compute the intersection between the original segmentation

guiding layout Sguide and the segmentation map of the RGB

canvas Saligned, yielding a validity mask Mvalid
depth, with the

assumption being that only points from Saligned that have

kept the same class as in Sguide are valid as a source of depth

information. We then sample locations from the validity

mask Mvalid
depth, and produce a sparse depth map D

sparse
aligned with

depth information taken from the depth map Dguide of the

guiding semantic layout Saligned. The choice of a sparse

depth map implies that both dense and sparse sources of

depth (e.g. LIDAR) can thus be used with our method.

D. Image in-painting and depth synthesis

In the fourth and final stage we train a GAN-based in-

painter to both synthesise a final RGB image by in-painting

holes in the RGB canvas CRGB and to densify the associated

sparse depth map D
sparse
aligned. For this, we choose SOTA

components for the pipeline, such as a SPADE-based in-

painting generator [5], and a segmenting discriminator based

on OASIS [12]. The overall architecture is shown in Fig. 2.

The in-painting generator takes as input the RGB canvas

CRGB , hole-and-boundary map H , semantic canvas Saligned,

edge map E (encoding the edges of blob instances, generated

from the instance map), sparse depth map D
sparse
aligned and

sparse depth mask M
sparse
aligned that indicates which depth

values are valid. The in-painter then outputs both an in-

painted RGB image IRGB with no holes and a dense depth

map Ddense
aligned corresponding to the in-painted RGB image.

An intuitive explanation of the low FID scores (indicative

of high image quality) of compositing approaches such as

[4] is the fact that most of the areas in the generated images

come from natural or real blobs. As such, our implementation

also attempts to use as much information from the original

RGB canvas as possible. Specifically, in our case, this means

replacing blobs from the in-painted RGB output with blobs

from the input RGB canvas using the hole-and-boundary

mask to create a final RGB in-painted image. However, initial

training experiments failed to converge, resulting in blurry

in-painted regions, a possible explanation for this being the

sparse gradients. The framework was therefore modified to

alternatively pass both the raw output from the generator and

the final in-painted and blended image to the discriminator.

The segmentation-based discriminator outputs a L + 1
one-hot encoded prediction of the class of each pixel in

the image. Similar to [12], we have L real classes and

1 fake class. We use a cross-entropy loss between the

one-hot encoded prediction and the GT one-hot encoded

segmentation map. Given real images xR and canvas images

xC , the discriminator loss is:

LD=−E(xR)

[

L
∑

c=1

αc

H×W
∑

i,j

ti,j,clogD(xR)i,j,c

]

−E(xC)

[

H×W
∑

i,j

logD(G(xC))i,j,c=L+1

] (1)

where i, j represent the pixel coordinates and c represents

the channel. In this equation, ti,j,c = 1 if the pixel (i, j)
belongs to the class c and 0 otherwise. The goal is for the

discriminator to output a value of 1 at pixel location (i, j)
in the corresponding channel of a particular class when the

input is a real image, such that the first term → 0. On the

contrary, when the input to the discriminator is an in-painted

canvas, the goal is for the discriminator to output a value of

1 in the (N +1)-th channel, thus signalling that the pixel is

fake, minimising the second term.

The generator tries to minimize the following loss:

LG = −E(xC)

[

L
∑

c=1

αc

H×W
∑

i,j

ti,j,clogD(G(xC))i,j,c

]

(2)

From the point of view of the generator, the goal is to fool the

discriminator, i.e. to output a value of 1 in the corresponding

channel of a particular class when the input is a fake image,

such that the term → 0.

The weights αc ∈ R in Eqs. (1) and (2) are used to weigh
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the loss according to the class balance of the example, with

αc =
H ×W

∑H×W

i,j
ti,j,c

(3)

Finally, for the depth densification task, we use a Mean

Squared Error (MSE) loss between the predicted dense depth

Ddense
aligned and the GT depth Ddense

GT :

Ldepth=‖(Ddense
aligned −Ddense

GT )2‖ (4)

The final combined loss is: Ltotal = LD + LG + λdLdepth

where λd controls the strength of the MSE loss in relation

to the other two terms.

E. Training details

In order to train the in-painting generator, we cannot

directly use the outputs of our Canvaser, as a corresponding

GT image and depth do not exist. Instead, starting from the

original Cityscapes train set [2], we create a dataset of eroded

RGB images and corresponding segmentation and sparse

depth maps to emulate a canvas. For each input RGB image,

we make use of its instance map to generate a boundary

map, to which we add randomly-shaped masking polygons

to simulate missing areas. This hole-and-boundary map H

is further used to mask the RGB image. Such a step is

necessary to mimic the canvasing process that would take

place at inference time. To increase the generalisation ability,

we dilate sections of map H using randomly-sized kernels.

The depth map is generated from the disparity image and

then uniformly sampled with probability psample to generate

a sparse depth map and a corresponding sparse depth mask.

Finally, the edge map is created from the segmentation and

instance maps.

V. EVALUATION

All image synthesis models are trained with the Adam

[30] optimizer for 50 epochs and a learning rate of 0.01. For

our model, we set λd to 100.

A. Model evaluation

In line with previous work, we compare our model in terms

of perceptual quality and alignment of synthesised images

with their GT [12]. We choose strong SOTA baselines, such

as pix2pixHD [11], SPADE [5], SPADE+, and OASIS [12]

for the parametric approach and SIMS [4] for the semi-

parametric approach. In measuring perceptual quality, we use

FID [31], as it has been shown to be in line with human

judgements. In measuring semantic alignment between gen-

erated data and GT labels, we employ a DRN-D-105 [32]

network – pretrained for the task of semantic segmentation

– and apply it to the generated images to measure the mIoU

between the resulting segmentation and the GT segmentation

masks, as in [12]. The model evaluation results are reported

on the validation set of Cityscapes [2].

B. Image data evaluation

To test the usefulness of the synthesised image data as

training data, we employ DRN-D-22 [32] as it is faster

to train. We train our model, SIMS and OASIS on the

Cityscapes train set, and evaluate them on the validation set

to produce training data at resolution 512×256 1. We then

train 3 individual instances of DRN-D-22 on the output of

each of the models in the same training regime as above,

and test them on the out-of-domain A2D2 dataset [3]. We

report mIoU results.

C. Depth evaluation

To test the quality of our estimated dense depth associated

with the in-painted images, we employ a light-weight depth-

completion model, based on the architecture from Fig. 2. The

network only takes as input the concatenation of an RGB

image, sparse depth map and corresponding depth mask and

outputs predicted dense depth. We make use of MSE loss

between the aligned predicted dense depth Ddense
aligned and GT

dense depth Ddense
GT , as illustrated in Fig. 4.

RGB
image

Sparse
depth

Predicted
dense
depth

MSE GT
dense
depth

Sparse
depth
mask Inference stage Training stage

Legend Concatenation SPADE in-painter

Fig. 4: We employ a light-weight depth-completion model based
on a SPADE generator and use MSE loss for training.

We train 3 individual instances of our monocular depth

network on the generated RGB images of SIMS, SPADE and

our model, and evaluate them out-of-domain, on the valida-

tion split of the KITTI dataset [33]. Since the depth estimator

is supervised with dense depth, we use the synthesised depth

for our model as target, and the GT depth of Cityscapes for

SIMS and SPADE, as they only synthesise RGB images. We

report Root Mean Squared Error (RMSE) results.

VI. RESULTS

Tab. I presents results from benchmarking the data gener-

ated by the model itself. Images produced by our method

are better aligned with the GT segmentation, yielding a

significantly higher mIoU score than all previous methods,

approaching the performance of the real Cityscapes vali-

dation split. Additionally, it should be noted that, as with

other methods that make use of a pretrained segmentation

network, the resulting mIoU is also dependent on how

closely the distribution of generated images follows the

distribution of the dataset on which the segmentation network

was trained. Although both SIMS and our method aim to

preserve as much real blob components as possible, the

higher mIoU indicates that our method benefits from better

alignment, at the cost of a slight increase in FID, which

nevertheless remains highly competitive, indicating that our

method achieves a higher perceptual quality compared to

parametric methods. We further conduct an ablation study to

1experiment equivalent to those reported in [4] “Cityscapes-fine”
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Fig. 5: RGB images and corresponding GT segmentation for OASIS, SIMS and our method. We note that OASIS has aligned semantic
segmentation but lower image quality, SIMS has high image quality but imperfectly-aligned segmentation, while our method has both
good image quality and well-aligned segmentation.
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Fig. 6: Our model scores the highest in terms of mIoU, with a
highly competitive FID. The performance of the real Cityscapes
validation split is shown as an upper bound.

determine the usefulness of the depth completion component

of our in-painter. Our approach benefits from the addition

of depth completion, which both increases the mIoU by 2.1

percentage points and decreases FID by 7 points. Qualitative

examples of image synthesis can be seen in Fig. 5 and a

visual comparison of SOTA methods in Fig. 6.

Tab. II presents results from benchmarking the 2 down-

stream tasks trained using the data generated by the 3 models.

We emphasise that this benchmarking is meant to rank the

performance of synthetic training data rather than outperform

SOTA segmentation and depth completion architectures. The

segmentation task trained using data generated by our model

produces better results when tested on an out-of-domain test

set (A2D2) as compared to training using data produced by

SIMS and OASIS. We interpret these results as a reflection of

the importance of good alignment between generated images

and segmentation maps when training a new task, as both

our method (explicit segmentation alignment) and OASIS

(implicit segmentation alignment) outperform SIMS in the

segmentation task. In terms of depth completion, our method

outperforms competing methods, when the depth synthesised

by our in-painter is used to train the depth completion task.

Conversely, and as a mini-ablation study, using the original

guiding GT depth instead of our synthesised depth leads to

worse results, possibly indicating that the synthesised depth

is better matched to the generated images, compared to the

Model VGG FID ↓ mIoU ↑

SIMS2 ✓ 49.7 47.2

SIMS3 ✓ 44.1 47.4

pix2pixHD2 ✓ 95.0 58.3

SPADE2 ✓ 71.8 62.3

SPADE+2 ✓ 47.8 64.0

✗ 61.4 47.6

OASIS2 ✗ 47.7 69.3

OASIS3 ✗ 48.8 66.6

Ours w/out depth ✓ 53.3 70.9

Ours ✓ 46.3 73.0

Cityscapes (val set) - 31.05 75.6

TABLE I: Model benchmark by alignment and perceptual quality.

Model mIoU ↑ RMSE (m) ↓

OASIS w/ GT depth 28.31 9.34

SIMS w/ GT depth 24.36 4.48

Ours w/ synthesised depth 29.87 3.90

Ours w/ GT depth - 5.99

TABLE II: Train data benchmark on semantic segmentation and
depth completion.

original guiding GT depth.

VII. CONCLUSIONS

In this paper we have presented a compositing image

synthesis method that makes use of a set of simple heuristics

to compose not only an RGB image canvas but also a

corresponding well-aligned semantic segmentation map and

a sparse depth map, followed by an in-painting stage that

yields a high quality RGB image and a dense depth map.

We successfully benchmark the quality of the data produced

by the model, showing an increase of 3.7 percentage points

for mIoU over other SOTA parametric and semi-parametric

approaches and a highly competitive FID score. Additionally,

we benchmark the suitability of our synthesised data as train-

ing data for semantic segmentation and depth completion,

showing that the data produced by our model is more suitable

for this purpose than the other methods.

2Results quoted from [12] (Table 1, page 8).
3Results of our own experiments, with the official implementation
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5.3 Further insights

While the proposed method offers the ability to compose and synthesise multi-modal outputs, the

model employed is a rather shallow generative model as most of the complexity associated with the

RGB output consists in blending or harmonising edges. Since the year of publication, the field of image

synthesis has progressed at a rapid pace, with diffusion models and latent diffusion models taking

center stage, enabling both stable training and improved results. Later studies such as (Blattmann

et al., 2022) use exemplars retrieved from a database to further condition a text-to-image model during

training. However, this method does not generate any associated ground-truth or depth maps, making

it less suitable for producing training data for supervised autonomous driving-specific tasks.

The approaches through which the method presented in this chapter could be improved have

both advantages and disadvantages. For example, the main architecture could be swapped with a

ControlNet (L. Zhang et al., 2023), T2I-Adapter (Mou et al., 2024) or Ctrl-Adapter (H. Lin et al.,

2025), however these architectures in turn will need to be adapted to support multi-modal output

(depth, in this case) with pixel-wise alignment.

The current retrieval mechanism could further be improved by considering appearance embeddings

when matching candidate blobs to query blobs, not just shape as described by Hu moments. This

could subsequently help when performing post-hoc domain adaptation by changing the database

of blobs to one that best matches the target domain.

On the other hand, performance will still be limited by the heuristics used to compose the input

canvas, which is unfortunately a characteristic of all methods that employ heuristics. Alternatively, a

latent diffusion model could be used to generate ground-truth (semantic segmentation, depth) using

text-prompt conditioning, but granular control of object placement would be difficult. More descriptive

conditioning such as 2D bounding boxes or object centroids could also be used in conjunction

with text prompting to improve control.

