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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/.
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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) [22, 39], have brought photorealistic novel

view synthesis (NVS) closer to reality than ever before.

While these methods have fundamentally revolutionized

object- and street-level modeling [18, 29, 32, 33], scal-

ing this delity 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 camerasF'gure 2. U_nllke dense streetv_lews, satellltt_almages are sparse and
i . - captured with extreme off-nadir angles. This leads to a severe de-

o,n _\{ehlcles or Qrones—ls !oglstlcally C(_)mplex and pro- ciency in parallax for vertical structures. Yellow points represent

hibitively expensive for continuous, citywide coverage. In 3p |ocations determined by MVS, whereas satellite images only

contrast, satellite imagery provides massive, readily avail- recover ground and roof surfaces.

able city coverage, positioning it as an economical and scal-

able data source for city-scale 3D modeling. ances that drive the nal texture optimization.

However, reconstructing a high- delity city model from Our key contribution is a holistic approach that decou-
satellite imagery presents the extreme viewpoint extrap- ples this ill-posed problem into two complementary stages:
olation challenge. The satellite imagery is captured from robust geometry regularization and generative appearance
top-down views with extreme off-nadir angles and mini- re nement. By rst establishing a stable geometric scaffold
mal parallax, while our goal is to synthesize ground-level and then “painting” it with plausible, high-frequency de-
novel views, resulting in an almost 9@iewpoint gap be-  tails, our method effectively bridges the satellite-to-ground
tween source and target. In satellite capture, as illustratedviewpoint gap where prior methods fail. We demonstrate
in Fig. 2, building facades suffer severe foreshortening, through extensive experiments that this strategy yields state-
and vertical structures lack the viewpoint diversity needed of-the-art (SOTA) results, producing scalable and high-
to resolve geometry. Long-range atmospheric distortion delity city photogrammetry from sparse satellite imagery.
and sensor limits further degrade textures. These com-
bined conditions—sparse, minimal-parallax, and blurred in- 2. Related Work
puts—fundamentally violate the dense-parallax and sharp-
photometry assumptions required by NeRF and 3DGS,
causing these methods to collapse. Large-scale scene reconstruction, such as entire cities, has

To overcome this challenge, we adopt a two-stage de-been a key topic in computer vision and graphics. Pi-
sign tailored for city photogrammetry from satellite inputs. oneering works [4, 15, 50, 51] based on Structure-from-
In the rst stage, our focus is on geometry delity: we  Motion (SfM) and Multi-View Stereo (MVS) enabled city-
leverage the inherent 2.5D structure of urban layouts from scale reconstruction from massive, unordered photo col-
top-down views and propose a Z-Monotonic signed dis- lections. Recently, neural scene representations, exempli-
tance eld (SDF) representation. This strong structural ed by NeRF [39] and 3DGS [22], have been extended
prior enables 2.5D mesh extraction via differentiable iso- to large-scale scenes, achieving photorealistic city-scale re-
surfacing [52] and yields coherent, watertight geometry construction [18, 33]. Block-NeRF [55], Mega-NeRF [57]
with precise roofs and vertically extruded facades. Opti- and Switch-NeRF [71] divide the scene into blocks, each
mizing this SDF against off-nadir inputs preserves as muchmodeled by a separate NeRF. Methods [46, 58] incorpo-
satellite-derived geometric information as possible, ensur-rate multi-modal data such as LiDAR and 2D optical ow
ing that even under extreme viewpoint shifts, the recon- to improve the reconstruction quality. Subsequent works
structed structure remains faithful. [54, 60, 68] combine explicit feature grids with small MLPs

On this robust geometric foundation, the second stageto improve ef ciency. VastGaussian [29] rst demonstrated
addresses appearance delity. Naive back-projection tex- the viability of 3DGS, tackling challenges like appearance
turing from satellite views produces blurred and distorted variation across large areas. Subsequent efforts [23, 32, 47]
facades (Fig. 5). To overcome these artifacts, we adaptintroduce Level-of-Detail (LoD) techniques for ef cient
the powerful generative prior of the FLUX foundation multi-scale visualization. Other works [7, 13, 69] have de-
model [25] into a high- delity restoration network. Novel veloped distributed optimization frameworks to accelerate
close-range renders—degraded by projection gaps—are fedhe training process and manage heavy memory overhead.
into this network, which synthesizes photorealistic appear- The aforementioned methods adopt the “divide-and-

