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Figure 1: Overview of PanoHK360. A diverse, high-resolution panoramic RGB-D dataset of
real-world urban scenes captured under widely varying conditions. Each column presents one
representative scene category from the dataset. From top to bottom, the rows show the corresponding
8K equirectangular RGB panorama, the metric depth obtained from survey-grade LiDAR, and the
surface normal computed directly from depth. We further provide raw LiDAR point clouds, accurate
6-DoF camera poses, and temporal capture sequences for downstream tasks.

Abstract

Panoramic 360◦ depth estimation underpins autonomous navigation, 3D scene2

reconstruction, and scene understanding. However, existing outdoor panoramic3

datasets remain limited in three aspects. Small-scale collections are insufficient for4

modern data-hungry architectures and tend to produce models that generalize poorly5

across cities. Synthetic datasets transfer poorly to real scenes due to persistent6

domain gaps in illumination, geometry, and material appearance. Pseudo-label7

datasets distilled from pretrained estimators inherit the errors of the teacher model.8

Their downstream accuracy is therefore capped at the performance ceiling of the9

teacher itself. To address these issues, we present PanoHK360, a city-scale outdoor10

panoramic RGB-D dataset of diverse urban scenes in Hong Kong. The data are11

collected by a vehicle-mounted rig that pairs 8K panoramic imaging with survey-12

grade LiDAR. To the best of our knowledge, PanoHK360 is the first panoramic13

depth dataset that simultaneously combines three defining properties: city-scale14

geographic coverage, 8K equirectangular resolution, and sensor-based metric depth.15
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The depth is recovered directly from LiDAR rather than estimated by a pretrained16

network. The release further includes raw point clouds, 6-DoF camera poses, and17

temporal capture sequences. We further benchmark representative monocular 360◦18

depth methods on PanoHK360 under a unified protocol with a location-disjoint19

training and validation split. The results reveal a substantial gap between current20

methods and the level of resolution and scene diversity required for real-world21

urban deployment. These findings establish PanoHK360 as a challenging testbed22

for future research.23

1 Introduction24

Omnidirectional perception has become increasingly essential for embodied agents operating in com-25

plex real-world environments. Unlike perspective cameras with a narrow field of view, equirectangular26

panoramas capture the full 360◦ × 180◦ scene in a single frame. This format enables holistic scene27

understanding without explicit view stitching [2, 38]. Among the perception tasks built upon this28

format, panoramic depth estimation serves as a fundamental prerequisite for downstream applications29

such as autonomous driving, robotic navigation, mixed reality, and 3D scene reconstruction [11, 21].30

Recent panoramic depth datasets have begun extending the task from indoor benchmarks [7] to31

outdoor environments. Pioneering works such as Depth360 [11] first formulated the outdoor task.32

Subsequent datasets such as PanoVILD [16] and PAIR360 [22] introduced LiDAR-aligned supervi-33

sion, while synthetic alternatives such as OmniScape [29] enabled training at a large scale. Despite34

this progress, outdoor panoramic data remain bottlenecked by three key limitations. First, existing35

real-world collections rarely exceed tens of thousands of frames [11]. This scale is far below the data36

appetite of modern 360◦ depth networks and limits generalization across cities [6]. Second, purely37

simulated datasets [29] introduce a sim-to-real domain gap in illumination, geometry, and appearance38

that degrades transfer to real scenes. Third, labels distilled from pretrained estimators or sparse39

SfM and MVS reconstructions [16, 28] inherit the errors of the teacher model and cap downstream40

accuracy at the performance ceiling of the teacher itself.41

We present PanoHK360, a city-scale outdoor panoramic RGB-D dataset collected across diverse42

urban scenes in Hong Kong. The data are captured by a vehicle-mounted rig that pairs an 8K 360◦43

camera with a survey-grade LiDAR scanner. To the best of our knowledge, PanoHK360 is the44

first panoramic depth dataset to simultaneously offer three defining properties. These are city-scale45

coverage across multiple districts, 8K equirectangular resolution at 8000× 4000 pixels, and sensor-46

based metric depth. The depth is recovered directly from LiDAR rather than predicted by a pretrained47

network. The release further includes raw point clouds, 6-DoF camera poses, and temporal sequences.48

We additionally introduce PanoHK360-Mini, a curated benchmark subset on which we evaluate49

representative monocular 360◦ depth methods under a unified and location-disjoint protocol. Across50

all baselines, the results reveal a substantial gap between current methods and the resolution and51

scene diversity required for real-world urban deployment. These findings position PanoHK360 as a52

challenging testbed for future research in high-resolution outdoor panoramic perception. A detailed53

comparison with existing panoramic RGB-D datasets is provided in Table 1.54

Contributions. Our main contributions can be summarized as follows.55

• We introduce PanoHK360, the first publicly available city-scale outdoor panoramic RGB-D56

dataset that simultaneously offers 8K equirectangular resolution, sensor-based metric depth57

from a survey-grade LiDAR scanner, and geographically diverse urban coverage, comprising58

approximately 2M RGB-D frames.59

• We release a documented and reproducible automated pipeline that converts raw LiDAR60

point clouds into geometrically consistent panoramic depth maps. The pipeline handles61

spatial extraction, visibility-aware projection, and adaptive splatting in a unified workflow.62

• We establish PanoHK360-Mini, a carefully curated benchmark subset, and evaluate represen-63

tative monocular 360◦ depth estimation methods under a unified, location-disjoint protocol.64

These results jointly provide strong baselines and a quantified challenge for future work on65

outdoor panoramic perception.66
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Table 1: Comparison with existing panoramic RGB-D datasets. Entries reflect each dataset’s
original release; properties added by later third parties are not counted. ERP = equirectangular,
FE = fisheye, Cyl = cylindrical. Depth: dense panoramic depth maps released. Metric: depth is
recovered from sensor measurement rather than estimated by a learned model. Sync.: hardware-level
synchronization between RGB and depth streams. PC: raw point clouds. PanoHK360 is the only
entry that satisfies every property at city scale and 8K resolution.

