
SAT-SKYLINES: 3D Building Generation from Satellite Imagery and
Coarse Geometric Priors

Zhangyu Jin1 Andrew Feng1

1 University of Southern California, Institute for Creative Technologies
{zjin,feng}@ict.usc.edu

Figure 1. 3D building assets generated by our method using satellite imagery and coarse geometric priors. Our method not only demon-
strates versatile generation, but also produces realistic performance in real-world scenarios.

Abstract

We present SatSkylines, a 3D building generation ap-
proach that takes satellite imagery and coarse geometric
priors. Without proper geometric guidance, existing image-
based 3D generation methods struggle to recover accurate
building structures from the top-down views of satellite im-

ages alone. On the other hand, 3D detailization methods
tend to rely heavily on highly detailed voxel inputs and
fail to produce satisfying results from simple priors such as
cuboids. To address these issues, our key idea is to model
the transformation from interpolated noisy coarse priors
to detailed geometries, enabling flexible geometric control
without additional computational cost. We have further de-



Figure 2. Necessity of our method. Trellis fails to recover building heights (upper-middle). CLAY requires highly detailed voxels to work
well (lower-middle). Our method takes top-down images and coarse geometric priors to generate realistic 3D buildings (right).

veloped Skylines-50K, a large-scale dataset of over 50,000
unique and stylized 3D building assets in order to support
the generations of detailed building models. Extensive eval-
uations indicate the effectiveness of our model and strong
generalization ability. See the project page for more results:
https://jinzhangyu.github.io/projects/SatSkylines/

1. Introduction

Condtional 3D Building Generation is a growing research
direction in 3D World Generation [12], attracting attention
from both academic and industry. Instead of relying on
oblique aerial-view or street-view images, which are com-
monly used as the conditions for generating 3D models, we
choose to leverage satellite imagery for its globally avail-
able large-scale data. This enables scalable 3D building
modeling in regions where ground-level or oblique data is
unavailable despite its lower resolution and fixed top-down
view.

Although numerous models [5–7, 10, 11, 15, 20, 25, 29,
32, 33, 35, 54, 55, 62, 65, 67] have been proposed, achieving
high-quality 3D building generation from top-down satel-
lite images and coarse geometric priors remains challenging
due to the following difficulties:

Inefficient Usage of Satellite Images and Coarse Ge-
ometries. Many existing image-based 3D generation meth-
ods [20, 25, 29, 32, 33, 35, 54, 55, 62, 67] use the Sphere
Hammersley Sequence [53] to render image prompts from
3D assets during training, but they typically ignore pure
top-down views. Top-down or satellite-view images are

more challenging than traditional front or side views, be-
cause they provide no explicit height data and omit vertical
surface details. In challenging cases, the lack of vertical
cues in satellite imagery can result in ambiguous or inaccu-
rate predictions, including failure to generate building-like
structures. Consequently, such methods, like Trellis [55],
often fail to reconstruct accurate building geometries using
satellite imagery (see Fig.2). Other methods support both
image and voxel controls, but require highly detailed geo-
metric voxels to achieve satisfactory results [11, 65]. As
shown in Fig. 2, CLAY [65] requires voxels to be detailed
enough to do further refinement. However, if provided with
only a simple cuboid, it fails to add necessary geometric
complexity. Moreover, approaches [11, 65] that support
both image prompts and geometric priors suffer from pro-
hibitively slow inference, limiting their potential applica-
bility in large-scale building model generations. To address
these limitations, we design our method to efficiently lever-
age both top-down satellite imagery and flexible coarse ge-
ometry priors while maintaining fast inference speed.

Lack of High-Quality 3D Building Datasets. Scale, di-
versity, and quality have been crucial factors in recent AI.
However, existing 3D building datasets [8, 9, 14, 18, 30,
45, 46] often fall short in these aspects: (a) Scale. Al-
though some datasets [16, 22, 59, 60] include collections
of 3D building assets, they are in the form of colorless
meshes, point clouds, or images. Datasets with textured
meshes remain relatively small in scale. (b) Diversity. Cer-
tain datasets [23, 36] focus on buildings from only a few
cities (e.g., NYC, LA), lacking the architectural variety all
over the world. This narrow coverage lowers their ability
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Figure 3. Skylines-50K is a large-scale, diverse, high quality 3D building dataset. These assets are sourced from the Steam Workshop
of the famous city-building and simulation game ‘Cities: Skylines’. Examples of rendered buildings are shown here to demonstrate style
diversity.

to in-the-wild settings. In our work, we address these lim-
itations by constructing a large-scale, globally diverse, and
high-quality dataset of textured 3D building assets, enabling
models to learn from both geometric detail and realistic ap-
pearance.