2.1. Large-Scale 3D Scene Reconstruction



conquer” strategy, where each block requires suf cient par- ral eld. Subsequent works demonstrate that a powerful
allax information from massive image collections to achieve image-conditioned generative prior can be leveraged to in-
high-quality reconstruction. While effective, their depen- fer a complete 3D object [30, 34, 38], or even an entire
dency on dense, low-altitude aerial images makes data acscene [19, 56, 63]. However, these powerful generative
quisition costly and complex, impeding scalable and eco- priors inherently favor plausible extrapolation over strict -
nomical city-scale 3D modeling. In contrast, satellite im- delity to the input, making them a double-edged sword for
agery, with its inherent advantage of vast coverage, present$igh- delity reconstruction tasks.

an ideal data source for this task. However, such im-  An alternative paradigm, which our work subscribes to,
ages provide little parallax on vertical structures like build- shifts the focus from generation to the re nement of ex-
ing facades, which makes the direct application of exist- isting 3D appearance [14, 31, 59, 62]. A key challenge
ing parallax-dependent methods challenging, thus requiringin this approach is the inherent stochasticity of generative

more suitable representations. models, which may produce con icting details for the same
] ] scene. To address this, recent work Skyfall-GS [26] adopts a
2.2. 3D Reconstruction from Satellite Images “generate-and-average” strategy by optimizing over an en-

Reconstructing urban scenes from satellite imagery is aS€mble of candidates, which is effective but computation-
long-standing goal in remote sensing and photogrammetry 2/ly €xpensive. In contrast, our work introduces a deter-
Approaches in the traditional remote sensing eld, while Ministic image restoration process. By ne-tuning a diffu-
pro cient with satellite data, pursue a distinct objective: Sion model to learn a direct mapping from degraded ren-
generating metrically accurate 2.5D Digital Surface Mod- ders to sharp targets, we generate high-quality, holistically-
els (DSMs) [70], i.e., height maps. Classic photogrammet- CONSistent supervision in a single pass.

ric pipelines [10, 45, 65] and modern MVS systems, in-

cluding recent deep learning-based methods [8, 16, 17, 61],3' Method

are all optimized for this purpose. These works are fun- \we now describe our method. As illustrated in Fig. 3, our
damentally geared toward geospatial analysis, treating theémethod reconstructs a city in two main stages, each de-
output as a 2.5D grid of elevation values rather than a truesjgned to address a core challenge of satellite-based recon-
3D mesh, thus not directly suited for applications requir- stryction. First, to overcome the extreme viewpoint gap in-
ing visual realism or ne-grained geometric delity. Re- pegrent to satellite imagery, we introduce a strong geomet-
cently, many works have started to improve the visual qual- 1jc prior by representing the city as a Z-Monotonic SDF.
ity of sgtellite—bqsed 3D reconstruction by adopting neural This stabilizes optimization from sparse, top-down views
rendering techniques. Early efforts [11, 36, 37, 66, 67] gand yields a high- delity, watertight mesh (Sec. 3.1). Sec-
adapted NeRF to the satellite domain, while recent ap-onq, to resolve the blur and visual artifacts, we leverage a
proaches [2, 3, 21, 26] leverage 3DGS for its efciency generative prior by training a large-scale diffusion model to
and real-time rendering. However, as these methods SUP€map degraded inputs to sharp, plausible textures (Sec. 3.2).

vise geometry solely through a photometric loss, they face Lastly, we provide implementation details in Sec. 3.3.
challenges in resolving ambiguities from sparse, top-down

satellite images. This leads to geometric inaccuracies that3.1. 2.5D Geometry Representation