Dataset Proj. Scenes Real Depth Metric Temp. Pose Sync. PC Size Resolution

Stanford2D3DS [4] ERP indoor ✓ ✓ ✗ ✗ ✓ ✓ ✓ 1.4K 4096×2048
Matterport3D [7] ERP indoor ✓ ✓ ✓ ✗ ✓ ✓ ✗ 10.8K 2048×1024
KITTI-360 [25] FE outdoor ✓ ✗ ✓ ✓ ✓ ✓ ✓ 300K 1400×1400
ToF360 [19] ERP indoor ✓ ✓ ✓ ✗ ✗ ✓ ✓ 1K 5792×2896
Pano3D [3] ERP indoor ✗ ✓ ✗ ✗ ✓ ✗ ✗ 42K 1024×512

JRDB [27] Cyl/FE out.&in. ✓ ✗ ✓ ✓ ✓ ✓ ✓ 28K 3760×480
1280×720

Depth360 [11] ERP outdoor ✓ ✓ ✗ ✗ ✗ ✗ ✗ 30K 1.03 Mpx
PanoVILD [16] FE/ERP outdoor ✓ ✗ ✓ ✓ ✓ ✓ ✓ 15K 1600×1200

PAIR360 [22] ERP/FE outdoor ✓ ✓ ✗ ✓ ✓ ✓ ✓ 88K 7680×3840
3840×2880

Deep360 [24] ERP outdoor ✗ ✓ ✗ ✗ ✓ ✓ ✗ 12K 1024×512
Helvipad [37] ERP out.&in. ✓ ✓ ✓ ✓ ✗ ✓ ✓ 40K 1920×512

PanoHK360 (ours) ERP outdoor ✓ ✓ ✓ ✓ ✓ ✓ ✓ 2M 8000×4000

2 Related Work67

2.1 Perspective RGB-D Datasets68

Monocular depth estimation has long been propelled by perspective RGB-D benchmarks. These69

typically include indoor collections such as NYU Depth V2 [31] and ScanNet [9], as well as outdoor70

driving datasets such as KITTI [12], KITTI-360 [25], nuScenes [5], and Waymo [33]. Although71

these resources have collectively shaped the field over the past decade, they are designed around a72

narrow field of view. Reprojecting them into the equirectangular format inevitably introduces severe73

distortion that limits their utility for panoramic depth estimation.74

2.2 Panoramic and Omnidirectional Datasets75

Indoor panoramic datasets. Early panoramic depth datasets focused primarily on indoor en-76

vironments. Matterport3D [7] and Stanford2D3DS [4] pair real sensor scans with high-quality77

equirectangular imagery, while Structured3D [39] further scales the coverage with photo-realistic78

CAD-rendered panoramas. These benchmarks have anchored nearly a decade of panoramic depth79

research. However, the depth distributions in confined indoor spaces differ fundamentally from those80

in outdoor scenes, both in absolute range and in overall geometric layout. Consequently, models81

trained exclusively on indoor data transfer poorly to outdoor driving environments [22].82

Outdoor panoramic datasets. Recent efforts have begun to extend the field to outdoor driving83

settings. Depth360 [11] first scaled outdoor panoramic depth estimation by harvesting in-the-84

wild web videos and deriving pseudo-labels through Structure-from-Motion [28] and Multi-View85

Stereo [36]. Sidestepping real-world capture altogether, OmniScape [29] renders synthetic driving86

panoramas at scale through CARLA-based simulation. Closer to real sensing, PanoVILD [16] and87

PAIR360 [22] pair panoramic imagery with 32-beam LiDAR and densify the resulting sparse returns88

using learned depth-completion networks. Despite this collective progress, each line of work trades89

one limitation for another. Specifically, a small geographic footprint, the sim-to-real domain gap, and90

label noise introduced by learned densification still persist across existing datasets. The community91

is therefore left without a city-scale, real-world outdoor panoramic resource with sensor-grounded92

metric supervision, which is precisely the gap that motivates PanoHK360.93
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2.3 360◦ Depth Estimation Methods94

Early 360◦ depth methods adapt perspective architectures to the equirectangular grid through spher-95

ical convolutions [8], uniform spherical sampling [17], or hybrid cubemap and equirectangular96

representations [1]. More recent work further leverages vision foundation models for zero-shot97

panoramic depth estimation. PanDA [6] distills Depth Anything V2 [35] via LoRA fine-tuning on98

equirectangular data. DA2 [23] introduces SphereViT together with a perspective-to-panoramic99

curation engine for scale-invariant distance estimation. DA360 [18] adapts Depth Anything V2 with100

a learnable shift parameter and circular padding. DAP [26] combines a plug-and-play range-mask101

head with a DINOv3 [32] backbone for absolute metric scale. Although these methods have consid-102

erably advanced architectural design, their training and evaluation predominantly rely on indoor or103

synthetic benchmarks that lack the geometric complexity, illumination diversity, and metric depth104

range characteristic of large-scale outdoor environments. Consequently, none of them has yet been105

evaluated on large-scale, real-world outdoor panoramic data with sensor-grounded metric ground106

truth. PanoHK360 is designed precisely to enable this evaluation setting.107

3 The PanoHK360 Dataset108

3.1 Motivation and Overview109

Omnidirectional depth estimation provides geometric cues for 3D scene understanding. Existing110

benchmarks primarily focus on indoor environments or synthetic domains. Current outdoor collections111

are often limited in scale and annotated with non-metric pseudo-labels. However, generalization in112

complex urban scenes requires real-world data with metric annotations. This data scarcity bottlenecks113

the development of reliable outdoor spatial intelligence [11, 18].114

Motivated by these challenges, we introduce PanoHK360, the first city-scale and high-resolution115

panoramic RGB-D dataset captured across diverse real-world urban environments in Hong Kong.116

Our benchmark integrates dense RGB observations with survey-grade metric depth and hardware-117

synchronized camera trajectories. The full release comprises approximately 2 million equirectangular118

frames at 8000× 4000 resolution. We additionally provide PanoHK360-Mini as a curated 22,751-119

frame subset for quantitative evaluation. Figure 2 illustrates our extensive acquisition routes and120

the corresponding multimodal data alignments. This metric depth benchmark supports research in121

outdoor omnidirectional perception.122

PanoHK360
2M+ Panorama 
For HongKong
Arterial Traffic 

Figure 2: Overview of PanoHK360. Left: Data acquisition trajectories across diverse urban and
arterial environments in Hong Kong. Right: An 8K RGB equirectangular panorama alongside its
corresponding surface normal map and depth map, all geometrically aligned via calibrated intrinsic
and extrinsic parameters. The dataset contains 2M+ panoramic frames and 50+ TB of point clouds.
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3.2 Data Collection System123

Our data acquisition platform integrates two perception sensors. We deploy a Teledyne FLIR La-124

dybug5+ panoramic camera and a RIEGL VUX-1UAV survey-grade LiDAR scanner. The camera125

module comprises six Sony IMX264 global shutter CMOS sensors. It provides a combined 30MP res-126

olution at 30 fps. This setup achieves approximately 90% spherical coverage of the urban environment.127

Hardware-level PPS and NMEA GPS inputs provide multi-sensor synchronization. Furthermore, the128

RIEGL VUX-1UAV scanner operates on the Time-of-Flight principle. It delivers 10mm ranging129

accuracy at 1.2× 106 measurements per second and records up to 15 target echoes per laser pulse.130

