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Abstract5

The fast and reliable prototyping of floor plan layouts is a crucial element

in the early stage of the building construction cycle. The purpose of this

study is to ameliorate the major difficulties associated with the use of gener-

ative adversarial networks (GANs) for automating high-resolution floor plan

generation: vast computational and data requirements, training instability,

and problematic result evaluation. A stable resource-efficient multi-module

GAN-stack framework is proposed comprising pre-processing (denoising and

4× down-sampling), floor plan image generation, and up-sampling modules.

Each module is individually optimized. An innovative holistic evaluation

framework of the generated building floor plans is presented covering im-

age quality, diversity, truthfulness, overall training time, energy spent during

training and associated carbon emissions. A novel validation framework is

introduced, involving contextual building functionality, data privacy, capa-

bility to manipulate design generation to suit the designer’s desires, usability
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in BIM downstream tasks, and inference speed. Results demonstrate that the

apropos network architecture choices allow for significantly cutting down the

wall clock training time (<60h) while maintaining superior generated image

quality and contextual meaningfulness, given only sub-thousand 1024×1024

training images of single-story residential Danish homes and a limited com-

puting resource (a single RTX-3090 GPU). The proposed computer-aided

pipeline may support decisions between architects and their clients. It may

broaden access to the GAN-based research on the automation of building

design. The presented automated tools could find application in other indus-

tries which have the same driving needs and resource constraints for adopting

GANs, and that also lack ways of validating their end product.
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1. Introduction9

1.1. Background10

A floor plan is a horizontal cross-section representing the spatial archi-11

tecture of a building and its functionalities. The floor plan design is a crucial12

early phase in the architectural design process, since many fundamental de-13

cisions need to be made at this stage; decisions which are both difficult and14

expensive to change later on [1]. It is also a complex iterative task, which15

largely depends on the designer’s experience, skills, intuition, and creativity16

[1]. In order for the architectural consultants to properly communicate the17

design solutions with clients and reach final agreement, the fast iterative pro-18
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totyping of architectural building layouts is of vital importance. However,19

the automated generation of floor plans is challenging since it requires ex-20

pertise due to building functionalities [2]. In addition, floor plan drawings21

are significantly different from other natural images [3].22

Generative machine learning (GML) is a widely discussed branch of arti-23

ficial intelligence (AI), mainly because of its capacity for performing creative24

tasks, which had always been associated with a unique ability possessed25

by humans [4–11]. NVIDIA impressed the world in 2018 by introducing26

StyleGAN, which is a style-based generative adversarial network (GAN) [12]27

with the ability to generate high-quality images; for instance, artificial hu-28

man faces which have been introduced in a variety of different cases (i.e.,29

“thispersondoesnotexist.com”). StyleGAN has been further improved ever30

since, lastly as the StyleGAN3 implementation [13]. Other variants such as31

StyleGAN-XL, which has a deeper artificial neural network (ANN) struc-32

ture, do exist [14]. The research community finds the use of GANs relevant33

because of their relatively fast image generation process compared to the34

highly credited diffusion models. The latter have recently been the focus of35

attention due to their ability to generate high-quality images by relying on36

large datasets and training setups [15]. Tests by Sauer et al. [15] showed37

that GANs have the power to perform image generations much faster than38

other GML techniques and still maintain a high image quality [15, 16]. Uti-39

lizing StyleGAN with adaptive discriminator augmentation (ADA) has been40

shown to improve a model’s performance on smaller datasets [17]. Besides,41

the integration of the CLIP dual text and image encoder into the pipeline42

has pointed out GANs’ capability to perform text to image generation [18].43
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Recent research has focused on improving the training process by modify-44

ing the StyleGAN discriminator and generator architecture and by adapting45

weights from pre-trained models [19–21]. These techniques have shown supe-46

rior results in comparison to the original model proposed by NVIDIA, both47

in the sense of faster training and training on smaller datasets [19–21]. GML48

is expected to have a growing impact on the development of construction49

applications.50

1.2. The challenge51

In a recent review study, Chai et al. [22] identified the four main chal-52

lenges concerning the use of GANs in construction applications as:53

1. Questionable applicability due to problematic evaluation of54

results: As GANs are implicit models and do not return likelihood55

values, it is inherently difficult to evaluate these models using general56

quality metrics [23]. Fréchet inception distance (FID) is a popular57

quality evaluation metric, having dominated image quality evaluation58

also in construction applications. However, it has been criticized for59

being too unilateral due to its single-dimensional assessment values60

and also for providing some unrealistically low quality scores owing to61

leftover bias [16]. In addition, precision and recall have been found62

to be too sensitive to outliers [24]. The above factors call for a new63

and more exhaustive evaluation framework for GAN applications to64

construction.65

2. Requirement for substantial computational resources: GAN66

training requires vast amounts of compute power [21]. Tech giants67

4



such as OpenAI, Alphabet, MidJourney or NVIDIA have been keen68

to enhance their computing infrastructure to meet the demands for69

training large generic GML models [9]. However, access to such large-70

scale GPU clusters is a limitation in the technology’s applicability to71

the construction industry.72

3. Provision of a large training dataset: The dataset quantity, as73

well as quality, are of paramount importance for developing and train-74

ing GAN models [17, 25, 26]. The proper amount of data needed for75

training GANs can be difficult to define. Previous studies indicated76

several thousand, or hundreds of thousands, of images to be a cohesive77

dataset [17, 27]. However, the collection of a large training dataset78

in the range of a hundred thousand or millions of images is costly or79

even not feasible [17, 22]. It’s worth noting that the investigation of80

limited datasets starts from 2k images [17]. The small datasets can81

be supported with data augmentation techniques which can have an82

important impact on the training [17, 28].83

4. Training instability: This challenge relates to the generated image84

quality. It refers to vanishing gradient problems, mode collapse in the85

generator (low diversity), and other discrepancies [22, 26].86

The above difficulties in generating high quality floor plan images with GANs87

have also been described by other studies [29].88

1.3. Related work89

In the GML-based synthetic floor plan generation domain, several studies90

have been performed recently, focusing on various aspects of the problem. A91
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variety of methodologies have been presented, reflecting the growing inter-92

est in using advanced computational techniques to automate and enhance93

architectural design processes.94

Graph-based GAN methods are a prominent approach for the conditional95

generation of 2D architectural space layouts. The conditions are user-defined,96

offering flexibility and control over the floor plan design output. Recent97

works have highlighted how these graph-based techniques can be employed98

to model the spatial relationships and architectural constraints in a way that99

aligns with traditional design principles while also pushing the boundaries of100

automated design [30–32].101

The pixel-based generation of architectural floor plan layouts with GAN102

techniques has also been widely explored due to its ability to produce de-103

tailed and visually coherent layouts [33–41]. Image-to-image conditional104

GANs (cGANs) such as CycleGAN [33] offer flexibility in working with data105

classes. On the other hand, pix2pix [34–36] needs to be trained on data pairs.106

Diffusion-based image inpainting is proposed for conditional floor plan anal-107

ysis and generation tasks [42, 43]. However, diffusion models are notoriously108

data-hungry and computationally expensive to train. A coupled generative109

adversarial network (CoGAN)-based framework [41] for the rapid generation110

of an unlimited number of floor plan design solutions has also been proposed.111

For construction applications in particular, GAN-chains have also been112

proposed in several studies so that the multi-module collaborative system113

can benefit the processing of multi-property tasks [38, 44, 45].114

The studies discussed above highlight the promise of employing GAN115

techniques in construction applications. However, to the best of our knowl-116
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edge, no literature exists to date that has attempted to collectively address117

all four challenges identified in the review study [22].118

1.4. Aim and contribution119

The aim of this study is to make important headway in dealing with the120

challenges discussed in Section 1.2. The contributions are summarized as:121

• A novel resource-efficient multi-module GAN-stack framework is pro-122

posed (Fig. 1) for the autonomous generation of unique and contex-123

tually meaningful high-resolution (HR) (1024×1024) floor plan layouts124

aimed at assisting in the architectural design workflow. The framework125

comprises pre-processing (i.e., denoising and 4× image down-sampling),126

floor plan image generation, and image up-sampling modules. The pro-127

posed implementations are the AREA down-sampling method [46] and128

a transformer-based denoising approach [47] (pre-processing module),129

the Projected GAN [21] with FastGAN generator [19] (module 1), and130

the Real-ESRGAN [48] (module 2). The configuration of each module131

is individually optimized.132

• To address gaps in previous related studies, an innovative holistic eval-133

uation framework of the generated floor plan images is presented that134

covers (apart from generated image quality) also fidelity, diversity, and135

truthfulness. In addition, the framework involves assessment of the136

overall training time, energy spent during training, and associated car-137

bon emissions. The latter are important due to deep learning’s terrible138

environmental cost [49].139
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• A novel validation framework is presented to ensure that the computer-140

ized framework performs the way it was intended and it can be used to141

achieve business objectives. The framework includes elements such as142

contextual functionality, data privacy, capability to manipulate design143

generations to suit the designer’s desires, usability in a downstream144

task, namely a building information modeling (BIM) software-based145

implementation task, and inference speed.146

• Results demonstrate that the apropos framework architecture choices147

allow for advanced computational resource and data efficiency and, at148

the same time, mitigate the training instability in the GML-based floor149

plan generation. Notably, the proposed framework is shown to signifi-150

cantly cut down the wall clock training time (<60h) while maintaining151

superior generated image quality, given only sub-thousand high-fidelity152

training images of single-story residential Danish homes and a limited153

computing resource (i.e., a single RTX-3090 GPU).154

• The performed experiments provide insight that could form a knowl-155

edge base about the future applicability of the proposed tools (for image156

generation, evaluation, and validation) to other industries for which re-157

liability and fast iterative prototyping are some of the driving needs for158

adopting GML, but they do not have access to large-scale data and159

computational resources and that also lack ways of ensuring that their160

end product is consistent with the intended application.161

This study introduces down-sampling (pre-processing) and up-sampling162

(post-processing) in the floor plan generation process (in contrast to train-163
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ing models on HR datasets) as a means to boost computational resource164

efficiency. This decision was driven by the fact that image resolution has165

been shown to have a large impact on the training performance of GANs166

[19, 50]. The proposed multi-module GAN-stack framework for generating167

HR architectural floor plan layouts is therefore in a sense analogous to mobile168

telecom voice/video data processing methodologies, where the original data169

signals are down-sampled and compressed with multi-rate signal processing170

so that the time and cost required to transmit the data across the channel171

is reduced, and then the opposite process is applied on the receiver side [51].172

