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Abstract

Monocular depth estimation for 360° omnidirectional images is essential for immersive
scene understanding and 3D reconstruction but remains challenging due to the non-uniform
geometric distortions introduced by equirectangular projection (ERP). In particular, ERP suf-
fers from latitude-dependent sampling bias, where the effective receptive field of standard
convolution varies with the spherical latitude, leading to inconsistent feature representa-
tion and degraded depth prediction in high-distortion regions. To address this problem,
this paper proposes a distortion-aware bi-projection fusion framework that integrates the
global contextual continuity of ERP with the locally distortion-reduced geometric repre-
sentation of cube map projection (CMP). The core component of the proposed framework
is a Multi-scale Coordinate-Transformer Fusion (MCTF) module, which combines con-
volutional feature mixing, Transformer-based global context modeling, and Coordinate
Attention-based spatial recalibration. By explicitly encoding vertical coordinate informa-
tion into the fusion process, MCTF adaptively recalibrates feature responses according to
latitude-dependent distortion patterns. Extensive experiments on the 3D60, Matterport3D,
and Stanford2D3D benchmarks demonstrate that the proposed method consistently outper-
forms state-of-the-art omnidirectional depth estimation approaches. On the 3D60 dataset,
our method reduces RMSE by 21.2% compared with the ERP baseline and achieves a
30% RMSE reduction in polar regions, where ERP distortion is most severe. These results
validate the effectiveness of coordinate-aware feature calibration for robust 360° monocular
depth estimation.

Keywords: 360° vision; omnidirectional depth estimation; monocular depth estimation;
bi-projection fusion; Coordinate Attention; geometric distortion

1. Introduction

Omnidirectional depth estimation is a fundamental task for immersive 3D scene under-
standing, with broad applications in autonomous driving, robotic navigation, virtual reality,
and indoor reconstruction. Compared with perspective images, 360° omnidirectional im-
ages provide a complete spherical field of view and preserve holistic spatial context in a
single capture, making them valuable for full-scene perception and 3D reconstruction [1].
Equirectangular projection (ERP) is the most widely used representation because it maps
spherical images onto a regular 2D grid and is compatible with standard convolutional
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neural networks. However, ERP inevitably introduces severe non-uniform geometric
distortion [2].

The main challenge of ERP is its latitude-dependent sampling bias, as illustrated
in Figure 1. When a spherical surface is mapped to a planar grid, pixels at different
latitudes correspond to unequal areas on the sphere. As the latitude approaches the poles,
the horizontal sampling density increases, causing the effective receptive field of a standard
convolution kernel to vary approximately with 1/ cos 6, where 6 denotes the spherical
latitude. This violates the spatial stationarity assumption of conventional CNNs and leads
to inconsistent feature extraction, especially in high-distortion polar regions.

(a) Equirectangular Projection (ERP) (b) Cubemap Projection (CMP) (¢) Distortion Heatmap
AT

— +72°
Low Distortion

— 72
' Pole

Pole

Severe distortion (polar)

Geomelrically consistent

Figure 1. Visualization of ERP distortion and latitude-dependent sampling density. As the latitude 0
increases toward the poles, the horizontal sampling density becomes progressively higher, resulting
in non-uniform effective receptive fields for standard convolution operations.

Existing methods address this problem mainly through distortion-aware operations
or alternative projections. Spherical convolutions and adaptive kernels explicitly model
spherical geometry but often introduce additional computational cost and implementation
complexity [2]. Cube map projection (CMP) reduces local distortion by projecting the sphere
onto six perspective faces, but it may introduce discontinuities across cube boundaries
and weaken global continuity. Recent bi-projection methods, such as BiFuse and UniFuse,
combine ERP and CMP to exploit their complementary advantages [3,4]. Nevertheless,
most existing fusion strategies treat spatial regions uniformly and do not explicitly account
for the latitude-dependent distortion pattern of ERP.