These hardware specifications provide high point density and support measurements through partially131

transparent structures such as vegetation.132

3.3 Data Processing Pipeline133

We introduce an automated pipeline to register raw LiDAR point clouds onto panoramic RGB frames.134

This pipeline is designed to address the scale, sparsity, and occlusion challenges inherent to large-scale135

outdoor data acquisition.136

Geometric point cloud filtering. For each camera pose tc ∈ R3, we retrieve a local point cloud137

subset P . We extract this subset using bounding-box indexing within a cropping radius R. We apply138

a 20.0m height ceiling to remove aerial returns. Subsequently, we eliminate back-facing points using139

geometric constraints. We estimate surface normals ni using Principal Component Analysis [14].140

We enforce the following cosine similarity condition to isolate the front-facing subset Pnorm ⊆ P .141

cos(θn) =
ni · (tc − pi)

∥ni∥2 ∥tc − pi∥2
> τn

Visibility-aware spherical projection. We resolve inter-point occlusions using spherical-inversion-142

based hidden-point removal [20]. We map each point onto a reference sphere of radius rhpr =143

100Dmax and retain only convex hull vertices, producing the visible point set Pvis. We then144

transform Pvis into the camera coordinate frame via a rigid-body motion T ∈ SE(3). We compute145

the metric depth ρi and spherical angles (θi, ϕi) for each transformed point. Finally, we project these146

coordinates onto the discrete W×H panoramic grid.147

Adaptive depth rendering. We render continuous depth maps using an adaptive splatting strategy148

[21]. We accumulate depth values in back-to-front order following the classic painter’s algorithm.149

Furthermore, we calculate a row-adaptive fill radius rf (vi) to close discretization gaps near the150

ground plane.151

rf (vi) = 1 + I(vi > 0.7H)

A subsequent morphological closing operation fills small residual voids left by sparse projection and152

produces dense 8K metric depth maps aligned with the input panorama.153

3.4 Dataset Statistics154

Depth distribution. PanoHK360 exhibits a right-skewed depth distribution concentrated in the near155

range, with an interquartile range of [7.3, 19.6] m (Figure 3a). The pixel-weighted and frame-equal156

distributions remain nearly identical (Figure 3b), indicating consistent depth characteristics across157

frames. The per-frame mean depth is 16.4 m (95% CI [16.4, 16.5] m, Figure 3e), and the within-frame158

depth spread averages 13.4 m (Figure 3f).159

Valid-pixel coverage. On average, 25.7% of pixels per frame contain valid LiDAR depth (Figure 3c).160

We render each LiDAR return as exactly one pixel without interpolation, which preserves the original161

measurements and avoids interpolation artefacts at the cost of small gaps between neighbouring162

points. Users requiring dense supervision can apply standard depth completion.163

Spatial distribution. The valid-pixel coverage is highly non-uniform along the vertical axis from164

sky to ground (Figure 3d). On the 8000×4000 equirectangular grid, the 35% and 65% cumulative165

valid-mass boundaries fall at rows v = 1817 and v = 2203. These boundaries partition the panorama166

into a sky-dominated upper region, a horizon band containing most road-level structures, and a lower167

region dominated by ground returns.168
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Scene and illumination diversity. The benchmark subset spans diverse structural categories, in-169

cluding high-density urban areas with high-rise facades, densely vegetated corridors, and complex170

traffic intersections, captured across multiple times of day and weather conditions ranging from bright171

daylight to nighttime artificial lighting. Detailed geographic coverage across Hong Kong Island, the172

Kowloon Peninsula, and the New Territories is provided in Appendix B.3.173
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Figure 3: Depth statistics of PanoHK360. (a) Pixel-weighted and frame-equal depth PDFs with the x-
axis truncated at P99.5. The distribution is right-skewed with IQR = [7.3, 19.6] m. (b) Corresponding
CDFs marking the P10, P50, and P90 percentiles. (c) Per-frame valid-pixel coverage. The mean
is 25.7% with a 95% CI of [25.6, 25.7]%. (d) Per-row valid-pixel ratio computed on the native
8000× 4000 panoramic grid. We define v=0 at the top and v=4000 at the bottom. The data-driven
boundaries v=1817 and v=2203 correspond to the 35% and 65% cumulative valid-mass quantiles,
respectively. (e) Per-frame mean depth. The mean is 16.4 m with a 95% CI of [16.4, 16.5] m. (f) Per-
frame depth standard deviation. The mean is 13.4 m with a 95% CI of [13.3, 13.4] m. This fully
characterizes the within-frame depth spread.

3.5 Train / Validation Split174

PanoHK360-Mini is a curated benchmark subset extracted from the full release of approximately 2175

million frames. We manually select ten geographically distinct locations. These areas jointly cover176

high-density urban environments, vegetated corridors, and complex traffic intersections under diverse177

illumination conditions. To suppress temporal redundancy, we retain one frame out of every ten along178

each trajectory. A subsequent manual quality-filtering step removes frames with insufficient point179

cloud coverage. Full details of this curation procedure are provided in Appendix D.1.180

The final benchmark comprises 22,751 panoramic frames, of which 21,352 are assigned to the181

training set and 1,399 to the validation set, yielding a 93.8%/6.2% split ratio. We adopt a location-182

disjoint partitioning strategy in which entire geographic locations are assigned to either split, rather183

than randomizing individual frames. This design prevents scene-level memorization and requires184

models to generalize to entirely unseen geographic layouts and illumination conditions. Following185

established conventions in panoramic depth estimation, the validation set also serves as the evaluation186

benchmark and is used for all quantitative comparisons in this work. The complete file lists are187

released as train.txt and val.txt.188

4 Experiments189

4.1 Experimental Setup190

Baselines and training setup. We evaluate six representative monocular 360◦ depth estimation191

methods spanning diverse architectural paradigms: CNN-based multi-projection fusion (UniFuse [17],192
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BiFuse++ [34]), Transformer-based panoramic perception (PanoFormer [30]), efficient semantic- and193

distance-aware fusion (Elite360D [1]), cross-projection attention (Cross360 [15]), and foundation-194

model adaptation (PanDA [6]). All models are trained on the PanoHK360-Mini training split and195

evaluated on the held-out validation split. We resize input panoramas to 1024× 512 and preserve the196

default optimizer, learning-rate schedule, and loss formulation of each original implementation. All197

experiments run on NVIDIA RTX 4090 GPUs.198

Evaluation protocol and metrics. All metrics are computed only on pixels corresponding to the199

original un-interpolated LiDAR returns; regions densified by morphological closing (Section 3.3)200

are excluded. Following established conventions [10, 17], we report absolute relative error (AbsRel),201

squared relative error (SqRel), root mean squared error (RMSE), root mean squared log error202

