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Figure 1: (Left) 360° images can be transformed into multiple undistorted tangential plane images, and then scale-ambiguous
depth maps can be predicted using perspective-foundation models [46] [68] 25]. (Right) 360MonoDepth [47] and Depth
Anywhere [60], have addressed the scale ambiguity issue using optimization or learning-based methods. However, these
approaches suffer from 3D structural degradation, as seen in the reconstructed point cloud visualization. Our proposed method
leverages the prior knowledge of the perspective foundation model along with graph optimization, thereby enhances 3D
structural awareness and achieves superior performance.

Abstract

The increasing use of 360° images across various domains has emphasized the
need for robust depth estimation techniques tailored for omnidirectional images.
However, obtaining large-scale labeled datasets for 360° depth estimation remains
a significant challenge. In this paper, we propose RPG360, a training-free robust
360° monocular depth estimation method that leverages perspective foundation
models and graph optimization. Our approach converts 360° images into six-
face cubemap representations, where a perspective foundation model is employed
to estimate depth and surface normals. To address depth scale inconsistencies
across different faces of the cubemap, we introduce a novel depth scale align-
ment technique using graph-based optimization, which parameterizes the pre-
dicted depth and normal maps while incorporating an additional per-face scale
parameter. This optimization ensures depth scale consistency across the six-face
cubemap while preserving 3D structural integrity. Furthermore, as foundation
models exhibit inherent robustness in zero-shot settings, our method achieves supe-
rior performance across diverse datasets, including Matterport3D, Stanford2D3D,
and 360Loc. We also demonstrate the versatility of our depth estimation ap-
proach by validating its benefits in downstream tasks such as feature matching
3.2 ~ 5.4% and Structure from Motion 0.2 ~ 9.7% in AUC@5°. Project Page:
https://jdk9405.github.1io/RPG360/

39th Conference on Neural Information Processing Systems (NeurIPS 2025).
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1 Introduction

360 sensors offer signi cant advantages due to their wide eld of view, allowing the capture of rich
contextual information within a single imagde4, [9,22,166]. The growing adoption of such panoramic
images in various applications, such as robot naviga88rigs], virtual reality [35], autonomous
vehicles 1], and immersive medidll0], necessitates robust depth estimation, generalizing to zero-
shot settings, techniques speci cally tailored for 36fhages. However, applying conventional
perspective depth estimation metha@g, (68, [71, 25, 62] to 360 images directly is challenging

due to fundamental differences in camera models, which introduce distortions. To address these
challenges, previous research in 3@i@pth estimation has broadly followed two approaches: 1)
learning-based methods and 2) optimization-based methods.

Existing learning-based approachd88, 143, [73, 54, 27, 58, 2, [1], [77, [72, 28] have focused on
designing 360 depth estimation networks trained on labeled 3é8tasets. These methods attempt
to mitigate distortions through adaptive network architectur&sg3,61], or by leveraging cubemap
[58,59,127] and tangent imagé8[Z, 51] projections during training. However, a major limitation of
these approaches is the scarcity of labeled datasets fordafdh estimation. A few works have
proposed self-supervised training methodd or generating pseudo ground truth depth m&s} {o
overcome this limitation.

In contrastpptimization-based methods leveraging perspective foundation nfdd@e¥?)] offer an
alternative approach that does not require labeled datasets. Recently, monocular depth estimation
methods based on foundation models in the perspective image ddBa&Y[68, 32, 71, 25, 62]

have demonstrated robust performance in zero-shot scenarios.ini3&@es can be transformed

into multiple tangential plane images to reduce distortions. This transformation enables respective
depth and normal estimation on each tangential plane, which can then be recombined into a single
equirectangular projection. Leveraging pre-trained robust foundation models helps address the
limitations associated with the lack of labeled 3@latasets. However, a key challenge remains:
Monocular depth estimation encounters scale ambiguity when merging independently estimated
depth maps from different viewpoints. While several meth@ds42] for 360 depth estimation
propose blending overlapped regions of tangent-plane depth maps from perspective networks, this
simple blending overlooks crucial 3D structural information, as shown inFig. 1. Although the depth
maps may exhibit high quality in 2D space, their corresponding 3D point clouds often suffer from 3D
structural inconsistencies and performance degradation.