It has been found that down-sampling the data resolution from 1024×1024173

pixels to 256×256 pixels reduces the training processing time (s/kimg) by174

threefold and it also lowers the required VRAM [19, 50].175

2. Methodology and implementation176

A novel multi-module GAN-based framework (Fig. 1) is proposed for gen-177

erating HR synthetic floor plans with low data and computational resources.178

In the pre-processing module, the floor plan images are rendered without179

noise (i.e., unwanted text content, dimensions, and logos) and downsized for180

the streamlined training of the subsequent floor plan generator. The purpose181

of the next module is to train a resource-efficient style-based GAN model to182

generate new synthetic floor plan designs. In the final module, a GAN-based183

up-sampler, trained on HR and low-resolution (LR) dataset pairs provided184

by the pre-processing module, increases the image resolution and quality of185

the floor plan generated in the previous module. To boost the overall frame-186

work performance, each module configuration is optimized. The framework187
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Figure 1: Multi-module GAN-stack framework for generating high resolution architectural

floor plans with limited computational and data resources. Pre-processing module involves

denoising (text removal) and image down-sampling (processes indicated by grey arrows).

Module 1 refers to floor plan image generation (processes indicated by yellow arrows).

Module 2 refers to image up-sampling (processes indicated by green arrows). Black dashed

line indicates datasets, blue dashed line indicates evaluation metrics, and green dashed line

indicates validation metrics. BIM stands for building information modeling, CNN stands

for convolutional neural network, FID stands for Fréchet inception distance, HR stands

for high resolution, LR stands for low resolution, and SR stands for super resolved.
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performance is evaluated and validated using a combination of established188

and innovative metrics. A definition of technical terms is presented in Table189

1.190

2.1. Dataset191

The experiments are based on an initial dataset of 1,233 HR architectural192

floor plan images of one-story, single-family homes in Denmark, scraped from193

a real estate web database [52].194

2.2. Pre-processing module195

The original floor plan image dataset contains noise in the form of logos,196

text descriptions, and dimensions. To suppress this noise, a multi-head at-197

tention method [47] is proposed in the pre-processing module. The denoised198

HR dataset is further down-sampled to an LR dataset to achieve a cost-199

effective and faster training process with low computational resources in the200

subsequent GAN modeling. It is proposed to optimally downscale the clean201

dataset using the AREA method (OpenCV INTER AREA) [46, 53]. The202

impact of removing unwanted text content from the initial training dataset203

is evaluated on a downstream StyleGAN3-based floor plan image genera-204

tion task. In particular, the quality of images generated by the GAN model205

trained on a LR dataset, with and without text content, is compared. A qual-206

itative visual assessment is found appropriate for this comparison. A visual207

comparison is then conducted between the AREA down-sampling method208

and three baselines: bilinear, bicubic, and nearest neighbor.209
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Table 1: Definition of technical terms.

Term Definition

GAN A GML model consisting of a generator and a discriminator architecture,

trained adversarially to produce realistic synthetic data.

SRGAN AGAN-based model for upsampling low-resolution image inputs to high-

resolution outputs.

StyleGAN This GAN architecture introduces style-based modulation at different

layers of the generator, enabling fine control over image features and

structure to produce highly realistic images.

Latent space A compressed numerical representation space used by generative models

to encode features.

FID A metric used to evaluate the quality of images generated by generative

models by measuring the distance between the feature distributions of

real and generated images.

Density &

coverage

Metrics that assess how well generated data matches or covers the real

data distribution.

CNN classifier A CNN-model that can assess image content, including whether gen-

erated images can be distinguished from real images based on visual

features.

TL Transfer learning enables model training on one task to improve perfor-

mance on a related task with limited training data.

End-to-end

training

This training setup enables the full training of a model, where all com-

ponents are optimized from input to output.

Carbontracker A tool for estimating energy use and CO2 emissions in ML experiments.

Image hashing A technique that maps data to fixed-size representations, often used for

fast similarity search and retrieval in large datasets.

Morphing A technique used to smoothly transform one image into another by in-

terpolating shapes and appearances, often applied in data augmentation

or style blending.
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2.2.1. Dataset denoising210

The dataset is pre-processed with the image text remover and label ex-211

tractor (ITRLE) model [47] in an automated process based on the text spot-212

ting transformer (TESTR) architecture [54]. In the encoder, the model relies213

on ResNet-50 [55] to extract features from the input images [47, 54], whereas214

the detection of small text instances is enhanced by applying multi-scale de-215

formable attention to the feature maps. To train the dual (i.e., character216

recognition and location) decoder, the following loss function (Ldec) is used:217

Ldec =
∑
j

(
λclsL

(j)
cls + λcoordL

(j)
coord + λcharL

(j)
char

)
(1)

where λcls, Lcls represent the classification loss weight and classification loss218

of the text instances, respectively, λcoord is the control point coordinate re-219

gression loss weight, Lcoord represents the control point loss, λchar and Lchar220

are the classification loss weight and character classification loss, respectively,221

and j represents the query number.222

2.2.2. Dataset down-sampling223

The denoised images are resized from the resolution of 1024×1024 pix-224

els to 256×256 pixels. The AREA method (OpenCV INTER AREA) [53],225

which relies on pixel area relations and resizes images using adaptive aver-226

age pooling, is utilized. It is a highly endorsed method to shrink an image227

because the results are free from aliasing-based Moirė patterns.228

2.3. Floor plan generation module229

The floor plan generation module is applied to the LR dataset, obtained230

after the pre-processing described in Section 2.2. To achieve the objective231
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of a resource-efficient and stable framework, this module is implemented232

using Projected GAN with FastGAN architecture for the generator [19, 21].233

A holistic comparison of the method is conducted with two state-of-the-art234

(SOTA) approaches, namely end-to-end StyleGAN3 training and StyleGAN3235

transfer learning (TL), in terms of generated floor plan image quality, fidelity,236

diversity, and truthfulness, as well as VRAM requirements, overall training237

time, energy consumption and the associated environmental footprint. The238

majority of these criteria have not been used before to assess GAN-based239

generation in construction applications.240

2.3.1. StyleGAN3 end-to-end training241

The end-to-end trained floor plan generator is based on the StyleGAN3242

architecture, which is the latest release of the iconic style-based GAN by243

NVIDIA [13]. While the discriminator of StyleGAN2 is left unchanged, the244

StyleGAN3 generator has an improved architecture by upgrading the quality245

of the up-sampling filters to reduce aliasing issues that have been one of the246

main challenges that StyleGAN2 faces. As opposed to StyleGAN2, Style-247

GAN3 relies on Fourier features, the per-pixel noise inputs are discarded,248

the mapping network depth is reduced, the mixing and path length regu-249

larizations are disabled, the output skip connections are disposed of, the250

boundaries and up-sampling are handled with enhanced filtering, the nonlin-251

earities are treated with a custom CUDA kernel leading to a tenfold decrease252

in training time, oversampling is used in all layers except for the highest-253

resolution ones, flexible layer specifications are allowed, 1×1 convolutions254

are used, an improved jinc-based down-sampling filter is used in all layers255

except for the two critically sampled ones, and Gaussian blurring is applied256
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early in the training. Even though StyleGAN3 matches FID-wise the Style-257

GAN2 generation quality, their internal representations are noticeably differ-258

ent. StyleGAN3 is developed to perform a natural transformation hierarchy,259

ensuring that the sub-pixel positioning of each feature is accurately inherited260

from the underlying coarse features, as described by [13].261

The objective function (Eq. 2), V (D,G), for GANs can in general be262

expressed as [56]:263

min
G

max
D

V (D,G) = Ex∼pdata(x)[logD(x)] + Ez∼pz(z)[log(1−D(G(z)))]. (2)