Finally, the two approaches presented in chapters 4 and 5 could further be combined to im-

prove coverage, by first synthesizing images, depth maps and segmentation maps using Depth-

SIMS, and subsequently making use of Multi-weather-city to add various levels of illumination

and weathers to the synthesised data.
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6.1 Contribution

Many approaches, including Depth-SIMS (Musat et al., 2022), that synthesize images - with or

without ground-truth annotations - rely on relatively detailed conditional inputs such as semantic

segmentation maps. While simulation is a good alternative for sourcing this data, it still requires

that environments are built with some amount of fidelity, and populated with assets, which is often

expensive, time-consuming and suffers from the sim-to-real gap. To unlock the scalability of data

synthesis, as models grow larger and require more data, alternative conditional inputs can be used,
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such as topological maps or 2D BEV representations, which have gained traction as they offer a more

comprehensive view of the environment surrounding the ego-vehicle.

This method presents a framework for generating ground-view images, along with semantic

segmentation and depth maps, from BEV semantic representations of environments. The key

contributions of the paper include:

1. A two stage approach to data synthesis, where the first stage learns priors over the 3D structure

of the world, while the second stage learns priors over the visual appearance of the environment;

2. An approach to 2D-to-3D lifting of BEV maps using a neural field model conditioned on a BEV

semantic segmentation map. An encoder transforms the BEV map into a tri-plane representation,

while an MLP learns to lift the features from the three planes into a 3D volume, from which

ground-view data under varying poses can be generated using a volumetric renderer;

3. The additional synthesis of ground-view semantic segmentation, instance and depth maps that

are well-aligned with the generated images;

4. Experiments on 3 representative urban driving datasets that demonstrate both the perceptual

quality of the generated images, and the high degree of spatial alignment of the synthesized

ground-truth as opposed to prior art.

6.2 Integrated manuscript

The manuscript was published in IEEE Robotics and Automation Letters, 2023 (Muşat et al., 2024a)
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NeuralFloors: Conditional Street-Level Scene
Generation From BEV Semantic Maps

via Neural Fields
Valentina Muşat , Daniele De Martini , Member, IEEE, Matthew Gadd , Member, IEEE,

and Paul Newman , Fellow, IEEE

Abstract—Semantic Bird’s Eye View (BEV) representations are
a popular format, being easily interpretable and editable. However,
synthesising ground-view images from BEVs is a difficult task as the
system would need to learn both the mapping from BEV to Front
View (FV) structure as well as to synthesise highly photo-realistic
imagery, thus having to simultaneously consider both the geometry
and appearance of the scene. We therefore present a factorised
approach that tackles the problem in two stages: a first stage that
learns a BEV to FV transformation in the semantic space through
a Neural Field, and a second stage that leverages a Latent Diffusion
Model (LDM) to synthesise images conditional on the output of the
first stage. Our experiments show that this approach produces RGB
images with a high perceptual quality that are also well aligned with
their corresponding FV ground-truth.

Index Terms—Deep learning for visual perception, computer
vision for transportation, neural rendering, cross-view
transformation, data-driven simulation.

I. INTRODUCTION

SOFTWARE-STACK test and validation in Autonomous
Driving (AD) is paramount for the safety of passengers and

other traffic participants. The ability to generate and test traffic
scenarios with a high degree of control, complexity, variability
and fidelity is essential for identifying potential points of failure
before deployment. As a result, research in this area has gained
popularity in both academia [1] and industry, where there has
been much focus on building digital twins endowed with the
diversity and high fidelity of the real world they are emulating.

Synthetic 2D and 3D worlds have been simulated through ei-
ther data- or model-based approaches. Model-based approaches
such as 3D simulators support high complexity and diversity but
are computationally expensive and require detailed knowledge
of the environment being simulated [2]. Conversely, data-driven
approaches allow high realism but suffer from poor scalability
and diversity since they rely on real-world data acquisition,
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Fig. 1. NeuralFloors synthesises high-quality FV imagery (right) from a BEV
segmentation map (left) in two steps: one generates FV semantic, instance and
depth maps (centre), and the following synthesises an RGB image from the
output of the first step.

which does not capture the full range of possible scenes or
situations.

Concurrently, Bird’s Eye View (BEV) semantic maps have
become popular because they are simple, compact yet rich
representations of traffic scenes, enabling easy visualisation,
inspection and a high degree of editability, characteristics that
make them ideal inputs for an AD simulator. As such, we
present a system able to generate realistic Front View (FV)
RGB images of real-world urban traffic scenes, coupled with
well-aligned FV semantic, instance, and depth maps, starting
from their semantic Bird’s Eye View (BEV) representations –
i.e. 2D top-down semantic maps, as depicted in Fig. 1. Nev-
ertheless, to synthesise an FV RGB image directly from BEV
semantic maps, a model would need to learn the mapping from
BEV to FV structure and to synthesise highly photo-realistic
images, accounting for both geometric structure and appearance
simultaneously.

In this context, Neural Radiance Fields (NeRFs) are attractive
as they leverage the intrinsic geometry of a ray-based sampler
following a simple camera model. In contrast to a vanilla NeRF
approach, which optimises a Multi-Layer Perceptron (MLP) to
render a particular scene, we take inspiration from Generative
Scene Networks (GSN) [3], which uses the points along rays to
sample features from a latent floorplan generated uncondition-
ally; however, as opposed to their unconditional model based
on Gaussian noise inputs, we condition our model on BEV
segmentation maps to enable visualisation, interpretability, and
improved control over the scene contents. The advantage of this
approach is that once the model is trained, certain scene editing,
synthesis abilities and scalability are enabled by manipulating
the 2D BEV floorplan.

While the world could be represented using 3D information,
e.g. voxels in GANcraft [4], we opt for a flat 2D representation
of our input for simplicity and scalability. The rationale is that
incorporating 3D information requires extra effort and tools in
modelling semantic scenarios, whilst our goal is to alleviate such

2377-3766 © 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
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requirements while preserving output quality and usefulness.
Similarly, a contemporary approach such as InfiniCity [5] uses
an intermediate 3D voxel representation – this is flexible at
inference time but necessitates a separate training procedure
with expensive-to-acquire information, e.g. CAD models.

The closest work to ours is BEVGen [6], an autoregressive
model based on a Visual Transformer able to directly generate
consistent panoramic images from a BEV segmentation map,
source input views and camera parameters. The main difference
is that they learn an implicit geometric transformation using
an attention mechanism, whereas we use an explicit geometric
mechanism based on the ray sampler and volumetric renderer.
We factorise the RGB-image generation in two steps, one that
learns the scene structure - generating FV semantic, instance and
depth maps, and one that learns to generate color and appearance
from the generated maps. We exploit separate architectures
suitable for these two distinct purposes – Neural Fields and
Diffusion Models. The maps generated in stage 1 are thus aligned
with the RGB images, which makes them suitable to be used as
training data for AD downstream tasks.

To summarise, we tackle the cross-view and cross-modality
image synthesis task in an urban traffic scene context. Our
contributions are:� A two-stage approach to generate FV RGB images of

complex driving scenes from BEV semantic maps, using
Neural Fields for 2D-to-3D lifting of semantic information
and geometric projections, and Diffusion for high-quality
image synthesis;� The additional generation of FV segmentation, depth, and
instance maps well-aligned with generated images.

We test our system on the KITTI-360 [7], nuScenes [8], [9],
and Waymo [9], [10] datasets against a set of baselines and
analyse the different components of our approach through abla-
tion studies. The method has applicability both as a system for
generating diverse training and testing/validating data for per-
ception, prediction, path planning etc., but also as a data-driven
simulator that can generate a wide distribution of structures and
styles without requiring expensive and often manual 3D asset
generation.

II. RELATED WORK

A. Model-Based vs Data-Driven Simulators

Creating visual content is important, especially in the con-
text of AD, where software-stack validation can be done with-
out exposure to risks in the wild. Two major paradigms are
model/physics-based and data-driven simulators. The first, such
as Carla [11], have the advantage of providing perfect Ground-
Truth (GT) signals for a variety of sensors. At the same time, high
visual consistency and control make them desirable for scene
manipulation. However, assets and scenes require tedious and
time-consuming manual creation and the simulated world suf-
fers from the sim-to-real gap [12]. On the other hand, data-driven
simulators favour realistic sensor readings, typically involving
generative models that learn the data distribution. In the 2D
setting, a pivotal example is pix2pixHD [13], in which a Gener-
ative Adversarial Network (GAN) is trained to generate urban
street-level photo-realistic images from semantic segmentation
maps.

Semi-parametric approaches combine the advantages of
model- and data-based approaches, such as SIMS [14] and

Depth-SIMS [15], which use pre-extracted image segments to
compose new images and depth from segmentation masks. In the
3D setting, GeoSim [16] embeds learnt elements in a geometry-
aware framework that allows vehicles to be added through
composition, while [17] generate new data by geometrically
reprojecting different sensors to new viewpoints.

B. Neural Radiance Fields

The seminal work on NeRFs [18] proposed to encode a (static)
scene as a continuous volumetric function parametrised by a
MLP, yielding per-point colours and densities, rendered into
images using a differentiable renderer, conditioned on camera
poses. While the approach is highly photo-realistic, it can-
not render unseen environments or rearrange objects, as each
scene is optimized individually. To overcome this limitation,
PixelNeRF [19] additionally conditions the model on features
extracted from the input views using an off-the-shelf pre-trained
network; EG3D [20] additionally encodes a 3D object into a
“tri-plane” representation while GSN [3] conditions the radiance
field with a latent “floor plan” obtained from Gaussian noise.
GIRAFFE-HD [21] recreates scenes by incorporating composi-
tional 3D scene structure into the generative model, where each
object’s synthesis can be controlled in shape, appearance and
3D position. Finally, other methods [22] incorporate semantic
information, either as an input to the model, or output.

C. Cross-View and Cross–modality Image Synthesis

The reprojection of sensor inputs onto a 2D ground plane, aka
BEV, and back to FV is of great interest in the AD community
due to its advantages for planning and navigation problems.
For instance, [23] use a satellite RGB image to condition the
in-painting process of a forward-facing semantic map given as
input. In contrast, our goal is to synthesize forward-facing RGB
images based on BEV semantic maps, which is both a task of
generating a feasible structure, and an RGB image synthesis
task.

Most similar to our work, BEVGen [6] learns to synthesize
spatially-consistent FV images through a spatial-attention de-
sign that encodes the relationships between the map and cam-
eras. While their inputs are BEV segmentation maps, source
view images, and spatial embeddings derived from camera
parameters, our method is instead conditional only on a BEV
segmentation map, while camera parameters are directly used to
define the image formation process, including pose, resolution,
aspect ratio and field of view. Another related work, InfiniC-
ity [5], can synthesise street-view images of a city environment
from a 3D voxelised representation trained using semantic,
depth, normals and RGB images, and relies on CAD models.
However, this method presents a limitation as street assets are
not tackled; thus, editability is limited. In contrast, our approach
can model both street furniture, vehicles and pedestrians.

III. METHOD

We formulate our setup as a two-stage approach, with the
first learning a mapping from BEV segmentation maps to FV
segmentation maps (BEV → FV ) and the second synthesising
FV photo-realistic images from FV segmentation maps (FV →
FV ). This modular approach has the added benefit of allowing
training each stage with different data sources, reducing the
difficult requirement for paired BEV segmentation and FV RGB
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Fig. 2. Stage 1 of our approach. BEV segmentation SBEV is encoded by ε into a 2D latent representation WBEV from which features wi are sampled. An
MLP ψ produces lifted features fi and densities σi corresponding to 3D coordinates pi. Volume renderer υ further produces FV feature and depth images: FFV

and D̂FV . Finally, FV segmentation and instance maps are produced by decoder δ.

TABLE I
NOTATION

images. We discuss in the remainder of this section the two stages
separately. Please refer to Table I as it summarises the notation
used.

A. BEV → FV Semantic Lifting

As the first stage tackles a geometric problem, we chose a
Neural Fields approach for their geometrically-correct repre-
sentation of the image formation process using a camera model.

This stage thus leverages a ray-based point sampler and an
MLP to lift features from a 2D latent floorplan into a 3D space
and a volumetric renderer to render them onto a FV feature im-
age, which is then decoded into instance and segmentation maps.
The latent floorplan feature map WBEV is conditional on an
encoded BEV segmentation map SBEV : WBEV = ε(SBEV ).

A ray-based point sampler γ following a simple pinhole
camera model is then used to sample 3D points pi along rays
within a 3D volume above the latent floorplan. The 3D points
are projected onto the floorplan to yield 2D coordinates, which
are then used to sample a per-point feature wi = γ(pi,W

BEV )
via bilinear interpolation, as in GSN [3].

A neural field functionψ (MLP) is then used to transform each
latent floorplan feature wi, conditioned on its 3D coordinate pi
(with positional encoding ρ(pi) applied), yielding a lifted fea-
ture and a corresponding density (fi, σi) = ψ(pi ⊕ ρ(pi), wi),
where the symbol ⊕ refers to concatenation.

