Generation of Annotated Data Using Pre-Trained Diffusion Models
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Abstract. The success of modern machine learning methods such as
deep learning has broadened its influence on almost all research fields,
including architecture and the built world. A common requirement for
these data-centric technologies is the availability of data for training.
Dataset creation and curation is a time-consuming and error-prone
process. Depending on the complexity of annotations needed, this can
become a significant bottleneck. Particularly in tasks such as in
semantic segmentation, where labelling a single urban image may
require several minutes. Segmented data is essential for analysing and
developing methodologies for objects in the built world. Yet existing
fagade segmentation datasets often suffer from inconsistencies, limited
size and varying annotation standards. This work proposes an approach
to bridge the data gap, using generative models. A pretrained stable
diffusion model is finetuned on a custom dataset created with the
purpose of providing a wide range of architectural styles and image
types. In a subsequent stage, the pretrained model is used to train an
ensemble of pixel classifiers to predict class labels for generated
images. A data generation pipeline is proposed and prototypically
tested, focusing on the generation of segmented data for facade labels.

Keywords. Generative Al, Facade Segmentation, Synthetic Data,
Stable Diffusion, Urban Informatics

1. Introduction

High quality annotated datasets are still a scarcity in the context of architecture,
hindering the research progress in this field. The issue is aggravated for data that has
costly manual labour demands, such as is the case for segmentation tasks. The study of
architectural fagade structure requires images of labelled fagade elements making it a
textbook example for this challenge. Existing dataset for fagade segmentation contain
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multiple issues starting with their size. Currently the largest ones, IRFs (Wei et al,.
2024) and LabelMeFacade (Frohlich et al., 2010), contain only 1057 and 945
datapoints respectively. Others such as ECP (Teboul et al, 2011), eTRIMS (Korc and
Forstner 2009), CMP (Tyle¢ek and Sara 2013), Graz50 (Riemenschneider et al., 2012)
and ADE20K (Zhou et al., 2017) rarely surpass the 100 datapoints mark.

Moreover, there are also some challenges regarding the quality of the contents of
those datasets. Figure 1 shows two example cases depicting wrong and missing labels.
Another common problematic is the lack of shared standards. There are discrepancies
not only on the way that facades are represented, but also how distortions in images are
handled. Each dataset defines its own set of segmentation classes and image
resolutions, making it difficult to combine and use them together. Figure 2 depicts some
examples of relevant existing fagade segmentation datasets.

Figure 1. Errors in existing datasets. Left: Mislabelling of a car as a door and wall in the original and
updated ECP dataset. Right: Missing window annotations in a LabelMeFacade datapoint.

This shortage of data arises directly from the error-prone and time-intensive nature of
dataset creation and curation processes. Annotating a single urban image may require
up to 60 minutes (Wu et al., 2023). Furthermore, the rewards of investing time
publishing a high-quality dataset are overshadowed by those acquirable researching
other parts of the field, such as deep learning model architectures and their applications
(Sambasivan et al., 2021, Wei et al., 2024)

To tackle the data challenge in this context, pipelines have been proposed to
generate annotated data using procedural generation and deep generative models
(Kikuchi et al., 2023, Wu et al. 2023). Whilst the results of such endeavours are
promising, demonstrating efficient generation of acceptable annotated images, they are
still far from becoming a tangible solution to the data issue. Beyond the evident quality
issues with the generated images, there are additional, less noticeable shortcomings.
These include concerns about the diversity of the output and the overall adaptability of
the method. Similar to the missing architectural style variation in the existing annotated
datasets (Wei et al., 2024), synthetic pipelines also suffer from a lack in diversity.
Moreover, adapting methods that rely on procedural modelling requires a significant
amount of effort and expertise (Martinovic and Van Gool 2013).

These factors discourage a wide adoption of these approaches. This paper
introduces a novel approach that leverages state-of-the-art deep generative models,
such as Stable Diffusion (Ronneberger et al., 2015), to create high-quality annotated
fagade segmentation datasets. Building on the work of (Baranchuk et al., 2022), our
method directly addresses critical limitations of existing pipelines, including data
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diversity and adaptability while streamlining the annotation process. By addressing
these issues, this method mitigates challenges associated with traditional and synthetic
dataset generation while providing a scalable framework for architectural research.

