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Figure 1. City-Scale 3D Reconstruction from Satellite Imagery. We reconstruct a 4km? real-world urban region from 11 sparse-
view satellite images captured from orbit that contain extremely limited parallax. The resulting 3D model, featuring crisp geometry and
photorealistic appearance, enables extreme viewpoint extrapolation, supporting high-fidelity, close-range rendering from ground-level

viewpoints. Please zoom in for details.

Abstract

City-scale 3D reconstruction from satellite imagery
presents the challenge of extreme viewpoint extrapolation,
where our goal is to synthesize ground-level novel views
from sparse orbital images with minimal parallax. This
requires inferring nearly 90° viewpoint gaps from image
sources with severely foreshortened facades and flawed tex-
tures, causing state-of-the-art reconstruction engines such
as NeRF and 3DGS to fail.

To address this problem, we propose two design choices
tailored for city structures and satellite inputs. First, we
model city geometry as a 2.5D height map, implemented
as a Z-Monotonic signed distance field (SDF) that matches
urban building layouts from top-down viewpoints. This sta-
bilizes geometry optimization under sparse, off-nadir satel-
lite views and yields a watertight mesh with crisp roofs and
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clean, vertically extruded facades. Second, we paint the
mesh appearance from satellite images via differentiable
rendering techniques. While the satellite inputs may contain
long-range, blurry captures, we further train a generative
texture restoration network to enhance the appearance, re-
covering high-frequency, plausible texture details from de-
graded inputs.

Our method’s scalability and robustness are demon-
strated through extensive experiments on large-scale ur-
ban reconstruction. For example in Fig. I, we recon-
struct a 4km? real-world region from only a few satellite
images, achieving state-of-the-art performance in synthe-
sizing photorealistic ground views. The resulting models
are not only visually compelling but also serve as high-
fidelity, application-ready assets for downstream tasks like
urban planning and simulation. Project page can be found
at https://pku-vcl—-geometry.github.io/
Orbit2Ground/.



1. Introduction

The past decade has witnessed remarkable advances in
3D reconstruction. Neural representations, particularly
Neural Radiance Fields (NeRFs) and 3D Gaussian Splat-
ting (3DGS) [25, 42], have brought photorealistic novel
view synthesis (NVS) closer to reality than ever before.
While these methods have fundamentally revolutionized
object- and street-level modeling [19, 32, 35, 36], scal-
ing this fidelity to expansive urban environments remains
a critical challenge. Reconstructing a large city faces
a fundamental data acquisition problem: ground-level
capture—whether crowdsourced photographs or cameras
on vehicles or drones—is logistically complex and pro-
hibitively expensive for continuous, citywide coverage. In
contrast, satellite imagery provides massive, readily avail-
able city coverage, positioning it as an economical and scal-
able data source for city-scale 3D modeling.

However, reconstructing a high-fidelity city model from
satellite imagery presents the extreme viewpoint extrap-
olation challenge. The satellite imagery is captured from
top-down views with extreme off-nadir angles and mini-
mal parallax, while our goal is to synthesize ground-level
novel views, resulting in an almost 90° viewpoint gap be-
tween source and target. In satellite capture, as illustrated
in Fig. 2, building facades suffer severe foreshortening,
and vertical structures lack the viewpoint diversity needed
to resolve geometry. Long-range atmospheric distortion
and sensor limits further degrade textures. These com-
bined conditions—sparse, minimal-parallax, and blurred in-
puts—fundamentally violate the dense-parallax and sharp-
photometry assumptions required by NeRF and 3DGS,
causing these methods to collapse.

To overcome this challenge, we adopt a two-stage de-
sign tailored for city photogrammetry from satellite inputs.
In the first stage, our focus is on geometry fidelity: we
leverage the inherent 2.5D structure of urban layouts from
top-down views and propose a Z-Monotonic signed dis-
tance field (SDF) representation. This strong structural
prior enables 2.5D mesh extraction via differentiable iso-
surfacing [55] and yields coherent, watertight geometry
with precise roofs and vertically extruded facades. Opti-
mizing this SDF against off-nadir inputs preserves as much
satellite-derived geometric information as possible, ensur-
ing that even under extreme viewpoint shifts, the recon-
structed structure remains faithful.