To address this limitation, we propose a distortion-aware bi-projection fusion frame-
work for 360° monocular depth estimation. The framework jointly exploits ERP for
global contextual continuity and CMP for locally distortion-reduced geometric repre-
sentation. To fuse these two projection domains effectively, we introduce a Multi-scale
Coordinate-Transformer Fusion (MCTF) module, which combines convolutional feature
mixing, Transformer-based global context modeling, and Coordinate Attention-based spa-
tial recalibration. Unlike generic attention mechanisms, Coordinate Attention is used here
as a latitude-aware calibration mechanism, since the vertical coordinate in ERP directly
corresponds to spherical latitude [5].

The main contributions of this paper are summarized as follows:

*  We propose a distortion-aware bi-projection fusion framework for 360° monocular
depth estimation, combining the global continuity of ERP with the locally distortion-
reduced representation of CMP.

*  We introduce the Multi-scale Coordinate-Transformer Fusion (MCTF) module, which
integrates convolutional mixing, Transformer-based global context modeling, and Co-
ordinate Attention-based spatial recalibration.

*  We establish a connection between ERP latitude-dependent distortion and coordinate-
aware feature calibration, showing that the vertical encoding in Coordinate Attention
can help compensate for spatially varying distortion.
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*  We conduct extensive experiments on 3D60, Matterport3D, and Stanford2D3D, includ-
ing standard benchmark comparisons and fine-grained latitude-wise evaluation to
verify robustness in high-distortion polar regions.

The remainder of this paper is organized as follows. Section 2 reviews monocular
depth estimation, panoramic depth estimation, multi-projection fusion, and attention
mechanisms. Section 3 presents the overall architecture and the MCTF module. Section 4
reports quantitative comparisons, ablation studies, latitude-wise analysis, complexity
analysis, and qualitative results. Section 5 summarizes the paper and discusses future
research directions.

2. Related Work

The development of monocular depth estimation has fundamentally transitioned from
regular perspective images to omnidirectional panoramas. Early deep learning approaches
primarily focused on regular fields-of-view, establishing baseline architectures for dense
spatial regression. However, directly applying these perspective models to 360° data
introduces non-trivial challenges due to severe geometric distortions. To mitigate this
boundary and sampling variance, recent research has branched into multi-projection fusion
strategies, which seek a synergy between different geometric representations. In this section,
we review the technical trajectory of these methodologies and contextualize the specific
focus of our work.

2.1. Monocular Depth Estimation

Monocular depth estimation aims to infer dense depth information from a single RGB
image. Since a single image does not provide explicit geometric scale, this task is inherently
ill-posed and requires strong scene priors. Early methods relied on handcrafted visual fea-
tures and probabilistic graphical models to estimate scene structure, but their generalization
ability was limited in complex environments [6]. With the development of deep learn-
ing, convolutional neural networks significantly improved monocular depth estimation by
learning hierarchical visual representations from large-scale annotated datasets [7-9]. These
supervised methods demonstrated that deep networks can effectively capture semantic
and structural cues for dense depth prediction.

To reduce the reliance on ground-truth depth annotations, self-supervised monocular
depth estimation methods have been widely studied. These approaches typically exploit
photometric consistency between stereo image pairs or adjacent video frames to provide
supervisory signals [10,11]. More recently, Transformer-based architectures have been
introduced into dense prediction tasks to capture long-range dependencies and improve
global scene understanding [12-14]. By modeling global interactions, these methods
achieve improved structural consistency compared with purely convolutional networks.

Furthermore, within the broader landscape of 3D scene perception, monocular depth
estimation serves as a fundamental pixel-level precursor for higher-level multi-modal tasks.
A prominent example is Monocular 3D Visual Grounding (Mono3DVG) [15], which aims
to localize 3D bounding boxes of specific objects based on natural language queries from
a single perspective image. Both tasks inherently grapple with the fundamental ambigu-
ity of lifting 2D representations into 3D spaces without stereo cues. While Mono3DVG
models rely on cross-modal attention to align linguistic and visual concepts at the object
level, our panoramic framework operates at a denser, geometric level to resolve omnidi-
rectional distortions. Advancements in capturing distortion-free panoramic depth layouts
can potentially offer robust spatial priors to enhance object-level localization in complex,
omnidirectional 3D grounding scenarios.
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Despite these advances, most existing monocular depth estimation methods are pri-
marily designed for perspective images. They usually assume a pinhole camera model and
relatively uniform image sampling. Such assumptions do not hold for 360° omnidirectional
images, where spherical-to-planar projection introduces severe non-uniform distortion.
Therefore, directly applying perspective depth estimation models to ERP images often
leads to inconsistent geometric representation and degraded prediction accuracy, especially
near the polar regions.