Main Results: We present a novel structure-aware optimization technique for @§0th estimation

using perspective foundation modelsl[71],25, 11]. Our approach converts an equirectangular projec-
tion image into perspective images via cubemap projections, which represent thec@ée without
overlapping regions. Depth and normal estimation are performed using a perspective foundation
model. Since monocular depth estimation provides only relative depth information, the depth scales
across different faces of the cubemap may be inconsistent. To address this issue, we introduce a novel
graph optimization approach that parameterizes the predicted depth maps and surface normals with
additional per-face scale parameters. This parameterization ensures depth scale consistency across
different perspective images of the cubemap. Our approach demonstrates robust depth estimation per-
formance across diverse datasets, including indoor and outdoor environments such as Matterport3D
[5], Stanford2D3D[[4], and 360Lo¢ [26]. The main contributions include:

» We propose a robust optimization-based 386pth estimation method leveraging perspec-
tive foundation models to address the scarcity of labeled 8afaset.

» We introduce a graph optimization formulation that integrates depth and surface normals with
additional per-view scale parameters to enforce depth scale consistency. This optimization
preserves the 3D structure and demonstrates superior performance in terms of 3D evaluation
metrics.

» Most learning-based methods exhibit performance degradation when trained on a dataset
that differs from the test scenes. In contrast, our method does not require a training dataset
and is unaffected by domain gap.

» We demonstrate the versatility and bene ts of our 36@pth estimation approach by apply-
ing it to downstream tasks such as feature matching [30] and structure-from-motion [31].



2 Related Work

2.1 Perspective Foundation Models

Foundation models possess remarkable adaptability, allowing them to generalize effectively across
different contexts. CLIP44] has exhibited outstanding versatility across a wide range of vision-
language tasks. DINOv3f] introduced a powerful visual encoder designed for various downstream

2D vision applications, such as segmentation, object detection, and depth estimation. D&8pt3R [
further explores the applicability of foundation models in 3D vision tasks, leveraging C&{pre-

training to enhance performance. Furthremore, learning-based monocular depth estimation methods
have evolved from optimizing training techniques for various model architecti?e$6, 19, 20, 6-8]

to enhancing zero-shot capabilitiets] 46, 11, 67, 68, 32, 71, 25|, enabling strong generalization
across diverse domains. Notably, Metric3I1,[25] extends this direction by speci cally exploring
zero-shot performance for metric depth estimation and surface normal prediction.

2.2 360 Depth Estimation

360 depth estimation suffers from the inherent distortions introduced by the equirectangular pro-
jection. OmniDepth [78] leverage Spherical Convolutions [53] to mitigate this projection distortion.
Other methods improve performance by combining multiple projection techniques, such as fusing
equirectangular and cubemap projectio®® b9, 27] or adopting icosahedral projectiony.[ Addi-
tionally, dilated convolutions have been explored to enhance feature extraction in distorted panoramic
images 7). Gravity-aligned feature learning has also been proposed to improvedgfdh estima-

tion [54, 43]. Meanwhile, transformer-based approach&s; 73, 2, 51] have recently gained traction

for capturing global panoramic context more effectively. Despite these advancements, supervised
learning methods for 36Qdepth estimation still heavily rely on labeled datasets. Due to the lack of
large-scale real-world annotations, these methods are often dependent on synthetic daig&e8],[
potentially causing performance degradation in real-world scenarios.

