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To better understand our ST2360D, we include more details and visualizations in the supplementary
material. The table below can guide you to the sections of interest.

Contents

A Evaluation Protocol 2

A.1 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

A.2 Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

A.3 Scale-and-Shift Alignment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

A.4 Compared Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

B Methodology 3

C Experiments 5

C.1 Effectiveness of Starting Longitude . . . . . . . . . . . . . . . . . . . . . . . . . . 5

C.2 More Choices of Key Latitudes . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

C.3 More Scanning Strategies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

C.4 More Analysis of VDE models . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

C.5 Blending in Disparity and Depth Space . . . . . . . . . . . . . . . . . . . . . . . . 6

C.6 Effectiveness of Perspective Patch Projection . . . . . . . . . . . . . . . . . . . . . 6

C.7 Robustness of LGS Strategy in Outdoor Scenes . . . . . . . . . . . . . . . . . . . . 7

C.8 The depth quality at edge regions . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

D Visualization Results 8

∗Equal contributions.
†Corresponding Author.

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



A Evaluation Protocol

A.1 Datasets

In this section, we explain the data processing of each dataset in detail.

Matterport3D dataset [1]. It is used to examine the effectiveness of ST2360D in 1K resolution. The
maximum depth is 10 meters. In ablation studies, we utilize the Matterport3D dataset with resolution
512×1024, following previous 360◦ depth estimation methods. Instead, in Tab. 1 of the main paper,
we utilize 504×1008 to align with the implementation of PanDA [2] for a fair comparison. The
testing set includes 2014 samples.

Stanford2D3D dataset [3]. It is also for validating the effectiveness of ST2360D in 1K resolution.
The maximum depth of this dataset is 10 meters. We fill the missing areas in the north and south
polar regions, following [2, 4]. The testing set includes 373 samples.

Matterport3D-2K [5]. It is to validate the performance of ST2360D in 2K resolution. The spatial
resolutions of 360◦ RGB images and depth maps are 1024×2048. It is re-rendered by [5] from [1].
The testing set includes 1850 samples.

Replica360-2K [5]. It is also a dataset of 2K resolution. The spatial resolution of samples is
1024×2048. It is re-rendered by [5] from [6]. The testing set includes 130 samples.

Replica360-4K [5]. It is a dataset of 4K resolution, with spatial resolution 2048×4096. It is
re-rendered by [5] from [6], including 130 samples in the testing set.

A.2 Metrics

To evaluate the depth estimation performance, we utilize the metrics: AbsRel, RMSE, MAE, RMSE-
log, and three percentage metrics, δi, where i ∈ {1.25, 1.252, 1.253}, following [7, 5]. We only
evaluate valid regions of ground truth depth. Formally, we denote ground truth depth as D∗, the
number of valid pixels as K, and the predicted depth as D. The metrics can be formulated as follows:

• Absolute Relative Error (AbsRel):

1

K

K∑
i=1

||D(i)−D∗(i)||
D∗(i)

. (1)

• Mean Absolute Error (MAE):

1

K

K∑
i=1

||D(i)−D∗(i)||. (2)

• Root Mean Square Error (RMSE):√√√√ 1

K

K∑
i=1

||D(i)−D∗(i)||2. (3)

• Root Mean Square Logarithmic Error (RMSE-log):√√√√ 1

K

K∑
i=1

||log10(D(i))− log10(D∗(i))||2. (4)

• δi, where i ∈ {1.25, 1.252, 1.253}:

max{ D(p)

D∗(p)
,
D∗(p)

D(p)
} < i, (5)

A.3 Scale-and-Shift Alignment

We employ scale-and-shift alignment, following [8, 2]. The scale and shift are calculated between the
depth prediction D and the depth ground truth D∗ in the valid regions. As our ST2360D pipeline
outputs 360◦ depth map, the scale-and-shift alignment is manually implemented in the depth space.
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A.4 Compared Methods

Two 360◦ depth estimation methods [5, 7] are most relevant to our ST2360D. However, since [7]
does not release complete code and implementation details, we only report their quantitative results,
instead of qualitative comparisons. Additionally, 360MonoDepth [5] employs MiDaS [8] as its
perspective depth estimator. However, MiDaS is inferior to recent image-based depth foundation
models [9, 10]. For a fair comparison, we replace MiDaS with Depth Anything v2 (DAv2) in the
360MonoDepth pipeline. VDE models demonstrate comparable performance to DAv2 in single-image
depth estimation. Our experimental results, presented in Tab. 2 and Tab. 9 of the main paper, show
that ST2360D still outperforms 360MonoDepth (with DAv2) by leveraging the temporal consistency
inherent in VDE models.