G represents the generator, in which V is aimed to be minimized, and264

D represents the discriminator, where V is aimed to be maximized. Hence,265

there is a competition between G and D driven by V , with G trying to266

generate images that D is not able to classify as fake. Ex∼pdata(x)[logD(x)]267

encourages D to rightly predict high probabilities when classifying real data268

samples from the data distribution. Ez∼pz(z)[log(1 − D(G(z)))] helps D to269

correctly classify fake data generated by G.270

The above adversarial training process for GANs iterates for a large num-271

ber of epochs. This iterative backpropagation process requires high compu-272

tational resources. Over time, G becomes better at creating realistic images,273

while D improves its capability to identify fakes over real images. Conver-274

gence is achieved when G generates realistic-looking data.275

The learning performed by GAN models is captured in a vector space de-276

noted as the latent space. StyleGAN was constructed with three latent space277

levels to gradually develop the style features [57]. Z is the first latent space,278

which is the random (typically Gaussian) input noise vectors that provide the279

starting point for the image generation process [13, 57]. Next, the interme-280
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diate latent space W is formed by the learned, fully-connected layer output281

mapping of the Z-noise vectors. W is a higher-level representation of the282

images [13, 57]. W+ is an improved (extended) intermediate latent space, in283

which a distinct 512-dimensional w vector is assigned to each layer of the gen-284

erator [57, 58]. The intermediate latent space W (W+) contains information285

about “style” attributes of the generated image such as texture, color, and286

object shape [58]. Last, the Style Space S represents the high-dimensional287

space of channel-wise style parameters, derived through distinct affine trans-288

formations applied to each layer of the generator [57, 59, 60]. Compared to289

the other intermediate latent spaces, S demonstrates a significantly higher290

degree of disentanglement [57]. Therefore, it is the most suited latent space291

to represent styles. After training is completed, the model is then capable of292

generating data in a sampling process; that is, by mapping into the learned293

latent space [57]. Style vectors within this space can manipulate aspects of294

the generated images, such as lighting, color schemes, textures, and object295

appearance, while maintaining the overall structure defined by the W -latent296

space.297

ADA is a mechanism which allows StyleGAN to make adjusted data aug-298

mentation “on the fly” during training. This technique helps to improve the299

quality and diversity of the generated images by avoiding overfitting of the300

discriminator when training on limited datasets [17].301

2.3.2. StyleGAN3 transfer learning302

Former research has shown that TL can have a positive effect on the303

generative models’ ability to adapt features from the real image to the gen-304

erated outputs earlier in the training process, especially when the subject of305
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the data used to train the previous model and the new data subject share306

semantic similarities [61]. Thus, TL has been the go-to method for cases307

with limited availability of training data. However, it might be difficult to308

find highly relatable pre-trained models for domain-specific tasks. For the309

TL experiments, the StyleGAN3 model, pre-trained on the LHQ-256 dataset310

[62], is employed.311

2.3.3. Projected GAN with FastGAN generator312

Projected GAN utilizes pre-trained representations to expedite and sta-313

bilize training [21]. Following guidance from [21], EfficientNet-Lite1 [63] is314

employed for the pre-trained feature network, an image classification net-315

work trained on ImageNet [64], which has been shown to produce compact316

representations that achieve lower FIDs and at the same time reduce compu-317

tational cost and training time. In order for the discriminator to fully exploit318

features from deeper layers of the pre-trained model, Projected GAN mixes319

features across channels and scales using differentiable random projections320

that are fixed [21]. The use of multiple discriminators allows for the provi-321

sion of multi-scale feedback. Differentiable augmentation methods [65] are322

leveraged to prevent overfitting in the discriminator. The Projected GAN323

training objective is expressed by [21]:324

min
{G}

max
{Dl}

∑
l∈L

(Ex[logDl(Pl(x))] + Ez[log(1−Dl(Pl(G(z))))]) (3)

where {Dl} is a set of independent discriminators that operate on different325

feature projections. Dl is associated with features from layer l of the pre-326

trained feature network where L is the total number of layers. The feature327

projectors Pl, introduced for mapping real and generated images to the input328
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space of the discriminators, are fixed and only the parameters of {G} and329

{Dl} are optimized [21]. The consistency theorem of [66] ensures that G330

matches the generated and true feature space distributions at convergence331

(i.e. after solving the optimization problem described by Eq. 3).332

For the generator, Projected GAN uses the minimalistic FastGAN archi-333

tecture [19], comprising several up-sampling and skip-layer-excitation (SLE)334

blocks. The SLE block, inspired by residual blocks [55], provides a short-335

cut to gradient flow by applying channel-wise multiplications between the336

activations and by performing skip connections between resolutions of much337

longer range [19]. The SLE module is formally defined as:338

y = F (xlow, {Wi}) · xhigh (4)

where xlow, xhigh are the 8×8 and 128×128 input feature maps, respectively, y339

is the output feature map, F are the operations on xlow andWi are the weights340

to be learnt. The structure of an SLE module and the overall generator can341

be seen in Fig. 2.342

The Projected GAN with FastGAN generator has been shown to out-343

perform StyleGAN2-ADA, FastGAN, and Projected StyleGAN2-ADA in a344

variety of domains in terms of convergence speed, data efficiency, and image345

quality [21]. It has further shown promising results for training on small346

datasets and achieving low computational cost [19, 21].347

2.4. Up-sampling module348

The up-sampling module is applied to the images obtained by the floor349

plan generation module, described in Section 2.3. The up-sampling mod-350

ule is implemented using the Real-ESRGAN architecture [48]. Comparisons351

18



Figure 2: The generator network, inspired by the original FastGAN generator [19]. Grey

represents the initial mapping structure, green boxes indicate the spatial size of the feature

maps, red boxes and arrows illustrate the up-sampling structure, and blue boxes contain

the skip-layer excitation (SLE) modules. Dashed blue line illustrates the detailed structure

on an SLE module.
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are drawn between the proposed approach and a baseline method, namely352

SRGAN [67], in terms of up-sampled image quality. Given that the frame-353

work proposes the up-sampling of generated (synthetic) floor plan samples354

for which it is inherently impossible to have the ground through (GT) HR355

images, only a qualitative evaluation of the investigated SR models is con-356

ducted. All SR models are fed with synthetic images obtained from the best357

performing floor plan generation model.358

2.4.1. SRGAN359

SRGAN [67] is the first single image super-resolution (SISR) framework,360

proposed for high (4×) upscaling factors, that is not solely based on the361

mean squared reconstruction error (MSE) content loss to obtain the solu-362

tion [67, 68]. The generator comprises 16 identical residual blocks, whereas363

the differentiable discriminator, trained to distinguish real HR images from364

generated HR samples, consists of eight convolutional layers followed by two365

dense layers and a sigmoid activation function [67].366

To optimize the SR image quality, the perceptual loss, LSR, was proposed.367

LSR minimizes errors in perceptually relevant characteristics and is given by368

the sum of two terms: the content loss, LSR
X , and adversarial loss, LSR

Gen [67]:369

LSR = LSR
X + 10−3LSR

Gen︸ ︷︷ ︸
perceptual loss

. (5)

The content loss is defined as the Euclidean distance between the high-level370

visual geometry group (VGG19) [69] feature maps of the reconstructed and371

reference images, whereas the adversarial loss component pushes solutions372

towards the natural photo-realistic image manifold through the discriminator373

network.374
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2.4.2. Real-ESRGAN375

The Real-ESRGAN [48] is built on the enhanced SRGAN (ESRGAN)376

[70]. ESRGAN has shown great results by adopting a more complex architec-377

ture, which generates more realistic and natural textures in the up-sampling378

process. The three main improvements of the ESRGAN architecture over379

SRGAN are:380

1. Higher capacity and easier training by replacing the original basic block381

structure of the generator with 23 residual-in-residual dense blocks382

(RRDBs). Furthermore, all batch normalization (BN) layers have been383

removed to enhance performance and generalization ability, stabilize384

training, and lower the memory usage and computational complexity385

for both SR and deblurring tasks. In addition, residual scaling and386

smaller initialization are leveraged to improve training.387

2. The discriminator has also been modified to a relativistic discriminator388

utilizing the relativistic average GAN (RaGAN) structure [71], enabling389

it to predict relative realism between real and generated images rather390

than the absolute realism.391

3. The perceptual loss (Lpercep) is improved by using the VGG19 [69]392

network feature space before the activation layers, instead of after as393

employed in the SRGAN architecture [67], which strengthens the super-394

vision for brightness consistency and texture recovery [70]. The total395

loss for the ESRGAN generator (total lossGESRGAN
) is expressed as:396

total lossGESRGAN
= Lpercep + λbalL

Ra
G + ηbalL1 (6)
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where Lpercep denotes the VGG loss, LRa
G denotes the adversarial loss, L1 =397

Exi
∥G(xi)−y∥1 is the content loss, and λbal, ηbal are the balancing coefficients.398

The Real-ESRGAN [48] further extends the above ESRGAN [70] capa-399

bilities, by enabling blind SR capable of reconstructing from unknown and400

complex real-world degradations. While the generator stays the same, the401

VGG-style discriminator has been modified to a U-Net design with skip con-402

nections for handling a significantly larger degradation space than the one403

that the ESRGAN is capable of [48]. Spectral normalization (SN) is employed404

as a regularization technique to improve restored textures and stabilize the405

training of the discriminator [48].406

For ESRGAN, it is assumed that degradation noises are applied to images407

once, while real-world images can, in fact, undergo a series of degradations.408

To model more practical real-world degradations (such as blur, general noise409

(Gaussian, Poisson, Color, Gray), and JPEG compression), a high-order410

degradation process is proposed for Real-ESRGAN [48]. Also, a 2D-sinc411

filter is applied to represent ringing and overshoot artifacts. Training Real-412

ESRGAN on pure synthetic data has resulted in better visual performance413

in restoring real-world images, making it more practical than ESRGAN [48].414

2.5. Floor plan generation evaluation framework415

2.5.1. Fréchet inception distance416

The FID score is commonly used as an evaluation metric for the quantita-417

tive assessment of the quality of the images generated by a model [16, 23]. It418

computes the distance between the distributions of real and generated images419

by embedding them to a vision-relevant feature space [16, 72]. FID is typi-420

cally based on an ImageNet [64] pre-trained Inception-V3 classifier network421
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[16, 73]. The FID metric is expressed as:422