(RMSElog), mean log10 error, and threshold accuracies δ1, δ2, δ3 at 1.25k. Following [26], all203

evaluations are restricted to the 100m range.204

4.2 Baseline Results205

Table 2 reports quantitative results on the PanoHK360-Mini validation split. Elite360D achieves206

the best or tied-best scores on six of eight metrics, including all three threshold accuracies and the207

lowest RMSElog. PanDA attains the lowest AbsRel and RMSE, reflecting its strong absolute-scale208

calibration. Cross360 ties Elite360D on log10 and remains competitive on the threshold metrics. The209

three recent architectures consistently outperform the earlier baselines.210

UniFuse and BiFuse++ are the weakest performers, with RMSE above 11.5m and δ1 below 0.50.211

Both were originally tuned on indoor benchmarks, and their degradation on PanoHK360-Mini212

indicates that indoor-oriented networks do not transfer cleanly to outdoor urban panoramas. Across213

the leaderboard, no method attains δ1 > 0.60 and the lowest RMSE remains above 8m, leaving214

substantial headroom for future architectural progress.

Table 2: Quantitative results on the PanoHK360 validation split. ↓ denotes lower is better. ↑
denotes higher is better. We explicitly highlight the best result in each column in bold.

Method Error Metrics ↓ Accuracy Metrics ↑

AbsRel SqRel RMSE RMSElog log10 δ1 δ2 δ3

UniFuse [17] 0.65 14.12 11.50 0.55 0.18 0.46 0.64 0.76
PanoFormer [30] 0.26 3.03 10.15 0.48 0.14 0.54 0.74 0.85
BiFuse++ [34] 0.46 5.19 12.72 0.73 0.22 0.30 0.56 0.74
PanDA [6] 0.24 3.53 8.40 0.43 0.14 0.54 0.78 0.88
Elite360D [1] 0.28 3.20 8.77 0.39 0.12 0.58 0.81 0.90
Cross360 [15] 0.32 3.53 8.79 0.40 0.12 0.55 0.79 0.89

215

4.3 Zero-Shot Generalization Results216

Table 3 reports the zero-shot depth estimation results on the PanoHK360 validation split. DA360† [18]217

achieves the highest relative accuracy, with an AbsRel of 0.50 and a δ1 of 52.2%. In contrast,218

DAP [26] attains lower absolute errors, with an RMSE of 15.45m and a SqRel of 18.02. This219

advantage stems from the metric-scale output formulation adopted in DAP. Meanwhile, DA2† [23]220

underperforms both counterparts across nearly all evaluated metrics, which is likely due to the absence221

of targeted real-world panoramic training data.222

Across all evaluated methods, the best δ1 remains at only 52.2%, and all RMSE values exceed 15.0m.223

These margins reflect the difficulty of zero-shot generalization on PanoHK360, where models must224

simultaneously handle wide metric depth ranges and pronounced equirectangular distortion. These225

results suggest that reliable outdoor panoramic depth estimation requires dataset-specific training or226

dedicated fine-tuning.227
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Table 3: Quantitative evaluation of zero-shot depth estimation methods on the PanoHK360
validation split. † denotes methods that produce scale-invariant rather than metric depth. All reported
metrics for these methods are computed after median-scale alignment. For such methods, RMSE
and SqRel are included for reference only and carry no strict physical unit interpretation under scale
alignment. δk denotes the percentage of pixels satisfying max

(
d
d∗ ,

d∗

d

)
< 1.25k.

Method Error ↓ Accuracy ↑
AbsRel SqRel RMSE RMSElog log10 δ1 δ2 δ3

DA2† [23] 0.56 20.79 18.88 0.59 0.18 0.44 0.67 0.79
DA360† [18] 0.50 19.50 15.57 0.56 0.16 0.52 0.73 0.83
DAP [26] 0.56 18.02 15.45 0.58 0.18 0.45 0.69 0.81

4.4 Qualitative Comparison228

Figure 4 presents qualitative depth estimation results on representative scenes from the PanoHK360229

validation split. We compare three trained baselines, namely UniFuse, Elite360D, and PanDA, against230

the ground-truth LiDAR depth. UniFuse consistently produces overly smooth predictions and fails231

to recover fine structural boundaries, particularly around complex building edges and vegetation.232

Elite360D and PanDA yield sharper near-range boundaries but exhibit notable failure modes in the233

upper hemisphere, where the absence of valid LiDAR returns leads to unconstrained predictions over234

open sky. Depth bleeding at equirectangular stitching boundaries and degraded geometric consistency235

in distant backgrounds remain common failure modes across all evaluated methods. These persistent236

artifacts indicate that PanoHK360 poses a substantial challenge as an outdoor panoramic benchmark.

Input GT UniFuse [17] Elite360D [1] PanDA [6]

Figure 4: Qualitative depth estimation results of trained baselines on the PanoHK360 validation
split. Each row corresponds to a distinct outdoor urban scene. The successive columns display
the input equirectangular image, the ground-truth LiDAR depth (GT), and the predictions from
UniFuse, Elite360D, and PanDA. Darker regions indicate farther distances, whereas brighter regions
correspond to closer distances.

237

Figure 5 further presents qualitative depth estimation results on additional scenes from the same238

validation split. We evaluate three representative zero-shot baselines, namely DA2 [23], DA360 [18],239

and DAP [26]. All three methods recover the coarse scene layout across diverse urban environments.240

However, DA2 overestimates depth in sky and distant background regions, and consequently produces241

abrupt depth discontinuities at complex object boundaries. DA360 exhibits improved structural242

sharpness, although it introduces noticeable artifacts around thin structures such as tree canopies.243

DAP yields the most spatially consistent predictions but suffers from limited metric accuracy near the244

ground plane. These visual observations are consistent with the quantitative findings in Table 3 and245

reinforce the value of PanoHK360 as an outdoor panoramic benchmark.246
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Input GT DA2 [23] DA360 [18] DAP [26]

Figure 5: Qualitative depth estimation results of zero-shot baselines on the PanoHK360 valida-
tion split. Each row corresponds to a distinct outdoor urban scene. The successive columns display
the input equirectangular image, the ground-truth LiDAR depth (GT), and the predictions from DA2,
DA360, and DAP. Warmer colors indicate closer distances, whereas cooler colors correspond to
farther distances.