In this paper, we introduce SatSkylines, a 3D building
generative approach that takes top-down satellite imagery
together with coarse geometric priors as control. Follow-
ing Trellis [55], the top-down satellite image is injected
into the sparse structure flow transformer as the condition.
Rather than feeding in pure noise (as in Trellis [55]) or us-
ing just the coarse geometry prior (like DetailGen3D [10]),
we apply a cosine interpolation between those two. This
process is further refined with a latent normalization on the
coarse geometry priors to ensure both items follow the same
gaussian distribution before interpolation. This also allows
controlling the intensity of the geometry priors as the con-
straints by simply changing the interpolation parameters to
balance between higher fidelity and higher creativity. By
exploiting these techniques, our method can support both
top-down satellite images and coarse geometry priors for
generating high quality 3D building models.

We also propose Skylines-50K, a large-scale 3D build-

ing dataset containing over 50,000 unique and stylized
assets (Fig. 3). The dataset is sourced from the Steam
Workshop of the popular city-building and simulation game
‘Cities: Skylines’. Over the past 10 years, dedicated play-
ers all over the world have created and shared 3D building
assets from their own countries, resulting in a rich collec-
tion that spans diverse architectural styles. The dataset in-
cludes landmarks, buildings of varying heights and scales,
and distinctive structures, forming a valuable resource for
developing high-quality, generalizable 3D building genera-
tion models.

Based on the proposed model, we have also developed an
end-to-end pipeline that generate 3D building assets from
real world satellite imagery. Given a GPS coordinate, our
pipeline automatically gathers and enhances satellite im-
agery while generating coarse 3D geometry as priors. The
prepared data is then fed into the generative model, provid-
ing a streamline process for real-world 3D building gener-
ation. We also evaluated our method on the Skylines-50K
dataset and a diverse set of randomly selected real-world
buildings. Our experiment results showed that SatSkylines
is able to generate reliable outputs that align well with both
the satellite imagery and the coarse geometry constraints.



Figure 4. SatSkylines Architecture. The coarse geometric prior O is encoded by the SS VAE to obtain ZO . (a) A channel-wise latent
normalization is applied to produce Z

′
O . (b) The cosine geometric interpolation is then performed between Z

′
O and gaussian noise ϵ, with

λ controlling geometric guidance strength. Finally, the SS and SLat flow transformers generate detailed geometry and appearance.

Our main contributions are summarized as follows.
(a) A large-scale and high quality 3D building dataset.
(b) An effective 3D building generation architecture us-

ing both satellite imagery and coarse geometry priors.
(c) An end-to-end pipeline that produces detailed 3D

building assets from real world satellite imagery.

2. Related Works

3D Building Datasets. Existing 3D building datasets fall
short in the following aspects: (a) Non-textured 3D format.
Some provides only colorless meshes, including Build-
ing3D [50] and so on [24, 31, 52]. Others are available
only as point clouds, including SensatUrban [21] and oth-
ers [4, 51, 63]. A large number of them are only com-
posed of images, such as CityTopia [57] and some else
[27, 28, 34, 38, 47, 49, 56, 58, 61, 66]. Additionally,
BuildingNet [44] has colorized 3D buildings but with non-
photorealistic colors. (b) Small at scale. Existing datasets
with good textured 3D buildings have limited number of
assets, such as UrbanBIS [60], SS3DM [22], SUMParts
[16], and TwinTex [59]. (c) Lack of diversity. Current
large-scale textured 3D building datasets usually focus on
only a few cities (e.g., NYC, LA), lacking the architec-
tural variety all over the world, such as UrbanScene3D [36]
and Sat2City [23]. (d) Quality constraints. Many recent
large-scale, diverse datasets are not fully handcrafted, re-
sulting in bumpy surfaces and low-resolution textures, such
as Google Earth [37] and other digital twin cities datasets
[8, 9, 14, 18, 30, 45, 46]. In contrast, our Skylines-50K
dataset offers over 50,000 handcrafted and textured 3D
building assets from diverse locations worldwide.