2.2. Panoramic Depth Estimation

Panoramic depth estimation extends monocular depth estimation to 360° omnidirec-
tional imagery. Unlike perspective images, panoramic images provide a complete spherical
field of view, which is beneficial for holistic scene understanding and 3D reconstruction.
However, the spherical nature of omnidirectional images also introduces unique geometric
challenges. The most commonly used representation, equirectangular projection (ERP),
maps a sphere onto a rectangular grid, but suffers from latitude-dependent distortion.
Pixels near the poles correspond to non-uniform areas on the sphere, causing spatially
inconsistent sampling and feature extraction [1,16].

Existing panoramic depth estimation methods can be broadly divided into two cate-
gories. The first category focuses on distortion-aware operations. Spherical convolutions,
deformable or adaptive kernels, and distortion-aware CNNs have been proposed to better
align convolutional operations with spherical geometry [2,17,18]. These methods explicitly
consider the geometric structure of omnidirectional images and can reduce the mismatch
between planar convolutions and spherical signals. However, they often involve higher
computational cost, specialized implementations, or limited compatibility with standard
CNN backbones.

The second category explores alternative projection representations. Cube map projec-
tion (CMP) projects the sphere onto six perspective faces, thereby reducing local geometric
distortion compared with ERP. Several methods leverage CMP or other projection formats
to improve local structural modeling in panoramic depth estimation [19,20]. Neverthe-
less, CMP introduces discontinuities across cube-face boundaries and may weaken global
contextual continuity. As a result, models based solely on CMP may struggle to preserve
coherent global structures across the entire 360° field of view.

Although existing methods have improved panoramic depth estimation, many of
them are evaluated mainly using global metrics averaged over the entire image. Such
evaluation protocols may obscure the performance degradation in high-distortion regions.
Since ERP distortion varies systematically with latitude, it is important to analyze model
robustness across different latitude bands rather than relying only on global average errors.

2.3. Multi-Projection Panoramic Fusion Frameworks

To simultaneously exploit the continuous field-of-view of ERP and the distortion-
free local characteristics of CMP, multi-projection fusion frameworks have emerged as a
dominant paradigm in recent years. This lineage of research pioneered a structural shift
from separate processing to interactive geometric alignment. BiFuse [3] first introduced
a dual-branch network that exchanges features between ERP and CMP via a special-
ized spherical-surface wrapping module. To optimize the computational overhead of
bidirectional passing, UniFuse [4] proposed a unidirectional fusion scheme that systemati-
cally transfers less-distorted CMP features to enrich the ERP branch. More recently, this
paradigm has evolved toward managing multi-scale features and long-range semantic
preservation, exemplified by high-resolution representation frameworks like HRDFuse [21]
and patch-wise cross-attention networks like OmniFusion [22].
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Despite the progressive success of these fusion frameworks, a critical limitation per-
sists: they generally implement spatial feature fusion in a uniform or location-agnostic
manner. Because the geometric stretching in ERP is deterministically anchored to the
vertical coordinate (spherical latitude), treating different spatial zones identically inevitably
introduces representation ambiguity, particularly in highly distorted polar zones.

While general-purpose attention mechanisms like SE [23] and CBAM [24] have been
incorporated in various dense prediction tasks to capture channel or isotropic spatial
saliency, they inherently lack the capability to encode structural coordinate variations.
Coordinate Attention [5] offers a viable remedy by embedding precise directional and
positional information into channel interactions. Distinct from conventional practices that
employ such modules as generic feature amplifiers, our work reinterprets and re-engineers
coordinate encoding as a deterministic, latitude-aware calibration instrument specifically
tailored for panoramic multi-projection fusion, thereby resolving the long-standing trade-
off between global structural continuity and localized geometric fidelity.