4.5 Challenges247

Despite recent progress, outdoor metric depth prediction remains far from solved. A key bottleneck248

lies in the scarcity of large-scale, high-resolution panoramic datasets. Existing benchmarks share249

common structural limitations: they are predominantly built on indoor capture, synthetic rendering,250

or low-resolution imagery, with sparse LiDAR sampling or inaccurate pseudo-depth labels as the251

primary supervision source. Such a data deficit restricts real-world generalization. In this context,252

PanoHK360 introduces a higher level of scene diversity and geometric complexity, which exposes the253

vulnerability of current paradigms. Even recent foundation models exhibit pronounced performance254

degradation on PanoHK360.255

The benchmark further reveals the gap between existing algorithms and real-world deployment.256

Outdoor panoramas exhibit pronounced projection distortion and wide depth ranges, and contain257

complex thin structures, highly reflective surfaces, and substantial illumination variations. Under these258

conditions, mainstream architectures struggle to produce metrically consistent predictions, particularly259

around fine structural boundaries and distant backgrounds. Moreover, owing to computational260

constraints, existing networks cannot process native 8K inputs and instead apply aggressive spatial261

downsampling, which discards a substantial portion of the high-frequency structural information262

critical for outdoor scene understanding. This limitation raises an open challenge: future architectures263

should be trained directly on full 8K panoramas in order to recover fine details such as thin wires,264

tree branches, and distant pedestrians.265

5 Conclusion266

We have introduced PanoHK360, a city-scale outdoor panoramic RGB-D dataset captured across267

diverse urban environments in Hong Kong. The dataset comprises approximately 2M equirectangular268

RGB-D pairs at 8K resolution, together with PanoHK360-Mini, a curated benchmark of 22,751269

frames with location-disjoint training and validation splits. All depth annotations are derived from a270

survey-grade LiDAR scanner through an open-source automated point-cloud-to-panorama processing271

pipeline that we release alongside the dataset. The benchmark evaluation reveals that state-of-the-art272

monocular and zero-shot methods struggle with two principal challenges: the pronounced geometric273

distortion introduced by equirectangular projection and the wide metric depth ranges of urban274

scenes. These difficulties underscore the challenging nature of PanoHK360. Looking ahead, the275

high-fidelity geometry, dense metric annotations, and continuous survey trajectories of PanoHK360276

lay a foundation for three promising research directions: panoramic depth completion, surface normal277

estimation, and outdoor 3D Gaussian Splatting.278
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A Overview403

This supplementary material is organized as follows.404

• Sec. B details the data acquisition platform, multi-sensor synchronization, and geographic405

coverage across Hong Kong.406

• Sec. C describes the automated pipeline that converts raw LiDAR point clouds into registered407

equirectangular depth maps.408

• Sec. D presents the three-stage curation procedure of PanoHK360-Mini together with the409

directory layout of the released data.410

• Sec. E provides a cross-resolution evaluation using Guided Filter upsampling, demonstrating411

that 8K ground truth serves as a fine-grained evaluation instrument beyond its role as training412

data.413

• Sec. F discusses the limitations of the current release.414

• Sec. G outlines future research directions enabled by PanoHK360.415

Finally, Figure 9 presents additional qualitative depth comparisons on challenging corner cases drawn416

from the validation split.417

B Data Acquisition and Hardware Setup418

B.1 Data Collection Hardware419

The data acquisition platform of PanoHK360 integrates two complementary sensors. We deploy a420

Teledyne FLIR Ladybug5+ spherical camera (Richmond, BC, Canada) and a RIEGL VUX-1UAV421

survey-grade LiDAR scanner (Horn, Austria). The two sensors are rigidly mounted on a vehicle-borne422

rig and synchronized through a shared GPS time reference. This setup establishes the geometric423

and temporal basis for the panoramic RGB-D pairs in PanoHK360. An overview of the hardware is424

shown in Figure 6.425

B.1.1 Panoramic Camera: Teledyne FLIR Ladybug5+426

The panoramic imagery is captured by the Teledyne FLIR Ladybug5+, an industrial-grade 360◦427

spherical imaging system. It comprises six global shutter CMOS sensors that produce a combined raw428

resolution of approximately 30MP. The system covers close to 90% of the full sphere after stitching.429

The fixed lenses operate with factory-calibrated intrinsic and extrinsic parameters, supporting stable430

equirectangular reprojection across long acquisition trajectories. The camera supports hardware-level431

synchronization through PPS and NMEA GPS inputs. This input aligns image acquisition to the same432

temporal reference as the LiDAR scanner. In our deployment, the system operates at an effective 8K433

spherical resolution.434

B.1.2 LiDAR Scanner: RIEGL VUX-1UAV435

The metric depth supervision in PanoHK360 is grounded in measurements collected by the RIEGL436

VUX-1UAV, a survey-grade Time-of-Flight LiDAR scanner. The scanner provides a ranging accuracy437

of 10mm and a precision of 5mm. A high-speed rotating mirror produces a 360◦ field of view with438

regular and parallel scan lines. This configuration yields a uniform angular sampling pattern well439

suited to projection-based fusion with panoramic imagery. During acquisition, the pulse repetition440

rate is configured to deliver up to 1.2× 106 measurements per second. This rate provides the point441

density needed to populate dense 8000× 4000 depth maps after spherical projection. The scanner442

further records up to 15 target echoes per laser pulse, which improves the recovery of geometry443

behind partially transparent occluders such as foliage.444

B.2 Hardware Synchronization445

Reliable RGB-D supervision in PanoHK360 requires that every panoramic frame and every LiDAR446

point be expressed in a common spatio-temporal reference. We therefore align the two sensors at the447

hardware level, both in time and in space, before any data are released.448
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(a) Teledyne FLIR Ladybug5+ panoramic camera. (b) RIEGL VUX-1UAV survey-grade LiDAR scanner.

Figure 6: Data acquisition platform used in PanoHK360. (a) The Teledyne FLIR Ladybug5+ provides
360◦ spherical panoramic imagery at 8K resolution with hardware-level GPS/PPS synchronization.
(b) The RIEGL VUX-1UAV provides survey-grade LiDAR point clouds at up to 1.2× 106 measure-
ments per second with 10mm ranging accuracy.