A key aspect is that the neural field function learns to lift 2D
features into a 3D volume of transformed features. In Fig. 2,
for points that project onto the same (x, z) coordinate of the
latent floorplan, the ray sampler will pick the same feature wi

irrespective of the points’ height coordinate y. Thus, for each
group of points that project to the same location, the neural field
ψ learns to map latent feature wi and height y to a transformed
feature fi associated with a 3D coordinate.

While the basic method proposed treats WBEV as the scene
floorplan only, we extend this to a tri-plane representation
similar to EG3D [20], where the feature map is reshaped into
3 orthogonal planes: WBEV = {WXZ ,WXY ,WY Z}, where
WXZ represents the floorplan, while WXY and WY Z are two
extra feature maps. For this case, the point sampler γ will return
3 corresponding features which are then concatenated to form
wi = wXZ

i ⊕ wXY
i ⊕ wY Z

i .
A volume renderer υ is used to integrate the features f and

densities σ across each ray r ∈ R to obtain final FV feature and
depth images (FFV , D̂FV ) = υ(f, σ).

The feature image FFV is obtained by integrating features
weighted by their corresponding densities along each ray:

FFV =

∫ tf

tn

T (t)σ(t)f(t) dt (1)

Similar to GSN [3] the depth image D̂FV is obtained by
integrating point depths t (along the ray) weighted by their
corresponding densities:

D̂FV =

∫ tf

tn

T (t)σ(t)t dt (2)

where T (t) = exp(−
∫ t

tn
σ(s) ds) is the accumulated transmit-

tance from the near-plane tn to a point t, as a function of
densities along each ray. The densities are used to weigh the
delta distances between depth planes, which are then summed
into a depth map, on which depth loss is applied.

Finally, a decoder δ decodes the concatenation of the feature
image FFV and predicted depth map D̂FV into a FV panop-
tic segmentation map, as a one-hot segmentation map and an
instance map (ŜFV , ÊFV ) = δ(FFV ), where, similar to [24],
the instance map EFV is given by instance centres map CFV

(a one-hot encoding that indicates the centres of mass of each
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instance blob) and instance pixel offsets map OFV (for each
instance blob, the offset of each blob pixel with respect to its
centre) on which L1 loss is applied:

LC = |CFV − ĈFV |; LO = |OFV − ÔFV | (3)

To speed up convergence and stabilize training [3], [25], we
apply a masked L1 loss on the predicted depth:

LD =MD � |DFV − D̂FV | (4)

where MD� represents an elementwise masking operation
which masks out the loss if DFV exceeds (tn, tf ].

For the segmentation map, we use cross-entropy loss:

LS = −E

⎡
⎣

N∑

n=1

αn

H×W∑

i,j

hi,j,n log Ŝ
FV
i,j,n

⎤
⎦ (5)

where hi,j,n = 1 if the pixel (i, j) belongs to class n in the GT
segmentation map SFV else 0, and αn a weight balancing each
class, with higher weight for rare classes.

We train the encoder ε, decoder δ and neural radiance field ψ
end-to-end, combining the losses above.

Additionally, for the single-stage ablations, we use a combi-
nation of image reconstruction (L1) loss LI and adversarial loss
LA:

LI = |IFV − ÎFV | (6)

LA = E[log τ
(
IFV

)
] + E[log

(
1− τ

(
π
(
SBEV

)))
] (7)

where π = δ ◦ υ ◦ ψ ◦ γ ◦ ε represents the generator.

B. FV → FV Image Synthesis

Inspired by the recent success of Latent Diffusion Models
(LDMs) [26], the second stage synthesises FV photo-realistic
images conditional on the FV segmentation, instance and depth
maps generated by the first stage.

Diffusion Models (DMs) work in two steps: first, a forward
diffusion process adds t steps of Gaussian noise ε to an input
x to obtain a noisy version of the input xt. Secondly, a reverse
diffusion process takes the noisy input xt and learns to predict
back the added noise ε̂, which is then subtracted from the noisy
input, to recover the original input, with a self-supervised loss
between the predicted noise ε̂ and the GT noise ε:

LDM = Ex,ε∼N (0,1),t

[
||ε− ε̂||22

]
(8)

where a neural network εθ predicts the noise ε̂ = εθ(xt, t).
While image DMs are applied to the original,

high-dimensional pixel space, LDMs work in a more
computationally-efficient lower-dimensional latent space
z. A widely used approach is to train a VAE [26], composed
of an encoder κ and a decoder μ, to encode images into latent
representations z, with z = κ(I) and Î = μ(z). The training
time objective of [26] is:

LLDM = Ez,ε∼N (0,1),t

[
||ε− ε̂||22

]
(9)

where ε̂ = εθ(zt, t) is the predicted noise, the latent z = κ(x)
is obtained by encoding the original input x through the latent
encoder κ, and zt is the noisy latent. We extend the network εθ
to additionally be conditional on zc = φ(SFV , EFV , DFV ), a
learned latent encoding of the maps generated during our first
stage, with ε̂ = εθ(zt, zc, t).

TABLE II
BASELINES VS. NEURALFLOORS ON KITTI-360 DATASET

At inference time, zt is sampled from a normal distribution,
the neural network εθ is applied to remove noise from zt,
and the VAE decoder μ is used to decode the denoised latent
representation into an image Î = μ(zt − ε̂).

IV. EXPERIMENTAL SETUP

A. Data

Since our work focuses on an application in autonomous urban
driving, we train and test 3 independent experiments on KITTI-
360 [7], nuScenes [8], [9] and Waymo Open Dataset [9], [10].

1) KITTI-360: In order to generate semantic BEVs, we make
use of the provided accumulated point clouds, and pair each
constructed BEV with its corresponding FV data. However,
since objects in motion do not appear in the accumulated point
clouds but do in the FV segmentation map and RGB image
(e.g. walking pedestrians and moving cars, while parked static
cars remain valid), we curate the dataset by removing inconsis-
tent BEV-FV pairs to prevent the model from “hallucinating”
nonexistent objects. Out of the 9 scenes featured in KITTI-360,
we employ the first 8 for training, and reserve the last for model
selection and testing. This results in approximately 22300 train
observations, 500 observations for model selection and 2200
testing observations.

2) Nuscenes: To generate BEVs, we make use of the Occ3D
Large Scale Dataset [9], which provides a voxelised and accu-
mulated representation on the original nuScenes [8] dataset. As
opposed to KITTI-360, objects in motion are present in both
the BEV and FV data. We use a similar splitting strategy as
above, yielding20357 total pairs, out of which16674 are used for
training and 3683 are reserved for model selection and testing.

3) Waymo: Similar to nuScenes, we make use of the same
Occ3D Large Scale Dataset [9] to generate BEVs. We use a
similar splitting strategy as above, yielding 39791 total pairs,
out of which 31801 are used for training and 7990 are reserved
for model selection and testing.

As neither nuScenes nor Waymo provide pixel-wise semantic
and instance segmentation for FV data, we use off-the-shelf
Panoptic-DeepLab [24] to provide panoptic pseudo-GT.

For all 3 datasets, the BEV map covers an area of 80m×
80m, representing the scene in front of the camera, thus, we
assume the camera origin to be in the middle of the bottom
edge of the BEV and latent floorplan. For KITTI-360 experi-
ments (Tables II, III), we use KITTI-360 camera intrinsics. For
experiments on nuScenes and Waymo (Table IV) we use their
respective camera parameters.

For stage 2 of our factorised approach, we provide RGB
images from each of the 3 datasets and FV segmentation maps
(GT or pseudo-GT) and, additionally, Cityscapes’s [27] train set
(2975 images). Our two stages are trained separately, this setup
allowing to relax the assumption of synchronisation between
BEV segmentation and FV RGB images.

Authorized licensed use limited to: Bodleian Libraries of the University of Oxford. Downloaded on May 02,2024 at 14:11:28 UTC from IEEE Xplore.  Restrictions apply. 
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TABLE III
SINGLE STAGE BASE EXPERIMENTS ON KITTI-360 DATASET

TABLE IV
NEURALFLOORS ON NUSCENES AND WAYMO DATASET

B. Metrics

In order to measure the quality of the generated output, we
follow prior art and compare the perceptual quality of the gener-
ated images using (1) the Fréchet Inception Distance (FID) [28]
and (2) Kernel Inception Distance (KID) [29] at resolutions of
64× 64 (the output size of GSN [3]) and at 512× 512 (the
output size of LDM [26]). Secondly, to measure the ability
to reproduce scene structure, we compare the predicted FV
segmentation with the GT segmentation map in terms of Mean
Intersection Over Union (mIoU) to understand how accurately
the scene structure has been reconstructed. Similarly, we report
the Root Mean Squared Error (RMSE) (in meters) between
predicted and GT depths.

Finally, we report mIoU-align, which we define as the mIoU
between the segmentation maps extracted by an off-the-self
segmentation model (Deeplabv3+ [30]) – from both the GT and
predicted FV RGB images. We choose to apply the segmentation
model on both GT and predicted outputs because we want to test
the images’ alignment without introducing undesired variance
due to the performance of the off-the-shelf segmentation model
itself.

We report mIoU and mIoU-align to allow comparison to prior
art, but we highlight that these metrics are not ideal for our
case where one BEV topology may have multiple geometrically
correct and plausible FV outputs, as they constrain the output
to the configuration of the GT. BEVGen [6] instead reprojects
the FV outputs onto the BEV plane using an off-the-shelf BEV
segmentation network, but this incurs a significant drop in
performance due to the network itself. We believe that, going
forward, a promising alternative is to use the synthesized data
to train downstream tasks (e.g. object detection, semantic seg-
mentation), and present validation results on real data.

C. Benchmarks

We first test the unconditional (GSN) baseline where scene
reconstruction starts from normally distributed noise input. For
this experiment, we split our dataset into sub-sequences of 100
frames each, similar to the original methodology [3], and train
the model using the associated poses as input and the RGB
images as targets. We keep the size ofWBEV to 32× 32with 32
channels as per original methodology and set the depth clipping
planes (tn, tf ] at (0m, 80m].

To study the quality of conditional FV output in the absence
of a dedicated BEV to FV transformation step, we train two

models to output ÎFV directly from input SBEV . We choose
SPADE [31] (SPADE), trained with LA but also state-of-the-
art Latent Diffusion Model (LDM) [26] (LDM), trained with
LLDM , as single-stage models.

To check the contribution of a conditional BEV to FV transfor-
mation step in the single-stage models, we design the following
experiments and set WBEV size to 100× 100:

1) (Base 1): outputs (ÎFV , D̂FV ); trained with LI , LD;
2) (Base 2): outputs (ÎFV , D̂FV , ŜFV ); trained with LI ,

LD and LS , where the additional segmentation CE loss
supervision acts as a guide for producing better structure;

3) (Base 3): outputs (ÎFV , D̂FV , ŜFV ); trained with losses
LD, LS and LA, as it has been argued that reconstruction
loss leads to blurry average images [32], [33];

4) (Base 4): outputs (ÎFV , D̂FV , ŜFV ); trained with losses
LI , LA, LD, LS and as this mixture could lead to better
results [32], [33];

5) (SPADE B1): outputs (ÎFV , D̂FV ); trained with losses
LI , LA and LD;

6) (SPADE B2): outputs (ÎFV , D̂FV , ŜFV ); trained with
losses LA, LD and LS ;

7) (SPADE B3): outputs (ÎFV , D̂FV , ŜFV ); trained with
losses LI , LA, LD and LS .

While single-stage models are tasked to learn both structural
lifting and image synthesis simultaneously, our two-stage mod-
ular approach has each stage specialised on one task: the first
stage performs the BEV to FV semantic map transformation
(SBEV → SFV ), while at inference time the second stage syn-
thesises the RGB image from the resulting output of the first
stage (SFV → IFV ).

We perform three experiments for the 2-stage models:
1) (LDM+LDM): outputs ŜFV in 1st stage, outputs ÎFV in

2nd; trained with LLDM in both stages.
2) (Neural+SPADE): outputs (ŜFV , ĈFV , ÔFV , D̂FV ) in

1st stage, ÎFV in 2nd; trained with LS , LC , LO, LD in
stage 1 and LA in stage 2.

3) (Neural+LDM): outputs (ŜFV , ĈFV , ÔFV , D̂FV ) in 1st
stage, and ÎFV in 2nd; trained with LS , LC , LO, LD in
stage 1 and LLDM in stage 2.

D. Model Components

We repurpose the encoder and decoder from [26] for our
encoder-decoder pair (ε, δ). We initialise (ε, δ) and the entire
LDM (LDM and stage 2 of (Neural+LDM)) from publicly
available pre-trained parameters (SD-v-1-4) [26] but extend the
weights of the first layer to support the one-hot encoded input.

For experiments (Base 1) to (Base 4) we use the decoder δ
as backbone to directly output combinations of ÎFV and ŜFV ,
while for for (SPADE B1) to (SPADE B3), the output from
δ (in this case, ŜFV ) is input to a SPADE [31] backbone.
For the second stage of (Neural+LDM), we extend the model
from [26] with two extra convolutional layers (φ) that embed the
conditional inputs. The embedded inputs are concatenated with
the standard noisy latents and given as input to the LDM denois-
ing network. For adversarial supervision in experiments (Base
1) to (Base 4), we use the OASIS discriminator backbone [34].
We base our ray-based point sampler γ, neural radiance field ψ
and volume renderer υ on the architectures proposed in [3].
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E. Implementation and Training Details

The integrals in (1) and (2) are approximated across a discrete
set of samples following equation (3) in the NeRF [18] formula-
tion, and similar to the public implementation of GSN [3], with
color values replaced by features f .

