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Abstract

We present WinSyn, a unique dataset and testbed for cre-
ating high-quality synthetic data with procedural model-
ing techniques. The dataset contains high-resolution pho-
tographs of windows, selected from locations around the
world, with 89,318 individual window crops showcasing di-
verse geometric and material characteristics. We evaluate
a procedural model by training semantic segmentation net-
works on both synthetic and real images and then compar-
ing their performances on a shared test set of real images.
Specifically, we measure the difference in mean Intersection
over Union (mloU) and determine the effective number of
real images to match synthetic data’s training performance.
We design a baseline procedural model as a benchmark and
provide 21,290 synthetically generated images. By tuning
the procedural model, key factors are identified which sig-
nificantly influence the model’s fidelity in replicating real-
world scenarios. Importantly, we highlight the challenge of
procedural modeling using current techniques, especially in
their ability to replicate the spatial semantics of real-world
scenarios. This insight is critical because of the potential of
procedural models to bridge to hidden scene aspects such
as depth, reflectivity, material properties, and lighting con-
ditions.

1. Introduction

Larger and more sophisticated machine learning models de-
mand an ever-increasing supply of data, particularly in tasks
where manual annotation is challenging, such as depth es-
timation, reflectance estimation, or full 3D reconstruction.
One solution is to use procedural models to generate syn-
thetic training data. However, creating procedural models
that accurately reflect the domain of real images (i.e. clos-
ing the domain gap) remains an open problem. Despite the
visual realism of many synthetic scenes, their effectiveness
in machine-learning applications often falls short. In this
work we do not close the gap — but present an accessible pair
of real and synthetic datasets, with annotations, in which
this domain gap may be studied without massive resources.

While the final goal is to tackle complex problems, a
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straightforward proxy task is initially required to ensure that
real-world imagery can be manually annotated and com-
pared to synthetic imagery. We, therefore, propose segmen-
tation as a proxy task. This proxy task helps pinpoint where
a procedural model fails to capture the diversity and nuances
of real-world scenes.

As our long-term goal is procedural urban modeling, we
initially considered street-view images and datasets, such
as CityScapes [12]. However, this has several drawbacks.
Modeling arbitrary urban scenes realistically requires over-
whelming complexity; requiring modeling at least cars, hu-
mans, buildings, skies, and vegetation, and each of these
poses quite distinct and complex modeling challenges. For

Figure 1. Photographers in 28 geographic regions captured real-
world photos (a) of windows that are cropped (b) to single win-
dows, which are then labeled (c). Synthetic windows are rendered
giving color (f) and labels(d), while other passes such as depth (e)
are also possible.



example, modeling urban environments for video games is
a significant undertaking that often requires over 100 artists
for open-world games. This type of effort is unrealistic for
procedural modeling research. We propose that it is more
promising to identify a simpler subset of images and de-
velop a more constrained procedural model for this subset.
This should enable faster iterations and broader participa-
tion in procedural modeling research, before scaling up to
complete cities.

The decision to study the domain of window images was
based on the following design principles for our dataset:

Diversity: Our goal is to capture a range of variations in
both geometry and materials. We opted against humans due
to the complexities in modeling realistic fine geometric de-
tails (like hair and beard) and materials (such as skin), and
the limited topological variations. Although humans have
been used for synthetic data studies as demonstrated in [39],
exploration in this domain is complicated because the pro-
cedural model was not released and high-fidelity models
such as Unreal Metahumans by Epic Games [15] tend to
prioritize realism over variability. Plants, another option,
present challenges in material diversity and are difficult for
human annotators to segment. Windows, in contrast, offers
a balanced combination of geometric complexity and mate-
rial variation suitable for our research goals.

High-resolution: The images in the dataset should be
high resolution to make the dataset useful for the near and
medium-term future. This is in contrast to existing archi-
tectural datasets, with resolutions typically in the 512-1025
pixel range [5, 6, 25, 33]. While these are not low resolu-
tion in typical computer vision terms, architectural features
such as windows are often too small to resolve in the im-
ages. Although the CityScapes dataset is larger than most,
with a resolution of 2048 1024 pixels, it often captures
architecture from oblique viewpoints limiting the effective
resolution.

Image Rights: We would like to have all rights to the
images to avoid future copyright problems.

To explore this problem, we introduce a specialized
dataset that bridges real-world architectural imagery and
procedurally-generated images, with a particular focus on
window designs. Our dataset, comprising 89,318 windows
in 75,739 high-resolution (4K to 6K) and RAW images, not
only matches the scale of established datasets like CelebA-
HQ and FFHQ but also offers a unique niche with an em-
phasis on architectural details and high resolutions.

Our dataset is designed not just to advance synthetic data
generation, but also to facilitate diverse research avenues.
Our primary contributions' are:
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1. Real-World Imagery: A 4K resolution dataset with
75,739 photos of windows from global locations, offer-
ing unprecedented detail for architectural research.

2. Hand-Annotated Labels: Segmentation labels for
9,002 images.

3. A Procedural Model: A novel procedural model for
windows, underscoring key design choices for synthetic
data generation.

4. Synthetic Data and Labels: A diverse set of 21,290
synthetic window images, mirroring features observed
in real imagery.

Additionally, we conduct extensive experiments and ab-
lations to understand the impact of various features in our
synthetic dataset on segmentation performance.

2. Related Work

Several datasets of architectural imagery have been cre-
ated, enabling applications such as architectural style clas-
sification [2, 9, 40], building functional use classifica-
tion [21, 41], architectural heritage classification [27], land-
mark identification [31], or urban scene matching [18].
Notably, datasets that support image synthesis or image
segmentation have been instrumental in advancing these
fields. For instance, the FaSyn13 dataset [13] consists of
200 fagade images for texture synthesis, but its size is lim-
ited for modern generative models. Similarly, the LSAA
dataset [42] includes 199,723 facade images and 516,000
cropped window images. However, the resolution of these
cropped windows varies, with the majority being less than
100 pixels in the longest dimension.