On this robust geometric foundation, the second stage
addresses appearance fidelity. Naive back-projection tex-
turing from satellite views produces blurred and distorted
facades (Fig. 5). To overcome these artifacts, we adapt
the powerful generative prior of the FLUX foundation
model [28] into a high-fidelity restoration network. Novel
close-range renders—degraded by projection gaps—are fed
into this network, which synthesizes photorealistic appear-
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Figure 2. Unlike dense street views, satellite images are sparse and
captured with extreme off-nadir angles. This leads to a severe de-
ficiency in parallax for vertical structures. Yellow points represent
3D locations determined by MVS, whereas satellite images only
recover ground and roof surfaces.

ances that drive the final texture optimization.

Our key contribution is a holistic approach that decou-
ples this ill-posed problem into two complementary stages:
robust geometry regularization and generative appearance
refinement. By first establishing a stable geometric scaffold
and then “painting” it with plausible, high-frequency de-
tails, our method effectively bridges the satellite-to-ground
viewpoint gap where prior methods fail. We demonstrate
through extensive experiments that this strategy yields state-
of-the-art (SOTA) results, producing scalable and high-
fidelity city photogrammetry from sparse satellite imagery.

2. Related Work

2.1. Large-Scale 3D Scene Reconstruction

Large-scale scene reconstruction, such as entire cities, has
been a key topic in computer vision and graphics. Pi-
oneering works [4, 16, 53, 54] based on Structure-from-
Motion (SfM) and Multi-View Stereo (MVS) enabled city-
scale reconstruction from massive, unordered photo col-
lections. Recently, neural scene representations, exempli-
fied by NeRF [42] and 3DGS [25], have been extended
to large-scale scenes, achieving photorealistic city-scale re-
construction [19, 36]. Block-NeRF [58], Mega-NeRF [60]
and Switch-NeRF [75] divide the scene into blocks, each
modeled by a separate NeRF. Methods [49, 61] incorpo-
rate multi-modal data such as LiDAR and 2D optical flow
to improve the reconstruction quality. Subsequent works
[57, 63, 72] combine explicit feature grids with small MLPs
to improve efficiency. VastGaussian [32] first demonstrated
the viability of 3DGS, tackling challenges like appearance
variation across large areas. Subsequent efforts [26, 35, 50]
introduce Level-of-Detail (LoD) techniques for efficient
multi-scale visualization. Other works [7, 14, 73] have de-
veloped distributed optimization frameworks to accelerate
the training process and manage heavy memory overhead.
The aforementioned methods adopt the “divide-and-



conquer” strategy, where each block requires sufficient par-
allax information from massive image collections to achieve
high-quality reconstruction. While effective, their depen-
dency on dense, low-altitude aerial images makes data ac-
quisition costly and complex, impeding scalable and eco-
nomical city-scale 3D modeling. In contrast, satellite im-
agery, with its inherent advantage of vast coverage, presents
an ideal data source for this task. However, such im-
ages provide little parallax on vertical structures like build-
ing facades, which makes the direct application of exist-
ing parallax-dependent methods challenging, thus requiring
more suitable representations.

2.2. 3D Reconstruction from Satellite Images

Reconstructing urban scenes from satellite imagery is a
long-standing goal in remote sensing and photogrammetry.
Approaches in the traditional remote sensing field, while
proficient with satellite data, pursue a distinct objective:
generating metrically accurate 2.5D Digital Surface Mod-
els (DSMs) [74], i.e., height maps. Classic photogrammet-
ric pipelines [11, 48, 69] and modern MVS systems, in-
cluding recent deep learning-based methods [9, 17, 18, 64],
are all optimized for this purpose. These works are fun-
damentally geared toward geospatial analysis, treating the
output as a 2.5D grid of elevation values rather than a true
3D mesh, thus not directly suited for applications requir-
ing visual realism or fine-grained geometric fidelity. Re-
cently, many works have started to improve the visual qual-
ity of satellite-based 3D reconstruction by adopting neural
rendering techniques. Early efforts [12, 39, 40, 70, 71]
adapted NeRF to the satellite domain, while recent ap-
proaches [2, 3, 23, 29] leverage 3DGS for its efficiency
and real-time rendering. However, as these methods super-
vise geometry solely through a photometric loss, they face
challenges in resolving ambiguities from sparse, top-down
satellite images. This leads to geometric inaccuracies that
ultimately cap the achievable visual quality.