The resolution of the input BEV is 1024× 1024. We use
Adam optimiser with a learning rate of 10−4 and a batch size
of 1. We sample 100 points per each ray, except in (+ double
points per ray) where we sample 200 points. We empirically set
the weights of rare classes [bicycle, person, rider, pole, traffic
sign] to [3.0, 5.0, 3.0, 3.0, 3.0]. We use t = 50 diffusion steps in
(LDM), (LDM+LDM) and (Neural+LDM). We train the models
on an NVIDIA V100 GPU with 32 GB of VRAM.

V. RESULTS

Tables II and III present the results of our method and the
selected baselines on KITTI-360. In terms of perceptual quality,
both the single-stage (LDM) approach and our factorised model
(Neural+LDM) have a significantly lower (better) FID score than
the rest of the models, with 41.10/68.75 and 42.23/65.81, re-
spectively. In contrast, the unconditional model (Neural+LDM)
has a much lower perceptual quality, with an FID of 187.39.
The 2 stage model where both stages are tackled via an LDM
(LDM+LDM) produces FID and KID scores comparable to the
single stage (LDM) model.

The conditional single-stage models ((Base 1) to (SPADE
B3)) in Table III, generally produce low-quality images as
opposed to (LDM), with FID ranging from 309.30 to 85.52 and
KID following a similar ranking, as these models are tasked to
deal with both BEV to FV transformation and image synthesis.
However, in the (SPADE) experiment where the BEV to FV
semantic map transformation is not employed, the perceptual
quality is much lower than the experiments where the transfor-
mation is ((SPADE B1) to (SPADE B3)), although they all have
the same backbone for image synthesis, highlighting the benefit
of the semantic transformation step. Moreover, both the mIoU
alignment and perceptual quality is improved in this group of
models, as they are forced to reproduce the FV semantic structure
SFV .

In terms of how well the produced RGB images align with
the GT RGB images, the mIoU-alignment metric shows that
our factorised approach (Neural+LDM) has significantly better
alignment (28.11) than both the single-stage (LDM) model
(20.55) and all other approaches. The (LDM) model reproduces
the general layout of scenes in terms of road and buildings
but cannot accurately synthesise smaller classes in the right
location. In contrast, our two-stage approach reproduces the
general layout and the local details. The success of the (LDM)
model in terms of perceptual quality can be attributed to the
ability to leverage the learnt prior (being trained on a large
dataset) however, when compared to (Neural+LDM) that also
employs the BEV to FV transformation, the mIoU alignment is
lower.

In terms of mIoU alignment between predicted and GT FV
segmentation, our model also performs best (32.06) compared
to all other baselines that output ŜFV . In terms of RMSE,
all models perform approximately the same, which is however
unsurprising, as we did not design extra experiments to optimise
the output depth in particular. While being able to generate
naturally-looking semantic shapes, the (LDM+LDM) model has

Fig. 3. Qualitative examples of FV output across all methods. GT illustrated
for reference (1st row).

both a low mIoU and low mIoU-alignment, indicating that the
model is less capable of correctly spatially mapping the BEV
structure to the FV outputs.

From a qualitative point of view, we see that (GSN) Fig.
3(d) is unable to generate high-quality samples when trained
on urban scenes, as also confirmed by [5]. On the other hand,
we see in Fig. 3(f) that (LDM) produces realistic looking images,
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Fig. 4. FV output: nuScenes (1st row) and Waymo (2nd row).

TABLE V
ABLATION FIRST STAGE BEV → FV SEMANTIC LIFTING

TABLE VI
ABLATION SECOND STAGE: FV → FV IMAGE SYNTHESIS

but which are misaligned with the GT semantic layout. In this
example, the centre of the frame is dominated by a truck, which
is however not present in the BEV segmentation. In contrast, our
method in Fig. 3(p) produces imagery much better aligned with
the input semantic contents and FV semantic map, while also
being highly realistic-looking.

Additionally, we report quantitative results on the nuScenes
and Waymo datasets. For nuScenes, we obtain a significantly
improved mIoU for stage 1, which we attribute to higher quality
and more diverse labels. Similarly, we notice a large improve-
ment in FID and KID, indicating that perceptual quality is also
better. The model trained on Waymo data shows a lower mIoU,
but a much better FID and KID compared to KITTI-360. We
also show qualitative results in Fig. 4, with examples of input
BEVs and output FV segmentation, depth and color images.

VI. ABLATION STUDY

To further support our design choices, we perform ablations
on the first and second stage of the factorised approach, with
results in Tables V and VI respectively, where we iteratively
add new features to a base case, with + indicating incremental
additions to the setting of the previous row.

A. BEV → FV Semantic Lifting

As our main method, we test a simple 1-plane representation
(Basic) of theWBEV latent floorplan where all 96 feature maps

are used to sample features using the (x, z) coordinates via
bilinear interpolation. We include a tri-plane representation (+
tri-plane representation) whereWBEV is reshaped into 3 planes
WXZ ,WXY andWY Z , each with 32 feature maps. Coordinate
pairs (x, z), (x, y) and (y, z) are then used to sample from these
3 maps via bilinear interpolation. In (+ panoptic segmentation),
we introduce panoptic supervision, as the model might benefit
from information related to object boundaries.

Since we use real-world datasets, rare/low-area classes are
under-represented thus, they are often ignored in the predicted
ŜFV . To overcome this limitation, we introduce class weighting
(Section IV-E) to improve accuracy for small classes such as
poles and traffic signs (+ small class weighting).

To improve segmentation output, we modify the final de-
coder to also be conditional on the predicted depth (+ depth-
conditioned decoder). As we sample large scenes, we increase
the number of samples per ray from 100 to 200, at a cost of
approximately 2× more memory use and increase in training
and inference time (+ double points per ray).

Results in Table V show that the mIoU has benefited from
each additional component. However, depth was only slightly
advantaged, with the most improvement being brought by a tri-
plane representation and panoptic segmentation.

B. FV → FV Image Synthesis

We also investigate whether additional conditional inputs to
the LDM-based image synthesis improves performance. We
start with a basic model that is conditional on semantic seg-
mentation only: φ(SFV ) (Basic); we add instance segmentation
φ(SFV , EFV ) (+ instance-conditioned); and finally depth maps
φ(SFV , EFV , DFV ) (+ depth-conditioned). To isolate stage 2
ablation results from the effects of stage 1 predictions, we use
GT segmentation, instance and depth data as inputs rather than
predictions from stage 1. The results are shown in Table VI,
where the inclusion of instances did not have a net beneficial
effect but the inclusion of depth significantly improved FID and
KID.

VII. CONCLUSION

We have presented a novel system for synthesising RGB FV
imagery from a BEV segmentation map. Our contribution in this
area is twofold, addressing the difficult problem of transforming
the geometry of the BEV to that of the Ground-View and the
generation of realistic imagery from FV semantics. Our novelty
in the first area is using conditional Neural Fields to model
and improve the geometric transformation from the BEV to
the FV. In the second area, we extend LDMs to be conditional
on segmentation, instances, and depth information to achieve
high-quality image synthesis.

Extensive experiments demonstrate that our factorised ap-
proach produces more realistic imagery than prior methods and
baselines and that, critically, this realism is accompanied by good
alignment of output and GT semantic layout.

An advantage of this factorised approach is that it relaxes
the requirement of paired BEV segmentation and FV images,
thus enabling the usage of diverse sources of input data, such
as simple/proto-simulators for the 1st stage. Since our model is
conditional on BEV segmentation, it offers higher interpretabil-
ity and level of control than previous methods.
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FUTURE WORK

We plan to extend the existing architecture to incorpo-
rate viewpoint and temporal consistency, in order to produce
structure- and appearance-consistent scenes, which would en-
able a wider range of downstream tasks to be trained.
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6.3 Further insights

The tri-plane representation is based on the intuitive idea that 3D space can be efficiently encoded using

3 spatially-aligned orthogonal 2D maps, each representing a projection of the 3D volume of features,

with the XZ plane encoding information across the floorplan, the Y Z plane encoding information

along the depth dimension and the XY plane encoding information along the height dimension. While

not a complete 3D volumetric representation, the tri-plane representation is a learned approximation

that preserves 3D context, with 2D features sampled from the coordinates of the 3D point projected

onto each plane being concatenated before further processing by the MLP.

Additionally, two further aspects are worth highlighting in relationship to this particular representa-

tion. Firstly, while features from the XZ plane can be directly extracted from the BEV input, features

from the Y Z and XY planes represent information that needs to be inferred by the encoder, since

both are a function of the height dimension along the Y axis, which does not exist in the input 2D

BEV. Secondly, multiple points in the 3D volume will project onto the same coordinate of a plane –

for example, all 3D points with coordinates (xi, yi, zi) will project onto the same (xi, zi) coordinate

of the XZ plane. This means that the MLP, which takes as input the 3D coordinates (xi, yi, zi),

their positional encoding, and the feature sampled from the (xi, zi) coordinate will need to output a

transformed feature that is a function of the yi coordinate, i.e. that changes with height, even if the

input feature remains constant. Similarly, while the features sampled from the Y Z and XY planes

may vary with height, they are still inferred by the BEV encoder as projections of one of many possible

plausible interpretations of the 3D scene described by the input 2D BEV.

The decoupling between the model stages allows for separate datasets to be used. For example,

semantic segmentation BEVs and ground-view semantic segmentation and depth maps obtained

from a 3D engine simulator such as CARLA (Dosovitskiy et al., 2017) can be used to either train

the first stage, or at inference time, as shown in Figs. 6.1 and 6.2. In comparison to BEV maps

obtained or constructed from real world datasets, data from a simulator has a number of advantages,

including perfect ground-truth annotations and very good alignment between BEV and ground-view

data. Moreover, a simpler 2D BEV-based simulator can be used as a source of input data during

inference, resulting in a pipeline that leverages the best of both worlds: easy editability or controlability

in 2D and generation of diverse ground-view data, including ground-truth.

However, the sim to real domain gap can be problematic even in the case of semantic seg-

mentation maps, where ground-truth produced by simulators is more fine-grained compared to
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Ground-truth BEV segmentation map Predicted ground-view segmentation map

Ground-truth ground-view segmentation map

Figure 6.1: An example from the first stage of NeuralFloors, where the input is a BEV semantic segmentation
of an intersection from the Carla simulator.

Ground-truth BEV segmentation map Predicted ground-view segmentation map

Ground-truth ground-view segmentation map

Figure 6.2: An example from the first stage of NeuralFloors, where the input is a BEV semantic segmentation
of an intersection from the Carla simulator.

ground-truth obtained through human- or machine-labeling. Additionally, objects that are partially

transparent such as vehicles with windows, and differences in taxonomies might also introduce

issues in terms of domain gaps.

Secondly, the method has no explicit mechanism for ensuring frame-to-frame (temporal) or multi-

view consistency. This problem becomes more pronounced in the second stage, where each pixel

represents a distinct part of a texture, whereas in the first stage, pixels largely form contiguous

blocks of identical values representing the semantic class. However, in the second stage, especially

due to the use of a multi-step diffusion model, small changes in the conditioning can lead to large

variations in the RGB outputs across consecutive frames. The approach presented in Chapter 7

addresses some of these limitations.

Furthermore, weather effects might be incorporated by conditioning the second stage with text
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prompts, exemplar conditioning, or both. With text-based conditioning, the existing configuration

which optimises the entire UNet would require pairing the image data with relevant text captions. With

exemplar-based conditioning, an extra input in the form of an RGB image depicting the desired style

(but which does not necessarily need to be structurally correlated with the semantic segmentation,

instance segmentation or depth conditioning) could be used to encourage style injection, similar to

the method proposed in Chapter 7. Alternatively, the NeuralFloors approach could be combined

with Multi-weather-city (Chapter 4), by first synthesising data at scale and subsequently adding

various levels of illumination and weathers.

Finally, while the method outputs ground-view ground-truth data (in contrast to other methods such

as CC3D (Bahmani et al., 2023)), metrics such as mIoU and mIoU-align are not an ideal choice for

capturing the one-to-many nature of the BEV to ground-view mapping, neither in terms of plausibility

nor in terms of diversity, instead penalising any deviation from the training ground-truth. A common ap-

proach involves re-projecting the outputs back onto the BEV and comparing to the original conditioning

BEV, but this ultimately discards the height information and is not particularly informative.
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7.1 Contribution

Many visual perception tasks can be trained, tested or validated on datasets comprised of individual,

uncorrelated images, but not all. Tasks such as object tracking or visual localisation require structural

and stylistical consistency between frames. While the previous work, NeuralFloors (Muşat et al.,

2024a), has shown good results when generating individual frames, it suffers from a lack of temporal

coherence due to the inherent nature of the latent diffusion model used in the second stage, and

the absence of mechanisms that enforce consistency.