B Methodology

Visualization of LGS strategy. As shown in Fig. 1, we illustrate the generated scanning paths from
our proposed LGS strategy, ranging from the level l = 0 to level l = 2.

Algorithm of latitude-aware traversing. To easily understand the proposed latitude-aware traversing
in the LGS strategy, we present it with an algorithm block in Algorithm. 1.

Algorithm 1 Latitude-based Traversing
1: Input: A set of N Viewpoints v = {v1, . . . ,vN}, and K key latitudes 0 < θ1 < · · · < θK ≤

90◦

2: Latitude computation: For each viewpoint vi, compute Θ(vi)
3: Slice partitioning: Partition viewpoints into latitude slices based on K key latitudes:
4: vslice0 = {vi | vi ∈ v, |Θ(vi)| ≤ θ1}

vslicek = {vi | vi ∈ v, θk < |Θ(vi)| ≤ θk+1}, for k = 1, . . . ,K − 1
vsliceK = {vi | vi ∈ v, θK < |Θ(vi)| ≤ 90◦}

5: Slice ordering: Arrange the slices in ascending latitude: vslices ← [vslice0 , . . . ,vsliceK ]
6: Output: The ordered slices vslices
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Figure

p Framework

Figure 1: The illustration of the scanning paths of the LGS strategy in different levels. Top: level
l = 0; Middle: l = 1; Bottom: l = 2. The indices are marked on the right of the corresponding
viewpoints.
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C Experiments

C.1 Effectiveness of Starting Longitude

In the main paper, we have discussed the effectiveness of starting latitudes in Sec. 3.3. As shown in
Fig. 2, we further discuss the effectiveness of the starting longitudes. In our LGS strategy, the starting
viewpoints are from the equator, whose latitude is 0◦. With level l = 2, there are 16 viewpoints
located at the equator. From Fig. 2, it can be found that choosing starting viewpoints with less
absolute longitudes would obtain performance benefits slightly. Empirically, we choose the starting
viewpoint with longitude -31◦.

Figure 2: The effectiveness of the longitudes of starting viewpoints.

C.2 More Choices of Key Latitudes

In the Tab. 6 of the main paper, we have done an ablation study about the choices of key latitudes in
the LGS strategy. We then provide more choices of the key latitudes. From Tab. 1, it can be found
that if only one key latitude is utilized, the smaller key latitude would be a better choice. Moreover,
increasing the number of key latitudes from 2 to 4 can not yield further performance gains.

Table 1: More ablation studies on the choices of key latitudes in the LGS strategy.

Choice {18} {36} {54} {72} {18, 36} {18, 54} {18, 72} {36, 54}

RMSE ↓ 0.5246 0.5236 0.5272 0.5315 0.5216 0.5226 0.5237 0.5232

Choice {36, 72} {54, 72} {18, 36, 54} {18, 36, 72} {18, 54, 72} {36, 54, 72} {18, 36, 54, 72}

RMSE ↓ 0.5234 0.5272 0.5239 0.5218 0.5226 0.5232 0.5238

C.3 More Scanning Strategies

In Fig. 3, to comprehensively demonstrate the effectiveness of our proposed LGS strategy, we
compare it against additional possible scanning strategies. Strategies (a) and (b) are horizontal
scanning approaches, one of which scans from top to bottom, while the other scans from bottom
to top. In Tab. 2, these two strategies show no significant differences. Furthermore, strategy (c)
employs a vertical scanning approach, and its performance decreases significantly. We attribute
this to the smoother visual transition of horizontal scanning compared to vertical scanning. Next,
starting from the equator, we divide the scanning path into two directions toward the top and bottom,
respectively. From Tab. 2, it can be found that utilizing two paths from the equator achieves better
performance than the horizontal and vertical scanning strategies by placing low-latitude regions
early in the sequence. Moreover, with our proposed latitude-aware traversing strategy, the scanning
direction within each slice can proceed either from top to bottom (e) or from low-latitude regions
to high-latitude regions (f). In Tab. 2, using the latitude-aware traversing strategy further improves
performance. Finally, our LGS strategy achieves the best performance compared to all these scanning
strategies (a)-(f) by utilizing both the latitude-aware traversing and the spherical neighbor viewpoint
searching strategies.
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Figure

p Framework

(a) Horizontal, top to bottom (b) Horizontal, bottom to top (c) Vertical

(d) Two scanning paths (e) Latitude-aware traversing, 
horizontal scanning

(f) Latitude-aware traversing, horizontal 
scanning, and start from the equator

Figure 3: The illustration of more possible scanning strategies for comparison.