In the temporal domain, the Ladybug5+ camera and the RIEGL VUX-1UAV scanner are driven by a449

shared GPS time source. Synchronization is delivered through a Pulse-Per-Second (PPS) signal and450

an NMEA time string. The PPS edge defines a common clock tick, and each image exposure and451

LiDAR pulse is timestamped against this tick. As a result, every panoramic frame can be paired with452

the LiDAR returns acquired in the same time window. The synchronization residuals are reduced453

to the sub-millisecond regime. This temporal alignment is essential for vehicle-borne acquisition.454

At typical urban driving speeds, even small clock drifts would translate into pixel-level reprojection455

errors on the equirectangular grid.456

In the spatial domain, the rigid mounting between the camera and the LiDAR is described by a fixed457

extrinsic transformation TC←L ∈ SE(3). The transformation is initialized from the mechanical458

mount geometry. It is then refined through a target-based calibration procedure that minimizes the459

reprojection residual between known LiDAR-observed structures and their corresponding image460

features. The vehicle pose is further provided in a global geodetic frame by an integrated GNSS-INS461

unit. This unit allows panoramic frames captured at different times and along different trajectories462

to share a consistent world coordinate system. The combination of synchronized timestamps and463

calibrated extrinsics ensures geometric consistency across the entire dataset. This consistency464

applies to the projection from raw point clouds to panoramic depth maps in the processing pipeline465

(Section 3.3).466

B.3 Geographic Coverage467

PanoHK360 spans the three major regions of Hong Kong: Hong Kong Island, the Kowloon Peninsula,468

and the New Territories. The data were collected from multiple public areas across these regions.469

Coverage includes high-density commercial districts, residential neighbourhoods, arterial roads,470

expressways, and tunnel corridors. The complete acquisition trajectories for all three regions are471

illustrated in Figure 7.472

Hong Kong Island provides dense vertical urban environments. Narrow streets are flanked by473

tall building facades that introduce strong occlusion, complex inter-reflections, and abrupt depth474

discontinuities at building boundaries. The Kowloon Peninsula contributes mid-rise mixed-use475

districts. These districts combine commercial corridors, transit hubs, and elevated infrastructure,476

producing frequent transitions between open intersections and partially enclosed scenes. The New477

Territories extend the coverage to suburban and semi-rural settings, including arterial roads, residential478

blocks, and densely vegetated corridors. These settings broaden the depth distribution toward longer479

ranges and introduce natural geometry such as trees and undulating terrain.480

To further enrich the photometric diversity, acquisition is carried out at multiple times of day and481

under a range of weather conditions. The resulting trajectories therefore cover a wide spectrum482

of illumination regimes. These range from bright natural daylight to nighttime scenes dominated483
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by artificial lighting. The trajectories also include overcast and post-rain conditions with reduced484

contrast and pronounced specular reflections on wet road surfaces. This geographic and photometric485

variability exposes models to the breadth of conditions encountered in real-world urban deployment,486

rather than to any single canonical scene type.487

Figure 7: Geographic coverage of PanoHK360 across Hong Kong. Acquisition trajectories span three
major administrative regions: Hong Kong Island, the Kowloon Peninsula, and the New Territories,
covering numerous distinct urban locations with diverse structural and illumination conditions.

C Automated Data Processing Pipeline488

To generate panoramic RGB-D images from raw LiDAR point clouds in large-scale outdoor en-489

vironments, we introduce an automated processing pipeline that projects each point cloud onto490

the equirectangular image plane and resolves inter-point occlusions via the painter’s algorithm, a491

depth-sorting strategy for back-to-front rasterisation. Following the organization of Section 3.3, the492

pipeline is detailed below using the same component structure, with each component addressing a493

distinct challenge in converting raw point clouds into registered panoramic depth maps.494

Geometric point cloud filtering. We first extract a local point cloud subset by means of spatial495

indexing. Directly loading large unordered point cloud files incurs substantial I/O overhead and496

risks memory overflow. We therefore construct a 3D axis-aligned bounding box index by parsing497

the header of each .las file. Given the translation vector tc = [xc, yc, zc]
T ∈ R3 of the panoramic498

camera pose and a cropping radius R, the spatial bounds for local extraction are defined as499

B = [xc −R, xc +R]× [yc −R, yc +R]× [zc −R, zc +Hmax],

where Hmax = 20.0m eliminates points above the effective scene height. The extracted local point500

cloud is then defined as501

P =
{
pi ∈ R3

∣∣ ∥pi − tc∥2 ≤ R ∧ pi ∈ B
}
.

We then apply a normal-based filter that removes points whose surface normals are oriented away502

from the sensor viewpoint. For each point pi ∈ P , a local surface normal ni is estimated from its503
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k-nearest neighbourhood by means of Principal Component Analysis (PCA). Since visible surface504

points are oriented toward the sensor, we retain only those points whose normals are aligned with the505

line-of-sight direction from the point to the camera centre tc. Concretely, we compute the directional506

cosine507

cos(θn) =
ni · (tc − pi)

∥ni∥2 ∥tc − pi∥2
,

and retain only the points that satisfy cos(θn) > τn, where τn is a predefined threshold. This criterion508

effectively removes back-facing surfaces and outliers from occluded regions. The surviving subset is509

denoted by Pnorm ⊆ P .510

Visibility-aware spherical projection. We perform viewpoint-dependent hidden point removal on511

Pnorm. In real urban scenes, direct spherical projection of Pnorm maps occluded background points512

(e.g., those lying behind buildings) onto the panorama. To address this occlusion issue, we apply513

spherical inversion centred at tc, which maps each point onto a sphere of radius rhpr = 100Dmax,514

where Dmax = supp∈Pnorm
∥p− tc∥2. The convex hull of the inverted point set is then computed,515

and only its vertices are retained as the set of geometrically visible points, Pvis ⊆ Pnorm.516

The visible point set Pvis is then transformed into the local camera coordinate system and projected517

onto the equirectangular image plane. The world-to-camera transformation is represented as a rigid518

body motion T ∈ SE(3). Given the viewing direction F and the up direction U, the rotation matrix519

Rc ∈ SO(3) is constructed as Rc = [r, F, U′]T , where r = (F×U)/∥F×U∥2 and U′ = r× F.520

Each point pi ∈ Pvis is subsequently mapped to its local coordinate521

p′i = Rc (pi − tc), p′i = [x′i, y
′
i, z
′
i]
T .

The metric depth is then given by ρi = ∥p′i∥2. To obtain the corresponding spherical angles, we522

apply523 [
θi
ϕi

]
=

[
arctan2(x′i, y

′
i)

arcsin(z′i/ρi)

]
,

where θi ∈ [−π, π] denotes the yaw angle and ϕi ∈ [−π/2, π/2] denotes the pitch angle. These524

angles are subsequently mapped to discrete pixel indices (ui, vi) on the W ×H panoramic image525

plane via526 [
ui

vi

]
=

⌊[(
θi
2π + 0.5

)
(W − 1)(

0.5− ϕi

π

)
(H − 1)

]⌉
.

Adaptive depth rendering. We render the depth map by means of adaptive splatting with depth527

sorting. To ensure that foreground points correctly occlude background points and to fill holes caused528

by point cloud discretisation, we apply the painter’s algorithm during rasterisation: the projected529

points are sorted in descending order of ρi and painted back to front. The fill radius rf is defined as a530

function of the vertical pixel index vi, so as to close fine gaps near the ground plane in large-scale531

outdoor scenes:532

rf (vi) = 1 + I(vi > 0.7H).