95
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This work represents an extension of NeuralFloors (Chapter 6), focusing on techniques that improve

frame-to-frame consistency, for both structure and style. The key contributions of the paper include:

1. Multi-view training for the first stage to encourage consistency of structure. Semantic segmenta-

tion, instance and depth maps from multiple camera poses are generated from the accumulated

point cloud data of KITTI-360 to supplement the original single-view data used in the previous

approach;

2. The first stage is also trained to output ground-view feature maps from BEV instance-averaged

features, which are consistent across camera poses and movement. The second stage is

additionally trained to make use of these features (together with the initial input) to synthesize

consistent RGB images. This mechanism offers controlability capabilities, as changes to instance-

averaged features in the BEV are reflected in the ground-view RGB images;

3. Additional auto-regressive training and inference for the second stage, where the RGB image

generated at the previous timestep is used as an additional input at the current timestep, further

improving temporal consistency;

4. An extensive comparison to the performance of existing methods in terms of perceptual quality

and alignment to ground-truth, and qualitative experiments to illustrate style control and

compositionality being achieved by changing the BEV input.

The main difference between the previous work NeuralFloors (Chapter 6) and NeuralFloors++ is

the frame-to-frame consistency, which is enabled by the use of style maps (further discussed in Section

7.3) in the 2 stages, auto-regressive training in stage 2 and the use of multi-view data. Additionally,

dynamic objects are re-introduced in the dataset by leveraging the 3D bounding box annotations

from KITTI-360 (Liao et al., 2023). In order to support these additions, several architectural changes

have been implemented, as shown in Fig. 7.1 and Fig. 7.2.

The BEV encoder ϵBEV receives as input the concatenation of the BEV semantic segmentation

map SBEV , instance map QBEV , and style map HBEV , as opposed to NeuralFloors which only

received as input the semantic segmentation map. The encoder further outputs a latent representation

that is reshaped to 3 orthogonal planes WBEV = {WXZ ,WXY ,W Y Z}. In order to enforce layout

consistency, the latent representation WBEV is additionally given as input to the BEV decoder δBEV ,

which reconstructs the BEV semantic segmentation ŜBEV and style map ĤBEV – this is in addition to
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the previous architecture, where such a component was not present. A ray-based point sampler is further

used to define 3D points along camera rays between the bounds of the near plane tn and far plane tf ,

where tn is the minimum distance along the ray from the camera origin from which points are sampled

and tf is the maximum distance along the ray from the camera origin up to which points are sampled.

NeuralFloors NeuralFloors ++

Legend

BEV instance map

BEV style map

BEV semantic segmentation map

ground-view depth map

ground-view depth map

ground-view feature map

ground-view instance (centers & offsets) map

ground-view semantic segmentation map

ground-view style map

BEV decoder

ground-view decoder

segmentation discriminator

neural field MLP

volume renderer

BEV encoder feature sampled from the XY plane

feature sampled from the YZ plane

feature sampled from the XZ plane

Model components Inputs / outputs

Figure 7.1: The first stage receives as input semantic, instance and style BEV maps representing the top-down
scene, and outputs ground-view maps representing semantic, instance, style and depth information. Components
withˆnotation represent the predicted counterpart e.g. HBEV is the input style map whereas ĤBEV is the
predicted style map.

For each 3D point, 3 latent features are sampled from the 3 orthogonal planes using bi-linear

interpolation and further concatenated to obtain wi = wXZ
i ⊕ wXY

i ⊕ wY Z
i , which is given as input

to a neural field MLP ψ together with the positional encoding ρ(pi) of the coordinates of the point.

The neural field then predicts for each 3D point a feature fi and a density value σi. The volume

renderer then accumulates all the predicted features and densities for all 3D points across all rays,

and further outputs a ground-view feature image and expected depth, which are then concatenated

and given as input to a ground-view decoder δGV . The decoder further predicts the ground-view

semantic segmentation map ŜGV , instance segmentation map ÊGV , style map ĤGV and an up-sampled

depth map D̂+
GV

– this is in contrast to NeuralFloors, where the decoder only outputs the semantic

and instance segmentation maps. Finally, in addition to the previous architecture, the predicted
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ground-view semantic segmentation map ŜGV is consumed by a segmentation discriminator D, which

assesses whether the segmentation is real or generated.

The second stage consists in a latent diffusion model that is adapted to receive as input the ground-

view maps produced in the first stage and a previously generated image. More specifically, during

training, the model receives as input at current time t, the concatenation of the ground-view semantic

segmentation map SGV
t , instance segmentation map EGV

t , style map HGV
t , depth map DGV

t and a

previously generated image IGV
past. This is different from the architecture in NeuralFloors where the

model did not receive as input the style map or a previously generated image. Further, a shallow

CNN is used to encode the ground-view input which is further concatenated with a noisy latent

embedding and de-noised by the model. The final ground-view image IGV
t at time t is generated

by decoding the denoised latent embedding.

NeuralFloors

NeuralFloors ++

Legend

ground-view depth map at time t

ground-view instance map at time t

ground-view semantic segmentation map at time t

ground-view style map at time t

Latent Diffusion Model

ground-view generated image at time t

past ground-view generated image

Figure 7.2: The second stage is a conditional latent diffusion model that receives as input ground-view depth,
semantic segmentation, instance segmentation and style maps, and additionally an RGB generated image from a
past timestamp.

With respect to the second stage, two widely-known implementations are used. The first one

is the original Stable Diffusion (Rombach et al., 2021) architecture that is extended with a shallow

CNN similar to NeuralFloors – referred to as NeuralFloors++(SD) in the integrated publication

manuscript. The second, and more up-to-date method is the T2I-Adapter architecture proposed in

Mou et al. (2024), which extends the capability of Stable Diffusion to accept multi-modal input –

referred to as NeuralFloors++(TI-Adapter) in the integrated publication manuscript. While the two

architectures use the same main components (UNet, image encoder, image decoder), the encoded
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conditioning in T2I-Adapter is injected into the UNet residual blocks at multiple resolutions, whereas

in NeuralFloors++(SD), it is concatenated with the noisy latent embedding as described above.

In order to improve multi-view consistency, the dataset is extended by randomising the camera

poses and rendering both the BEV and ground-view semantic, instance and depth maps using Open3D

(Q.-Y. Zhou et al., 2018). Additionally, the dataset is extended to contain dynamic objects by loading

their 3D bounding boxes together with the accumulated static point clouds.

7.2 Integrated manuscript

The manuscript was published at the International Conference on Intelligent Robots and Systems

(IROS), 2024 (Muşat et al., 2024b)
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Valentina Muşat†, Daniele De Martini‡, Matthew Gadd‡ and Paul Newman
Mobile Robotics Group (MRG), University of Oxford, † Corresponding author ‡Equal contribution

{valentina,daniele,mattgadd,pnewman}@robots.ox.ac.uk

Abstract— Learning autonomous driving capabilities requires
diverse and realistic training data. This has led to exploring
generative techniques as an alternative to real-world data collec-
tion. In this paper we propose a method for synthesising photo-
realistic urban driving scenes, along with semantic, instance
and depth ground-truth. Our model relies on Bird’s Eye View
(BEV) representations due to their compositionality and scene
content control capabilities, reducing the need for traditional
simulators. We employ a two-stage process: first, a 3D scene
representation is extracted from BEV semantic, instance and
style maps using a neural field. After rendering the semantic,
instance, depth and style maps from a ground-view perspective,
a second stage based on a diffusion model is used to generate the
photo-realistic scene. We extend our prior work - NeuralFloors,
to include multiple-view outputs, style manipulation for finer
control at the object level through instance-wise style maps
and cross-frame consistency via auto-regressive training. The
proposed system is evaluated extensively on the KITTI-360
dataset, showing improved realism and semantic alignment for
generated images.

I. INTRODUCTION

Generative AI has made exceptional progress in the last
few years, especially in image and video generation, where
scene synthesis has popular applications in creative indus-
tries, gaming, and robotics. Synthetic data generation has
become increasingly crucial for training computer vision
models, particularly in safety-critical applications like Au-
tonomous Driving (AD). Here, generated data paired with
its source Ground Truth (GT) offers a cheap, scalable, and
easier-to-obtain data source that complements real-world data
collection. Additionally, it eliminates exposure to real-world
risks, thus allowing for the generation of challenging and
rare-case scenarios that would otherwise be unattainable.

Traditional simulators, while widely employed, often lack
scalability and realism due to their reliance on manually
created 3D assets and artists for appearance modelling.
Recent advancements in Neural Radiance Fields (NeRFs)
and diffusion-based models have shown remarkable potential
in synthesizing realistic scenes, making them promising
candidates for data-driven simulators. Inspired by this, we
present a method for synthesising outdoor urban driving
photo-realistic ground-view scenes paired with GT semantic,
instance, depth and style maps, starting from a Bird’s Eye

*Supported by a DeepMind Engineering Science Scholarship and EPSRC
Programme Grant “From Sensing to Collaboration” (EP/V000748/1). The
authors also acknowledge the use of Hartree Centre resources and the
University of Oxford Advanced Research Computing facility in this work.
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Fig. 1: NeuralFloors++ generates photo-realistic ground-view
scenes (Right) paired with ground-truth semantic, instance, depth
and style maps (Middle), starting from a BEV representation (Left).

View (BEV) representation – shown in Fig. 1. Our approach
is factorized into two stages: 1) learning a 3D representation
of the scene conditional on a BEV representation through a
neural field, and 2) generating ground-view photo-realistic
scenes based on the output of the first stage, using a diffu-
sion-based model. Our work, NeuralFloors++, extends Neu-
ralFloors [1] to multi-view-consistent output and incorpo-
rates scenes containing objects in motion. We introduce style
manipulation by employing an instance-wise average style
BEV map inspired by pix2pixHD [2] and enhance cross-
frame consistency by introducing auto-regressive training in
the second stage. In contrast to CC3D [3], which employs
a global latent style code, our approach allows for finer
style control at the object level, and provides a wider range
of ground-view modalities. Finally, by leveraging a BEV
semantic map that is isometric and inherently compositional
in 2D, we enhance compositionality and control of the scene
contents bypassing the need for a traditional simulator.

To summarise, our key contributions are as follows: 1) a
system that allows ground-view scene synthesis from a BEV
representation that can 2) output a consistent style which
is 3) controllable and offers object-level manipulation. Our
approach is 4) able to synthesise a diverse set of ground-view
modalities that can be further used to train downstream tasks.
We conduct thorough experiments on the KITTI-360 dataset
[4], evaluating our method using a variety of metrics, includ-
ing quantitative measures for depth, segmentation, perceptual
quality, and we present a set of qualitative analyses and
ablation studies.

II. RELATED WORK

Traditional data acquisition, whilst offering the most re-
alistic data for training and testing, suffers from limited
diversity, complexity and scarce pixel-level GT, especially
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when moving from 2D to 3D. Asset-based, classic 3D
simulators [5] have been a common choice for gathering data
due to their physically-grounded outputs, virtually unlimited
GT data and high level of control; however, they require
laborious asset building, making the process difficult to scale,
while the inherent gap between the complexities of the
real world and the approximations made by the simulation
engines limits their applicability. To address this, researchers
have proposed data-driven simulators, with the latest ap-
proaches leveraging Large Language Models (LLMs) to gen-
erate environments [6]. Since the success of Generative Ad-
versarial Networks (GANs) [7], works such as pix2pixHD [2]
have shown great capabilities of synthesizing high-resolution,
realistic images from segmentation maps, with geometric
[8] and temporal consistency [9] being enforced by extra
conditioning. Finally, semi-parametric methods combine the
benefits of both learnt and data-driven approaches by relying
on existing data to encourage realism [10], [11].

A. 3D-aware scene generation

Whereas photorealism has been the initial priority, inter-
polation, disentanglement and compositionality of attributes
and contents are paramount to gaining control over the
synthesis process. However, as image synthesis takes place
in 2D, capturing effects such as shading, occlusions, objects’
poses, and appearance interactions requires an understand-
ing of the 3D world. Various approaches have tackled 3D
geometry-aware synthesis by employing inductive biases in
combination with differentiable rendering [12], [13], [14].

GIRAFFE [15] proposes to tackle compositionality in
3D via compositional generative feature fields, where the
scene is composed of background and foreground objects,
generated by separate Multi-Layer Perceptrons (MLPs). Sub-
sequently, GIRAFFE HD [16] improved the architecture
by employing a StyleGAN2-like renderer [17], enabling
synthesis of high-quality scenes. While most 3D generative
models have focused on object-centric scenes, GSN [18]
generates unbounded indoor scenes but does not tackle
compositionality, making it difficult to control the scene
content. CC3D [3] and NeuralFloors [1], instead, tackle
outdoor scenery and enable scene-content control via BEV
semantic map conditioning.

B. Cross-view and cross-modality scene generation

GSN [18] trains an unconditional generative model to
render scenes from a freely-moving camera via a NeRF and a
latent floorplan representation. In their setup, a 1D Gaussian
noise latent code representing the whole scene is mapped to
a 2D grid of latent codes from which features are sampled
using 2D coordinates. However, NeuralFloors [1] and CC3D
[3] argue that this representation is not expressive enough
to offer the level of control, compositionality, and inter-
pretability generally required for scene generation, especially
from a robotics application point of view. To overcome this
limitation, they propose to condition the model on a top-
down semantic-segmentation map representing the scene.