Unlike the 2.5D DSMs common in remote sensing, we
introduce a fully differentiable 2.5D representation based
on a Z-Monotonic SDF, which allows for fine-grained mesh
extraction. This robust geometric representation serves as
a high-fidelity foundation for subsequent appearance opti-
mization, enabling more accurate and visually realistic 3D
reconstructions from satellite images.

2.3. Generative Priors for 3D Reconstruction

Generative priors [13, 44, 51, 52], learned from vast natu-
ral images, have unlocked a new capability for 3D recon-
struction, especially in ill-posed settings like sparse-view
or single-view tasks. Seminal works such as DreamFusion
[47] and Magic3D [31] pioneered this direction by intro-
ducing Score Distillation Sampling (SDS), which “distills”
the knowledge from a 2D generative model into a 3D neu-
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ral field. Subsequent works demonstrate that a powerful
image-conditioned generative prior can be leveraged to in-
fer a complete 3D object [33, 37, 41], or even an entire
scene [20, 59, 66]. However, these powerful generative
priors inherently favor plausible extrapolation over strict fi-
delity to the input, making them a double-edged sword for
high-fidelity reconstruction tasks.

An alternative paradigm, which our work subscribes to,
shifts the focus from generation to the refinement of ex-
isting 3D appearance [15, 34, 62, 65]. A key challenge
in this approach is the inherent stochasticity of generative
models, which may produce conflicting details for the same
scene. To address this, recent work Skyfall-GS [29] adopts a
“generate-and-average” strategy by optimizing over an en-
semble of candidates, which is effective but computation-
ally expensive. In contrast, our work introduces a deter-
ministic image restoration process. By fine-tuning a diffu-
sion model to learn a direct mapping from degraded ren-
ders to sharp targets, we generate high-quality, holistically-
consistent supervision in a single pass.

3. Method

We now describe our method. As illustrated in Fig. 3, our
method reconstructs a city in two main stages, each de-
signed to address a core challenge of satellite-based recon-
struction. First, to overcome the extreme viewpoint gap in-
herent to satellite imagery, we introduce a strong geomet-
ric prior by representing the city as a Z-Monotonic SDF.
This stabilizes optimization from sparse, top-down views
and yields a high-fidelity, watertight mesh (Sec. 3.1). Sec-
ond, to resolve the blur and visual artifacts, we leverage a
generative prior by training a large-scale diffusion model to
map degraded inputs to sharp, plausible textures (Sec. 3.2).
Lastly, we provide implementation details in Sec. 3.3.

3.1. 2.5D Geometry Representation

The primary challenge of satellite imagery for 3D recon-
struction lies in its extreme viewpoint constraints. As shown
in Fig. 2, standard MVS algorithms struggle to reconstruct
vertical facades, yielding point clouds that are dense on
rooftops and ground but virtually empty elsewhere. This
massive data void on building facades creates a severely ill-
posed condition for unconstrained 3D representations like
NeRF or 3DGS. As a result, the optimizer is free to pro-
duce noisy, collapsed, or “shrink-wrapped” geometry that
completely fails to capture the true city structure.