To mitigate this issue, some works explore self-supervised learning via view synthésrgj
Another line of research focuses on leveraging pre-trained perspective monocular depth estimation
models for panorama depth estimation. For example, the pre-trained weights of a perspective
monocular depth estimation model are ne-tuned on 36tages using distortion-aware convolutional

Iters [ 56]. More recently, perspective foundation models have been incorporated, alleviating the
dependency on large-scale labeled 3@atasets. 360MonoDepthT] utilizes foundation models
trained on perspective imageth| 46] to predict depth on tangent images, which are later merged
using a blending algorithm. Depth Anywhe&] adopts a different approach by predicting depth for
cubemap images using a foundation mo@&] pnd generating pseudo ground truth, which is then

re ned through af ne-invariant loss. However, while these methods incorporate certain distortion-
aware techniques, they lack explicit consideration of 3D structural consistency in the estimated depth
maps. We propose a novel approach that leverages perspective foundation models to estimate depth
while explicitly promoting 3D structure awareness for 3@@pth estimation.

3 Our Approach: RPG360

The overall process is illustrated in Fig. 3. In Section 3.1, the Equirectangular Projection (ERP)
image captured by a 36@amera is rst converted into distortion-free perspective (PER) images for
individual monocular depth estimation. We adopt a cubemap projection to represent PER images due
to its computational ef ciency, as every pixel is treated as a parameter and the cubemap representation
avoids overlapping regions. The estimated depth maps are then merged back into the ERP domain
using the re nement method described in Section 3.2.

3.1 Transformation of Coordinate Systems

An ERP image is a 2D plane representation that depicts normalized rays on a spherical sur-
face in a attened form. The coordinate transformation can be formulated & (S),
where = (; ) denotes the spherical coordinates with2 [ ; ], 2 [ 5;5]. The
corresponding 3D Cartesian coordinates are given by the unit v&cter ( Sy;Sy;S;). For



PER images obtained from a six-face cubemap projectior?, f 0;::;;5g indicates the cor-
responding face of the cubemap. The pixel coordinates of PER images are dengied as

ESX =sin( )cos( )

. Sy =sin( ) =K R¢ S (1)
"'S, =cos( )cos( );

Figure 2:Differences in depth de nitions between camwherep,, is the homogeneous coordinatept The

era models. (Left) In a perspective camera, depth fgtational extrinsic parameter for each fads repre-

de ned as the distance along the z-axis from the camegented af ¢, while K 2 R3 3 denotes the intrinsic

center. (Right) In an omnidirectional camera, depth iggmera matrix, which sets the focal length and the
measured as thg Euclidean distance from the camera Cﬁﬁ“ncipal point at half of the image size. Using this

terto the 3D point. coordinate transformation, we can convert the depth
maps between PER and ERP space. Notably, the de nition of depth differs between perspective
cameras and omnidirectional cameras. As illustrated in Fig.2, depth in PER cameras is measured as
the distance along the z-direction, whereas in 3&@meras, it represents the radial distance from the
sensor. Thus, a scaling factoshould be applied during the warping process to compensate for the
variation in depth de nitions,

DERP hi= DIFRmp.i; = kk ' pk: )

whereD PER is the predicted depth map from the pre-trained PER depth estimation n2&fiehd
h i represents the nearest neighbor interpolation. We can obtain 3D poiintsn the ERP depth
mapD ER® |

P=DERPs: (3)

3.2 Graph-based Optimization for Scale Alignment

Scale and Shift Alignment Monocular depth estimation inherently suffers from scale ambiguity,
leading to inconsistent depth scales across different PER images. To address this inconsistency,
previous studies have proposed methods such as estimating scale and shift betweed §at@ex].

This can be formulated as a linear equation,

D = D+ : @)

However, ensuring consistent def@h across different frames is challenging, as we rely on single
scalar values 2 Rand 2 R for all pixels in the depth map .