NeuralFloors [1] relies on a triplane representation from a
single floorplan projection plane as in EG3D [19], whereas
CC3D [3] extrudes the floorplan representation into a 3D grid
of features. BerfScene [20] aims to tackle the same task but
uses a 2D Fourier feature map of grid coordinates as input,
while the BEV map and a latent code are used to modulate
the encoder-decoder network. InfiniCity [21] also relies on
a neural renderer to generate the ground-view but requires
hard-to-acquire CAD models to represent the scene.

Outdoor scene generation in a BEV to ground-view cross-
view setup has also been tackled by non-NeRF approaches
such as BEVGen [22] and BEVControl [23]. BevGen learns
the image formation process implicitly with an autoregres-
sive transformer fed with multi-view images, BEV semantic
layout and token direction vectors. BevControl conditions a
diffusion model with a BEV sketch geometrically projected
in the camera space and relies on cross-view attention to
generate geometry- and appearance-consistent images.

C. Diffusion-based models

Latent Diffusion Models (LDMs) have become popular
alternatives to GANs, which generally suffer from mode
collapse and inherent training instability. Popular works such
as ControlNet [24], T2I-Adapter [25] and InstanceDiffusion
[26] unlock flexible user control of the synthesis process
by conditioning a diffusion model with, e.g., edges, poses,
depth, or normal maps. While this approach works well for
still images, controllable video generation is more challeng-
ing as objects must follow spatial and temporal constraints.
VideoComposer [27] addresses this by incorporating motion
vectors and a spatiotemporal encoder employing cross-frame
attention, while Lumiere [28] introduces a Space-Time UNet
architecture that generates the full video sequence at once.

D. Contemporary works

Our work is based on NeuralFloors [1], which generates
ground-view images conditioned on the BEV semantic map
of the scene contents. To relax the assumption of paired se-
mantic BEV maps and ground-view RGB images, the model
is trained in two stages, each leveraging an architecture
specialised for the task. The first stage involves a neural field
to lift and extract a 3D representation of the scene, while
the second stage relies on an LDM for high-quality image
synthesis. However, NeuralFloors is trained on single-view
images only, possibly leading to geometric ambiguity, while
the second stage does not model frame-to-frame consistency.
NeuralFloors++ builds on top of this work by training on
multi-view data in the first stage and enhancing frame-to-
frame consistency in the second stage by a style map inspired
by pix2pixHD [2] and auto-regressive training.

The closest work to ours is CC3D [3], which is also
conditional on the top-down semantic layout of the scene.
However, there are key differences: while NeuralFloors re-
shapes the 2D feature maps into a tri-plane representation as
in EG3D [19], CC3D reshapes them into a 3D feature grid.
Additionally, CC3D is trained end-to-end, synthesising the
ground-view RGB images directly with a dual discriminator,
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NeuralFloors NeuralFloors ++

Fig. 2: Stage 1 architecture. BEV semantic, instance and style maps are encoded into a latent representation from which per-point features
wi are sampled via bi-linear interpolation. A neural field ψ learns a 3D representation of the scene and outputs per-point features and
densities that are further aggregated by a volume renderer to obtain expected depth and feature maps. A decoder predicts the corresponding
ground-view semantic, instance, style and upscaled depth maps. Additionally, a BEV decoder reconstructs the semantic and style maps
from the latent representation, and a segmentation discriminator judges whether the ground-view segmentation is real.

in contrast with our 2-stage method. Moreover, CC3D ma-
nipulates the style of the generated scene through a 1D global
latent noise vector, while we employ a 2D instance-wise style
map spatially aligned with the BEV semantic map, allowing
for finer control of style at the object level. Finally, we
introduce a semantic-map discriminator to discern between
ground-view generated and GT semantic maps.

III. METHOD

Our methodology borrows from NeuralFloors [1], where
the setup is a two-stage approach, with each stage employing
architectures specialised for its task. The first stage learns a
mapping from BEV to ground-view representations of the
scene, while the second synthesises highly photo-realistic
ground-view images using the output of the first stage.

A. Semantic lifting

We leverage a ray-based point sampler following a pinhole
camera model, coupled with a neural field to learn a 3D
representation of the scene, conditional on 2D maps, and
employ a volumetric renderer to produce ground-view maps.
The system diagram for the first stage is depicted in Fig. 2.

We start from a BEV semantic segmentation map SBEV ,
an instance ID map QBEV , and an instance average style
map HBEV . These inputs are representative of the local
scene we want to render from ground-view, encompassing
semantic and appearance information. An encoder εBEV

learns to encode them into a latent representation WBEV ,
which is reshaped into 3 orthogonal planes WBEV ={
WXZ ,WXY ,WY Z

}
, similar to EG3D [19] tri-plane repre-

sentation. Additionally, we enforce BEV layout consistency
by reconstructing SBEV and HBEV via a decoder δBEV .

A ray-based sampler is used to cast R rays, with P 3D
points {pi|pi = (xi, yi, zi) ∀i = 1, ..., P} along each ray r.
For each point, we sample 3 latent features via bi-linear
interpolation from the 3 orthogonal planes, which are further
concatenated to obtain an aggregated per-point latent feature
wi = wXZ

i ⊕ wXY
i ⊕ wY Z

i . The latent feature wi and
the corresponding 3D coordinate pi – concatenated with its

positional-encoding ρ(pi) – are given as input to a neural
field ψ parametrised by an MLP, to produce a final corre-
sponding feature and density (fi, σi) = ψ(pi ⊕ ρ(pi), wi).

Given the volume of densities and features, the ground-
view feature image is obtained by aggregating the weighted
features fi of all the points pi across each ray r ∈ R:

F̂ (r) =
P∑
i=1

αiTifi where Ti = exp

−
i−1∑
j=1

σjδj

 (1)

with Ti denoting the transmittance along the ray, αi =
1 − exp(−σiδi) the opacity of point i, and δj the distance
from point j to point j + 1. Similarly, to approximate the
ground-view expected depth, the distances ti to points pi are
weighted and aggregated along each ray r ∈ R:

D̂(r) =

P∑
i=1

αiTiti (2)

By sampling rays from the ego-perspective of the vehicle,
we obtain the expected ground-view depth D̂GV and ground-
view feature F̂GV images, which are further concatenated
as input to the decoder δGV to predict the correspond-
ing ground-view segmentation, instance, style and upscaled
depth maps ŜGV , ÊGV , ĤGV and D̂+

GV
. For the ground-

view instance map we follow a formulation similar to [29],
and define EGV = (CGV , OGV ), where CGV is the instance
centres map (centres of mass), and OGV is the instance pixels
offsets map (each blob pixel’s offset from its corresponding
centre along the image axes).

Finally, to encourage the model to produce segmentation
with natural shapes, we pass the predicted segmentation
map ŜGV to a segmentation discriminator D, which pre-
dicts whether ŜGV comes from a distribution of real or
synthesised segmentation maps. This component is added to
balance the effects of a strict loss criteria applied to outputs
with multiple plausible representations. More specifically,
given the arrangement of scene contents in a BEV map, there
are many configurations of shapes in the ground-view map
that satisfy its layout. However, while applying segmentation
supervision on the ground-view output (Tab. V), the model
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is forced to reconstruct a particular configuration (out of
many possible configurations), without knowing which one it
should. Although a discriminator does not directly solve the
one-to-many mapping, it can be used to balance the effects
of strong supervision.

B. Image synthesis

Given the remarkable results of denoising diffusion models
[30], we follow [1] and employ a latent diffusion model for
the task of ground-view map to RGB image synthesis.

A diffusion model consists of two processes: a forward
diffusion process adds noise ϵ drawn from a Gaussian distri-
bution iteratively to an input x to obtain a diffused version
xt, and a reverse diffusion process recovers the original
input gradually, by predicting the added noise ϵ̂ using a
model ϵθ and subtracting it from xt. Unlike diffusion models
applied directly in the pixel space, latent diffusion models
are applied in a lower-dimensional latent space that is more
computationally efficient but still preserves content richness.
In this case, an encoder and decoder learn to encode images
in a latent representation z and decode them back. During
inference, a diffused latent embedding zt is sampled from a
Gaussian distribution and ϵθ is used to incrementally denoise
zt, from which the decoder produces an RGB image.

Our method extends the denoising network ϵθ to addition-
ally condition on zc = ϕ(SGV , EGV , DGV , HGV , IGV

past),
where IGV

past is a previous RGB image and ϕ is an additional
convolutional network used to embed the ground-view data,
thus the predicted noise becoming ϵ̂ = ϵθ

(
zt, zc, t

)
.

C. Instance-wise average style encoding

To encode style, we draw inspiration from pix2pixHD
[2] and construct instance-wise averaged style maps. The
purpose of using a style map that has the same spatial
resolution as the other BEV inputs is that, as opposed to
using a global style code [3], this method offers precise
delimitation between objects styles and thus, finer control.
Ground-view colour images are given as input to an encoder
εstyle to produce a latent style map which is upsampled via
bi-linear interpolation to the original size of the image. Using
the corresponding GT segmentation and instance maps, we
select the averaged style features corresponding to unique
objects within an image and construct a bank of latent style
codes. For classes that do not have individual instances, the
average style is calculated across the semantic class in the
image. Thus we obtain BEV and ground-view instance-wise
averaged style maps HBEV and HGV that encode instance
and class-specific style information.

To build the BEV and corresponding ground-view GT
style maps, we first construct an empty BEV and ground-
view map of the same spatial resolution as the input for
each observation set. For a particular instance of an object
in the BEV, we randomly pick a style code from the bank of
latent style codes particular to that class. Then for all pixel
locations that belong to the instance, we broadcast the style
code in both the BEV and ground-view maps. Similarly, we

broadcast a style code for all segmentation pixels that belong
to a particular class but do not have instance information.

D. Losses

For the BEV and ground-view segmentation supervision,
we apply Cross-Entropy loss1:

LS = −E

 N∑
n=1

αn

H×W∑
i,j

hi,j,n log Ŝ
∗
i,j,n

 (3)

where αn weights each class. Indicator hi,j,n = 1 if pixel
(i, j) ∈ n in the GT segmentation map otherwise hi,j,n = 0.

For the BEV and ground-view style supervision, we apply
an L1 loss between the GT and predicted style maps:

LH = |H∗ − Ĥ∗| (4)

For ground-view instance map reconstruction, we apply
L1 loss between GT and predicted centers and offsets:

LC = |CGV − ĈGV |; LO = |OGV − ÔGV | (5)

For depth reconstruction and training stability, we apply
an L1 loss between GT and predicted depth maps:

LD =MD ⊙ |DGV − D̂GV | (6)
where mask MD is used to perform pixel-wise masking if
DGV is not within (tn, tf ] bounds.

Additionally, an L1 loss is applied between the GT depth
map and the upscaled depth predicted by decoder δGV :

LD+
=MD ⊙ |DGV − D̂GV

+ | (7)

All losses of stage 1 are additionally masked in the sparse
random view, to account for pixels that do not belong to a
particular class (void).

Additionally, an adversarial loss is used to train the
generator G and discriminator D:

LA = E[logD
(
SGV

)
] + E[log

(
1−D

(
ŜGV

))
] (8)

where the generator is G = δGV ◦
∑

◦ ψ ◦ εBEV and its
output is ŜGV = G(SBEV , QBEV , HBEV ).

The final loss Ltotal for stage 1 is a sum of the losses
above weighted by their λs, while in stage 2, the training
objective of the latent diffusion model is:

LLDM = Ez,ϵ∼N (0,1),t

[
||ϵ− ϵ̂||22

]
(9)

where ϵθ parametrised by a convolutional neural network is
trained to predict the noise ϵ̂ = ϵθ(zt, zc, t).

IV. EXPERIMENTAL SETUP

A. Data

We train and evaluate the experiments on KITTI-360 [4]
– a widely-known dataset that contains complex real-world
urban driving scenes, with 20 semantic classes following
the Cityscapes [31] convention. Whereas NeuralFloors [1],
being based solely on the accumulated point cloud for BEV
creation, discards the data with objects in motion, we over-
come this problem by using 3D bounding boxes for objects
in motion, allowing us to use the full dataset. To create

1With the notation (·)∗, we denote that a variable (·) can either be
(·)BEV or (·)GV
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the paired data, we load the point cloud and the bounding
boxes in Open3D [32], and at every k-th original pose in the
KITTI-360 dataset, we generate a set of observations from
different view-points. Thus, we sample 4 additional random
poses with up to 1.5m of lateral, 0.5m forward and 40◦ yaw
displacements, resulting in observation sets each with 1 dense
and 4 sparse ground-view GT maps. For each observation,
we render both BEV and ground-view semantic, instance and
depth maps. Since the 3D bounding boxes in the ground-view
perspective do not have natural shapes, we randomly sample
points around the centre of each object’s box. We use the
first 8 sequences for training and reserve the last sequence
for model selection and testing. We chose a step size k = 5
for the train set and of k = 1 for the test set, resulting
in 73 285 frames for training, 1800 for model selection and
13 330 for testing. The last sequence does not overlap with
any of the training sequence and model selection and testing
partitions are spatially distinct.