Our key insight is to regularize this ill-posed problem by
introducing a strong, urban-specific structural prior: model-
ing the city as a 2.5D height map. This representation aligns
perfectly with both the top-down nature of satellite data and
the predominantly vertical geometry of urban architecture.
While this design strategically sacrifices the ability to model
non-monotonic structures (e.g., bridges), it provides a de-
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Figure 3. The framework of our method. Our pipeline first reconstructs city geometry, then refines its appearance. Stage 1
(Geometry): We optimize a Z-Monotonic SDF against sparse MVS points to extract a high-fidelity, watertight mesh with clean vertical
facades. Stage 2 (Appearance): Starting with an initial texture (back-projected from source images), we use a restoration network to
enhance close-range novel-view renderings, which further serve as sharp, high-fidelity supervision for final texture optimization.

cisive gain in robustness against geometric ambiguity. For
most urban scenes, this proves to be a highly effective trade-
off, enabling our method to reconstruct high-fidelity geom-
etry where unconstrained approaches inevitably fail.

Z-Monotonic SDF. A 2.5D height map (also called DSM
in remote sensing literature) defines the 3D surface as a
single-valued height function z = f(z,y) over the 2D
ground plane. A naive way to generate this 2.5D height
map would be preparing a set of city point cloud P from
the satellite images by applying MVS algorithms [16]. This
point cloud P can be then directly converted into a 2.5D
height map, followed by filling a 3D voxel grid and extract-
ing a surface via Marching Cubes [38]. However, this naive
conversion introduces significant aliasing or “stair-step” ar-
tifacts, primarily due to the noisy and sparse point cloud
input, as illustrated in Fig. 4.

To overcome this, we design a novel 2.5D representation
using a Z-Monotonic SDF, avoiding aliasing and topolog-
ical holes at building edges. Specifically, we optimize the
SDF field s(x) with a special Z-constraint, enforcing its val-
ues to be non-decreasing along the vertical Z-axis:

ds(x,y, z)

% >0 Vx=(z,y,2). (D

With this constraint, our geometric representation supports
continuous surface extraction for both continuous surfaces
(e.g., roofs and ground) and discontinuous surfaces (e.g.,
facades). At a continuous surface, the equation s(x,y, z) =
0 has a unique solution z, defining the height. Alternatively,
at a building edge, the function becomes a vertical plateau
where s(z,y,z) = 0 for all 2 € [Zground, Zroof], Procedu-
rally defining a perfect vertical facade. Thus, the 0-level-set
{p | s(p) = 0} implicitly defines this 2.5D surface, trans-
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forming the ill-posed facade reconstruction problem into a
well-constrained optimization.

We implement the Z-Monotonic SDF via learning mono-
tonic curves on each 2D X-Y plane grid. The SDF value
s(z,y, z) can be naturally interpolated. During optimiza-
tion, we extract a mesh M from the SDF using a differen-
tiable iso-surfacing technique [55]. We then optimize the
SDF (parametrized by monotonic curves) by minimizing
the Z-axis distance from the MVS points P to the extracted
mesh M, together with a Laplacian regularization term and
a normal consistency term:

£geo = Z HIPEIJI\Z ||pz —m"* (p)z Hl + ALapELap + ANrmCNrma

pepP
2)
where m*(p) := argmin|pg, — mg,|>. This optimiza-
meM

tion process ensures a clean, watertight mesh with accurate
vertical facades, as shown in Fig. 4 (c¢). More details are
provided in Appendices B.1 and B.2.

3.2. High-Fidelity Appearance Modeling

With the robust city-scale mesh M established, we pro-
ceed to its appearance modeling. A naive approach of op-
timizing a texture T by back-projecting the source satellite
images Iy is fundamentally limited by the input quality.
As demonstrated in Fig. 5, this process “bakes” blurriness,
aliasing, and projection artifacts directly into the texture,
rendering any synthesized ground-level views unconvinc-
ing. To circumvent this, we propose an iterative refinement
process that leverages a powerful generative prior to synthe-
size sharp, plausible textures from these degraded inputs.