Figure 2. Examples from existing datasets. From left to right: IRFs, LabelMeFacade, CMP,
ADE20K, ECP, eTRIMS & Graz50. The datasets vary significantly in terms of annotation
granularity, image type, and architectural style.

2. Objective

The main aim of this work is to provide an adaptable method for generating high-
quality 2D annotated segmentation data using open source, state of the art generative
models. In contrast to previous works (e.g. Kikuchi et al. 2023), the goal is to propose
amethodology that doesn't rely on any procedural modelling and has a very small data
annotation requirement (less than 5 datapoints per class).

To achieve this, we aim to tackle multiple sub goals that represent unavoidable
hurdles needed to be addressed. Starting with the selection of the raw data used in the
finetuning process of the generative model. To avoid the common absence of diversity
in fagade datasets the selected raw data must represent a wide variety of architectural
styles from different cultures. Additionally, the raw data should also include multiple
types of photos to enhance the flexibility and adaptability of the proposed method. By
mixing different perspectives, distortions and artistic quality in the raw data selection,
multiple target domains are covered. To allow a wide range of weather conditions,
clutter and settings, a high-quality generative text to image model (Stable Diffusion
v1.4) is used via finetuning.

Such models require the training data to be structured in image and text tuples, both
describing the same content. Currently, there are no published facade datasets that meet
the requirements described for the raw data selection. As a result, this works also aims
to process the raw data and generate captions for each datapoint. These captions also
represent the building blocks of any prompt used to guide the generation of the labels.

Lastly, as a validation of the proposed methodology, this work aims to generate a
dataset based on requirements adaptable to other settings.
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3. Methods

This street view photograph
showcases a grand Gothic-style
church with tall spires and
intricate architectural details. The
church stands prominently in the
foreground of the image. In the
background there are modern
skyscrapers indicating a blend of
historical and contemporary
architecture in the vicinity.
Pedestrians can be seen walking
on the sidewalks and there are
trees and greenery adding a touch
of nature to the urban setting. The
road in front of the church appears
to be a major thoroughfare.

This street view photograph
showcases a residential area. The
primary focus is on a single-story
house with a white exterior. The
house is surrounded by a lawn and
there's a driveway leading to a
garage. To the right of the house
there is another structure possibly
a two-story building. The sky is
clear suggesting a sunny day.
There are utility lines overhead
and the image seems to be taken
from a street view perspective
possibly from a vehicle or a drone.

This photograph showcases a
brick building with large arched
windows. The building appears to
be part of an urban setting with
other buildings visible in the
background. There's an outdoor
seating area in front of the
building with tables and chairs
suggesting it might be a cafe or
restaurant. The time of day seems
to be cither early morning or late
afternoon given the soft warm
lighting. There are also some trees
and plants visible adding a touch
of greenery to the urban
environment.

This photograph showcases a

. multi-story building possibly an
apartment complex or office
building situated in an urban
environment. The building is
surrounded by other similar
structures indicating a densely
populated area. There's a street in
front of the building with parked
cars and it appears to be a sunny
day based on the shadows and
lighting. The image does not
provide any distinctive landmarks
or signs to pinpoint the exact
location but it seems to be in a

N developed city

This architectural photograph
showcases an institutional
building with a modern design.
The structure is predominantly
black with reflective glass panels
that mirror the surrounding trees
and sky. The building is
Jjuxtaposed against an older white
building to its left. The ground is
paved with brick tiles and the
scene captures the building during
the evening with ambient lighting
illuminating its entrance. The
overall style of the building leans
towards contemporary architecture
emphasizing clean lines and
minimalistic design.

This architectural photograph showcases a modern house with a
contemporary facade. The house features large glass windows and sliding
doors that offer a panoramic view of a serene lakeside setting. The exterior is
predominantly made of wood ing the natural sur The
design is minimalistic with clean lines and a flat roof. The time of the day
appears to be dusk as the sky has a soft blue hue and the house is illuminated
from the inside casting a warm glow.

Figure 3. Examples of images from the different selected domains and their generated captions.