3D Generation Control Types. High-resolution image-
based 3D generation models have advanced rapidly, such as
Trellis [55] and others [20, 25, 29, 32, 33, 35, 54, 62, 67].
But they are neither trained on top-down satellite imagery
nor designed to support geometric control. Conversely,
some geometry-controlled 3D generation models lack the

ability to take image prompts. For instance, Cube [1]
supports text prompts with 3D bounding box control, and
Sat2City [23] uses only height maps. 3D detailization meth-
ods refine coarse geometric priors into detailed geometry
but also face limitations. Mars [15] and DECOLLAGE [6]
only accept coarse geometry without image inputs, while
DetailGen3D [10] supports both image prompts and coarse
voxels but outputs geometry without texture or color. ART-
DECO [7] can produce textured 3D assets but requires ad-
ditional text prompts. ShaDDR [5] and Coin3D [11] ac-
cept both image and coarse geometry inputs and output tex-
tured assets, but they demand unrealistically detailed input
to achieve satisfactory results. For example, when provided
only with a simple cuboid, their outputs are of low qual-
ity. Rodin, a commercial product built on CLAY [65], sup-
ports diverse inputs including images, text, bounding boxes,
voxels, and point clouds, and can generate high-quality tex-
tured assets. However, it requires around 5–10 minutes
per forward pass, making it impractical for large-scale au-
tomated use. In comparison, our SatSkylines model effi-
ciently processes top-down satellite imagery together with
flexible coarse geometric priors to produce textured, de-
tailed 3D building assets in around 15 seconds.

3D Generation Control Mechanisms. Images are usu-
ally encoded using DINOv2 [41] or CLIP [43] to extract
visual features, which are then injected as key–value pairs
into the cross-attention layers of a DiT [42], as illustrated in
Trellis [55] and related works [35, 54]. In some cases, im-
age features are concatenated directly with the noise latent
and fed into the DiT, as in [25, 33, 67]. We adopt the Trel-
lis design [55] for its strong trade-off between generation
quality and computational efficiency. For 3D geometry con-
trol, LION [48] proposes a training-free diffuse–denoise ap-
proach for point clouds control, but the absence of training
also limits its generalization ability. CLAY [65] and others
[11, 23] incorporate additional ControlNet [64] or Adapters
[40] for voxel control, which increases model complexity
and slows inference. Cube [1] encodes 3D bounding box



coordinates as text via the CLIP text encoder [43], but this
design is difficult to extend to more complex voxel control.
DetailGen3D [10] feeds coarse geometry directly into the
DiT, directly modeling the transformation between coarse
and fine geometry. However, this is unsuitable for our set-
ting, where the model must handle cases ranging from a
simple cuboid to diverse building shapes guided by various
image prompts. Such a “one-to-many” mapping increases
the difficulty of Rectified Flow [39] learning. Instead, our
SatSkylines model, built on Trellis [55], interpolates be-
tween pure noise and coarse geometric priors as the DiT
input, preserving high inference speed and enabling simul-
taneous image and geometry control.

3. Method

An overview of our SatSkylines model is shown in Fig. 4.
Inspired by Trellis [55], we first uses a Sparse Structure (SS)
Rectified Flow [39] transformer to produce geometry latents
Zss, followed by a Structured Latent (SLat) transformer
to generate appearance latents Zslat. Top-down view im-
ages are introduced through cross-attention layers. How-
ever, Trellis relies only on noise inputs and does not incor-
porate necessary geometric controls.

3.1. Coarse Geometric Control

Existing research, such as [10], demonstrated potential in
directly modeling transformation between coarse geometric
priors ZO and detailed ones Zss. However, these methods
[5–7, 10, 11, 15, 65] require highly detailed ZO to achieve
satisfactory results Zss, making them unsuitable for our use
case. Our goal is to develop a model capable of generat-
ing detailed geometry from simple starting priors, such as
a basic cuboid. This challenge is a ‘one-to-many’ mapping
problem, where a single, simple coarse prior could lead to
many different detailed outcomes, which is more difficult
for the Rectified Flow to learn. To address this, we take an
interpolation between ZO and gaussian noise ϵ as the input
for our SS Flow Transformer. This approach not only pro-
vides the model with geometric prior information but also
effectively addresses the ”one-to-many” problem by vary-
ing the starting point with different level of noises. Un-
like other techniques [25, 29, 67] that increase computa-
tional costs by concatenating conditions with noise latent,
this method does not affect training or inference speeds.