Basic Texture Creation. We first compute a preliminary
texture Tyic to provide a coarse but geometrically-aligned
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Figure 4. Z-Monotonic SDF vs. Naive Conversion. (a, b) A
naive 2.5D mesh, generated by directly converting sparse MVS
points into a voxel grid, suffers from severe “stair-step” artifacts
and topological holes. (c¢) Our Z-Monotonic SDF representation
optimizes a continuous field, resulting in a clean, watertight mesh
with precise roofs and sharp vertical facades.

starting point. This is achieved by optimizing a texture atlas
to match the source satellite images I, via a differentiable
renderer R [45], minimizing a combination of MSE and
SSIM losses:

Thasic = arg min E AMsELwMsE + AssivLssiv,  (3)
I;€lsa

where I; is the i-th satellite image, C; is the correspond-
ing camera parameter, Lysg = ||[R(M, T, C;) — Il||§ and
Lssm = (1 —SSIM(R(M, T, C;),I;)). While visually
degraded, this texture T serves as a crucial foundation
for the subsequent generative refinement.

Image Restoration Network. The core of our appear-
ance enhancement lies in a powerful generative prior, which
we implement by fine-tuning a pre-trained diffusion model.
The key is to train this network, denoted D, as a determinis-
tic restorer. It learns to directly map degraded renders ({joy)
to high-quality targets (Ipien) from a paired large dataset of
diverse 3D urban scenes. This harnesses the rich data distri-
bution of urban appearance learned by the diffusion model
while ensuring a stable, repeatable output. The network is
optimized by minimizing a combination of a perceptual loss
(Lrpips) and a fidelity loss (Charbonnier loss Lcyar [6]):

Lresiorer = Liptes (I, Tnigh) + Acnar Lonar (1, Tnign).  (4)

This process yields a robust restorer D that serves as an
expert on photorealistic urban appearance, ready to guide
the subsequent texture refinement.

Iterative Texture Refinement. The final texture atlas,
Tnal, 18 achieved through an iterative refinement process
that distills knowledge from our image restoration network
D. A single iteration unfolds in two steps: First, in the
generation step, we render novel close-range views Ijoy,; =
R(M, Teur, Crovel,;) from the current texture atlas (initially
Thasic), using simulated UAV paths. These degraded views
are then enhanced by D into sharp, high-fidelity pseudo-
ground truth targets fmget,j = D(Iiowj). Second, in the opti-
mization step, the texture atlas is updated by minimizing a
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reconstruction loss against these targets, following the for-
mulation of Eq. (3).

This creates a powerful feedback loop: the refined tex-
ture from the current iteration serves as a higher-quality in-
put for the next generation step, allowing the model to pro-
gressively “bootstrap” its way to photorealism [10, 66].

3.3. Implementation Details

Geometry. We implement the Z-Monotonic SDF by pa-
rameterizing a field of monotonic curves on a 2D (z, y) grid
of resolution 256 x 256. Each cell in this grid holds a learn-
able scalar parameter, h, which dictates the vertical offset
of a local basis curve. For any query point P = (z,y, 2),
the SDF value is not determined by a single curve, but is
synthesized by smoothly interpolating the outputs of mul-
tiple basis curves from the local neighborhood on the grid.
Specifically, for a set of n neighboring grid locations whose
xy-coordinates are {(;, y;)}—, around the query’s projec-
tion (z,y), the curve f(z;x,y) is represented by n activa-
tion function defined as:

f(za,y) =Y w;-tanh(k- (2 —hy)), (5
j=1

where h; are learnable parameters from the 2D grid, % is a
hyperparameter, and w; is an interpolation weight that de-
pends on the proximity of the query location (z,y) to the
neighbor’s location (z;,y;). The grid is optimized using
the Adam [27] optimizer with a learning rate of 0.01. The
optimization is supervised by the L, loss (Eq. (2)), which
balances the Z-axis distance to MVS points and a Laplacian
loss Ly, and a normal consistency loss Ly (Weighted by
>\Lap and )\Nrm)~

Appearance. For stability, geometry and texture are op-
timized separately. The texture is parameterized as a UV
atlas, with all rendering performed by EdgeGrad [45]. The
preliminary texture Ty, is optimized for 100 epochs, with
Amse = 0.8, Assiv = 0.2. Our restoration network D fine-
tuned from the FLUX-Schnell [28] on 100,000 aerial image
pairs, is trained for 10,000 iterations (batch size 96) with
AcHAR = 1 in Liegiorer (Eq. (4)). Finally, the texture is re-
fined over 2 iterations for efficiency. For each iteration, we
generate target images of resolution 2048 x 2048 by sam-
pling novel views from a uniform 150 m grid over the mesh
bounding box extended by 100 m (altitude 450 m, pitch 45°,
four cardinal orientations) and optimize T’y for 20 epochs.