FID = ∥µX − µY ∥22 + Tr
(
ΣX + ΣY − 2

√
ΣXΣY

)
(7)

where X, Y represent the real and synthetic image feature vectors, respec-423

tively, ∥µX−µY ∥22 denotes the squared Euclidean distance between the mean424

vectors, and Tr(ΣX +ΣY − 2
√
ΣXΣY ) represents the trace of the sum of the425

two covariance matrices minus twice the matrix square root of their product.426

A low FID score indicates high quality between the 50k generated images427

and the real image dataset [13].428

2.5.2. Density and coverage metrics429

The FID score is a one-value metric encompassing both the fidelity and430

diversity aspects of the generated image quality. Therefore, previous studies431

have focused on separating FID into two distinct metrics, namely precision432

and recall, that are representative of these two aspects of generative model433

performance [74–76].434

However, precision and recall fail when the real and fake distributions are435

identical, and also in the presence of outliers and certain mode droppings.436

They also do not allow for systematic selection of hyper-parameter values437

[24]. In this study, the density and coverage metrics are employed as a more438

reliable method to tackle the above matters [3]. Density is representative of439

fidelity, defining how closely the model resembles the real data. Coverage,440

on the other hand, represents diversity, measuring how well the generated441

samples cover the variety of the real dataset [24]. On top of this, the density442

and coverage metrics tackle the introduced bias by the ImageNet pre-trained443

VGG16 model [76], which may limit fair evaluation. In cases where the444
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dataset distribution is distinct from ImageNet, random embedding is intro-445

duced as a better choice [24].446

The density function is an improvement of the precision metric [76], where447

the overestimation of the manifold around real outliers has been fixed by448

counting how many real-sample neighborhood spheres contain fake samples449

Yf . The density is calculated as:450

density =
1

kMfake

Mfake∑
f=1

Mreal∑
r=1

IYf∈B(Xr,NNDk(Xr)) (8)

where Xr are the real samples, k denotes the number of nearest neighbors,451

NNDk(Xr) denotes the distance from Xr to the kth nearest neighbor of452

the remaining Xr, B(Xr,NNDk(Xr)) represents the neighborhood spheres453

around each real sample Xr, Mfake and Mreal are the numbers of fake and454

real samples, respectively, and I is the indicator function.455

Coverage enhances the recall metric [76] by computing the nearest neigh-456

bor manifolds around real samples, which are expected to have fewer outliers457

than fake samples. It is defined as [24]:458

coverage =
1

Mreal

Mreal∑
r=1

I∃f where Yf∈B(Xr,NNDk(Xr)) (9)

where the function I∃ f returns 1 if there exists at least one fake sample Yf459

within the neighborhood sphere of real sample Xr.460

2.5.3. CNN detection score461

The generated floor plan images should be indistinguishable from the462

real data. A convolutional neural network (CNN)-based detection score is463

employed for assess the floor plan generation module’s ability to fool a SOTA464
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classifier from a visual perception perspective. Previous literature has also465

relied on CNN classification for distinguishing synthetic samples generated466

by GANs from real images [77–79].467

In this study, a binary CNN classifier based on Inception V3 [73] is em-468

ployed. The GoogLeNet [80] Inception V3 [73]-based CNN architecture is469

widely used for visual machine learning tasks [73]. The model is trained and470

tested on equal proportions of synthetically-generated (fake) and real data.471

The accuracy is reported, calculated as follows:472

accuracy =
number of correct predictions

total number of predictions
. (10)

Low accuracy values would indicate that the classification model is confused473

about the truthfulness of fake data, and thereby the GAN floor plan generator474

performs well.475

2.5.4. Carbontracker476

The Carbontracker tool is a method for evaluating the energy consump-477

tion and the associated carbon dioxide emissions in deep learning experiments478

[81]. It has been utilized by previous work on developing low emission deep479

learning models [13, 82, 83]. The total energy consumption (EC) is calculated480

based on the formula:481

EC = PUE
∑
e∈E

∑
c∈C

Pavg,deTe (11)

where PUE stands for power usage effectiveness and is a ratio parameter482

characterizing a data center’s efficiency and the energy overhead of computing483

equipment, Pavg,de denotes the average power consumed by device c ∈ C in484
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epoch e ∈ E, and Te is the duration of epoch e.485

The carbon footprint (CF) for training a model is then calculated by486

converting the monitored EC using the formula:487

CF = EC× CI (12)

where CI is the carbon intensity. There is some variation in the CI calculation488

depending on the source or region where the electricity comes from. To489

better appreciate the CF generated during training, the equivalent distance490

traveled by an average car is calculated and reported, using a rate of 107.5 g491

of CO2eq/km [81].492

2.6. Validation framework493

After assessing the HR synthetic floor plan designs produced by the up-494

sampling module, a validation of the overall proposed framework would be495

beneficial. To ensure that the computerized framework performs as intended496

and can be used to achieve business objectives, validation is performed in497

terms of contextual functionality and data privacy. To showcase the capa-498

bility of the framework to be manipulated to suit the designer’s desires, and499

its usability in a downstream task, namely a software-based building infor-500

mation modeling (BIM) implementation task is conducted. Lastly, driven by501

the intended use of the proposed framework, a validation test is performed to502

assess the fast delivery of the generated HR floor plan images. Another goal503

of the proposed validation framework is to identify potential errors. The val-504

idation is retrospective and is applied to floor plan images produced by the505

best-performing floor plan generation and image up-sampling GAN model506
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stack. It is also independent, meaning that the input images for validation507

are different from the ones that had been used for model evaluation.508

2.6.1. Contextual functionality509

The main objective of this study is to generate floor plan images for ar-510

chitectural building design processes where the generated content is intended511

to support: (i) the early design stage, and (ii) design identification between512

clients and architects. Hence, quality standards should reflect the “diversity513

of human demands” in a context-based manner. Driven by the above ob-514

jective and the intended use of the framework, a manual validation test is515

performed on the generated samples concerning contextual functionality.516

Such a validation test also reflects the proposed framework’s practical517

usability in the context of architectural floor plan design, allowing one to518

assess how well each generated sample has adopted good design practices519

from the input data. These practices are influenced by local building codes520

and regulations, as well as structural, energy, and sun- and wind-exposure521

considerations. To make this contextual functionality validation possible,522

the authors conducted semi-structured interviews with experts in Danish523

building architecture.524

Inspired by the work of Park et al. [2], where over 80,000 real and syn-525

thetic floor plans were qualitatively assessed based on architectural rules-526

of-thumb, the key elements of that method are adapted for the contextual527

functionality validation of the generated floor plans. The contextual func-528

tionality and applicability of each analyzed floor plan image were gauged529

by all authors of this study, taking into account the holistic synthetic floor530

plan assessment guidance by Weber et al. [29], national guidance [84], and531
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domain-specific knowledge obtained from interviews with experts in Danish532

architectural building design. The contextual functionality criteria that are533

considered for validation are presented in Table 2. The number of misplaced534

or missing doors and the number of windows with defects in each analyzed535

floor plan were also counted. Fig. 3 shows examples of good and bad door536

and window placement, with reference to a real floor plan.537

Although the dataset does not distinguish between building age, the lay-538

out planning in a Danish context can generally be divided into three design539

paradigms from the period of 1950 to today. Houses in the period from540

1950-1960 were designed with rooms centered around the building’s chimney,541

which was the dominant heat source of that time, in a cruciform deformation542

to exploit the heat in all the rooms of the building. Later, in 1960-1980,543

the floor plan layouts became larger and rooms were designed to benefit544

from the central heating system, where radiators were placed under the win-545

dows in almost every room. The rooms were typically connected through546

a pistol-shaped corridor, a characteristic of the building plans at the time.547

Contemporary plan layouts are characterized by an open area kitchen and548

dining room, with minimized corridor areas to optimize space, and the floor549

heating systems (which most modern houses are equipped with) offer more550

freedom in the room design shapes. However, the size of buildings has been551

constantly increasing over time [85].552

Since the proposed framework aims to support the early design stage553

with automatically-generated HR floor plan layouts, on which further design554

development can be based, it is important that the generated layouts support555

the floor plan development in the right direction to be useful in that process.556
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Table 2: Contextual functionality validation criteria.

Structural design

• Minimization of the open area spans to reduce structural design issues.

• Presence of load-bearing and shear walls to bring stability to the con-

struction.

Energy

• Minimization of the building’s energy consumption by reducing outer

walls and placing fewer conditioned zones with buffer zones in the con-

ditioned rooms.

• Balancing the access to daylight throughout the building layout with

optimal space allocation.

Space optimization

• Minimization of the wasted space in layout planning, which is compat-

ible with adaptable and modular layouts.

Layout relations

• Ensuring proper room connections.
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Figure 3: Top: A real floor plan image. Center: An example of a relatively good, generated

floor plan with very few door and window misalignments, marked with blue boxes. Bottom:

An example of a bad generation with several door, window (and even wall) missing details,

marked with red boxes.
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The average contextual functionality quality (Qcontext) for each validation557

criterion is calculated by visual human evaluation of a generated sample of558

plan layouts using the formula:559

Qcontext =
1

NGen

NGen∑
i=1

Qi (13)

where NGen is the number of generated images, and Qi is the quality assess-560

ment of an individual floor plan image for the specific validation aspect (with561

permissible Qi values: 2 = Excellent, 1 = Good, 0 = Insufficient).562

2.6.2. Data privacy with perceptual image hashing563

The existing GAN-based autonomous design generation literature is not564

aimed at detecting overfitting that could lead to violations of intellectual565

properties (IPs). However, copying data from the training set is a highly566

important challenge for generative models. It is necessary to ensure that567

these models do not obtain high-quality scores by merely outputting data568

similar to the input data [86]. To demonstrate the proposed framework’s569

capability to preserve privacy in floor plan generation, robust image hashing570

is utilized, where the generated floor plans are checked against the input571

data [87]. Image hashing is the most common data-copy detection method572

[88–90] and has been previously used to investigate if the outputs generated573

by GANs suffer from overfitting [91].574

Image hashing allows the mapping of the perceptual image content into575

bit strings for content-based indexing [90, 92] by extracting content-based576

features. For perceptual hashing, a popular discrete cosine transform (DCT)-577

based technique (pHash) [87, 89] is utilized to transform images into their578

frequency components [93].579
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For evaluating image similarities, the Hamming distance (HD) is em-580