3. Proposed Method
3.1. Preliminary: Mathematical Formulation of Projections

To establish a rigorous geometric foundation, we formally define the two primary
projection formats utilized in this framework: Equirectangular Projection (ERP) and Cube
Map Projection (CMP).

Equirectangular Projection (ERP): ERP maps spherical coordinates, latitude ¢ €
[—7t/2, /2] and longitude 6 € [—7t, 7t], onto a 2D planar grid (1, v) of resolution W x H.
The mapping function is formally defined as:

0+ o H. 7t/2—</>.

=W.—,
" 2 T

(1)
The differential area element on the sphere is given by dA = cos(¢)d0d¢. This mathematical
property implies that the horizontal sampling density on the 2D grid increases significantly
as the latitude approaches the poles (|¢| — 71/2), leading to severe geometric stretching.

Cube Map Projection (CMP): To mitigate the latitude-dependent stretching of ERP,
CMP projects the spherical surface onto six tangent planes (i.e., the faces of a cube). For a
3D unit vector P = (x,y, z) on the sphere, it is projected onto the cube face corresponding
to the maximum absolute coordinate max(|x|, [y|, |z|). This Gnomonic projection maintains
a uniform sampling density within each individual face, thereby preserving local structural
fidelity. However, it inevitably introduces spatial discontinuities and abrupt truncation
along the boundaries of the six faces.

3.2. Architectural Overview

To address the latitude-dependent distortion inherent in equirectangular projection
(ERP), we propose a distortion-aware bi-projection fusion framework for 360° monocular
depth estimation. The framework jointly exploits the complementary properties of ERP
and cube map projection (CMP). Specifically, ERP preserves global contextual continuity
over the entire panoramic field of view, while CMP provides locally distortion-reduced
geometric representations by decomposing the sphere into multiple perspective faces.

As illustrated in Figure 2, the proposed network follows a dual-branch encoder—
decoder architecture. Given an ERP image, a corresponding CMP representation is first
generated through cube projection. The ERP and CMP inputs are then fed into two parallel
ResNet-50 encoders to extract multi-scale hierarchical features. At each feature level,
the proposed Multi-scale Coordinate-Transformer Fusion (MCTF) module is used to align
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and fuse cross-projection features. Finally, a progressive decoder reconstructs the dense
depth map from the fused multi-scale representations.

Dual-Projection Inputs & Encoders Multi-scale Coordinate-Transformer Fusion Decoder (4xUp-sampling) & Output

_________________________________ _\________________F_l____r_____________________________
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Figure 2. Architecture of the proposed bi-projection fusion network. ERP and CMP inputs are
processed by dual encoders. Multi-scale features are fused through MCTF modules and decoded to
generate the final depth map.

This design is motivated by three requirements of omnidirectional depth estimation. First,
the model should preserve the global continuity of the panoramic scene, which is naturally
supported by ERP. Second, it should exploit locally distortion-reduced structures, which are
better represented by CMP. Third, it should explicitly model the spatially varying distortion
caused by ERP, especially in high-latitude regions. The proposed MCTF module is designed
to satisfy these requirements by combining convolutional feature mixing, Transformer-based
global context modeling, and Coordinate Attention-based spatial recalibration.

3.3. Dual-Branch Feature Extraction and Alignment

Given an ERP image L, € R3*H*W

RO*3xHexWe where the six faces correspond to six perspective views of the sphere. In this
work, H. and W, denote the height and width of each cubemap face. The ERP and CMP
inputs are processed by two parallel encoders to extract hierarchical features:

, we generate its cubemap representation I¢yy €

k
Flzz(rp Lfrp(lerp); chp = Tese (Elc(mp(lcmp))/ 2)

where k € {1,2,3,4} denotes the feature level, Eerp( ) and Elc‘mp( ) represent the k-th stage
of the ERP and CMP encoders, respectively, and T, (-) denotes the geometric reprojection
operator that maps CMP features back into the ERP coordinate system.