B. Metrics

We follow the literature and evaluate the perceptual quality
of the generated images (at resolutions 642, 2562, 5122)
using Fréchet Inception Distance (FID) [33] and Kernel
Inception Distance (KID) [34], and Fréchet Video Distance
(FVD) [35] for the sequence counterpart. To measure the
ability of the model to reconstruct the semantic structure of
the scene, we follow [1] and report the Mean Intersection
Over Union (mIoU) between the predicted ground-view and
GT ground-view semantic maps. Similarly, we report mIoU-
alignment, which evaluates the mIoU between ground-view
semantic maps extracted from the predicted ground-view
images and GT ground-view RGB images, using a pre-
trained segmentation model (Deeplabv3+ [36]). The goal
is to measure how well the generated ground-view images
perform on a segmentation downstream task as compared to
the real images, but without introducing undesired variance
from the performance of the pre-trained segmentation model
itself. Similarly to [1], we report Root Mean Squared Error
(RMSE) (metres) between the predicted upscaled ground-
view and GT ground-view depth maps to check the accuracy
of the synthesised depth. Both single-view and multi-view
experiments are evaluated on multi-view data.

C. Baselines

We compare our model with recent work such as Neu-
ralFloors [1] and competing method CC3D [3], but also prior
art GSN [18]. The GSN model is trained unconditionally
based on normally-distributed noise following the original
training scheme, using the extended dataset containing dy-
namic objects. For CC3D [3], we report two sets of results,
one after running the official pre-trained model on our valida-
tion data (CC3D pre-trained) and one after training the model
from scratch (CC3D trained) – both are either evaluated
or trained and evaluated on the extended dataset. Finally,
we report our new proposed approaches NeuralFloors++
(SD) and NeuralFloors++ (T2I-adapter) in comparison to

NeuralFloors [1], which is trained and evaluated on the
previous static dataset.

D. Implementation details

Stage 1 encoders (εBEV , εstyle), decoders (δBEV , δGV )
and stage 2 VAE and LDM of NeuralFloors++ (SD) are
initialised from publicly available weights (SD-v-1-4) [30].
The NeuralFloors++ (SD) LDM is extended with two con-
volutional layers (ϕ) that embed the conditional inputs,
which are concatenated with the standard noisy latent vari-
able and fed into the LDM denoising network. Stage 2 of
NeuralFloors++ (T2I-adapter) is the implementation of [25],
where we train the Adapter (ϕ) but also fine-tune the UNet,
which is initialised from SD-XL-v1.0. For the segmentation-
discriminator, we use the OASIS discriminator [37] back-
bone, which now receives as input a one-hot encoding of
the segmentation map and outputs a real/fake signal.

We set tn = 0 and tf = 80 meters. The BEV map has
a size of 512 × 512, covering an area of 80 × 80 meters.
Encoder εBEV receives input of shape 25× 512× 512 and
outputs WBEV of shape 96 × 128 × 128. Decoder δBEV

receives WBEV and outputs 24 × 512 × 512. We sample
2136 rays with 200 points per ray. DGV shape is 1×24×89
and FGV is 16 × 24 × 89. Decoder δGV receives as input
17 channels and outputs 28 × 192 × 712. Discriminator D
receives input of 20× 192× 712 and outputs 1× 192× 712.
Stage 1 output is resized, center-cropped and zero-padded to
512 × 512. Stage 2 NeuralFloors++ (SD) receives input of
shape 29×512×512, downscaled to 29×256×256 where ϕ
encodes to 4×64×64 before it is concatenated with the noise,
and finally outputs an image of size 3 × 512 × 512. Stage
2 NeuralFloors++ (T2I-adapter) receives inputs at the native
192×712 output resolution of Stage 1 and outputs an image
of size 192× 712. Style encoder εstyle receives the original
KITTI-360 image of shape 3× 376× 1408 and outputs 4×
47×176 which is upscaled bi-linearly to 4×376×1408. The
bank of style embeddings consists of 269, 843 latent codes
organised by class.

E. Training details

We empirically set the weights α of rare classes [bicycle,
person, rider, pole, traffic sign] to [4.0, 5.0, 4.0, 4.0, 4.0]. We
use batch size 1 and Adam optimiser. Each stage model is
trained individually on 4 NVIDIA V100 GPUs with 32 GB of
VRAM. Inference takes 0.33s, 29s and 5.5s per observation
for Stage 1, Stage 2 NeuralFloors++ (SD) and Stage 2
NeuralFloors++ (T2I-adapter) respectively, on a single GPU.
Stage 1 is trained with a learning rate of 10−4, uses the
DeepSpeed [38] library and has 117 M trainable parameters.
Stage 2 of NeuralFloors++ (SD) is trained with a learning
rate of 10−4, t = 50 diffusion steps at inference and has
943.2 M params, while stage 2 NeuralFloors++ (T2I-adapter)
uses t = 20 steps and has 2.737 B params. We use the
following weights to scale losses: λLS

= 10, λLJ
= 10,

λLC
= λLO

= 100, λLD
= λLD+

= 1, λLA
= 1.
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Fig. 3: Consecutive frame predictions from BEV inputs with NeuralFloors++ (T2I-adapter) model.

Model mIoU ↑ mIoU-align ↑ RMSE ↓ FID ↓ KID ↓ FVD ↓
642 2562 5122 642 2562 5122 642 2562 5122

GSN - - - 203.42 - - 0.2512(46) - - 1254.77 - -
CC3D pre-trained - 10.12 - 55.24 104.59 - 0.0396(11) 0.0905(18) - 486.88 1043.94 -

CC3D trained - 11.47 - 97.05 125.85 - 0.0503(28) 0.0853(25) - 491.80 1004.41 -
NeuralFloors 32.06 28.11 6.897 42.23 66.50 65.81 0.0266(11) 0.0351(12) 0.0322(12) 454.95 834.95 868.29

NeuralFloors++ (SD) 35.82 29.15 6.730 25.49 36.51 48.63 0.0157(11) 0.0166(8) 0.0229(9) 206.90 603.81 600.29
NeuralFloors++ (T2I-adapter) 35.82 29.33 6.730 20.60 29.41 42.55 0.0149(11) 0.0162(10) 0.0219(11) 208.57 386.07 397.27

TABLE I: Baselines comparison regarding segmentation, depth and perceptual quality at different image sizes. Parentheses indicate
smallest digit uncertainty – e.g. 0.0396± 0.0011 in the second row for KID.

V. RESULTS

In Tab. I, as evaluated by FID (203.42), KID (0.2512)
and FVD (1254.77), GSN seems to be the least performing
model, as also emphasized in [3] and [1]. Compared to
NeuralFloors, our proposed model performs better in terms
of semantic correctness, as both mIoU and mIoU-alignment
have improved from 32.06 to 35.82 and from 28.11 to 29.33
respectively, while RMSE dropped from 6.897 to 6.730,
highlighting the benefit of improved complex data and multi-
view training. In terms of perceptual quality of both the gen-
erated images and video – FID, KID and FVD are improved
at all resolutions. In terms of semantic structure, since CC3D
[3] does not output ground-view segmentation map nor it
is trained for the output to follow a particular ground-view
semantic structure, we can only compare the segmentation
of the images from the off-the-shelf segmenter. In this case,
both CC3D pre-trained and CC3D trained models have close
mIoU-alignment of 10.12 and 11.47 respectively, which are

much lower than our 29.33. Regarding perceptual quality,
metrics also significantly improve, especially at the 2562

resolution. While these results are reported for our data,
which makes use of KITTI-360 to the full extent, CC3D
[3] also report an FID of 65.6 at the 2562 resolution on their
curated dataset, where turning cases are removed.

As it can be noted in Fig. 3, NeuralFloors++ (T2I-adapter)
can synthesise consecutive frames of high quality and diverse
modalities. Additionally, in Figs. 4 and 5 we present quali-
tative results of style control and compositionality.

Fig. 4: We demonstrate style control by randomly sampling 2 sets
of latent codes (2nd and 4th columns) for the objects, using the
same BEV semantic map. In the generated ground-view images,
the layout of objects is consistent, while the style is distinct.
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Fig. 5: We demonstrate compositionality and editability capabilities
by manipulating the input map. We add and move a car from left
to right in the input BEV semantic map re-rendered the scene.

VI. ABLATION STUDY

We conduct an ablation study to evaluate and justify the
choice of our final model, by iteratively adding new features
to a base case, with + indicating incremental additions to
the settings of the previous row.

Since we use a real-world dataset, some classes are less
common. Thus, in Tab. II, we analyse the effects of assigning
a larger weight to under-represented classes (small-class
weighting), compared to the baseline with equal weighting
(equal weighting) and observe an improvement in mIoU from
32.69 to 33.74. We additionally investigate whether a model
with larger capacity (FGV from 4×24×89 to 16×24×89)
leads to improvements in mIoU (+ larger model).

Model mIoU ↑

equal weighting 32.69
small-class weighting 33.74
+ larger model 33.89

TABLE II: Single-view ablations group 1.

In Tab. III, starting from small-class weighting as a base
setup, we find that both enforcing BEV semantic recon-
struction (+ BEV segmentation reconstruction) and adding
BEV instance information (+ input BEV instance map)
lead to an increase in mIoU. We additionally generate an
upscaled depth map from decoder δGV (+ depth upscaled).
The addition of this output leads to a reduction in mIoU, but
represents an important component of the set of generated
ground-view data, so we include it in the final model setup.

Model mIoU ↑

small-class weighting 33.74
+ BEV segmentation reconstruction 34.20
+ input BEV instance map 34.76
+ depth upscaled 33.65

TABLE III: Single-view ablations group 2.

In Tab. IV, starting from small-class weighting, we check
the effects of adding BEV style maps as input, and style
map reconstruction (+ style input & reconstruction). We
observe a drop in performance (from 33.74 to 25.97) and
investigate whether this is due to a model bottleneck by
employing a larger model (FGV from 4 × 24 × 89 to
16 × 24 × 89) (+ larger model). We observe a recovery in
mIoU (34.49) and notice that the initial base setup did not
suffer from the same drawback (+ larger model in Tab. II,
33.89). We conclude that this is an indication of a bottleneck
when diversifying the output signal. Finally, we analyse the
performance of a single-view model with all components
introduced so far (+ all components): small-class weighting,
BEV segmentation reconstruction, input BEV instance map,

upscaled depth prediction, segmentation discriminator, BEV
style map input and ground-view style map reconstruction
on a larger model, leading to the best performance in this
ablation group (34.55).

Model mIoU ↑

small-class weighting 33.74
+ style input & reconstruction 25.97
+ larger model 34.49
+ all components 34.55

TABLE IV: Single-view ablations group 3.

In Tab. V, starting from small-class weighting setup, we
first train a simple multi-view model (+ multi-view) and set
a new baseline of mIoU 35.36. As outlined in Sec. IV-A,
our multi-view data is comprised of observations from the
original poses, which are dense and contain the class sky,
and random observations around these, which come from
sparse LiDAR point clouds, with sky segmentation being
absent. We empirically observe that our model learns to
output dense segmentation maps with sky present for the
original poses but fails to synthesize sky class in any of the
random observations. To mitigate this, for each observation
set, we randomly select one of the camera poses and the BEV
associated with it, and express the poses of all other cameras
with respect to this new reference camera (+ randomised).
As mIoU cannot be computed for class sky in the random
views, we conduct a qualitative inspection. We then add all
of the single view components (+ all components), which
leads to an mIoU of 34.93. Finally, we add the segmentation
discriminator (+ segmentation discriminator), leading to a
final mIoU of 35.82. We select this as our final model.

Model mIoU ↑

small-class weighting 33.74
+ multi-view 35.36
+ randomised 35.46
+ all components 34.93
+ segmentation discriminator 35.82

TABLE V: Multi-view ablations.

In Tab. VI, we start with a baseline of FVD 868.29
based on the previous approach (NeuralFloors). We test
the benefit of additionally conditioning the synthesis model
via instance-wise style maps (NeuralFloors + style) and
note an improvement in FVD. As consecutive frames are
highly correlated, we take advantage of this characteristic
by conditioning the synthesis of the current frame ÎGV

t on
the previous generated frame IGV

past = ÎGV
t−1 (NeuralFloors +

AR(1)). However, as this ablation is evaluated on the output
data from stage 1, style and content drifts that are present
in initial frames possibly affect the synthesis of subsequent
frames, leading to less perceptually-pleasing results. We test
a similar setup where the extra conditional input frame is
randomly chosen between t − 1 and t − 8 (NeuralFloors +
AR(*)) and note an improvement in FVD to 692.36. Finally,
we evaluate both a past generated frame and the style map
conditioning (NeuralFloors + style + AR(*)), and observe an
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improved FVD of 600.29. We select this as our final model.