ployed, which has been shown to be efficient [90, 91, 94]. The normalized581

HD (NHD) [92] enables the use of different hash types. After hashing reduces582

the images to bitstrings, HD can be computed as follows [90]:583

HD(h, h′) =
S∑

i=1

I(hi − h′
i) (14)

where hi, h
′
i are the real and generated image bitstrings, respectively,584

I(hi − h′
i) =

0, hi = h′
i

1, hi ̸= h′
i

denotes the indicator function, and S represents the total number of samples.585

2.6.3. Latent space manipulation with image morphing586

Another aim is to confirm that the framework can be manipulated to suit587

the designer’s needs. To this end, the approach leant on image morphing.588

Image morphing is an established technique within computer graphics and589

computer vision for image manipulation [95]. To drift the style, appearance,590

and size of floor plans, latent code interpolation is performed between the591

respective latent vectors of embedded images [95, 96]. By adding a linear592

combination of the latent vectors w1 and w2 of two embedded images, a593

subsequent image can be generated as a new outcome w. Cross-domain594

image morphing is also possible [20].595

2.6.4. Downstream BIM implementation596

The framework’s usability is showcased in a downstream task, namely597

a BIM software-based implementation task. Resketching the generated HR598
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floor plan using a BIM software environment offers the opportunity to make599

the necessary design adjustments and to launch the layout planning of room600

placement. The BIM design could benefit from the automated generated601

floor plan with a fast and straightforward manual transformation of the raster602

image into the spatial BIM format.603

2.6.5. Framework inference speed604

The intended use of the proposed framework is to be able to provide high-605

quality products in a rapid way even in low-resource regimes. Therefore, the606

average latent space sampling time is calculated for the two GAN-based mod-607

ules of the framework for a sequence of 10,000 generated floor plan images.608

2.7. Implementation609

In this study, all implementations were run on a commercial NVIDIA610

RXT-3090 GPU in a Linux-based Anaconda operating system.611

2.7.1. Pre-processing module612

The denoising ITRLE model is a local running Python script for pro-613

cessing the full dataset automatically. To optimize the trade-off between614

intended and unintended content removal from the floor plan dataset, an615

inference threshold value of 0.4 was chosen [36]. After the denoising process,616

the data were manually examined for errors. Any damaged data, in which617

the automated pre-processing had produced either text leftovers or missing618

image content, was scraped or reworked.619

Next, any non-square images were squared up (1440×1440 pixels) by cen-620

tering them into a square white background. These were then converted to621

black and white images using the OpenCV library’s “COLOR BGR2GRAY”622
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function [97], where a threshold value of 180 was set using “cv2.threshold”623

and the type “cv2.THRESH BINARY”, with 255 assigned to pixels exceed-624

ing the threshold. The next step was to resize the images to 1024×1024 pixels625

for processing purposes. Finally, all (4×) down-sampling methods were im-626

plemented by running a local Python script based on OpenCV libraries [53].627

2.7.2. Floor plan generation module628

The StyleGAN3 implementation was based on the official PyTorch GitHub629

release [13]. The dataset preparation was carried out using the “dataset tool.py”630

module [13]. The floor plan generation was processed by the built-in Style-631

GAN3 script “gen images.py”, which was customized to generate batches of632

randomly generated floor plan layouts and to plot the sampling time. Dif-633

ferent hyperparameter value combinations were explored with reference to634

the proposed StyleGAN3 training configuration values [50]. A series of six635

experiments was conducted for the end-to-end training of the StyleGAN3636

floor plan generator on a set of different fixed and variable hyperparameters637

(Tables 3 and 4). For training of models 1-6, ADA was activated with the638

default target value of 0.6 [17]. Every model was trained for 10,000 kimg of639

iterations, resulting in approximately one week of training per model. This640

training duration was chosen to ensure a progressive and comprehensive flow641

of the experiments. All six models were evaluated based on the FID score642

and training time. The two best performing models were selected for a more643

comprehensive evaluation covering generated floor plan image fidelity, diver-644

sity, and truthfulness, as well as resource consumption and environmental645

impact.646

To assess the benefits of training with TL on pre-trained models for the647
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floor plan generator, a further experiment (model 7) was run, based on the hy-648

perparameter set of one of the best-performing StyleGAN3 end-to-end mod-649

els. The StyleGAN3 LHQ-256 model was trained with the first four layers of650

the discriminator frozen. The generated floor plan image outputs of the TL651

model were comprehensively assessed as described above.652

Table 3: Hyperparameters for the end-to-end StyleGAN3 training experimental setup.

Type Hyperparameters

Fixed --cfg=stylegan3-t, --gpus=1,

--aug=ada (0.6), --cmax=256,

--kimg=10000

Variable --batch, --batch-gpu, --gamma

Table 4: Tunable hyperparameter values for the six end-to-end trained models.

Model # 1 2 3 4 5 6

--gamma 2 2 32 32 32 32

--batch size 32 32 32 32 12 16

--batch gpu 16 4 16 4 4 16

To evaluate the impact of using Projected GAN with the FastGAN gener-653

ator for floor plan synthesis, three additional models were trained. The first654

model (model 8) was trained using the proposed hyperparameter settings655

from the original implementation (batch=64, batch-GPU=8) [27]. In the656

second model (model 9), both the batch and batch-GPU sizes were halved657

(batch=32, batch-GPU=4). The third model (model 10) used the hyperpa-658
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rameter values of the best-performing StyleGAN3 end-to-end training exper-659

iment. The performance of all three models was thoroughly evaluated.660

2.7.3. Up-sampling module661

The Real-ESRGAN was fine-tuned on the domain-specific paired datasets662

comprising 984 LR and HR image pairs. The former comprises the down-663

sampled images by using the AREAmethod (pre-processing module), whereas664

the latter are the pre-processed images just before the down-sampling oc-665

curred. One model was trained for 30.5k iterations and another for 372.7k666

iterations. The implementation parameters are given in Table 5.667

An initial comparison was made between the pre-trained Real-ESRGAN668

model, proposed in the original paper [48], and the custom-trained (fine-669

tuned) Real-ESRGAN. The pre-trained Real-ESRGAN model adapted many670

of ESRGAN’s [70] settings. It had been trained with four NVIDIA V100671

GPUs on data from the DIV2K, Flickr2K, and Outdoor Scene Training672

(OST) datasets for 400K iterations with lr = 1× 10−4, using a combination673

of L1 loss, perceptual loss [70, 98] and GAN loss [48]. The Adam optimizer674

with the settings β1 = 0.9, β2 = 0.999 had been used.675

The baseline SRGAN up-sampling model was fine-tuned on the same676

custom data as Real-ESRGAN. A 4× upscaling factor was attempted to677

output a final resolution of 1024×1024 pixels for the generated architectural678

floor plans. The pre-trained SRGAN had been trained with an NVIDIA Tesla679

M40 GPU, on a sample of 350 thousand random images from the ImageNet680

database [64]. The LR dataset had been obtained by using the bicubic kernel681

for down-sampling on the HR dataset with a factor of 4. The model had been682

further trained with an lr = 10−4 for 105 update iterations and an lr = 10−5
683
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Table 5: Real-ESRGAN fine-tuning hyper-parameter values.

Parameter Value

Optimizer Adam

Batch size 8

Lr 1e-4

Scale 4

Network g RRDBNet

Beta 1, 2 [0.9, 0.99]

Network d UNetDiscriminatorSN

GAN loss Vanilla

Use shuffle True

Patch size 24

for another 105 iterations, where the Adam optimizer had been utilized with684

β1 = 0.9 [67]. The training hyper-parameter values are shown in Table 6.685

2.7.4. Floor plan generation evaluation framework686

For reporting FID values, the FID50k metric is utilized; that is, 50k gen-687

erated test images are compared with the real dataset. To realize the metric,688

the “calc metrics.py” module was used, which is available in both the Style-689

GAN3 and the Projected GAN with FastGAN generator implementations.690

The density and coverage metrics were implemented using code from [99],691

which builds on the original implementation by [24]. For the calculations, the692

real LR dataset was compared to a dataset of 10k synthetic images generated693

for each evaluated model. The nearest neighbor parameter values k = 2 for694

37



Table 6: SRGAN fine-tuning hyper-parameter values.

Parameter Value

Optimizer Adam

Batch size 16

lr 1e-3

Scale 4

Patch size 24

the density metric and k = 1 for the coverage metric were utilized.695

To estimate the detection score of each generative model, the Inception-v3696

[73] CNN was trained for 50 epochs utilizing early stopping. For the training,697

a custom dataset containing 1,000 generated images and 988 real images is698

utilized. An 80/20 data split was made for the training/testing dataset, and699

accuracy was reported on the testing set.700

Carbontracker was implemented using code from the GitHub repository701

[100]. The tracker was embedded to the training code of both the floor plan702

generation and up-sampling networks. Ten iterations were measured and the703

total energy consumption for the full training time was calculated based on704

the average CPU and GPU power values. Following a CI value of 149.75705

CO2/kWh was employed, corresponding to Danish data from 2020 [81].706

2.7.5. Validation framework707

For the contextual functionality validation, a sample of 25 out of 10,000708

randomly generated and up-sampled floor plans by the best performing GAN-709

stack pipeline was selected. The reported values for all criteria are the mean710
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opinion scores assigned by the list of authors.711