Platform. Our method runs on a single NVIDIA A6000
GPU and requires approximately 1.5 hours to process a
1km? urban area. This time comprises 0.5 hours for ge-
ometry optimization and 1 hour for appearance refinement.
Further details on hyperparameters and network architec-
tures are provided in Appendix B.



Method MatrixCity DFC 2019 Google Earth
Pt R+ F11 CDJ PSNRT | PSNRT SSIMtT LPIPS| | PSNRT SSIM{1 LPIPS|
Mip-Splatting | 0.282  0.569 0.377 0.161  15.992 10.289 0.346 0.816 12.214 0.245 0.551
2DGS 0.693 0.464 0.556 0.073 13.469 7.366 0.304 0.848 11.022 0.196 0.622
CityGS-X 0.278 0.143 0.189 0.227 13.542 FAIL FAIL FAIL 12.674 0.223 0.591
Skyfall-GS 0.352 0.256 0.296 0.359  15.949 12.460 0.330 0.740 12.456 0.233 0.521
Ours 0.673 0.615 0.643 0.036 17.153 13.059 0.358 0.556 12.770 0.253 0.546
Table 1. Quantitative evaluation of our method with SOTA reconstruction works. Our method outperforms existing approaches

in both geometric accuracy and visual quality for satellite reconstruction. “FAIL” denotes the method fails to converge in experiment,

manifested as program crashes.

N

Figure 5. Appearance Refinement. (a) The basic texture Thasic,
created by naively back-projecting the blurry source satellite im-
ages, suffers from low fidelity and “baked-in” artifacts. (b) Our
final texture Tna, optimized using supervision from the restora-
tion network, recovers sharp, photorealistic, and globally consis-
tent details.
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(a) Before Refinement (b) After Refinement

4. Experiments

4.1. Experimental Setup

Datasets. To comprehensively validate the geometric ac-
curacy, visual quality and real-world usage of our method,
we evaluate on both synthetic and real-world datasets.
Specifically, we select four datasets:

MatrixCity-Satellite. Currently there is no open bench-
mark for 3D reconstruction from satellite imagery that con-
tains accurate ground-truth point clouds. To evaluate ge-
ometry quality, we utilize the synthetic 3D scene in Ma-
trixCity dataset and UES engine [30] to synthesize satel-
lite images with ground-truth point clouds, enabling quan-
titative evaluation of both novel view synthesis quality and
geometry accuracy. In particular, we synthesize 50 train-
ing images covering an area of 1km? to maximally sim-
ulate satellite imagery. For consistent and fair evaluation,
we follow the MatrixCity-Aerial test protocol, and evaluate
geometric accuracy and novel view synthesis on the central
800 m x 800 m area, thereby avoiding evaluation on regions
with degraded reconstruction boundaries.

2019 IEEE GRSS Data Fusion Contest (DFC 2019)
dataset is a representative real-world satellite imagery
dataset that features in high-quality WorldView-3 satel-
lite images and is widely used in the remote sensing area
[2, 39, 71]. Following their protocol, we evaluate on four
standard Areas of Interest (AOIs): JAX_004, JAX_068,
JAX_214, and JAX_260.
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GoogleEarth dataset features an appearance-consistent
unification of training satellite views and testing ground-
level views of reconstructed New York City by Google
Earth. We follow [29] to evaluate visual quality on four
AOIs (004, 010, 219, 336).

Urban Scene. For a more rigorous evaluation of scalabil-
ity and robustness, we curated a challenging real-world test
case from satellite imagery of a modern metropolis. This
scene is characterized by a large-scale, dense urban environ-
ment with numerous high-rise buildings and complex geo-
metric layouts.