The reprojection operation is essential for cross-projection fusion. Although CMP
reduces local distortion, its six faces are spatially discontinuous. Directly concatenating
CMP and ERP features without coordinate alignment would introduce spatial mismatch
and boundary inconsistency. By mapping CMP features into the ERP coordinate frame,
both branches share a common spatial reference, enabling geometrically consistent feature
fusion. Compared with spherical convolution, projection-based alignment is easier to
implement and remains compatible with standard convolutional backbones.

https://doi.org/10.3390/ electronics15143066


https://doi.org/10.3390/electronics15143066

Electronics 2026, 15, 3066

7 of 21

3.4. Geometric Analysis of Different Distortion Types

The key challenge of panoramic depth estimation lies in managing the distinct geomet-
ric distortion types introduced by different projection formats. Instead of relying on visual
sample images, we formally analyze these distortion types to motivate our fusion strategy:

Polar Stretching Distortion in ERP. The distortion in ERP follows a deterministic geo-
metric pattern rather than random noise. Let ¢ denote the spherical latitude corresponding
to the vertical coordinate of an ERP image (as defined in Section 3.1). Due to spherical
geometry, the arc length along the longitude direction is proportional to cos ¢:

As(¢) o cos ¢. 3)

As a result, the effective receptive field of a standard convolution kernel on the sphere
varies with latitude and can be approximated as:

Reff (@) (4)

cos¢’
Near the equator, where ¢ ~ 0, the sampling density is relatively uniform and the receptive
field remains stable. In contrast, as |¢| approaches 90°, the horizontal sampling density
increases significantly, causing the effective receptive field to expand on the sphere. This
latitude-dependent variation violates the spatial stationarity assumed by conventional
CNNs and leads to inconsistent feature extraction. This observation directly motivates
our coordinate-aware design. Since ERP distortion is strongly correlated with the vertical
coordinate, we incorporate Coordinate Attention into the fusion process to adapt feature
responses according to latitude.

Boundary Discontinuity Distortion in CMP. While CMP eliminates the polar stretch-
ing distortion by projecting the sphere onto perspective faces, it introduces severe struc-
tural discontinuities across the cube-face boundaries. Spatial features that are adja-
cent on the sphere may be artificially separated into different faces, breaking the global
contextual continuity.

By formally defining these different distortion types, the rationale for our dual-branch
design becomes evident: our fusion module utilizes ERP to provide continuous global
context, leverages CMP to supply locally undistorted geometry, and employs 3 x 3 convolu-
tions post-concatenation to smooth the CMP boundary artifacts, ensuring robust prediction
across the entire panoramic view.

3.5. Multi-Scale Coordinate-Transformer Fusion

To fuse ERP and CMP features while compensating for spatially varying distortion,
we propose the Multi-scale Coordinate-Transformer Fusion (MCTF) module. The structure
of the MCTF module is shown in Figure 3. For the k-th feature level, the fusion process is
formulated as

Fhse = Aba (Thr (Coxs (Craa (I Fh])) ) ). ©)

where [, -] denotes channel-wise concatenation, Cy1 is used for channel mixing, C3x3
performs spatial refinement and boundary smoothing, Tk, denotes the Transformer-based
global context module, and AI(‘: 4 represents the Coordinate Attention-based recalibra-
tion module.

https:/ /doi.org/10.3390/ electronics15143066


https://doi.org/10.3390/electronics15143066

Electronics 2026, 15, 3066

8 of 21

Feature Fusion Module (ERP-CMP Fusion)
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Figure 3. Structure of the MCTF module. Features from ERP and CMP are fused through convolutional
mixing, Transformer-based global context modeling, and Coordinate Attention-based recalibration.

Each component in MCTF serves a specific purpose. The 1 x 1 convolution mixes
channel information from the two projection branches and reduces feature redundancy.
The 3 x 3 convolution refines local spatial structures and helps smooth boundary artifacts
introduced by cubemap reprojection. The Transformer module captures long-range se-
mantic dependencies across the panoramic field of view. Finally, the Coordinate Attention
module performs latitude-aware feature recalibration by embedding directional coordinate
information into the fusion process.