Model FVD ↓

NeuralFloors 868.29
NeuralFloors + style 668.48
NeuralFloors + AR(1) 1167.64
NeuralFloors + AR(*) 692.36
NeuralFloors + style + AR(*) 600.29

TABLE VI: Stage 2 ablations evaluated at 5122, on the output of
stage 1.

VII. CONCLUSIONS

We have presented improvements in multiple-view consis-
tency, style manipulation, and fine object-level control when
synthesising ground-view images from BEV representations.
These contributions have lead to improved realism and align-
ment for the generated images and associated modalities.
With the addition of scene compositionality and style control,
the proposed system has important applications in training
AD downstream tasks without the need of a simulator. It
is worth noting that our system may encounter challenges
when dealing with tunnels or other structures that obscure
the scene entirely. Although in this study we focus on
2D representations for simplicity and useability, other BEV
inputs (depth or height) can be used to improve performance.
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7.3 Further insights

Similar to the previous approach presented in Chapter 6, the proposed method, NeuralFloors++, did

not leverage the ability of the latent diffusion model to be conditioned on text prompts, since the UNet

was not fine-tuned with meaningful text captions. This is because no such captions existed for the

datasets at the time - instead having to choose a constant, generic prompt.

The capability of the the family of Stable Diffusion models to be prompted with text can be retained,

by choosing to bypass fine-tuning the UNet for the version that uses the T2I-Adapter (Mou et al.,

2024). This would enable prompted weather addition, and could be used along with the auto-regressive

formulation. Additionally, if training data with weather conditions and text captions associated with

the weather condition is available, the UNet can be fine-tuned. Alternatively, the T2I-Adapter can

receive an additional RGB input acting as a style cue.

One of the drawbacks of using an auto-regressive model in the second stage is style drift, where each

subsequent generated frame introduces a small amount of error in terms of stylistical consistency, which

is then further amplified when the generated frame is used for conditioning the next step. As shown

in Table VI in the integrated paper manuscript, introducing additional conditioning (in the presence

of an auto-regressive model) in the form of instance-wise average style features improves temporal

consistency by approximately 13 percent, as measured by FVD. Intuitively, the addition of style features

leads to improvements by providing coarse (being instance-averaged) and consistent style cues.

The principle of data requirements separation between stages is continued and applied to the style

features as well. While the first stage is trained with features that are extracted from RGB data that

would normally be used to train the second stage, two distinctions should be clarified. Firstly, at

train time, for each iteration, the features are randomly sampled from the bank of styles, ensuring

that the first stage model does not learn a correlation between specific objects, their location and any

corresponding feature, intuitively encouraging the model to instead learn to lift and transfer arbitrary

input style features into their correct location in the output ground-view feature map. Secondly, at

inference time, the features can be re-extracted from a larger dataset for more diversity, or from a

specialised dataset for post-hoc style alignment.

To enhance style consistency, we thus design a process of extracting features, creating a bank

of style embeddings from which to further sample. This process does not employ a structure and

style disentanglement architecture for extracting style embeddings, instead relying on the variational

auto-encoder from Stable Diffusion (Rombach et al., 2021) in order to extract meaningful embeddings
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Figure 7.3: Style encoding process: an RGB image is first encoded to obtain style embeddings and then
upsampled back to the original resolution. Using its corresponding semantic and instance segmentation maps,
the style embedding of each object is averaged and saved in a database.

Figure 7.4: Style embeddings are sampled from the style bank, then BEV and ground-view style maps are
constructed according to their semantic and instance information.

from RGB images. More specifically, features are extracted using the encoder, then upsampled to the

original image resolution. After being averaged across each instance using the corresponding instance

map associated with the input RGB image, they are finally saved in a feature bank, categorised by class,

as visually explained in Figure 7.3. At train time, a feature is randomly sampled for each instance

ID and each class belonging to an observation, and both the associated BEV and the ground-view

feature maps are populated with corresponding features based on either the instance segmentation

map (for objects with an instance ID) or the semantic segmentation map (for background classes),

as visually explained in Figure 7.4. At inference time, the features are sampled only once, and kept
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Figure 7.5: An example of a BEV semantic map with different ground-view RGB styles that have been randomly
sampled using the BEV style map.

constant throughout the entire sequence or traversal to ensure consistency.

Furthermore, the use of instance- or class-wise features allows the style of generated images to be

controlled with a better level of granularity compared to global style embeddings, as shown in the exam-

ples in Fig.7.5.

In terms of temporal coherence, the approach presented in this chapter was evaluated using FVD.

However, recent literature such as a study by G. Y. Luo et al. (2025) has highlighted that FVD may

be more strongly correlated with individual frame fidelity rather than cross-frame consistency. As

such, JEDi has been proposed as a new metric, as it is better correlated with both temporal consistency

and human visual perception, since it uses both a new feature extractor based on V-JEPA (Bardes

et al., 2024) and replaces the Fréchet Distance with MMD. Similar to FVD, a lower JEDi score

indicates that the synthesised videos are more closely aligned with real video distributions, reflecting

a high-quality generative model. We thus employ JEDi on the synthesised test sequence, where

the metric is applied on snippets of length of 10 frames. The results reported in Tab. 7.1 indicate

that both versions of the NeuralFloors++ model outperform the previous architecture NeuralFloors,

and competing model CC3D (Bahmani et al., 2023).

Model JEDi ↓

CC3D pre-trained 16.54
CC3D trained 13.96
NeuralFloors 10.54
NeuralFloors++ (SD) 4.28
NeuralFloors++ (T2I-adapter) 4.36

Table 7.1: Results using the JEDi metric.

Finally, an alternative (and contemporary) approach to the proposed method is MagicDRIVE

(Gao et al., 2024b), which models cross-frame temporal consistency as a sequence of embeddings
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obtained from a BEV map, 3D annotations and camera poses, which are then used to condition a UNet

for multi-view image or video generation. However, this method does not generate any additional

dense ground-truth beyond what is used as an input.
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8.1 Summary of contributions

The work presented in this manuscript focuses on methods that generate data for various use cases

across a wide spectrum of autonomous driving applications, starting with a method for multiplying ex-

isting image data by adding weather effects and changes in levels of illumination in Multi-weather city.

While the initial publication focuses on a specific set of weather domains, the method presented is

applicable to a larger spectrum, as long as a minimum amount of paired or unpaired data is available.

Employing both GANs and Cycle-GANs provides a high degree of flexibility in terms of data sources,

while their outputs can be further combined with analytical methods in order to extend to domains

113
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beyond what is available through the input training data alone.

The data generated with this method was thoroughly evaluated, by using it to train an object

detection model and an instance segmentation model, and testing them on real-weather datasets,

in some cases exceeding 10 percentage points increase in mean AP compared to baselines. This

approach, on the other hand, is not able to change the structure of the scenes represented in the input

images, but this is further tackled in the next publication.

As such, in Depth-SIMS, the focus is placed on scene compositing, while maintaining realism and

quality of associated ground-truth. The approach builds on semi-parametric prior art, by making use

of a bank of blobs, while being conditioned on semantic and instance segmentation maps. However,

as opposed to the prior method, if offers the ability to generate depth and semantic maps that are

aligned with the RGB output. The suitability of the generated data as training data was also evaluated,

showing improvements in semantic segmentation and depth completion models.

Unfortunately, since the method operates directly on 2D images, it is limited in its ability to

reason about complex interactions such as occlusion, and requires a guiding ground-view semantic

segmentation map as input, making scalable synthesis difficult. This limitation is further tack-

led in the next publication.

In Neuralfloors, a two-stage approach is proposed to split the problem of image generation into

two distinct steps. The first stage reasons about scene structure and geometry by lifting the structure of

a BEV representation into a 3D representation using a neural field approach, while the second stage

employs a latent diffusion model responsible for the appearance of the generated scene, given the

outputs from the first stage. The input to this pipeline is a BEV semantic segmentation map, which is

a popular representation adopted by many modern perception and planning approaches, and which

is easier to generate and edit than its ground-view alternative.

Similar to the previous method, the proposed approach is designed to output ground-view RGB

images and aligned ground-truth in the form of depth, semantic and instance segmentation maps.

It is further evaluated against prior art and competing methods, showing significant improvement

in both visual quality and structural alignment.

Unfortunately, the method lacks an explicit mechanism to ensure temporal consistency, mak-

ing it less applicable to downstream tasks that rely on frame sequences, this being further ad-

dressed in the next publication.
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In Neuralfloors++, the previous method is improved by tackling both structural and stylistic

consistency: initially, in the first stage, through training on multi-view data and via the introduction

of a style map for appearance cues, followed by auto-regressive training in the second stage, where

the past generated RGB image is used as an additional input for the next timestep. The output data is

further evaluated for both individual frame quality using the same metrics employed in the previous

publication, but also for temporal consistency using FVD and JEDi, showing improved quality.

Finally, similar to other examples from prior art, these approaches can also be combined, in

order to further extend their applicability.

8.2 Future work

As explored by previous 3D-based methods (and discussed in Section 4.3), a suitable choice for

3D-informed weather synthesis are NeRFs, which make use of a light transmittance model and learn

the structure of the scene by estimating a volume of densities and colors. The method approximates

the image formation process by sampling rays of light and computing accumulated transmittance along

the rays as a function of densities, and can deal with occlusions, which is especially important for

modeling weather particles such as, for example, snowflakes. Although it isn’t a comprehensive physics

particle simulator, it could exceed 2D weather image synthesis models in terms of expresiveness and

control, without introducing too much complexity.

The proposal is that a special-purpose NeRF-based architecture can be coupled with a pre-trained

NeRF-MLP to produce 3D reconstructions of a scene under various weather conditions, without

requiring any training on weather images of that specific scene. Prior methods for this exist in recent

NeRF literature, with ScatterNeRF (Ramazzina et al., 2023) tackling the reconstruction of foggy scenes

using a combination of two MLPs, one that learns the clean, non-foggy scene, and one that learns to

reconstruct the foggy medium. While approaches such as ScatterNeRF (Ramazzina et al., 2023) or

SeaThru-NeRF (Levy et al., 2023) are focused on 3D reconstruction and weather removal, the proposed

method instead focuses on adding weather effects to existing 3D scenes parametrized as NeRF-MLPs.

For the purpose of representing a scene that is degraded by weather, a simplifying assumption is

that everything happens between the camera and the surfaces that make up the scene. This can

be organised into three categories:
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1. Atmospheric weather (e.g. fog, rain, snowflakes, dust particles) can roughly be represented as 2

types: those that act through scattering, such as fog, and those that act as opaque occluders, such

as snowflakes, dust or rain, depending on the distance to the sensor;

2. Adherent weather on object surfaces (e.g. accumulated snow, puddles) can roughly be modeled

as accumulation of material on surfaces. Thus accumulated weather can be considered as a new

surface on top of the original surface, with a different feature (i.e. color);

3. Adherent weather on lens (e.g. droplets, snowflakes) can be roughly represented as 2 types:

those that act as a secondary lens, where the rays will change direction, and those that act as

occluders, where the opacity is increased.

For all weather effects, the goal is to avoid explicit analytical models (physics simulation of

individual weather effects at particle level) and instead learn from the data, which can be hopefully

done through NeRF models.

In the proposed architecture, a NeRF is first trained on overcast data (overcast MLP). The pre-trained

overcast MLP is then frozen, combined with a second NeRF (weather MLP), and the architecture is

trained on adverse weather data, with only the weather MLP being optimised. More specifically, the

outputs of the 2 MLPs can be combined residually to obtain the final per-point ray outputs: colors and

densities. A volumetric renderer is then used to produce final (weather-affected) images, on which

weak supervision via an adversarial loss is applied. The advantage of using weak supervision is that

it alleviates the strict requirements of needing paired, pixel-aligned overcast and weather-affected

images, which are very difficult to obtain in the real world.

Following the simplifying assumptions from above, the intuition is that the frozen overcast MLP

will output densities and colors specific to the original scene, while the weather MLP will generate

densities and colors corresponding to weather effect being added.

In order to ensure that the weather MLP learns meaningful properties of the scene under a specific

weather condition, an orthogonality loss (direct orthogonality loss and gram matrix orthogonality loss)

can be applied between densities (and colors) predicted by the 2 MLPs. Inspired by L. Liu et al. (2021),

the coupling of an orthogonality loss between the density outputs of the two MLPs with the residual

combination of their outputs could lead to the MLPs learning complementary but different signals.

The goal here is to have the overcast MLP output densities as a function of the location of scene
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surfaces in absence of any weather effects, while having the weather MLP output densities indicating

the placement of weather effects in between the scene surfaces and the camera lens.

An added benefit of employing a NeRF-based architecture is that similar to the approach in

NeuRAD (Tonderski et al., 2024), LiDAR can be incorporated as well through the addition of a second

renderer or second feature decoder, enabling multi-sensor modeling.

Finally, the possible disadvantage is that weak supervision enforces a distribution of the images,

rather than pixel-wise accuracy, and may not be a strong enough signal to learn plausible or correct

weather effects. The mitigation for this is to use stronger supervision, but this comes with a stricter data

requirement of having paired overcast and weather images. In this case, datasets such as SemanticSpray

(Piroli et al., 2023) or WADS (Kurup & Bos, 2023) may be particularly useful.
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