More details are provided in Appendix C.1.

Baselines. To comprehensively evaluate our method for
city-scale reconstruction, we benchmark it against represen-
tative SOTA methods from three key domains. For geomet-
ric accuracy, we compare against 2DGS [21], which aims
to reconstruct a geometrically accurate radiance field. For
visual quality, we benchmark against Mip-Splatting [67],
a leading method for high-quality rendering. For large-
scale urban modeling, we compare against CityGS-X [19]
as a SOTA method for city-scale scene reconstruction. Ad-
ditionally, we include a comparison with Skyfall-GS [29],
as it is a satellite-based reconstruction method that enables
low-altitude novel view synthesis. These comparisons al-
low for a comprehensive evaluation of our method’s capa-
bilities across different aspects of this reconstruction task.

Metrics. We evaluate our method from two perspectives:
geometric accuracy and visual quality. In terms of geomet-
ric accuracy, we follow [19, 36] to evaluate three metrics
Precision (P), Recall (R), F1-Score between sampled and
GT point clouds. We also follow [21] to evaluate Chamfer
distance (CD) as a supplement. In terms of visual qual-
ity, we adhere to standard practices by measuring PSNR,
SSIM and LPIPS to evaluate the rendering quality of novel
views. Details about point cloud extraction, test view syn-
thesis, efc., are provided in Appendix C.2 and C.3.

4.2. Experiment Results

Quantitative Results. Quantitative results are provided
in Tab. 1. Across all datasets, our method consistently
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Figure 6. Visualization of reconstruction results. Compared to baselines, our method successfully achieves high-quality city reconstruc-
tion from satellite imagery. “FAIL” denotes the method fails to converge in experiment, manifested as program crashes. The ground-view
locations corresponding to these examples are provided in Appendix D.11.

achieves superior geometric accuracy and visual quality
over existing approaches.

For geometric accuracy, it surpasses all baselines in Re-
call, F1-Score and Chamfer distance, improving F1-Score
by 0.09 and reducing Chamfer distance by 50% relative to
the best competitor. These gains stem from our 2.5D Z-
Monotonic SDF, which enforces coherent roof—facade ge-
ometry under satellite views. Although 2DGS [21] attains
slightly higher Precision by extracting detailed rooftops,
its lack of meaningful facades produces ‘“‘shrink-wrapped”
structures (Fig. 6), validating our choice of a 2.5D prior.

For visual quality, our method establishes a new SOTA,
proving particularly dominant on challenging, low-altitude
datasets like DFC 2019. While still highly competitive, our
lead is less pronounced on the Google Earth benchmark,
which we attribute to its higher-altitude test views that limit
the visibility of facade texture details.

Qualitative Results. Qualitative results are illustrated in
Fig. 6. Our qualitative results visually underscore the su-
periority of our decoupled geometry and appearance mod-
eling. As shown, our method consistently yields clean ge-
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Description Geometry NVS
F1+ CDJ PSNR?

Geometry

Naive Marching Cubes 128 0.279 0.0749  16.800

Naive Marching Cubes 256 0412 0.0757 17.002

w/o Regularization Loss 0.637 0.0364 17.115

Full Modeling 0.643 0.0357 17.153

Appearance

w/o Image Restoration Network - - 17.038

Full Modeling - - 17.153

Table 2. Ablation Studies. We conduct extensive quantitative
comparisons to validate the effectiveness of each module.

ometry and sharp, photorealistic textures. In contrast, base-
line approaches such as Mip-Splatting, 2DGS, and CityGS-
X produce fragmented, “floating” geometry because their
point-based representations lack a strong structural prior to
regularize the ill-posed reconstruction from sparse views.
While Skyfall-GS shows some robustness, its results suffer
from blurry textures and cross-view inconsistencies, a com-
mon pitfall of generative approaches that fail to properly
enforce global coherence.
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Figure 7. Qualitative results on ablation study. Please refer to
Fig. 4 for Marching Cubes results. The absence of Z-Monotonic
SDF, regularization loss and image restoration network consis-
tently results in significant artifacts in geometry and texture.