This design is particularly suitable for panoramic depth estimation. Local convolution
helps preserve fine geometric details, Transformer-based self-attention improves global
structural consistency, and Coordinate Attention explicitly adapts feature responses to the
spatially varying distortion of ERP. Therefore, MCTF provides a unified mechanism for
cross-projection fusion, global context modeling, and distortion-aware calibration.

3.6. Global Context Modeling via Transformer

Panoramic images cover the entire 360° field of view, and scene structures may exhibit
long-range dependencies across distant image regions. For example, objects or walls
separated by the left and right image boundaries in ERP may still be adjacent on the sphere.
Standard convolutions have limited receptive fields and therefore may fail to capture such
global relationships.

To address this issue, we introduce a Transformer-based global context module into
MCTE. Given the fused feature sequence, self-attention is computed as

KT
Attention(Q, K, V) = softmax ( Q ) vV, (6)

Nzn

where Q, K, and V denote the query, key, and value matrices, respectively, and dj is
the feature dimension. Through self-attention, each spatial token can interact with all
other tokens, enabling the model to capture global dependencies and maintain structural
consistency across the panoramic scene.

3.7. Latitude-Aware Calibration via Coordinate Attention

Coordinate Attention is introduced to perform spatially structured feature recalibra-
tion. Unlike conventional channel attention, which compresses spatial information into a
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single global descriptor, Coordinate Attention preserves directional positional information
through separate horizontal and vertical pooling operations. The mechanism is illustrated
in Figure 4.

Multi-scale Coordinate-Transformer Fusion (MCTF) Block

X-Pool n C/rxHX1
ke e e

g" € ROxHX1
Conv
1x1
+
Sigmoid

Attention Block

‘Weight
Matrix

i

1

Conv H

1x1 1
i H ¢

1

1

1

1

1

1

i i r CXHXW
Signoid ), ¢ g re

Original Input (Element-wise Multiply)

“ Input/Output Feature ' X-direction Feature ﬂ Y-direction Feature i Attention Weight

Figure 4. Mechanism of the Coordinate Attention (CA) block. Direction-aware pooling captures spa-
tial dependencies along horizontal and vertical axes, enabling coordinate-aware feature recalibration.

Given a feature tensor X € R©*H*W Coordinate Attention first aggregates features
along the horizontal and vertical directions:

w1 L1 E
zc(1)=w];Xc(w), Z?;(])Zﬁigxc(b])- @)

The two directional descriptors are concatenated and transformed to generate attention
weights. The output feature is obtained as

Ye(i,j) = Xe(i, ) - g2(i) - g2 ()), ®)

where ¢/ (i) and g% (j) denote the height-wise and width-wise attention weights, respectively.

The height-wise attention weight ¢/ (i) is particularly important for ERP images be-
cause the vertical coordinate directly corresponds to spherical latitude. Therefore, g/ ()
can act as a latitude-aware gating function that adaptively adjusts feature responses ac-
cording to ERP distortion. Compared with SE or CBAM, Coordinate Attention explicitly
retains coordinate information and is better aligned with the structured distortion pattern
of omnidirectional images. This property makes it suitable for compensating the 1/ cos ¢-
dependent sampling bias in ERP, explicitly aligning the network’s channel-wise spatial
response with the geometric stretching profile.

3.8. Decoder and Loss Function

After multi-scale fusion, the decoder progressively restores spatial resolution and pre-
dicts the final dense depth map. Let Fﬂiu <. denote the fused feature at level k. The decoding
process is formulated as

F'1 = Up(F") + Ft ! )

fuse’

where Up(-) denotes an upsampling operation. The final depth map is generated by

d = fou(F"), (10)
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where fo,¢(-) denotes the final prediction head.
Following common practice in depth estimation, we adopt the reverse Huber loss,
also known as the BerHu loss, to supervise depth prediction:

’ CJd—=d,  jd-d <c ”
BerHu — (d_d;:_,’_czl |d_dA| >, ( )

where d and d denote the ground-truth and predicted depth values, respectively, and ¢
is a threshold that controls the transition between the L; and L, regimes. Rather than
employing a fixed empirical constant, we adopt a batch-adaptive thresholding strategy [8]
where c is dynamically determined for each training batch:

¢ = a - max |d; — dj (12)
1

where « is a scaling factor conventionally set to 0.2. This adaptive mechanism ensures
that the optimization favors L, regularization in early training stages to suppress large
anomalies, and smoothly transitions to L optimization in later stages to preserve sharp
geometric edges.