As shown in Fig. 4, any coarse geometric priors are first
converted into a N3 grid voxels O ∈ {0, 1}N×N×N , where
1 indicates an occupied voxel and 0 means empty. We then
apply the SS VAE encoder to get the SS latent representa-
tion ZO ∈ RD×D×D×C

′

, where D is down-sampled spatial
resolution and C

′
is the corresponding feature dimension.

SS Latent Normalization. After obtaining the ZO, we

perform channel-wise normalization.

Z
′

O =
ZO −Mean(ZO)

Std(ZO)

In our experiments, the distribution of ZO does not follow a
standard gaussian distribution but roughly N (0, 0.2). With-
out normalization, it makes the model less responsive to the
geometric priors, leading to poor geometric control.

Cosine Geometric Interpolation. We define the inter-
polated geometric latent as follows.

Z
′′

O = cos(
λπ

2
)Z

′

O + sin(
λπ

2
)ϵ

where ϵ is the pure gaussian noise. Since Z
′

O and ϵ fol-
low gaussian distributions, their linear combination remains
gaussian, owing to the identity cos2(λπ2 ) + sin2(λπ2 ) = 1.
Here λ ∈ [0, 1] controls the degree of coarse geometric
guidance: when λ = 0, the interpolation fully reflects the
geometry priors (Z

′′

O = Z
′

O); when λ = 1, it ignores the
geometry priors and use only noise. At inference, λ can be
manually set to adjust the amount of geometric influence.

3.2. Dataset Curation

Existing 3D building datasets [4, 8, 9, 14, 16, 18, 21–
23, 27, 28, 30, 34, 36–38, 45–47, 49, 51, 56–61, 63, 66]
are often limited in scale, diversity, or quality. To address
these gaps, we introduce a new dataset, Skylines-50K, as
illustrated in Fig. 3. We collect raw asset files from the
Steam Workshop of ‘Cities: Skylines’ and convert them into
meshes with PBR materials. All of the assets are then ex-
ported into the GLB format.

For each 3D asset, we render eight image conditions
around the top view, ensuring that one of them is a pure
top view. Since the Skylines-50K dataset does not pro-
vide OpenStreetMap data, we generate coarse geometric
priors ourselves. Each asset is assigned three levels of pri-
ors (LOD 0–2): LOD 0 corresponds to a bounding box
or cuboid, LOD 1 uses one unique cross-section along the
height, and LOD 2 employs two distinct cross-sections.
This design is intended to mimic OpenStreetMap building
data, which typically contains 2D footprints and height at-
tributes. During training, these four geometric priors to-
gether with a pure Gaussian noise are uniformly sampled
within each batch.

3.3. Real-world 3D Building Generation Pipeline

Image-based 3D generation methods [20, 25, 29, 32, 33, 35,
54, 55, 62, 67] require users to provide an image prompt
with foreground masks. In practice, Rembg [17] is usu-
ally applied to separate the foreground building from the
background automatically. However, this approach tends to
perform poorly on satellite images, since most background-
removal models are not trained for this specific domain and



Figure 5. Visual comparisons of generated 3D building assets between our method and previous approaches. The first three rows are from
the Skylines-50K test set, and the last three rows are real-world examples. Here ⋆ indicates that Trellis does not natively support coarse
geometric control, but our cosine geometric interpolation can be applied to incorporate geometric priors into its input.

fail to create clean masks. In addition, geometry-controlled
3D generation models [5–7, 10, 11, 15, 65] require users
to give a geometric prior. Typically, this involves creating
voxel representations using software such as Mesh Editor
[26], Blender [2], or Unreal Engine [13]. This presents a
steep learning curve for both novice users and experienced
artists to prepare the inputs for large scale building model
generations.