Table 2: Comparison among different scanning strategies. Highlighting: best, second-best.
Scan Index AbsRel ↓ RMSE ↓ δ1 ↑ δ2 ↑ δ3 ↑

(a) 0.1776 0.5603 75.61 93.80 97.99
(b) 0.1821 0.5655 74.60 93.61 98.03
(c) 0.1945 0.6128 72.77 91.93 97.41
(d) 0.1587 0.5301 80.35 95.43 98.45
(e) 0.1580 0.5291 80.42 95.32 98.42
(f) 0.1571 0.5287 80.66 95.43 98.46

Ours 0.1530 0.5216 81.37 95.62 98.52

C.4 More Analysis of VDE models

VDA [11] has proposed a key frame alignment strategy for super-long videos. In Tab. 3, after
removing the frame alignment, the performance has degraded slightly. It demonstrates that the
temporal consistency encoded in VDE models is the most crucial component for our pipeline.

Table 3: Check the effectiveness of frame alignment in VDA [11].

Methods AbsRel ↓ RMSE ↓ δ1 ↑ δ2 ↑ δ3 ↑

w/o frame alignment 0.1530 0.5229 81.63 95.61 98.45
w frame alignment 0.1530 0.5216 81.37 95.62 98.52

C.5 Blending in Disparity and Depth Space

In 360MonoDepth [5], the alignment and blending processes are implemented in the disparity space.
However, as depicted in Tab. 4, we find that blending in the depth space within our pipeline achieves
better performance in 2 out of 7 metrics, with the MAE and RMSE showing significant performance
gains. Across all seven metrics, blending in the depth space obtains a total of 13.16% improvement.
Moreover, we observe that blending in the disparity space produces smoother visualization results in
outdoor scenarios, particularly in sky regions.

C.6 Effectiveness of Perspective Patch Projection

In our ST2360D pipeline, we project a 360◦ image into a series of perspective patches. As an
alternative, we project a 360◦ image into slices directly from the ERP plane, as shown in Fig. 4. The
spatial resolution of the 360◦ image is H ×W , where W = 2H . We set the spatial resolution of each
slice as H ×H , which covers all latitudes. Moreover, by setting the horizontal stride as W/64, we
can obtain 64 slices. These slices are then compiled into a sequence from left to right and fed into the
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Table 4: Check the choices of blending space.

Blending space AbsRel ↓ MAE ↓ RMSE ↓ RMSE-log ↓ δ1 ↑ δ2 ↑ δ3 ↑ Total

Disparity 0.1233 0.3183 0.6165 0.0751 86.86 96.56 98.74
Depth 0.1403 0.2894 0.4664 0.0776 84.31 96.06 98.64

∆ -13.79% +9.08% +24.35% -3.33% -2.55% -0.50% -0.10% +13.16%

VDE model to obtain slice-based video depth maps, which are finally merged back into a complete
ERP depth map. As shown in Tab. 5, without the perspective patch projection, performance drops
significantly. This is primarily because perspective patch projection reduces distortion, enabling the
generated video frames to align better with the perspective VDE model.

Figure

p Framework

2nd Slice 3rd Slice1st Slice

Figure 4: The illustration of the projection process from a 360◦ image to horizontal slices.

Table 5: Check the effectiveness of perspective patch projection.

Projection methods AbsRel ↓ RMSE ↓ δ1 ↑ δ2 ↑ δ3 ↑

Horizontal slices 0.2555 0.7095 58.41 86.68 96.35
Perspective projection 0.1530 0.5216 81.37 95.62 98.52

C.7 Robustness of LGS Strategy in Outdoor Scenes

To verify the robustness of the proposed LGS strategy in outdoor scenarios, we describe the details of
additional experiments below.