A morphological closing operation is then applied to smooth the remaining gaps, yielding the533

registered RGB panorama together with the corresponding 16-bit depth map.534

D Dataset Composition and Structure535

D.1 Curation Details for PanoHK360-Mini536

This appendix describes the three-stage curation procedure used to construct PanoHK360-Mini from537

the full PanoHK360 release, together with the per-location breakdown of the train/validation split.538

Location selection. From the full acquisition trajectories spanning Hong Kong Island, the Kowloon539

Peninsula, and the New Territories, we manually select ten geographically distinct locations chosen540

to jointly cover the three structural categories defined in Section 3.4 (high-density urban areas541

with enclosing high-rise facades, vegetated regions, and complex traffic intersections) under varied542

illumination conditions (clear, overcast, and nighttime). This curation prioritises scene distinctiveness543

over raw frame count, ensuring that PanoHK360-Mini captures the full structural and photometric544

diversity of the full release while remaining tractable for benchmark-scale training and evaluation.545
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Temporal subsampling. Vehicle-mounted panoramic acquisition produces highly redundant con-546

secutive frames, with adjacent panoramas typically separated by less than one metre of camera motion.547

To suppress this temporal correlation and prevent inflated benchmark scores caused by near-duplicate548

samples leaking across train and validation, we retain one frame out of every ten along each trajectory,549

yielding a tenfold reduction in temporal redundancy while preserving full trajectory coverage.550

Quality filtering. Frames produced by the LiDAR-to-panorama rendering pipeline (Section 3.3)551

occasionally exhibit insufficient point cloud coverage, for example in regions where the LiDAR552

field of view is partially obstructed or where the local point density is too sparse to support reliable553

hidden-point removal. We manually inspect the temporally subsampled candidate pool and discard554

frames whose depth maps exhibit large unannotated regions or visible geometric inconsistency,555

retaining only those whose valid-pixel coverage and lower-hemisphere completeness are consistent556

with the dataset-wide statistics reported in Section 3.4.557

Per-location breakdown. The ten selected locations are distributed across all three administrative558

regions of Hong Kong, with multiple locations sampled from each region to ensure intra-region559

diversity. Each location is assigned exclusively to either the training or validation split under the560

location-disjoint partitioning described in Section 3.5, with eight locations contributing to training561

and the remaining two reserved for validation. Across the ten locations, the structural and illumi-562

nation categories are jointly balanced to avoid systematic correlation between scene type and split563

assignment.564

D.2 Dataset Structure and File Format565

The PanoHK360 dataset is organised into a unified directory hierarchy with parallel train/ and val/566

splits, each containing ten subdirectories corresponding to distinct data modalities. Raw panoramic567

RGB images are stored as JPEG files in pano_raw/, while metric depth maps are provided in three568

variants, each available in both .npy and 16-bit .png formats encoding millimetre-precision depth569

values: depth_raw/ contains the direct LiDAR projections, depth_filtered/ provides occlusion-570

filtered depth maps produced by the Hidden-Point Removal (HPR) stage of the processing pipeline,571

and depth_completed/ stores dense depth maps generated by depth completion. Surface normal572

maps derived from the ground-truth depth are stored in normal_map/. Camera intrinsics, extrinsics,573

and spatio-temporal calibration parameters are provided in poses/ as CSV files, with corresponding574

GNSS/IMU trajectories and per-frame timestamps in spatial_temporal/ likewise in CSV format.575

Cropped regions of the panoramic images are stored in pano_roi/, while the corresponding point576

cloud segments used for depth projection are available in pcd_roi/. Raw LiDAR point cloud files577

are retained in lidar_raw/ for reproducibility of the full processing pipeline. The complete directory578

structure is as follows:579

PanoHK360/
train/

pano_raw/ ...............................Original panoramic RGB images (.jpg)
depth_raw/ ..................Raw depth maps from LiDAR projection (.npy, .png)
depth_filtered/ ..............Occlusion-filtered depth maps via HPR (.npy, .png)
depth_completed/ ............Dense depth maps via depth completion (.npy, .png)
normal_map/ .................Surface normal maps from ground-truth depth (.png)
poses/ ..........................Camera intrinsics, extrinsics & calibration (.json)
spatial_temporal/ ........GNSS/IMU trajectories & per-frame timestamps (.csv)
pano_roi/ ...........................Cropped regions of panoramic images (.jpg)
pcd_roi/ .........................Point cloud segments for depth projection (.las)
lidar_raw/ ..................................Raw LiDAR point cloud files (.las)

val/
.....................................................Identical structure to train/

train.txt ..................................................Training split file list
val.txt ...................................................Validation split file list
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E Cross-Resolution Depth Evaluation via Guided Filtering580

To demonstrate that the 8K ground truth of PanoHK360 provides a fine-grained evaluation scale for581

boundary recovery, we adopt a training-free Guided Filter [13] to upsample native 1024× 512 depth582

predictions to 2K, 4K, and 8K, guided by the corresponding high-resolution RGB panoramas.583

As shown in Figure 8, the Guided Filter progressively transfers RGB edge priors to higher resolutions.584

Thin structures and depth discontinuities become increasingly well aligned from 2K to 8K, confirming585

that the native 8K ground truth serves as a discriminative evaluation instrument that exposes per-586

method boundary recovery capacity otherwise invisible at standard low resolutions.587

RGB Input 2K (GF) 4K (GF) 8K (GF)

Figure 8: Cross-resolution visual comparison of Guided Filter upsampling. Starting from a native
1024×512 depth prediction, the Guided Filter [13] progressively transfers edge information from the
high-resolution RGB panorama (leftmost column) to 2K, 4K, and 8K. Boundary alignment improves
with resolution, confirming that the native 8K ground truth of PanoHK360 provides a fine-grained
scale for evaluating per-method boundary recovery capacity.

F Intended Uses and Limitations588

F.1 Intended Uses589

PanoHK360 is primarily intended for training and evaluation of monocular 360◦ depth estimation590

models in real outdoor environments. The 8K resolution and survey-grade metric ground truth addi-591

tionally support panoramic depth completion, surface normal estimation, and outdoor 3D Gaussian592

Splatting. These are tasks for which large-scale outdoor panoramic data are currently scarce.593

F.2 Limitations594

All data are collected within Hong Kong, a high-density sub-tropical metropolis. Models trained on595

PanoHK360 may require domain adaptation for deployment in cities with different building typologies596

or vegetation patterns. The LiDAR scanner produces no returns for the open sky hemisphere, leaving597

approximately 74.3% of pixels per frame without valid depth annotation. Evaluation masks and598

loss functions should account for this inherent sparsity. Additional limitations include temporal599

misalignment around dynamic objects and the absence of semantic annotations.600

G Future Directions601

The high-fidelity geometry, dense metric annotations, and continuous survey trajectories of602