To address these issues and to demonstrate the proposed
method, we have developed an end-to-end pipeline that re-
quires only a geo-spatial bounding box of (min-lat, max-
lat, min-lon, max-lon) to simplify the data preparation and

building model generations. Specifically, from the bound-
ing box information, it automatically retrieves 2D building
footprints and height attributes from OpenStreetMap to gen-
erate coarse geometric priors, avoiding manual voxel cre-
ation. Satellite imagery from sources like Google Maps or
Mapbox can also be combined with OpenStreetMap out-
lines to directly extract building masks without additional
segmentation tools. Finally, since satellite imagery is of-
ten blurry or low-resolution, the pipeline also leverages
‘gpt-image-1’ to enhance the image quality with super-
resolution.



Methods # Assets Geometry Appearance
IoU ↑ CD ↓ F Score ↑ PSNR ↑ LPIPS ↓ CLIP ↑

Trellis [55] 500 0.4415 0.0632 0.6295 11.9705 0.4529 0.6461
CLAY [65] 20⋆ 0.6859 0.0574 0.6516 13.3745 0.4136 0.6549

SatSkylines 500 0.9381 0.0168 0.8684 19.2386 0.1678 0.7860
20⋆ 0.9278 0.0080 0.9091 18.6003 0.1786 0.7958

Table 1. Quantitative Comparisons in Skylines-50K Dataset. Trellis
uses image prompts only, while CLAY and our SatSkylines additionally
use LOD 1 coarse geometric priors. Here ⋆ means, due to CLAY’s slow
inference speed, we evaluate it only on a smaller sub-test set of 20 assets.

4. Experiments
Implementation details. Our model is built upon Trellis
with the 1.1B image-large configuration. We initialize from
Trellis pretrained weights and finetune on Skylines-50K us-
ing a learning rate of 1e−4, batch size of 32, and 40K total
steps on 4 A100 GPUs. Channel-wise mean and standard
deviation of ZO are fixed constants for both training and in-
ference. The interpolation factor λ follows a logit-normal
distribution with parameters µ = 1, σ = 1 during train-
ing, while being fixed to 0.5 at inference. At inference,
classifier-free guidance (CFG) scales are set to 7.5 for SS
and 3.0 for SLat, with 50 sampling steps for both modules.

4.1. 3D Building Generation

In this section, we evaluate our 3D building generation qual-
ity. We first present various 3D generation results of our
method, and then compare with other baseline methods.

Skylines-50K Dataset. Our evaluation is conducted on
the Skylines-50K test set of 500 representative instances.
For the geometry evaluation, we empoly Chamfer Distance
(CD), IoU, and F-score of generated sparse structure voxels.
For appearance quality, each instance is rendered into four
views with FoV 40

◦
, radius 2, pitch 30

◦
, and yaw angles

{0◦
, 90

◦
, 180

◦
, 270

◦}. We then compute PSNR, LPIPS,
and CLIP similarity against ground truth images. Follow-
ing [7], in order to enable fair comparisons with Rodin
(the commercial version of CLAY), we additionally define
a 20-instance sub-test set. We conduct the comparison with
CLAY on this sub-test set, as Rodin is both costly and
requires approximately 5–10 minutes to generate a single
building, making large-scale automatic evaluation impracti-
cal.

Real-world 3D Building Generation. We have also
evaluated our model qualitatively in real-world, in-the-wild
settings. Since no ground truth 3D assets are available, the
qualitative results are provided with Google Earth screen-
shots as reference.

As shown in Fig. 5, our method produce better qual-
ity 3D building models compared to previous approaches,
offering not only top-down satellite image control but
also more precise alignment with flexible coarse geomet-
ric priors. Tab. 1 further demonstrates that our method

Figure 6. Visualization of Coarse Geometric Prior Variations. The
first two rows are examples from the Skylines-50K dataset, while the last
two rows are real-world cases.

Methods
Geormtric Priors
Coarseness Level

Geometry
IoU ↑ CD ↓ F Score ↑

Trellis [55] LOD 2 0.6367 0.0529 0.6495

SatSkylines
LOD 0 0.9515 0.0222 0.8315
LOD 1 0.9381 0.0168 0.8684
LOD 2 0.9441 0.0141 0.8943

Table 2. Quantitative Analysis of Coarse Geometric Prior Variations.
Trellis does not natively support coarse geometric control, but our cosine
interpolation enables it to use geometric priors. LOD 0 denotes a simple
cuboid, while LOD 2 specifies two distinct cross-sections along the height.

shows competitive performance across all evaluation met-
rics. Trellis [55] generates reasonably good 3D buildings
from satellite images but fails to capture realistic building
geometries. Trellis [55] can also use our cosine geomet-
ric interpolation to accept geometric controls. However, the
performance is not as reliable since it is not trained on such
distributions with top-down view conditions, as shown in
Fig. 5 and Tab. 2. CLAY [65] relies heavily on voxel priors
and lacks further refinement under satellite prompts.