For computing and comparing the image-hashes, the method by [87, 101]712

was employed. To detect any similarities between the two datasets (i.e., HR-713

real and SR-fake), 984 real HR floor plans and 25 generated floor plans were714

used. Additionally, a function was applied to obtain 12 positions in each715

real image by rotating the images by 90°, 180°, and 270°, and by flipping the716

image positions horizontally and vertically to make the implementation more717

robust. This process provided 295,200 data rows for analyzing the diversity718

in real and fake images, aiming to verify the framework’s capability to gen-719

erate unique floor plan designs. The pHash relied on the DCT technique for720

generating 6-bit hash strings for each real and fake image, which were then721

compared using the HD metric [101]. It was implemented using code from722

the Imagehashing library [101].723

3. Results724

3.1. Pre-processing module725

3.1.1. Dataset denoising726

After scraping the damaged data (i.e., images with text leftovers or miss-727

ing image content) of the denoising process, the dataset size was reduced728

from 1,233 to 984. Fig. 4 illustrates the LR generated floor plans when729

training the StyleGAN3 generator with and without text denoising. A visual730

assessment of Fig. 4 clearly emphasizes the need for removing text content,731

since the generated image text in the floor plan (A) is unrecognizable and732

appears as noise that will most likely impact further post-processing through733

the framework. Thereby this result strongly advocates for removing text734
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Figure 4: Generated floor plans when StyleGAN3 was trained (A) on the LR version of

the original dataset at batch size 12, and (B) on the denoised and downscaled dataset at

batch size 12. Red boxes indicate locations of generated unrecognizable noise.

from the input dataset due to the GAN model’s poor ability to imitate text.735

3.1.2. Dataset down-sampling736

Fig. 5 shows the results of the four tested four-fold down-sampling meth-737

ods, as well as the HR input image with a resolution of 1024×1024 pixels.738

Down-sampling the images to 256×256 pixels with the AREA module min-739

imized the loss of details compared to the other three methods, and the740

results appear less blurred and have a better representation of the geometry741

compared to the other methods. The bilinear and bicubic down-sampling742

methods tend to have a relatively high loss of details such that the image743

details appear very crude.744
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Table 7: Overview of results (FID, training time, iterations) for end-to-end StyleGAN3

training. Boldface indicates best performance.

Model # FID Time

[h/m]

Iterations

[kimg]

1 88.9 146h 58m 10,000

2 101.7 112h 14m 7,008

3 30.4 103h 40m 7,008

4 55.4 160h 00m 10,000

5 19.1 112h 13m 7,005

6 19.3 147h 53m 10,000

3.2. Floor plan generation module745

3.2.1. StyleGAN3 end-to-end training746

The results of the end-to-end training are shown in Table 7. Model 5747

achieved the lowest FID score (19.1) with the shortest training time (≈112h).748

Model 6 ranked second, with an FID score of 19.3 after ≈148 hours of train-749

ing. Although the lower batch size and batch GPU in experiment 5 resulted750

in a longer training time per kimg compared to model 6, the image quality751

generated by model 5 improved much faster than that of model 6.752

Fig. 6 shows a plot of the model performance (calculated FID score)753

as a function of kimg (total number of training iterations) for the end-to-754

end StyleGAN3 training experiments. The graph is based on four FID data755

points for each experiment, computed at 1k, 4k, 7k, and 10k of kimg. It can756

be seen that increasing the value of the regularization weight gamma from 2.0757

(models 1 and 2) to 32.0 (models 3-6) made the performance improve rapidly.758
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In addition, using a batch size smaller than 32 exhibited a lower FID score759

after 1k kimg and showed a relatively flat learning curve over the 10k kimg760

iterations. Also shown in Fig. 6 (right) are representative floor plan images761

generated at the minimum FID timepoint for the six models. The visual762

assessment is in agreement with the calculated FID scores. Models with763

higher gamma combined with a lower batch size tend to generate output764

data that is more representative of the input data. In summary, models 5765

and 6 have minor differences in performance. Model 5 has a higher processing766

time per iteration, but it achieves a lower FID score much earlier than model767

6. Both models 5 and 6 appear to have reached their optimum level, and768

they would most likely have started collapsing like model 3 if the training769

process had continued.770

3.2.2. StyleGAN3 transfer learning771

The results in Table 8 show that utilizing TL for StyleGAN3 (with hyper-772

parameter values: batch size=16, batch GPU=16, gamma=32) helped the773

model achieve faster training progress by adapting the weights from the pre-774

trained model. TL based on LHQ-256 reached an FID level of 20.8 after775

1k kimg iterations (22h of training). However, even though TL provided776

faster FID development compared to the end-to-end training of the Style-777

GAN model, a model collapse was observed, resulting in a decrease in model778

performance. The training adaptation process of the StyleGAN3 LHQ-256779

pre-trained model is shown in Fig. 7, where it can be clearly seen how the780

model transitions from the pre-trained landscape domain to the style domain781

of floor plans.782
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Table 8: Overview of results (FID, training time) for StyleGAN3 transfer learning (model

7).

Kimg 0.2k 1k 4k 7k 10k

FID 22.2 20.8 56.8 62.5 75.1

Time 4h

30m

21h

44m

86h

13m

151h

03m

215h

32m

Figure 7: A representative example of a generated floor plan image with StyleGAN3

transfer learning. Left is the initial result of the LHQ-256 model, center is the result after

16 kimg, and right is the result after 1,000 kimg (FID=20.8).
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Table 9: Overview of results (FID, training time, iterations) for Projected GAN with

FastGAN generator training (models 8-10). Boldface indicates best performance.

Model # FID Time

[h/m]

Iterations

[kimg]

8 9.8 85h 59m 9,475

9 9.4 58h 30m 5,400

10 9.3 106h 54m 8,416

3.2.3. Projected GAN with FastGAN generator783

The results of the Projected GAN with FastGAN generator training are784

outlined in Table 9. It was observed that reducing the batch and batch-GPU785

sizes by half slightly improved the FID performance. Model 10, which used786

the hyperparameter values of model 5, achieved an FID of 9.3 after 106h 54m787

of training time. Fig. 8 displays both the FID vs. kimg graph (left) and788

the generated images in the best performing iterations (right). Even though789

the generated image quality performance of the three implemented models790

is quite similar, model 9 converged faster in relation to FID. Both models 9791

and 10 have a significantly faster learning curve compared to model 8.792

3.2.4. Comprehensive comparative analysis of floor plan image generation793

models794

The graph in Fig. 9 (top) aggregates the best-performing models (based795

on FID vs. training time) of the three utilized training approaches. It can be796

seen that the Projected GAN with FastGAN generator-based models have797

superior performance compared to the other models. In comparison to the798
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Figure 8: Projected GAN with FastGAN generator training results (left), and represen-

tative floor plan images generated at the minimum FID timepoint (right) for the three

models.

StyleGAN3 end-to-end trained models, the FID score was improved from799

19.1 in model 5 after 112h of training to 9.4 after 59h of training in model 9.800

In reference to the StyleGAN TL training, the TL model achieved its801

minimum FID score of 21 after 22h of training, whereas model 9 achieved an802

FID score of 17 after only 4h of training. Hence, a primary strength of the803

Projected GAN with FastGAN generator is the low FID score, which is not804

attained by other methods, even when extending their training time.805

From a visual inspection point of view, the anticipated quality gap in806

the generated floor plan images by the various models (Fig. 9, bottom), as807
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indicated by the FID differences, was not observed.808

Table 10 gives the holistic quantitative comparison results of the investi-809

gated floor plan image generation methods. From the results, a connection810

between GPU-batch size and duration time per training iteration is seen,811

where the models with a high GPU-batch seem to achieve a lower FID ear-812

lier in the training process. There is also a relatively high difference in the813

GPU memory requirements during training among the various models. How-814

ever, all those GPU memory values are nowadays easily available.815

The CNN classifier detection scores show that the Projected GAN with816

FastGAN implementations (models 8-10) achieved by far the lowest accuracy817

scores, indicating that these models are the best at generating fake outputs818

with high truthfulness.819

The density and coverage results show that the generated floor plan im-820

ages by the Projected GAN with FastGAN generator-based model 9 achieved821

the best image fidelity and diversity performance. Moreover, the performance822

of the CNN classifier shows that model 9 has the highest number of false neg-823

ative (false) instances and the lowest number of true positives (real) image824

instances. This demonstrates that the generated floor plan images by model 9825

are relatively indistinguishable from the real image data. It also achieved the826

second-best FID score. The density and coverage metrics have nevertheless827

been shown to provide a more exhaustive and itemized image quality perfor-828

mance evaluation than the single-number FID, which has received criticism829

[24].830

Furthermore, model 9 notably emitted the lowest carbon dioxide emis-831

sions during training in comparison to the other models that were in the832
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same FID range, causing pollution that is equivalent to traveling a distance833

of 32.7 km by car [81]. This was nearly half the emissions of model 10, which834

achieved a slightly better FID score, and 63% lower than the emissions of835

the worst polluter (model 6). Model 9 also required significantly less training836

time than the other models that achieved an FID score below 10. Therefore, it837

is concluded that the Projected GAN with FastGAN generator-based Model838

9 is the most effective model for floor plan image generation.839

3.3. Up-sampling module840

3.3.1. Real-ESRGAN841

Fig. 10 shows the up-sampling comparison of the generated (synthetic)842

floor plans between the pre-trained Real-ESRGAN (for blind-SR) and the843

Real-ESRGAN fine-tuned on the custom dataset. The visual assessment of844

the results corroborates that the fine-tuned Real-ESRGAN (for 30.5k itera-845

tions) achieved superior results to the pre-trained Real-ESRGAN regarding846

upscaling quality and restoration of detail errors. The up-sampling by the847

custom trained Real-ESRGAN has improved features like walls, windows,848

and door openings, and these features are better represented with fewer miss-849

ing details.850

Fig. 11 shows the results when continuing the Real-ESRGAN model851

training from 30.5k to 372.7k iterations. Even though continuing training852

improves the details and general quality of the generated images by sup-853

pressing noise and repairing walls, doors, and windows, the model trained at854

372.7k iterations begins to remove notable functional features from the floor855

plans or to hallucinate windows instead of doors.856
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Figure 10: Comparison of the 4× upscaling process between the pre-trained Real-ESRGAN

(2nd column) and the custom fine-tuned Real-ESRGAN (3rd column), based on a generated

input image of 256×256 pixels (1st column). Top: The complete floor plans. Bottom:

Zoomed-in view of the areas inside the blue and yellow boxes.

