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In this supplementary material, we provide additional qualitative and quantitative results, along with
details on how to apply our RPG360 to downstream 360° vision tasks.

A Accuracy and Inference Time depending on the Number of Iterations

Table 1: Performance depending on the number of iterations.

# Iterations \ Chamfer | al T Time (sec)
(300, 150, 30) 0.34 0.86 4.59
(400, 40, 40) 0.34 0.85 4.44
(40, 40, 400) 0.37 0.83 8.71
(160, 160, 160) 0.35 0.85 6.11
(150, 75, 15) 0.35 0.85 2.56
(600, 300, 60) 0.33 0.86 8.54

We evaluated RPG360 using Metric3D v2 [9] on the Matterport3D dataset [5]. The inference time of
our method varies with both the input image resolution and the number of optimization iterations. In
this experiment, we used an input resolution of 512 x 1024 and employed a multi-scale strategy.

B Benchmark Selection for Comparison

As also noted in Depth Anywhere [24]], many recent methods [[1} 2} [29] [15} 16} 21} 28] have not fully
released pre-trained models or provided their code and implementation details. Some of these works
utilized other synthetic datasets such as Structured3D [30] or 3D60 [6]], instead of Matterport3D [3]] or
Stanford2D3D [4]]. Specifically, Elite360D [1] and HRDFuse [2]] do not provide pre-trained weights,
while EGFormer [29] has primarily been evaluated on Structured3D [30] and Pano3D [3]]. S2Net [15]
also does not offer pre-trained weights. OmniFusion includes pre-trained weights for Stanford2D3D
[4] and 3D60 [32], but does not provide the weights for Matterport3D [5]]. Additionally, its official
implementation has some code issues related to these pre-trained weights. Regarding PanoFormer
[21], Depth Anywhere [24]] reports that its evaluation code and results are incorrect. Joint360 [28]]
only provides pre-trained weights trained on 3D60 [32]] and Structured3D [30].

Thus, we compared our method with fully accessible benchmarks. For learning-based methods,
SliceNet [[19], UniFuse [[11], ACDNet [31], and BiFuse++ [23] were selected as they have publicly
available code. Additionally, to enable comparison with recent algorithms, we trained Elite360D [[1]]
since its pre-trained weights were not provided. As Depth Anywhere [24] utilizes Depth Anything
[27]], it produces outputs in inverse depth. However, the official repository does not provide code
for converting it back to standard depth. Thus, we implemented this conversion ourselves. For
optimization-based methods, we used the official code for 360MonoDepth [20] with Poisson
blending. Peng and Zhang [18]] also proposed a combined approach that incorporates a perspective
depth estimation module and an equirectangular projection (ERP) depth estimation module during
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optimization. However, as this method inherently relies on the quality of ERP depth estimation
results, we excluded it from the comparison to focus on evaluating performance robustness under
cross-validation and zero-shot settings with 3D metrics.

The reported 2D metric performances vary across papers due to slight differences in experimental
settings. When constructing the evaluation Table 3 in the main paper, we referenced the official
results from the most recently published works: Elite360D [1]] (learning-based) and Peng and Zhang
[18] (optimization-based). For methods not covered in these papers, we referred to the original
publications to obtain their reported values.
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Figure 1: Visualization of metric scale estimation for downstream tasks. By leveraging the camera height
assumption [26]], we estimate the metric scale of the predicted depth map. From the predicted depth, we
back-project the values into 3D points. Using these predicted 3D points, we compute the y-direction distance
to define the predicted camera height. To identify ground regions, we utilize predicted normal maps under the
assumption that the normal direction of ground surfaces is (0, —1, 0). By incorporating cosine similarity, we
extract ground regions and select the corresponding 3D points. Finally, using the similarity ratio, we restore the
metric scale based on the actual camera height. For simplicity, we assume all images have an actual camera
height of 1m.

C Evaluation Metrics

For the practical application of monocular depth estimation, emphasizing 3D structure awareness is
becoming increasingly important [22, [17]. Therefore, we employ 3D metrics rather than 2D metrics
to assess improvements in 3D structure and geometry.