ultimately cap the achievable visual quality. _ The primary challenge of satellite imagery for 3D recon-
Unlike the 2.5D DSMs common in remote sensing, We giyyction lies in its extreme viewpoint constraints. As shown
introduce a fully differentiz?\ble 2.5D representgtion based j,, Fig. 2, standard MV'S algorithms struggle to reconstruct
on a Z-Monotonic SDF, which allows for ne-grained mesh yertical facades, yielding point clouds that are dense on
extr.action.. This robu_st geometric representation serves A%00ftops and ground but virtually empty elsewhere. This
a high- delity foundation for subsequent appearance opti- massive data void on building facades creates a severely ill-
mization, enabling more accurate and visually realistic 3D posed condition for unconstrained 3D representations like
reconstructions from satellite images. 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.
Generative priors [12, 41, 48, 49], learned from vast natu-  Our key insight is to regularize this ill-posed problem by
ral images, have unlocked a new capability for 3D recon- introducing a strong, urban-speci c structural prior: model-
struction, especially in ill-posed settings like sparse-view ing the city as a 2.5D height map. This representation aligns
or single-view tasks. Seminal works such as DreamFusionperfectly with both the top-down nature of satellite data and
[44] and Magic3D [28] pioneered this direction by intro- the predominantly vertical geometry of urban architecture.
ducing Score Distillation Sampling (SDS), which “distills” While this design strategically sacri ces the ability to model
the knowledge from a 2D generative model into a 3D neu- non-monotonic structures (e.g., bridges), it provides a de-

2.3. Generative Priors for 3D Reconstruction



Figure 3. The framework of our method. Our pipeline rst reconstructs city geometry, then re nes its appearance. Stage 1
(Geometry): We optimize a Z-Monotonic SDF against sparse MVS points to extract a high- delity, 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- delity supervision for nal texture optimization.

cisive gain in robustness against geometric ambiguity. Forforming the ill-posed facade reconstruction problem into a
most urban scenes, this proves to be a highly effective tradewell-constrained optimization.

off, enabling our method to reconstruct high- delity geom- We implement the Z-Monotonic SDF via learning mono-

etry where unconstrained approaches inevitably fail. tonic curves on each 2D X-Y plane grid. The SDF value

. . s(X;y; z) can be naturally interpolated. During optimiza-
Z-Monotomc S[.)F' .A 2.5D height map (also called DSM tion, we extract a mesh M from the SDF using a differen-
in remote sensing literature) de nes the 3D surface as a

iable iso-surfaci hni 52]. We th imize th
single-valued height function z = f(x;y) over the 2D table iso-surfacing technique [52] € then optimize the

4 ol A nai ; ‘e this 2.5D height SDF (parametrized by monotonic curves) by minimizing
ground plane. naive way 1o generate this =. 19N e Z-axis distance from the MVS points P to the extracted
map would be preparing a set of city point cloud P from

o . . . mesh M, together with a Laplacian regularization term and

the satellite images by applying MVS algorithms [15]. This ger . P g

: ) ) a normal consistency term:
point cloud P can be then directly converted into a 2.5D X
height map, followed by lling a 3D voxel grid and extract- . i
. Y . . - Lgeo= min kp; m ki + Liapt L
ing a surface via Marching Cubes [35]. However, this naive —9°° . o <Pz (P)zkat vapktapt nrmlnim;
conversion introduces signi cant aliasing or “stair-step” ar- P )
Fifacts, pr.imarily dug tq the noisy and sparse point cloud \here m
input, as illustrated in Fig. 4. _ _ _

To overcome this, we design a novel 2.5D representationtion Process ensures a clean, watertight mesh with accurate
using a Z-Monotonic SDF, avoiding aliasing and topolog- verti<_:a| fgcades, as shown in Fig. 4 (c). More details are
ical holes at building edges. Speci cally, we optimize the Provided in Appendices B.1 and B.2.
SDF eld s(x) with a special Z-constraint, enforcing its val-
ues to be non-decreasing along the vertical Z-axis:

@s(x;y; z)
@z

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 unigue solution z, de ning the height. Alternatively,
at a building edge, the function becomes a vertical plateau
where s(x;y;z) = 0 for all z 2 [Zground Zroot], Procedu-
rally de ning a perfect vertical facade. Thus, the O-level-set Basic Texture Creation. We rst compute a preliminary
fp j s(p) = Og implicitly de nes this 2.5D surface, trans- texture Tpasicto provide a coarse but geometrically-aligned

(p) = argmin kpyy mM 4y ko. This optimiza-
m2M

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 Ly 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 re nement
process that leverages a powerful generative prior to synthe-
size sharp, plausible textures from these degraded inputs.

0 8x=(x;y;2):
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