PanoHK360 establish a foundation for a focused set of visually grounded research directions. First,603

the sparse LiDAR projections and completed depth products can support panoramic depth completion604

under real outdoor geometry. Second, surface normal maps derived from the metric LiDAR depth605

provide direct supervision for normal estimation on challenging structures such as building facades,606

road surfaces, and vegetation. Third, the aligned RGB-D panoramas and survey trajectories provide a607

testbed for outdoor 3D Gaussian Splatting under equirectangular imagery and metric scene geometry.608
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NeurIPS Paper Checklist609

1. Claims610

Question: Do the main claims made in the abstract and introduction accurately reflect the611

paper’s contributions and scope?612

Answer: [Yes]613

Justification: The abstract and Section 1 accurately reflect the paper’s three main contri-614

butions: (i) a 2M-frame, 8K-resolution outdoor panoramic RGB-D dataset with survey-615

grade metric LiDAR annotations (Section 3), (ii) an open-source automated point-cloud-to-616

panorama processing pipeline, and (iii) baseline evaluations with representative monocular617

360◦ depth estimation methods (Section 4). All claims are substantiated by the dataset618

statistics, pipeline description, and experimental results presented in the paper.619

2. Limitations620

Question: Does the paper discuss the limitations of the work performed?621

Answer: [Yes]622

Justification: Limitations are discussed in Appendix F.2 and Section 5, including: (i) geo-623

graphic coverage restricted to Hong Kong, which may limit generalization to cities with624

different building typologies or vegetation patterns; (ii) approximately 74.3% of pixels per625

frame lack valid LiDAR depth due to sky regions, elevated structures, and the single-pixel626

back-projection scheme (Section 3.4); and (iii) temporal misalignment around dynamic627

objects and the absence of semantic segmentation annotations, identified as limitations of628

the current release.629

3. Theory assumptions and proofs630

Question: For each theoretical result, does the paper provide the full set of assumptions and631

complete proofs?632

Answer: [N/A]633

Justification: This is a dataset paper; no theoretical proofs are presented.634

4. Experimental reproducibility635

Question: Does the paper fully describe the experimental setup used to validate its findings?636

Answer: [Yes]637

Justification: The Experimental Setup subsection of Section 4 fully specifies the six evaluated638

architectures (UniFuse, BiFuse++, PanoFormer, Elite360D, Cross360, PanDA), training and639

validation splits (train.txt / val.txt), input resolution (1024× 512), evaluation depth640

range [0, 100]m, and all reported metrics (AbsRel, SqRel, RMSE, RMSElog, log10, δ1–δ3).641

The automated LiDAR-to-panorama processing pipeline is described in the Data Processing642

Pipeline subsection of Section 3.643

5. Open access to data and code644

Question: Does the paper provide open access to the data and code, with sufficient instruc-645

tions to faithfully reproduce the main experimental results?646

Answer: [Yes]647

Justification: Dataset and processing code will be released upon publication.648

6. Experimental statistical significance649

Question: Does the paper report error bars suitably and correct?650

Answer: [Yes]651

Justification: Dataset statistics including valid-pixel coverage and per-frame mean depth are652

reported with 95% confidence intervals in Section 3.4. Baseline results in Tables 2 and 3 are653

deterministic evaluations on fixed validation and test splits, consistent with standard practice654

in dataset benchmark papers.655

7. Experiments compute resources656

Question: For each experiment, does the paper provide sufficient information on the com-657

puter resources needed to reproduce?658
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Answer: [Yes]659

Justification: All baseline models in Section 4 were trained and evaluated on NVIDIA RTX660

4090 GPUs, with input panoramas resized to 1024× 512. We do not modify the network661

architecture or default hyperparameters of any baseline; all training configurations follow662

the original implementations.663

8. Code of ethics664

Question: Does the research conform with the NeurIPS Code of Ethics?665

Answer: [Yes]666

Justification: All data were collected from public roads and publicly accessible urban spaces667

in Hong Kong, consistent with established practices in autonomous driving datasets (e.g.,668

KITTI [12], nuScenes [5]). To protect personal privacy, all human faces and vehicle license669

plates appearing in the released panoramas have been automatically detected and blurred670

prior to release; no personally identifiable information is intentionally retained. In addition,671

although the dataset only covers public roads and publicly accessible areas, we provide a672

takedown mechanism for any content inadvertently captured from private premises. A public673

contact channel will be released upon publication, through which individuals or property674

owners may request the removal or further anonymisation of specific frames or regions;675

such requests will be processed in subsequent dataset releases. The dataset collection and676

release procedure is consistent with the NeurIPS Code of Ethics.677

9. Broader impacts678

Question: Does the paper discuss both potential positive and negative societal impacts?679

Answer: [Yes]680

Justification: Positive societal impacts include improved geometric perception from high-681

resolution panoramic RGB-D data, as discussed in Section 5. A potential negative impact682

is the misuse of high-fidelity urban geometry for unauthorized surveillance; however, the683

dataset contains no identity-linked information and covers only publicly accessible road684

environments.685

10. Safeguards686

Question: Does the paper describe safeguards for responsible data release?687

Answer: [Yes]688

Justification: The dataset will be released under a license restricting use to non-commercial689

research purposes. As the data consist solely of public-road panoramas and LiDAR point690

clouds without personally identifiable attributes, no additional anonymization pipeline691

beyond standard practice is required.692

11. Licenses for existing assets693

Question: Are existing assets properly credited with licenses?694

Answer: [Yes]695

Justification: All baseline methods referenced in Section 2 and Section 4 (UniFuse [17],696

BiFuse++ [34], PanoFormer [30], Elite360D [1], Cross360 [15], PanDA [6], DA360 [18],697

DAP [26], Depth Anything V2 [35]) are cited with their original publications. No proprietary698

datasets or third-party code are incorporated into the PanoHK360 processing pipeline.699

12. New assets700

Question: Are new assets well documented?701

Answer: [Yes]702

Justification: PanoHK360 is fully documented in Section 3, covering data collection hard-703

ware, the automated processing pipeline, dataset statistics (Section 3.4), and the location-704

disjoint train/val split protocol (Section 3.5). The dataset will be released with README705

documentation, split files (train.txt, val.txt), and pipeline source code upon publica-706

tion.707

13. Crowdsourcing and human subjects708

Question: Does the paper include full details of any crowdsourcing or human subjects study?709
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Answer: [N/A]710

Justification: No crowdsourcing or human subjects involved.711

14. IRB approvals712

Question: Does the paper describe IRB approvals for research with human subjects?713

Answer: [N/A]714

Justification: No human subjects research.715

15. Declaration of LLM usage716

Question: Does the paper describe the usage of LLMs if it is an important component of the717

core methods?718

Answer: [N/A]719

Justification: LLMs were not used in core methodology.720
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