To validate the robustness of this parameter selection, we conducted a sensitivity
analysis on the 3D60 dataset by varying « € {0.1,0.2,0.3,0.5}. The experimental results
demonstrate a high architectural stability: when « = 0.1, the RMSE slightly degrades
to 0.205 due to premature L; convergence; when « increases to 0.3 and 0.5, the RMSE is
0.203 and 0.206, respectively, as the prolonged L, dominance over-penalizes hard examples.
The standard choice of « = 0.2 yields the optimal RMSE of 0.201, confirming that our
framework is insensitive to minor variations of this threshold while guaranteeing solid
numerical stability.

To further preserve sharp structural boundaries and mitigate blurry depth predictions
near object edges, we supplement the pixel-level proximity supervision with a structural
depth gradient loss Lg,4. The gradient loss penalizes discrepancies in the first-order
derivatives of the predicted depth map along both horizontal and vertical axes, which is
formally defined as:

1Y R
£8md - N Z(’dei — Vi
i=1

+ |y = Vyd

). (13)

where V, and V, denote the spatial gradients along the x and y directions, respectively,
and N represents the total number of valid pixels.

Consequently, the total objective function used to optimize the parallel dual-branch
framework is a weighted combination of the batch-adaptive BerHu loss and the structural
gradient loss:

Liotal = MLBerHu + A2 Lgrad, (14)

where A and A, are balancing hyperparameters tasked with stabilizing the trade-off
between pixel-level convergence and sharp edge preservation, conventionally set to 1.0
and 0.2 during training.

3.9. Discussion

The proposed method explicitly incorporates the geometric properties of ERP into
feature fusion. Unlike previous bi-projection approaches that mainly rely on spatially
uniform fusion, our framework introduces coordinate-aware recalibration to adapt fea-
ture responses according to latitude-dependent distortion. The ERP branch contributes
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global continuity, the CMP branch provides locally distortion-reduced structure, the Trans-
former module enhances long-range context modeling, and Coordinate Attention performs
latitude-aware calibration.

This design explains the empirical observations in our experiments. The model
achieves consistent improvements across multiple benchmarks, significant gains in high-
latitude regions, and stable performance across different latitude bands. These results
demonstrate that distortion-aware feature fusion is essential for robust 360° monocular
depth estimation.

4. Experiments
4.1. Experimental Setup

We conduct extensive experiments to evaluate the proposed distortion-aware bi-
projection fusion framework for 360° monocular depth estimation. The experiments are
designed to answer the following questions: (1) whether the proposed method outperforms
existing omnidirectional depth estimation approaches on standard benchmarks; (2) whether
the MCTF module effectively improves cross-projection feature fusion; (3) whether Coor-
dinate Attention contributes to distortion-aware calibration in high-latitude regions; and
(4) whether the proposed framework maintains a favorable accuracy—efficiency trade-off.

Datasets. We evaluate the proposed method on three widely used omnidirectional
depth estimation benchmarks: 3D60, Matterport3D, and Stanford2D3D [1,3,4]. These
datasets cover both synthetic and real-world indoor panoramic scenes with diverse layouts,
object distributions, and geometric structures. Following prior work, we use the official
training and testing splits of each dataset to ensure fair comparison.

Evaluation Metrics. We adopt standard depth estimation metrics, including Mean
Absolute Error (MAE), Root Mean Square Error (RMSE), Absolute Relative Error (Abs
Rel), and threshold accuracies d1, J, and J3. The threshold accuracy is computed as the
percentage of pixels satisfying

maX<Z’ ;> <125, ie {1,2,3}, (15)

where d and d denote the ground-truth and predicted depth values, respectively. Lower
MAE, RMSE, and Abs Rel indicate better performance, while higher J; values indicate
higher prediction accuracy. All metrics are computed in the ERP domain following the
standard evaluation protocols used in previous omnidirectional depth estimation meth-
ods [3,4].