We further demonstrate our method’s scalability and ro-
bustness on our challenging “Urban Scene” test case. As
seen in Fig. 6, our approach demonstrates remarkable re-
silience in this demanding scenario. The strong geomet-
ric prior proves essential, maintaining structural integrity
across the vast and complex scene where other methods
might fail. On this stable geometric scaffold, our genera-
tive refinement then synthesizes sharp, view-consistent de-
tails, preserving distinctive facades and vegetation across
the entire district. This validates that our two-stage design
is not only effective but also highly scalable and robust to
the complexities of large-scale urban modeling.

More experiment results are provided in Appendix D.

4.3. Ablation Study

We conduct ablation studies on the MatrixCity dataset to
validate our key design choices. The results, summarized
in Tab. 2, highlight the contribution of each component to
both geometric and appearance quality. More results are
provided in Appendix D.6.

Geometry Our Z-Monotonic SDF representation effec-
tively avoids aliasing and other artifacts in surface extrac-
tion, ensuring the quality and precision of the reconstructed
mesh. Replacing it (optimized with [55]) with a naive base-
line that directly extracts a mesh from a voxel grid via
Marching Cubes [38] results in Precision and PSNR drops,
regardless of the resolution setting. Our regularization
losses Liap and Ly are designed to encourage smoother
and more plausible surfaces. Removing these losses results
in a degradation of geometric accuracy, adversely affecting
visual quality. Moreover, the geometry becomes much nois-
ier when the regularization loss is removed (Fig. 7 (a, b)).

Appearance Disabling our image restoration network
also results in a PSNR drop. Moreover, removing the
restoration stage results in degraded textures with pro-
nounced artifacts (Fig. 7 (c, d)), highlighting its critical role
in bridging the satellite-to-ground viewpoint gap.

4.4. Applications

A key application of our method is the creation and main-
tenance of city-scale Digital Twins from satellite imagery.
Our high-fidelity geometry and elevation reconstructions
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Figure 8. Visualization of snow simulation in Urban Scene. Our
mesh output enables wide downstream applications.

provide the foundation for large-scale urban simulations
such as snow modeling, as illustrated in Fig. 8. Further-
more, our method’s versatility extends to aerial view recon-
struction, as demonstrated in Appendix D.7.

5. Discussion

Conclusions In this paper, we propose a novel framework
for high-quality, city-scale 3D reconstruction from chal-
lenging satellite imagery. Our approach successfully ad-
dresses the critical limitations of traditional methods, which
often fail under the narrow parallax and poor image quality
inherent in satellite data. The core of our solution lies in
two tailored design choices: (1) a Z-Monotonic SDF rep-
resentation that robustly models urban geometry as a 2.5D
height map, producing clean, watertight meshes with crisp
roofs and vertically extruded facades; and (2) a large-scale
texture restoration network that effectively recovers high-
fidelity appearance details from blurry inputs. Through ex-
tensive experiments, we have demonstrated that our method
achieves state-of-the-art performance in both geometric ac-
curacy and texture fidelity.

Limitations Our method’s core strengths also define its
primary limitations, suggesting two main avenues for fu-
ture work. First, our reliance on a strong 2.5D geomet-
ric prior, while crucial for stabilizing reconstruction from
sparse views, imposes fundamental constraints. It inher-
ently precludes modeling of non-monotonic structures (e.g.,
bridges) and makes the final quality contingent on a topo-
logically sound initial mesh, as our pipeline is designed for
refinement, not holistic correction. A failure case is illus-
trated in Appendix D.9. Future work could explore hybrid
representations that integrate local, full 3D models for com-
plex areas. Second, our generative appearance refinement
prioritizes visual plausibility over strict factual accuracy.
This can lead to the replacement of unique, real-world fea-
tures with generic textures. Similarly, it synthesizes a sin-
gle, canonical appearance, rather than explicitly modeling
temporal variations present in multi-date satellite imagery.
A promising direction is to enhance factual fidelity by in-
corporating multi-modal data, such as street-view imagery,
or by developing time-conditioned appearance models.
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