The proposed methodology derives from the works started by the DatasetGAN (Zhang
etal, 2021), BigDatasetGAN (Li et al., 2022) and its adaptation to Diffusion models
(Baranchuk et al., 2022). All these works follow the same workflow. First a pretrained
generative model is selected. Next, a small dataset representative of the targeted
segmentation scheme is created. Finally, a segmentation branch is trained on top of the
frozen generative model. This is achieved by using multiple feature maps extracted
from the inner blocks of the underlying generative model and the created segmentation
dataset. Our proposed approach expands on these works by greatly improving the
quality of the output and providing means to control the generated output via prompts.
Instead of using a baseline denoising diffusion probabilistic model (DDPM), we utilize
a stable diffusion model trained on the large-scale dataset LAION-5B and fine-tune it
on the target domain.
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3.1. STABLE DIFFUSION FINE-TUNING

As input for the fine tune process a curated dataset containing around 100k data points
(images and text pairs) was created. Following a bootstrapping methodology, a clean
subset of the Places dataset (Zhou et al. 2017), a collection of google street view images
(Kang et al., 2018) and openly available exterior architecture photographs (Paulat
2022) were used. The Places dataset consists of photos commonly found on the internet
captured by non-experts. Such images display different perspectives of the facades and
contain a large diversity of clutter. Street view images depict fagades from a distinct
and consistent vantage point. Such images provide extensive global coverage and serve
as a valuable resource for urban analysis, architectural studies, and dataset creation in
machine learning applications. Architectural photography depicts facades in a very
artistic, clean and well thought manner, providing a clear view of the structures and
features of built objects. Integrating these three existing datasets offers a diverse array
of architectural styles and image types, making the base generative model highly
flexible.

As part of the curation preprocess, images unrelated to fagades were removed and
the image resolution of the dataset determined. To provide an acceptable quality for the
generation process, a resolution of 512 by 512 pixels was selected. Images stemming
from the Places dataset needed an extra preprocessing step, since their native resolution
was only half of the target, i.e. 256 by 256 pixels. To achieve better results than those
attainable via interpolation, a super-resolution model, GigaGAN (Kang et al., 2023),
was utilized to preprocess all Places images.

To produce the text part i.e. the captions of the created image dataset, an open-
source visual language model CogVLM (Wang et al., 2023), was utilized. The
captioning process itself was guided by prompting the CogVLM model to follow
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Figure 4. The segmentation training pipeline. Embeddings for a chosen set of noise steps are created
as usual in the stable diffusion model. Activations from the upsampling blocks are then extracted
during the denoising step to train the segmentation head. The diffusion model and the segmentation
head generate both the images and annotations.
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typical best practices for alternative text descriptions of images in architecture
(Washington University in St. Louis [WashU], n.d.). To improve the performance of
the captioning model, image meta-data available was utilized. The image datasets
merged contained information about the building type. The resulting textual data, also
known as prompts, paired with their corresponding images, constitute the dataset used
to fine-tune the stable diffusion model. Figure 3 depicts example images of each
domain and their corresponding generated caption.

3.2. IMAGE ANNOTATIONS GENERATION PIPELINE

To segment the generated data, an ensemble of multi-layer perceptrons (MLPs) is
trained as a lightweight segmentation head attached to the image generation backbone.
The pixel segmentation head is trained not only on a ground truth segmentation mask,
but also on different features stemming from the interior of the backbone. As observed
by (Baranchuk et al., 2022) the representations learned in the autoencoder part of these
models, can be used to attain segmentation masks at different granularities depending
on the features selected at different noise steps during the diffusion process.

The current implementation of stable diffusion has multiple blocks to choose from.
To perform the denoising process in latent space, an autoencoder is used to project
input images into latent space and to decode the results back to image space. Between
the encoding and decoding parts of this autoencoder, the generative backbone model,
a U-Net, is located. The upsampling blocks from this backbone contain both the
encoding and decoding signals thanks to the skip connections. Based on this fact, these
blocks are the targets of the feature extraction.

Subsequently, the segmented image generation is achieved by manually or
automatically prompting the finetuned model using a set of desired facade categories
and characteristics. The automatic process follows the same guidelines used in the
initial dataset captioning i.e., by following guidelines of architecture photograph
alternative text creation. By reusing the same captioning scheme better results are
attained. Figure 4 presents the process for training the segmentation head and for
generating annotated images.