Outdoor datasets. We utilize two datasets containing outdoor scenes. The first one is the Deep360
dataset [12], including outdoor driving scenes generated via the CARLA simulator [13]. Its testing
set contains 600 samples. The second dataset is derived from the Matterport3D dataset. We employ
SegFormer [14] to detect sky regions in each sample of the Matterport3D dataset and collect samples
where the detected sky regions constitute more than 10% of the entire ERP images. Subsequently, we
manually select 100 samples by further filtering out wrongly detected samples.

Structural Information Across Latitudes in Outdoor Scenes. We quantitatively assess the distribu-
tion of structural information across latitudes. Specifically, we utilize the Sobel operator to detect
edges of 360 ground-truth depth maps, and normalize edge maps to the range [0, 255]. Subsequently,
we average all edge maps within each dataset and summarize the edge values within four distinct
latitude slices: [−90◦,−45◦), [−45◦, 0◦), [0◦, 45◦) , and [45◦, 90◦]. The summarized edge values
are normalized and presented in Tab. 6. The results indicate that the equator regions consistently
exhibit rich structural information across both outdoor datasets. Furthermore, high-latitude regions
can also contain significant structural information, particularly in the Deep360 dataset.

Ablation studies of LGS strategy in outdoor scenes. To evaluate the robustness of the proposed
LGS strategy, we conduct ablation studies on the two outdoor datasets. The results are presented
in Tab. 7. These results demonstrate that the LGS strategy consistently improves performance in
outdoor scenes.
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Table 6: The distribution of structural information in outdoor scenes.
Dataset Samples [−90◦,−45◦) [−45◦, 0◦) [0◦, 45◦) [45◦, 90◦]

Deep360 600 38% 41% 19% 2%
Matterport3D 100 13% 35% 37% 15%

Table 7: Ablation studies of the LGS strategy in outdoor scenes.

Dataset AbsRel↓ RMSE↓

Matterport3D w/o LGS 0.2725 0.9498
w/ LGS 0.2512 0.8977

Deep360 w/o LGS 2.3860 1.5312
w/ LGS 2.0369 1.3986

C.8 The depth quality at edge regions

To evaluate the sharpness of estimated depth maps at edge regions, we employ the "Boundary F1
score" proposed in Depth Pro [15]. We conduct experiments on the Replica360-2K dataset.

We compare our method with PanDA [2], which fine-tunes Depth Anything v2 on synthetic 360◦

depth datasets. Given the significant influence of input resolution on boundary accuracy, we compare
our method with PanDA at two input resolutions (the training resolution of PanDA is 504×1008).
Our method takes perspective frames with 518×518 resolution. The results in Tab. 8 demonstrate that
our ST2360D with mean blending outperforms PanDA even when using a higher input resolution of
1008×2016. Employing Poisson Blending can further improve the boundary accuracy of our method.
We think it is because our training-free pipeline is capable of preserving the high depth precision
inherent in video depth estimation models, which have been trained on a diverse set of high-quality
perspective depth datasets.

Table 8: Comparison of depth quality at edges.

Method Input Resolution Boundary F1↑

PanDA-Small 504×1008 0.0833
PanDA-Small 1008×2016 0.1911
Ours (VDA-Small)M 518×518 0.2134
Ours (VDA-Small)P 518×518 0.2380

D Visualization Results

In Fig. 5, we provide more visualization results of our ST2360D in diverse scenarios, including
both indoor and outdoor scenarios. Mean blending fails in texture-less regions, such as the sky.
The 360◦ images are from Matterport3D dataset [1], Stanford2D3D dataset [3], 360+x [16] dataset,
PanDA [2], and Ntire 2023 challenge on 360◦ images [17]. Moreover, in Fig. 6, we visualize the
colored point clouds generated from our ST2360D. Finally, in Fig. 7, we present the comparison
results on the Matterport3D dataset along with error maps. We use the version of PanDA that has
not been fine-tuned on the Matterport3D dataset. The results demonstrate that our training-free
ST2360D can produce clearer structural details than UniFuse and PanoFormer, while achieving
performance comparable to PanDA.
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ST2360D-Mean ST2360D-PoissonInput ERP

Figure 5: More visualization results of our ST2360D using both Mean blending and Poisson blending.
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Figure 6: Visualization results of point clouds generated from our ST2360D.

Comparison with 360 methods on real-world datasets

ERP image & Depth GT UniFuse PanoFormer ST2360DPanDA

Prediction
Error m

ap

Figure 7: Visualization results on the Matterport3D dataset with error maps.
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