Graph Optimization for Local Scale Alignment We employ a graph optimization algorithm that
parameterizes the predicted depth and normal maps. This optimization re nes the depth maps by
adjusting the local scale, which is analogous to the shift term, but the adjustment is applied to each
pixel rather than relying on a single scalar value. We de ne this optimization function based on a
simple equation that represents a plane de nedy; ng),

no (P Po)=0; (%)

whereP ¢ is a 3D point andh is its corresponding normal vector of the surfaeindicates any
point lying on the same plane. Inspired B0, we de ne the 3D points corresponding to each
pixel in the predicted depth maps as nodes and assign edge weights based on the likelihood that two
adjacent points belong to the same plane,
X X X X
Lp= Wi kn; (Pj Pi)ky, + Wij kn,— niks; (6)
[ [

wherej i denotes the neighbor pixels bin the graph, andv; represents the edge weight
between pixel and its adjacent pixgl in the ERP space. We setas 0.5. In Eq. 6, the rstterm
ensures two points are positioned in the same plane, while the second term ensures that neighboring
points maintain a consistent plane based on the likelivgpdetween adjacent pixels. Based on the
assumption that areas with the same texture correspond to the same object 8drfa¢elp, 50,
we de ne the edge weights using local patches and the spatial distance between pixels,

kQi i k2 ki jka . . . .
Wi = exp QIzZ?JF exp Tiaz ; where jx jx modW; jy =]y (7)
n
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Figure 3:Overview of our depth estimation methad. The input equirectangular (ERP) image is projected onto a six-face
cubemap, where each non-overlapping face is independently processed by a perspective foundation model to generate depth
and normal maps. The normal maps are transformed into a common coordinate system and merged into a single ERP normal
map. However, due to the inherent limitations of monocular depth estimation, the merged depth maps exhibit depth scale
inconsistencies across facés.To resolve this issue, the merged depth and normal maps are parameterized, incorporating an
additional scale parameter Using these parameters, we perform graph optimization under a local planar approximation to
obtain a scale-aligned ERP depth map. For the construction of graph, we use the intensity values and the distances between a
pixel i (white node) and its adjacent pixgl{red nodes) to de ne the edge weiglig . Based on these weights, 3D points

are aligned on the surface using both depth and normal information.

whereQ); represents a patch centered at pixef the imagek kg denotes the Frobenius norm,
and i and gp, are setto 0.07 and 3.0, respectively. Since an ERP image has its left and right
extremities aligned, the-coordinatg x of pixelj should be updated using the modulo operation
with the ERP image widthV to ensure periodic boundary conditions.

Per-face Parameter for Global Scale Alignment Simply using Eq. 6 may result in over-smoothed
depth propagation in neighboring points, as shown in Fig. 6. Therefore, we exploit regularization
terms for depth and normal maps to preserve the high delity of the input geometry. Here, we
incorporate the per-face scale paramete2 R°® to achieve global scale alignment for the depth of
each cubemap face. This additional parametedunctions similarly to the scale term in Eq. 4. The
per-face scale parametey is expanded to match the size of each cubemap face, and then transformed
and integrated into the ERP space as a scale magR" W .
X X
La= jDi  Dijmi; Lo=  jni mijmy; 8)

whereD andmn denote input ERP depth and normal maps. The con dence nmaslee determined
based on the cosine similarity between the input normal and the normal computed from the input
depth map using the 8-neighbor conventié8,[29]. The total loss function is formulated as a
weighted sum of the proposed loss terms,

Ltotaa = plLp+ ala+ nln; (9)

where ,, 4, n are weights selected through grid search.

4 Experiments

4.1 Experiments Settings

Datasets and Evaluation Metrics We conduct extensive experiments on benchmark datasets
— Matterport3D [5], Stanford2D3D [4], and 360Loc [26] — using images of a resolution

1024 512 For Matterport3D and Stanford2D3D, we adopt the of cial train and test splits. We
additionally evaluate on Matterport3D-2(048 1024) for high-resolution benchmarks, fol-
lowing [47]. 360Loc consists of four scenes, including both indoor and outdoor environments,
each providing panoramic sequences of mapping and query images. We employ all mapping se-
guences from 360Loc, which include ground truth poses and depth maps, to evaluate the zero-shot
performance of depth estimation. As monocular depth estimation increasingly emphasizes 3D



Table 1:Quantitative comparison on the Matterport3@)and Stanford2D3DS) test setM* indicates the combination of

M and Structured3D7[]. We evaluate 360depth estimation performance under three different settings: (a) when the training

and test scenes are identical, (b) when the training and test scenes differ, and (c) in a training-free setup. The best methods
for each category are shown in bold faces. Most learning-based methods exhibit performance degradation when trained on a
dataset that differs from the test scenes. In contrast, the optimization-based methods using perspective foundation inodels (

do not require a training dataset, making them unaffected by domain gap. Under the training-free setting, RPG360 improves
the Chamfer distance by 46.7% on Matterport3D) @nd 64.2% on Stanford2D3[3), compared to 360MonoDepth.