3.3. EXPERIMENT

To validate the proposed methodology, we conducted an experiment with the objective
of generating annotated data replicating the characteristics of the fagade segmentation
dataset TMBud (Orhei et al., 2021). This dataset was selected as the target due to the
high quality of its labels and its limited size. There are a total of 820 unlabelled photos
and 300 annotated images, using the following classes to segment their content:
background, building, door, window, sky, vegetation, ground and noise.

To apply the proposed generation pipeline, the segmentation head must be trained
on the target data. It's important to note that, in contrast to the previous works, our
methodology allows for better control of the generation process via prompting.
However, it also imposes a new requirement for image captions during the
segmentation branch training.
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Figure 5. Images generated using the fine-tuned model. Each column represents a different domain:
architectural photography, normal photos and street view images. To demonstrate the flexibility of
the model, the same prompt was used with minor changes related to daytime and weather.

4. Results

The proposed methodology is capable of generating a wide range of annotated facade
images, mirroring the different domains used to fine-tune the generative model. This
demonstrates the usability of the created dataset for fine-tuning text-to-image models
such as Stable Diffusion and directly addresses parts of the existing dataset issues in
the field of architecture. Figure 5 shows multiple images generated using different
image types and settings.

The quality of the generated image data surpasses that of the previous work;
however as illustrated in Figure 5, the accuracy of the generated annotations is inferior
to than that of the TMBuD dataset. Due to the generative nature of the data, exact
evaluation against a ground truth is not feasible. Visual inspection highlights
discrepancies in the segmentation results. Despite this, this pipeline provides an initial
step towards tackling the data issue by providing high fidelity and varied images of
architectural fagades. In its current state, generated images annotations yield results
comparable to existing datasets, primarily because the actual datasets are very limited
in size. The generated annotations require further validation, but this was not pursued
due to their evident imprecision. Nevertheless, the proposed pipeline can be adapted to
any segmentation scheme as demonstrated by the experiment without incurring
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Figure 6. Randomly picked results from the generation process. The first column depicts some
examples from the target dataset, TMBuD.

significant costs to the user. As in previous works, only a small amount of annotated
data and textual descriptions are required to generate any facade segmentation data.
Figure 6 presents randomly selected generated images and annotations.

5. Conclusion

The methodology proposed adapts to various annotation requirements with minimal
overhead and can be improved by utilizing different segmentation heads. It emphasizes
the usability of openly available diffusion models, such as stable diffusion, which serve
as robust tools for generating high quality annotated data. Using models trained on vast
datasets, significantly enhances the model's expressiveness and representation space
compared to models trained solely on a specific domain. In the context of annotated
facade image generation, it allows the model to efficiently handle clutter and the
diverse range of objects present in such images.

Beyond the proposed methodology, both the fine-tuned generative model and the
data used in the process serve as valuable tools for other downstream tasks in the
architectural research field. For instance, the features learned in the backbone provide
arobust representation of fagade characteristics, which can be further utilized in various
applications, including architectural style classification, building age prediction, and
structural damage detection, among others. This highlights the importance of creating
foundation models for architectural research such as DINO (Caron et al. 2021); models
which would offer valuable learned representation of architectural features, such as
those present in fagades, serving as a backbone to multiple downstream tasks.

There are multiple possible reasons behind the poor annotation results. Starting
with the selection of the blocks for the feature extraction and the selection of the noise
steps utilized during the denoising process. The current selection was guided by the
findings of previous work; however, due to differences in the underlying models, this



GENERATION OF ANNOTATED DATA USING 67
PRE-TRAINED DIFFUSION MODELS

choice may be suboptimal. Additionally, the segmentation head could be redesigned to
better utilize the input signals. A potential enhancement could involve employing
methods aimed at achieving interpretability of language models by extracting learned
concepts via sparse autoencoders (Cunningham et al., 2023, Templeton et al., 2024).

Although the data generated using this approach is not perfect, it represents a
significant step towards alleviating the data scarcity in the context of facade image
segmentation. The generation of annotations within the proposed pipeline necessitates
further refinement and more robust validation.
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