In comparison, extensive collections like MS
COCO [26] and LAION [35] offer a broader range
but with challenges in resolution and scene variety. For
instance, the sheer diversity in LAION’s 9.8 million
1K-resolution images presents significant challenges for a
single procedural model, highlighting the need for focused
datasets. Our dataset addresses this by providing high-
resolution window images, offering a specialized resource
for detailed architectural analysis and procedural modeling.

Our windows-focused dataset, while containing fewer
windows than LSAA, stands out as the highest-resolution
dataset of window images known to us, with an average res-
olution of 4,000 pixels per side for cropped windows. This
high-resolution focus, particularly in the 4K to 6K range,
fills a unique niche in architectural and synthetic-to-real do-
main transfer research. Our dataset’s specialization in high-
resolution architectural elements, especially windows, of-
fers a valuable resource for advancing procedural modeling,
emphasizing the importance of detail and precision.

Several architectural image datasets supporting seman-
tic segmentation or fagade parsing exist, though not specif-
ically focused on windows. The Graz dataset [33] contains
50 rectified images, and the eTRIMS datset [25] contains 60
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non-recti ed images. The CMP-Facade dataset [36] con-
tains 606 images, with about half of them fairly high reso-
lution (1,024 pixels on the long edge) but a limited diver-
sity of image locations. The LabelMe-Facade dataset [5]
has the largest number of images at 945, with each image
varying in size between 512 and 768 pixels on a side. How-
ever, these datasets do not have the number of images nor
the resolution that are desirable for training the latest com-
puter vision methods, which increasingly require more de-
tailed and high-resolution data. With 9,002 labeled images
at four times the resolution of these datasets, our proposed
dataset of real-world images is an order of magnitude larger.
By concentrating exclusively on windows, our dataset offers
unprecedented detail and speci city, enabling more precise
and effective models for architectural element analysis.

Various authors have attempted to use synthetically gen-Figure 2. Samples from the 75,739 photographs in the dataset.
erated data to bootstrap performance on real images. Thig=ach column shows a variety of examples of windows from dif-
approach seems to work best in domains where the humar{€rent geographic locations. From left to right: Chicago (USA),
annotation is not directly feasible, such as reinforcement c':A\amtb_ndgeTE]Ulg,tBan?Eok (Thaul_ar;d), fCel_lrg (Egyﬁt)' and \gennr;_
learning, especially for driving applications [14], depth or (Austria). The dataset has a variety of window shapes and archi-

- . . . tectural styles.
optical ow [8, 16], or 6DoF pose estimation for robotic
grasping or manipulation [19, 24, 37].

In nigen [32] is a good example of a procedural model, Our dataset of real and synthetic imagery is unique as a
however, there is no validation of the effectiveness of the high-resolution, voluminous dataset and serves as a prov-
model for machine learning tasks. Of particular note is ing ground for synthetic to real training, image generation,
the SynthlA dataset [34], a driving dataset built on video and semantic segmentation tasks.
game technology speci cally designed to support seman- To our knowledge, the most successful work on using
tic segmentation in urban environments. A very large en- synthetic data for segmentation is the "Fake It Till You Make
gineering effort went into this, as well as CARLA [14], It' paper by Wood et al. [39], which reports improvements
and we believe that reproducing such high-quality synthetic in segmentation when a U-Net is trained using their syn-
data is out of reach for most academic teams. Similar tothetic data vs. real image. However, to get these improved
our dataset, SynthlA aims at pushing the envelope to useresults, they used label adaptation, a technique that requires
synthetic data to improve computer vision even for prob- real labeled data. This is counter to our goals for using
lems where large human-annotated datasets (KITTI [28], synthetic data for domains where labels are scarce. They
LabelME-Facade [6], Camvid [4]) already exist. Similar to do not report segmentation results without label adaptation,
our ndings, they can get some results from purely synthetic but they do show in their ablation study on landmark local-
data, but they cannot out-compete even relatively small real-ization that label adaptation is critical for bene ting from
world labeled images, but by combining synthetic and real synthetic data.
at a 4:6 ratio they obtain their best results. However, unlike
SynthlA, our segmentation challenge is more constrained3. Real-Windows Dataset
(only windows) and we think would require fewer resources

for academic researchers to develop competing procedura|n line Wi,th our goal of advan_cing prochural T“Ode“.”g' our
models for synthetic training. Although buildings are vis- dataset is curated to offer high-resolution, diverse imagery

ible in these datasets, they are not focused on architecture?ss’emial for developing and evaluating procedural models.

Domain transfer for architecture is challenging due to the Our dataset, comprising over 75,739 hlgh-resoluno_n Images
amount of variety and complex dependencies between ar{UP 104K 6K), is one of the largest and most detailed col-
chitectural elements, whereas the categories of objects rel/€Ctions of window imagery available. Unlike other datasets
evant in driving scenes are much more clearly de ned. In sourced from the web or Flickr [22, 23], we hold complete

addition, the high resolution of the images we use makesCOpyright ownership of every image, ensuring legal clarity

the synthesis of realistic textures and precise object bound-anOI exibility for re_seargh _us’e i ) _ )
The dataset's diversity in location, viewpoint, and archi-

aries critical, and the higher-capacity segmentation models
of toqay vs. 2016 (when SynthlA was published) aré moré  2while the datasets we referenced use images under permissive li-
precise but may also be more likely to over t synthetic data. censes, owning our images outright simpli es usage rights.
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