Method Dataset ‘ 3D metrics Dataset ‘ 3D metrics

Method

Train! Test| Chamfer# F-Score’ IloU" Train! Test| Chamfer# F-Score’ IloU"

SliceNet [43] M! M 1.197 21.247 13.104 SliceNet [43] S!S 0.201 70.700 57.453

UniFuse [27] M! M 0.444 42.721 28.573 @) UniFuse [27] S!S 0.331 43.481 28.555

@ ACDNet [77] M! M 0.584 44.863 30.785 ACDNet [77] st s 0.271 56.832 42.007

BiFuse++ [59] M! M 0.834 39.383 26.066 Elite360D [1] st s 0.223 66.031 51.764
Elite360D [1] M! M 0.291 67.189 54.663 -

SliceNet [43] M!S 1.205 21.681 12.763

Depth Anywhere [60]] M* ! M 0.420 53.997  39.482 UniFuse [27] M! S 0277 56150  40.678

SliceNet [43] S!' M 0.873 24.433 14.734 () ACDNet [77] M!S 0.495 43.497 28.586

(®) UniFuse [27] S!' M 0.542 33.832 21.711 BiFuse++ [59] M!S 0.770 46.650 31.731

ACDNet [77] S!' M 0.580 32.277 19.985 Elite360D [1] M!S 0.184 73.501 60.175

Elite360D [1] S!' M 0.539 34.489 21.548 Depth Anywhere [60]] M*! S 0.498 50.927 35.021

© 360MonoDepth [47] ' M 0.632 28.056 16.998 © 360MonoDepth [47] 'S 0.576 25.230 14.672

RPG360 (Ours) ' M 0.337 58.816 44912 RPG360 (Ours) 'S 0.206 73.917 61.880

structural awareness for practical applicatiobg, 0], we adopt 3D metrics, such as Chamfer
Distance, F-Score and loU, rather than 2D metrics to better assess improvements in 3D structure
and geometry. Further details of the 3D metrics are described in the supplementary materials.

Table 2:Quantitative comparison on 360Lac) For Comparison Models As also noted in§0], many
Depth Anywhere, we train and test on 360Loc using ittecent methodsl| 2, 73, 36, 37, 51, 72] have not
pseudo labelingl(p) technique. Among optimization-fully released their pre-trained models or provided
based methods leveraging perspective foundation modeffeir code and implementation details. Some also use
(), RPG360 improves the Chamfer distance by 17.2Hjfferent datasets, making direct comparison dif cult.
compared to 360MonoDepth. Therefore, we evaluate our method on fully accessible

Method ‘ Dataset ‘ 3D metrics

T Test| chamfert F-Seore U+ DENChmarks, comparing it with both learning-based

SliceNet [43] ML 2041 s16a 4209 [43, 27, 77,59, 1, 60] and optimization-basedi}]
UniFuse [27] M! L 2.533 10.373 5.670 . . .y
ACDNet [77] mi L | 2423 10512 5728 approaches using 3D metrics. In addition, to demon-
(a) BiFuse++[59] M! L 2.379 8.682 4.647 . . .
Elite360D [1] M1 L 1750 14797 sses  Strate the effectiveness of our approach in relation to
!

Do Awhercieal w3 B &in  recent methods, we also include evaluations on 2D

() 300MonoDepth[a7] [ 1 L ‘ 2214 se2  as73s  Metrics. For each method, We adopt the backbone
RPG360 (Qurs) LL| 188 19608 182 gr pre-trained model that achieved the highest perfor-
mance as reported in the original paper (e.g., Ef cientNet-B5 for Elite360D [1] and BiFuse++
for Depth Anywhere$9]). To mitigate scale ambiguity in monocular depth estimation, we apply
median alignmentqg] in all evaluations. Further details are provided in the supplementary material.