4.2. Coarse Geometric Prior Variations

SatSkylines can generate reasonable 3D buildings from
very coarse priors, such as a simple cuboid. When provided
with more detailed priors, the generated geometry further
improves, producing more accurate and faithful building
shapes. As illustrated in Fig. 6, for example, the Arc de Tri-
omphe can be approximated as a cuboid, leading the model
to generate a generic office-like structure. However, if the



Figure 7. Visualization of GPT Satellite Image Refinement. Blue cir-
cles highlight zoomed-in details from 2D satellite images, while red circles
mark the corresponding regions in SatSkylines generated 3D buildings. All
examples are randomly sampled from real-world data.

Methods
Geometry

IoU ↑ CD ↓ F Score ↑
Trellis [55] 0.4415 0.0632 0.6295
w finetune on Skylines-50K 0.6599 0.0273 0.8047

SatSkylines 0.9381 0.0168 0.8684
wo ss latent norm 0.9300 0.0196 0.8598

Table 3. Ablation Studies include finetuning the image-only Trellis on
our Skylines-50K dataset, and ‘wo ss latent norm’ refers to applying cosine
geometric interpolation between the unnormalized ZO and noise ϵ.

geometric prior includes an empty space in the middle, the
model is able to infer a reasonable arch structure. In the
second row of Fig. 6, the target building consists of a lower
cuboid base and an upper tower. From the simple cuboid,
the model struggles to estimate the relative tower height.
When the prior explicitly specifies two stacked cuboids,
SatSkylines successfully reconstructs the correct proportion
between the upper and lower components. Similar improve-
ments are also observed in additional real-world examples.

Tab. 2 reports results on Skylines-50K using geometric
priors of different coarseness. We define three levels of de-
tails (LODs): LOD 0, a bounding box or simple cuboid;
LOD 1, one unique cross-section repeated along the build-
ing height; LOD 2, two unique cross-sections. IoU is

highest for LOD 0 because its definition directly matches
cuboid overlap with ground truth. Beyond IoU, however,
higher LOD priors consistently lead to more accurate recon-
structions, showing that SatSkylines benefits from increased
prior detail while remaining robust to coarse inputs.

4.3. GPT Satellite Image Refinement

As described in §3.3, in real-world settings, after obtain-
ing the raw satellite image of a building, we refine it using
‘gpt-image-1’. This step is necessary since satellite imagery
from Google Maps, Mapbox, or ArcGIS is often blurry and
low-resolution. Since the quality of the image prompt di-
rectly influences the fidelity of 3D building generation, im-
proving clarity is essential. As shown in Fig. 7 (left col-
umn), blurred satellite images lead to degraded 3D recon-
structions. For example, gravel-like noise in the upper-left
case and washed-out textures in the lower-left case.

Our pipeline employs ‘gpt-image-1’ with carefully de-
signed text prompts to edit the original satellite image into
a sharper, more detailed, and blur-free version. As shown in
Fig. 7 (right column), 3D buildings generated from refined
images exhibit clearer geometry and more realistic textures
compared to those produced from the original blurred in-
puts.

4.4. Ablation Studies

We conduct ablation studies to validate the design choices
of our method. First, we finetune Trellis on the Skylines-
50K dataset, which yields a noticeable improvement, reduc-
ing Chamfer Distance by 0.04. This demonstrates that our
dataset facilitates the adaptation of a generalized 3D gener-
ation model to the satellite-view domain.

By adding our cosine geometric interpolation and SS la-
tent normalization, we achieve an additional 0.011 reduc-
tion in Chamfer Distance, showing that the model success-
fully integrates coarse geometric priors into the generation
process to produce more accurate building structures. Fi-
nally, removing SS latent normalization results in a 0.003
drop in Chamfer Distance, indicating that aligning Z

′

O to
have the same mean and standard deviation as pure Gaus-
sian noise further improves generation quality.
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