3.3.2. Baseline comparison857

Fig. 12 illustrates that the Real-ESRGAN has far superior results to the858

baseline custom-trained SRGAN [67]. The outcome appears much sharper in859

the Real-ESGAN-based results. Table 11 outlines the quantitative compari-860

son between SRGAN and Real-ESRGAN (both custom-trained) in terms of861

training duration, energy consumption, and associated carbon dioxide emis-862

sions. Although SRGAN has lower energy requirements and environmental863

cost, its performance was deemed insufficient due to poor generated image864

quality compared to the more complex Real-ESRGAN architecture. There-865

fore, it is concluded that the custom-trained Real-ESRGAN architecture is866

the best option for the image up-sampling module.867
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Figure 11: Real-ESRGAN comparison of training iterations. Bottom image shows over-

shoot artifacts (in red boxes) caused by the prolonged training.

Table 11: Comparison of SRGAN and Real-ESRGAN (both custom-trained) in terms of

training duration, energy consumption and associated carbon dioxide emissions. Boldface

indicates best performance.

Model Iterations Training

hours

Total

energy

Total

CO2eq

Travel

[kimg] [h] [kWh] [g] [km]

Real-

ESRGAN

30.5 4.96 2.05 307.64 2.9

SRGAN 31.2 0.78 0.19 27.86 0.3
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Figure 12: A comparison of the 4× upscaling process by the pre-trained Real-ESRGAN

(2nd column) and the custom fine-tuned Real-ESRGAN (3rd column), based on an input

generated image of 256×256 pixels (1st column). Top: The complete floor plans. Bottom:

Zoomed-in view of the areas inside the blue and yellow boxes.

3.4. Validation framework868

3.4.1. Contextual functionality869

Fig. 13 illustrates the 25 randomly selected floor plans for the framework870

validation. Table 12 lists the (individual and mean) numbers of misaligned871

doors and windows, as well as the contextual functionality scores obtained872

from the visual evaluation. It was found that the floor plans have an average873

of 1.32 misplaced or missing doors. The number of windows with defects was874

1.82 per floor plan on average. However, it can be seen that the generated875

floor plans, in general, have performed well in placing windows and doors in876

contextually meaningful locations from an architectural perspective. For in-877

stance, windows are typically placed in outer walls and have a well-composed878

size relative to the room size, whereas doors are often placed so that they879
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open against a wall, which saves space in the layout design.880

Structural area span, denoting the distance between bearing points in881

the layout, was mainly affected by the large, squared rooms where the span882

between two bearing walls is large. Relative to load and shear walls, the sta-883

bility of the building relies on a well-composed layout that has both trans-884

verse and longitudinal walls, which will help resist wind load. Of course,885

other techniques do exist that provide wind bracing when spatial open de-886

signs are required. In general, the 25 analyzed floor plan designs performed887

exceptionally well on these two structural design functionalities.888

Building energy has many regulating parameters, such as outer shape,889

natural lighting, material selection etc. In fact, the early design phase is to890

some degree disconnected from the detailed material selection. The main891

selection criteria are based on the floor plan layout’s ability to minimize the892

linear thermal bridging and optimize the natural light entrance, for which893

the 25 analyzed designs showed a relatively good performance.894

The waste of space in the floor plans gives an indication of the space used895

in the connecting corridor. The placement of doors and windows also plays896

a role if they take up unnecessary space by their functioning. The above897

criterion together with the room connectivity optimization criterion were898

found in general to underperform to some extent in the 25 analyzed synthetic899

HR floor plans. In summary, regarding structural and energy considerations,900

the proposed floor plan generation framework was verified to be consistent901

with the intended application.902
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Figure 13: Image grid of the 25 floor plans used for the validation framework.
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3.4.2. Data privacy with perceptual image hashing903

Fig. 14 shows an example of a pair of floor plans with the lowest HD904

(pHash) and the corresponding 8×8 hash images. Some similarities due905

to the building shape can be observed, but there are no critical signs that906

indicate overfitting. This result verifies that no direct data copying takes907

place between the HR real dataset and the HR fake (after SR) dataset.908

Figure 14: Overfitting evaluation based on model 9 (seed 2033689293) between a real

floor plan image (left), and a synthetically generated floor plan sample (right). Top: The

generated floor plans. Bottom: The 8×8 hash images. Also given are the Hamming and

normalized Hamming distances.
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3.4.3. Latent space manipulation with image morphing909

Fig. 15 shows an example of the image morphing transformation tech-910

nique, demonstrating the floor plan generator’s capability of controlling the911

building layout size and shape styles by selecting seed versions from the912

learned latent space. It illustrates the transformative power of the floor plan913

generation module which gradually affects the style from one seed to another914

(from left to right). The style drifting capability enables a deeper layer of915

floor plan outputs.916

3.4.4. Downstream BIM implementation917

Fig. 16 shows an example of resketching a generated floor plan using a918

BIM software environment. Seen is a building layout of 185 m2 with maxi-919

mum span of 5862 mm, two sheds with an option for transforming the large920

one into a garage, two entrances, two bathrooms, a master bedroom with921

connected bathroom, three rooms for children’s rooms/office, a connected922

kitchen and living room, and a laundry room that connects the house with923

the shed/garage. All rooms are connected with corridors (or entrances) which924

can serve as buffer zones for heat differences between the rooms. The build-925

ing design caters to all common construction principles such as light wall926

timber frames etc. There is an option for placing shared walls and loading927

walls in the floor plan design, due to the even distribution of walls. The928

door openings seem to naturally optimize the space around them, also avoid-929

ing collision with other openings. All living spaces (living room with open930

kitchen) have access to daylight. For the living room, there is also an option931

to add extra windows. The depth of all rooms relative to the window place-932

ment also seems reasonable to ensure sufficient natural daylight. The only933
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Table 13: Framework sampling time based on 10,000 generated floor plan images.

Module Sampling time

[sec/image]

Floor plan generator

(Projected GAN with FastGAN)

0.02

Up-sampling (Real-ESRGAN) 0.15

challenges of the specific floor plan design are mainly related to the share of934

outer walls that may reduce the energy performance and the indented areas935

which may cause limited light in the building.936

3.4.5. Framework inference speed937

Table 13 outlines the average sampling times per image for the Projected938

GAN with FastGAN floor plan generator (model 9) and the custom-trained939

Real-ESRGAN up-sampling model. These values verify that the generated940

floor plan images by the framework are obtained in a swift manner while941

relying on limited computational resources.942

4. Discussion and future work943

4.1. Main contribution of this study944

This study aimed to make progress on the four main challenges that con-945

cern the use of GML in construction applications, as they were pointed out946

in the recent review study by Chai et al. [22]. A novel stable multi-module947

GAN-stack was proposed for the autonomous generation of high-fidelity and948
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Figure 16: Architectural resketching (center) using BIM software of a generated output

(top) by the framework, together with the corresponding 3D floor plan (bottom), also

produced by BIM. The building area is 185 m2, and the max structural span is 5862 mm.
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contextually meaningful floor plan layouts by relying on small-scale compu-949

tational and data resources. The pipeline is made up of a pre-processing950

(i.e., denoising and 4× down-sampling) module, a floor plan image genera-951

tion module, and a 4× image up-sampling module. Innovative frameworks952

were also introduced for: (i) holistic evaluation of the generated floor plans,953

and (ii) contextual validation of the proposed pipeline.954

4.2. Experiments and main findings955

All GAN experiments in this study were conducted using minimal train-956

ing data and computational resources, namely a sub-thousand dataset of957

high-fidelity architectural floor plan images of single-story residential Dan-958

ish homes and a single RTX-3090 GPU. To determine the best configura-959

tion of the individual modules, this work focused primarily on systematic960

hyperparameter tuning and model fine-tuning (custom training). In the961

pre-processing module, a transformer-based denoising approach [47] was de-962

ployed. The effect of cleaning datasets from unwanted text content was963

showcased in a downstream image generation task. Visual assessment was964

adopted, because using a quantitative metric such as the FID score would not965

have provided any meaningful insights. The experiments showed that remov-966

ing text content from the training data significantly improved its practical967

utility. For down-sampling, a method based on OpenCV’s AREA module968

[46, 53] was utilized, which resulted in minimal degradation compared to969

other approaches. For the floor plan generation module, 10 different models970

were tested by varying the network architecture, training mode, and set of971

hyperparameter values. It was found that the best performing model was the972

one based on the Projected GAN with FastGAN generator [19, 21], utilizing973
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half the batch and batch GPU sizes compared to the original implementa-974

tion. The proposed model gained superior quality, reaching an FID score of975

9.4. The respective scores for the traditional StyleGAN3-based models were976

above 19.1. The comprehensive evaluation demonstrated that the proposed977

floor plan generation model also achieved the best density (=1.01) and cov-978

erage (=0.97) values, and the highest level of truthfulness of the generated979

images. In addition, it converged in less than 60 hours which was almost980

twice as fast as the other StyleGAN3 end-to-end trained models. Moreover,981

its energy consumption and carbon emissions were substantially lessened,982

highlighting its high resource efficiency and low environmental cost. Energy983

consumption and thereby CF should be relevant to GAN performance eval-984

uation given the growing concerns about the environmental impact of deep985

learning [13, 82, 83]. Extending training iterations alone would have been986

unlikely to yield major improvements due to stagnation in the model de-987

velopment, possibly caused by the limited dataset size. In the up-sampling988

module, a custom-trained Real-ESRGAN model [48] was selected as it was989

found to convincingly outperform the baseline method. The novel valida-990

tion framework was applied to 25 randomly selected floor plans, verifying991

that the proposed pipeline: (i) preserves data privacy, (ii) can be manipu-992

lated with image morphing to suit the designer’s needs, (iii) is exploitable993

in downstream vector-based BIM software implementation tasks, and (iv)994

can generate contextually meaningful 1024×1024 floor plan images in a swift995

manner by relying on small-scale hardware resources. Lastly, the contex-996

tual functionality validation corroborated that the proposed framework is997

consistent with the intended application regarding door/window placement,998
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structural design, and energy considerations, whereas there is some room for999