Chamfer The Chamfer distance measures the discrepancy between the ground-truth 3D points )
and the predicted 3D points @),
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F-Score and IoU The F-Score measures the harmonic mean of precision P and recall R, while IoU
assesses the volumetric quality of a 3D reconstruction. Here, precision is the fraction of predicted
points within distance § of the ground-truth surface, and recall is defined vice versa. J is set to 0.1,

following [22} [17],
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where [-] is the Iverson bracket function.
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Figure 2: Qualitative results of depth and normal estimation on Matterport3D. The initial depth predicted by the
perspective foundation model [9] exhibits depth scale inconsistency artifacts along the cubemap face boundaries.
After applying our proposed method, RPG360, the depth estimation results become more consistent and 3D
structure-aware.
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Figure 3: Qualitative results of depth and normal estimation on Matterport3D. The initial depth predicted by the
perspective foundation model [9] exhibits depth scale inconsistency artifacts along the cubemap face boundaries.
After applying our proposed method, RPG360, the depth estimation results become more consistent and 3D
structure-aware.
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D Metric Scale Depth for Downstream Tasks

To apply RPG360 to downstream 360° vision tasks, such as training feature matching [12]] or Structure
from Motion [13], we employ the Spherical-n-Point (SnP) method [8]] using the predicted depth
maps and correspondences. Utilizing the geometric relationships between multi-view images requires
knowledge of a common global scale shared by all images. Therefore, we apply a simple camera
height assumption [26], which estimates the metric depth scale using the similarity ratio between the
predicted camera height and the actual camera height, as illustrated in Fig. [T}

E Evaluation of Pretrained Models Using 2D Metrics

Evaluation results of 2D-based metrics are shown in Table 2] We evaluate our method using different
perspective foundation models. Similar to its performance on 3D metrics, Metric3D [9] achieves the
best performance on the 2D metrics.



Table 2: Quantitative comparison on the Matterport3D test set using 2D-based evaluation metrics.

Lower is better Higher is better
AbsRel SqRel RMSE RMSE log 01.25 01.052 01.253

RPG360 | Marigold [14] | 0.45506 2.46920 1.50427  0.23184 | 0.43284 0.68761 0.82197
RPG360 | GeoWizard [7] | 0.42683 1.96726 1.29803  0.19848 | 0.50561 0.75861 0.87709
RPG360 | Omnidata [6] | 0.21483 0.65625 0.67233  0.10413 | 0.79576 0.93528 0.97297
RPG360 | Metric3D [9] | 0.20312 0.93469 0.66718  0.09575 | 0.85876 0.95323 0.97656

Method Model

Figure 4: Qualitative results on Dur360BEV [23] and 360 images downloaded from the internet.

F Additional Qualitative Results

As illustrated in Fig. [2]and [3] we present additional qualitative results for RPG360. The proposed
graph optimization method effectively aligns the scale across independently predicted depth maps
from each cubemap face. We also include further qualitative results on additional datasets. Figure ]
shows 3D point predictions on the Dur360BEV dataset [25] and 360 images downloaded from the
internet. E|The Dur360BEV dataset employs two fisheye cameras facing opposite directions, from
which we obtain 360 images using its official conversion code. However, this conversion introduces
noticeable distortions. The quality of the resulting 360 images directly affects the initial predictions
of perspective foundation models, which in turn influences the performance of our method. Because
our method is a general optimization framework, improvements in future perspective foundation
models are expected to further enhance its overall performance.

G Thorough Discussion on RPG360

In this section, we provide a thorough discussion associated with our study.

G.1 Potential Societal Impacts

The results of our work demonstrate the effectiveness of our approach in improving depth estimation
for omnidirectional images. Our graph-based optimization method shows that perspective foundation
models can be effectively leveraged for omnidirectional depth estimation. We believe this work
will serve as a foundation for future research in omnidirectional vision tasks. However, the datasets
required to train perspective foundation models involve licensing restrictions, and it is therefore
essential to ensure that they are used strictly for research purposes.
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G.2 Licenses for existing assets

We compare our work with SliceNetE] [19], UniFuseE] [[L1] (MIT License), ACDNeﬂ 1311, BiFuse++E]
[23]] (MIT License), Elit6360]ﬂ [L], Depth Anywher [24] (Apache License 2.0), and 360Mon-

oDeptlﬂ [20] (MIT License). We use the Matterport3D’}

[5] (non-commercial academic use only),

Stanford2D3 I [4]] (non-commercial academic use only), and 36OL0 [[10] datasets.
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