




















Figure 8. Results of extreme viewpoint change in novel-view synthesis with ZeroNVS [45] finetuned on MegaScenes [60] (ZeroNVS
MS) & additionally finetuned on our data. Though by no means perfect, note the big improvement in visual quality and viewpoint accuracy.

NVS DreamSim | LPIPS| PSNRT SSIM
pseudo-synth. images

ZeroNVS (MS) 0.448 0.413 10.847 0.416
ZeroNVS (Ours) 0.377 0.359 12.381 0.484
real images

ZeroNVS (MS) 0.550 0.639 7.478 0.183
ZeroNVS (Ours) 0.442 0.580 8.220 0.218

Table 3. Quantitative results for aerial-ground novel-view syn-
thesis comparing ZeroNVS model finetuned on MegaScenes (MS)
and our data (Ours), with finetuning improves all metrics.

frame. An example is shown in Figure 7 demonstrating the
effectiveness of our approach in this scenario.

5.2. Novel View Synthesis

Datasets. We focus on the challenging aerial-to-
ground synthesis task. 'We combine our dataset with
MegaScenes [60], using a 3:1 ratio during finetuning to help
prevent overfitting. For evaluation, we use both real-world
aerial-ground pairs as well as pseudo-synthetic data from
Google Earth that includes a wide range of images captured
at varying altitudes, allowing us to assess the model’s ability
to synthesize views across diverse ground-aerial setups.
Finetuning details. We follow ZeroNVS [45] for novel
view synthesis, which takes the extrinsic matrix and field-
of-view as inputs to generate novel views at the target
pose. The translation vector is scaled based on the 20th
depth quantile of the reference image (during evaluation
we used MVS depth). Starting from ZeroNVS trained on
MegaScenes, we fine-tune the model on our dataset, signif-
icantly improving novel views in ground-aerial contexts.
Evaluation Metrics. We evaluate view synthesis qual-
ity using standard image reconstruction metrics, includ-
ing LPIPS [73], PSNR, and SSIM [65]. Additionally, we
also include the DreamSim [21] score, which aligns more
closely with human perceptual judgments.

Results and Discussions. Table 3 presents significant quan-

titative improvements for single image aerial-to-ground
novel-view synthesis. From the qualitative results in Fig-
ure 8, we see that ZeroNVS (Ours), produces realistic
and accurate images that follow the desired poses. In
contrast, ZeroNVS (MS), which was finetuned solely on
MegaScenes, struggles with such views, highlighting once
again the effectiveness of incorporating ground-aerial data
into the training process. We emphasize that this is still a
very challenging task, as the viewpoint difference between
the reference and target pose is large. The network must
learn to retain the underlying scene structure while gener-
ating plausible images for unseen parts of the scene and/or
demonstrate correct occlusions. Our results show that the
model somewhat successfully addresses this challenge, but
much research remains to be done in this task.

6. Conclusion

Despite notable advances in learning-based 3D reconstruc-
tion, large-area reconstruction from a sparse mix of drone
and ground imagery remains a challenge. As shown over
the last decade, adding significant data where little existed
before improves the performance of supervised-learning-
based networks. The key innovation in our work comes
from understanding how geospatial platforms and crowd-
sourced imagery can be combined to provide a potentially
unlimited amount of data for training large aerial-ground
3D models. Carefully finetuning existing 3D models with
our data showed nearly 15x improvement in camera esti-
mation and registration, which is at the heart of the large-
scale reconstruction problem. We hope our hybrid data
framework will help spur further research in the area.

In the future, aerial drone views could serve as a bridge
between ground and satellite views, where abundant data is
widely available. Combining them all could bring us closer
to the ambitious goal of planet-scale 3D reconstruction.
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