-

Implementation Details We use the Adam optimizeBf] to perform gradient descent on a single
RTX A5000 GPU. To accelerate convergence, we adopt a multi-scale approach following [50]. The

ERP depth mapERP ' 2 Roh=2'cb w=2"c \wherel 21 0; ;L 1g, is downsampled by a factor of
2'. In this experiment, we sét = 3 and use learning rates 6f 10 .. Each optimization step is
performed for 300, 150, and 30 iterations. The weights of the loss tggymg, and , are set to 50,
0.5, and 10, respectively.

4.2 Experimental Results

As shown in Table 1, although supervised methods perform well when the training and testing
domains are the same, their performance degrades signi cantly when applied to different domains.
Interestingly, Table 1 also reveals the opposite trend: some of the methods, such as Elite360D
[1], trained in Matterport3D achieve better performance on the Stanford2D3D test set than those
trained on the Stanford2D3D train set. Given that the Matterport3D dataset is much larger than
Stanford2D3D, we can infer that the available volume of labeled 8&fa in Stanford2D3D might

be insuf cient for effective learning, depending on network capacity. This demonstrates that the lack
of labeled 360 datasets poses a signi cant challenge for supervised learning approaches.

As a potential solution to this problem, the perspective foundation models offer advantages because of
their inherent robustness across diverse scenes, and they leverage knowledge from large-scale datasets.
360MonoDepth47], which employs the perspective foundation model with a blending algorithm,



Figure 4: Qualitative comparison of 3D point clouds reconstructed from depth maps across different datasets. Depth
Anywhere and Elite360D are learning-based methods, while 360MonoDepth and Ours are optimization-based methods with
perspective foundation models. Our RPG360 demonstrates superior structural accuracy, most closely matching the ground
truth in 3D space.

achieves high-quality depth estimation in 2D-based metfics However, its performance in 3D

metrics is suboptimal, as it ignores 3D structural information during optimization. Depth Anywhere
[60] addresses the lack of labeled datasets by generating a pseudo ground truth through a perspective
foundation model. While it demonstrates competitive performance compared to other supervised
learning methods, its structural information appears distorted when visualized in 3D point clouds,
as shown in Fig. 4. By incorporating our graph-based optimization with the additional per-face
parameter, we demonstrate that our method achieves comparable or superior performance across
diverse datasets. Furthermore, Fig. 4 shows our method produces point clouds with signi cantly
fewer artifacts in 3D space, further validating its effectiveness.

Table 2 presents zero-shot quantitative results on 360Loc, which consists of both indoor and outdoor
scenes. For a fair comparison, we trained Depth Anywhesing its pseudo-labeling method

on 360Loc and evaluated its performance. Elite360performs well in indoor scenes like its
training domain but exhibits performance degradation in zero-shot tests. Our method achieves better
performance in terms of F-Score and loU, demonstrating its robustness in diverse environments. We
conduct 2D metric evaluations on the Matterport3D dataset as shown in Table 3. Learning-based
methods generally demonstrate stronger performance on 2D metrics than optimization-based methods.
We also evaluate optimization-based methods using high-resolution 2K images, foll@wjdg][

To ensure a fair comparison, we implement 360MonoDefth\With Metric3D v2 [25]. However,

since 360MonoDepth is originally designed to output inverse depth (as in MiDa&6})3 lising

a model that predicts standard depth results in degraded blending performance. In contrast, our
method requires depth predictions. Therefore, we only evaluate methods that directly produce depth
outputs P5, 11], in order to avoid additional normalization issues when converting inverse depth to
depth. Since Peng and Zharif] leverages both a perspective and a 366twork, it outperforms
360MonoDepth, which relies solely on a perspective network. Although our method relies exclusively
on a perspective model, it still achieves superior performance, bene ting from both the robustness of
foundation models and the structural awareness introduced by graph optimization.
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