improvement in the space optimization and room connectivity aspects.1000

4.3. Why it works so well?1001

The outstanding efficiency and generated image quality performance that1002

was achieved by the proposed multi-module GAN-stack is the result of adopt-1003

ing best practices from a different context (i.e., natural images) for selecting1004

the network architectures and set of techniques that suit the needs and goals1005

of this study. Apart from historical precedent, several crucial network de-1006

sign choices were based on empirical experimentations and intuition. GML1007

architectures, which are able to rapidly sample training datasets and allow1008

substantial control over the generation process, were chosen. The reduced1009

computational cost and training time in the floor plan generation process1010

without compromising image quality is most likely attributed to employing1011

EfficientNet-Lite1 [63] as the pre-trained feature network. The stabilized1012

training of the GAN-stack is in all probability the outcome of utilizing: (i)1013

pre-trained representations in the floor plan image generation (Projected1014

GAN with FastGAN generator) module, and (ii) U-Net design with skip1015

connections together with spectral normalization in the discriminator of the1016

image up-sampling (Real-ESRGAN) module. The lack of overfitting is pre-1017

sumably due to leveraging differentiable augmentation methods [65] in the1018

floor plan generation process.1019

4.4. Validation framework1020

A novel validation framework was introduced to confirm that the proposed1021

computerized pipeline captures architectural business rules, attributes, and1022
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relationships correctly. Ensuring high-quality validation is a troublesome1023

task considering the strict regulations and the growing sophistication levels1024

of related frameworks. However, validation is a pivotal step towards develop-1025

ing consistent, high-quality products. Domain-specific knowledge is essential1026

for appreciating the validation criteria that matter the most in this type of1027

research. Generating highly realistic-looking floor plan images is not an end1028

in itself — contextual relevance is more critical. In this study, architects1029

with experience in detached single-family home design were interviewed to1030

provide the co-authors with domain-specific insight into the architectural1031

context. Complementary literature was also adjusted [29, 84].1032

4.5. Data privacy1033

Fair usage, intellectual property issues, and ethical concerns regarding1034

data sourcing have brought GML into question. There is no clear answer1035

yet to these copyright issues [102]. To our knowledge, never before has data1036

privacy been assessed in GAN-based floor plan generation papers. To validate1037

data privacy and overfitting in this study, perceptual image hashing was1038

introduced as a metric for detecting similarities between the real dataset and1039

generated data. Image hashing, while computationally intensive on larger1040

datasets, has the benefit that the generated hash of real images is stationary1041

and can be reused in future evaluations. Rotations and flips were applied1042

to the dataset for a more robust evaluation. Although GANs may avoid1043

overfitting through their built-in classification mechanisms, image hashing1044

provides a transparent and explainable method to ensure data privacy.1045

66



4.6. Usefulness of the work1046

The presented work could inspire new perspectives to the early architec-1047

tural design phase. As the communication between professional consultants1048

and their clients progresses in this essential phase, the proposed framework1049

has the potential to enable the fast iterative prototyping of conceptual floor1050

plan layouts. A large number of empirical experiments were conducted over1051

the course of this study, which exceed the ones presented in this paper. These1052

tests have provided the co-authors with valuable insights into the training1053

process of various GANs in the context of architectural floor plan design.1054

They have also contributed to a knowledge base for future research aimed1055

at further improving the related training methods. This research advances1056

GML resource efficiency for architectural applications. Efficient frameworks1057

are certain to curb the computational and data requirements for generat-1058

ing realistic floor plan images, which in turn may facilitate democratizing1059

research in this area by enabling more companies to participate. Local train-1060

ing of GML models will also contribute to a higher level of data control and1061

thus data security for business and related data stakeholders in the process.1062

Lastly, this work could lay the foundations for extending GML to other in-1063

dustries that share driving needs and limitations for adopting GML with the1064

architectural design industry [1, 2].1065

4.7. Study limitations1066

Hyperparameter tuning of GAN models is a rather time-consuming task1067

with each adjustment requiring 10k kimg iterations (i.e. ∼147-160 hours).1068

This has limited the ability to more finely search the hyperparameter space.1069

However, GAN training is overly sensitive to hyperparameters, and further1070
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experiments with additional hyperparameter value combinations might have1071

provided valuable insight into the optimal setting, especially with regard to1072

the gamma level. The FID score is based on features obtained from the1073

ImageNet pre-trained model. Therefore, caution should be exercised when1074

using this metric for models such as Projected GAN which relies on Im-1075

ageNet pre-trained representations [64]. In addition, it has been reported1076

that there is some discrepancy between the FID metric and human assess-1077

ment when evaluating non-ImageNet data [16]. However, this study offered a1078

more reliable generated image quality evaluation across different GAN meth-1079

ods by adopting a combination of three metrics (namely FID, density, CNN1080

detection score) as well as human inspection. Even though downscaling the1081

dataset from 1024×1024 to 256×256 pixels has sped up the training process,1082

a degradation of the detail level of the floor plan images is inevitable. The1083

up-sampling process can reconstruct some deficiencies, but this degradation1084

remains a limitation worth investigating further. The validation framework1085

of this study did not include criteria related to room modularity and natu-1086

ral ventilation. These were nevertheless deemed too advanced for the early1087

design phase that the proposed pipeline aims to support.1088

4.8. Future work1089

While StyleGAN is a promising network architecture for generating im-1090

age content, it is worth testing and comparing additional GAN models to1091

determine the optimal generator. Licensing aspects might also play a role in1092

the future selection of models. Applying image-to-image style-transfer by us-1093

ing models such as pix2pixHD [103], pix2pix [104], or CycleGAN [105] could1094

enhance the appearance of the generated floor plans and add more details.1095
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Converting raster images to vector formats, suitable for BIM environments,1096

is likely to improve the applicability of generated floor plans, as well as the1097

demand to convert existing building layouts into BIM [25, 106]. Adding text-1098

based conditions to the proposed framework may offer more control over the1099

generated outputs [107]. Methods for text-to-image generation have been1100

proposed in the literature [15, 107, 108], and incorporating these methods1101

may further improve output specification. In the Danish architectural con-1102

text, three main design paradigms influence floor plan layouts from 1950 to1103

today. The style-based floor plan generator of the proposed framework should1104

be able to reflect the above grouping. It may have created a hidden hierar-1105

chy in the style space that represents these three design paradigms, offering1106

potential for renovation and reconstruction projects through methods such1107

as style transfer. This task remains to be elucidated. GAN-based pix2pix1108

methods can replace costly computational fluid dynamics (CFD) analysis1109

for layout performance as surrogate models with image-to-image translation1110

to predict contour plots of layout performance to support designers in the1111

early design stage both for 2D and spatial analysis [108]. Furthermore, re-1112

cent studies have shown promising results using ControlNet-based diffusion1113

model structures, which are capable of generating fast and highly detailed1114

conceptual designs guided by control masks [108]. The modular structure1115

of the framework offers flexibility in updating a specific module as future1116

technological advances come to the fore.1117

The model’s ability to autonomously generate highly realistic floor plans,1118

combined with the control demonstrated by cGAN-based generation, presents1119

a key future challenge in improving the usability of such systems for architec-1120
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tural purposes. A critical aspect of this challenge is enabling the generated1121

floor plans to adapt to specific building plot conditions and meet relevant1122

constraints such as zoning codes and national building regulations.1123

5. Conclusion1124

This study aimed at increasing the applicability of generative machine1125

learning (GML) to the automation of early stage building engineering work-1126

flows. It made notable strides in addressing the following key challenges on1127

employing generative adversarial networks (GANs) towards this application:1128

Substantial computational and data demands, training instability, and chal-1129

lenges in evaluating results. A stable, multi-module GAN-stack was devel-1130

oped for autonomously generating high-fidelity, contextually meaningful floor1131

plan layouts, while operating on limited computational and data resources.1132

The pipeline consisted of a pre-processing module comprising transformer-1133

based text remover and AREA down-sampling, a floor plan image generation1134

module based on the projected GAN with FastGAN generator network, and1135

an image up-sampling module utilizing the Real-ESRGAN architecture. It1136

was efficiently trained on real-world construction data. Innovative frame-1137

works were also introduced for the holistic evaluation of the generated floor1138

plans and the contextual validation of the proposed pipeline. The comprehen-1139

sive evaluation results demonstrated that the proposed pipeline can expedite1140

and stabilize the GML-based autonomous generation of 1024×1024 floor plan1141

layouts while relying on minimal compute and data resources. The novel val-1142

idation framework confirmed that the proposed computer-aided pipeline has1143

contextual relevance to architectural design, ensuring adherence to architec-1144
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tural business rules, attributes, and relationships. The presented work could1145

streamline the iterative prototyping of conceptual floor plan layouts in the1146

early design phase, supporting the communication between architects (end1147

users) and clients. The proposed framework has the capability to generate1148

unique high-resolution (HR) contextually meaningful floor plan layouts in1149

a total sampling time of 0.17 seconds. This research also has potential for1150

broadening access to the GML-based automation in the building engineering1151

research area. It may provide the foundation for extending GML applications1152

to other industries with similar needs and resource constraints.1153
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