Implementation Details. The proposed framework is implemented in PyTorch 1.13
with CUDA 11.7. We utilize ResNet-50 backbones pre-trained on ImageNet for both
ERP and CMP encoders [25]. The ERP input resolution is set to 256 x 512, and each
CMP perspective face is resized to 256 x 256. Network training is conducted on 2x
NVIDIA GeForce RTX 3090 GPUs with a total batch size of 16 for 60 epochs. We employ
the AdamW optimizer with a weight decay set to 1 x 10~ and momentum coefficients
B1 = 09,8, = 0.999. The initial learning rate is set to 2 x 10~ and adaptively adjusted
using a cosine annealing schedule, decaying to a minimum threshold of 1 x 10~°. To ensure
strict alignment with prior baseline benchmarks, the model’s inference speed (FPS) and
subsequent complexity analysis are explicitly evaluated on a single NVIDIA GeForce
RTX 3090 GPU. For depth supervision, the network is optimized using the joint objective
function Ly, defined in Equation (14), which balances the batch-adaptive BerHu loss and
the structural gradient loss. All experiments are conducted with fixed random seeds to
guarantee reproducibility.
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To provide deeper insights into the learning stability of the proposed framework,
Figure 5 illustrates the training dynamics on the 3D60 dataset over the entire 60 epochs.
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Figure 5. Training dynamics of the proposed framework on the 3D60 dataset. (a) Training and
validation loss curves. (b) Validation metrics (RMSE and §; accuracy) over training epochs.

As observed in Figure 5a, the training and validation losses exhibit a rapid and smooth
descent during the initial 15 epochs, followed by stable convergence without noticeable
overfitting gaps. Correspondingly, the validation metrics in Figure 5b show continuous
improvement, with RMSE steadily decreasing and the J; accuracy plateauing smoothly
near its optimal value. This robust convergence behavior confirms that the proposed MCTF
module effectively balances the optimization between the global ERP branch and the local
CMP branch without introducing training instability or gradient explosion.

4.2. Comparison with State-of-the-Art Methods

We evaluate the proposed method against representative 360° monocular depth estima-
tion approaches. To ensure a comprehensive and contemporary evaluation, our baselines
encompass both classical CNN-based models (BiFuse [3], HoHoNet [19], UniFuse [4])
and recent state-of-the-art architectures established between 2022 and 2024, including
the Transformer-based PanoFormer [20] and the advanced dual-projection network Bi-
Fuse++ [26]. Quantitative results on the 3D60, Matterport3D, and Stanford2D3D bench-
marks are reported in Table 1. For compactness, we report é; as the primary threshold
accuracy in this text comparison.

As demonstrated in Table 1, the proposed method consistently maintains a superior
or highly competitive edge against both earlier and recent baselines. PanoFormer utilizes
panoramic native horizons for token interactions, achieving a substantial performance leap
over 2021 baselines. However, its purely attention-driven mechanism lacks explicit geomet-
ric constraints. BiFuse++ improves the cross-projection information flow, yielding highly
competitive accuracy rates. In comparison, our framework targets structural distortions
directly, achieving the lowest comprehensive error metrics across the board (e.g., RMSE of
0.201 and Abs Rel of 0.051 on 3D60).

The performance advantage over recent methods is primarily attributed to the Multi-
scale Coordinate-Transformer Fusion (MCTF) module. Instead of relying entirely on
standard spatial attention or generic projection alignment, our framework explicitly binds
the directional features with the continuous geometric distortion profiles of ERP. This tar-
geted latitude-aware feature recalibration allows our network to handle severe distortions
more effectively, confirming that physically motivated structural priors remain highly
advantageous even when compared with sophisticated recent architectures.
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Table 1. Quantitative comparison with state-of-the-art methods on three benchmarks. Best results
are highlighted in bold with light-blue shading, and second-best results are indicated by underlined
italics with light-orange shading.

3D60 Matterport3D Stanford2D3D

Method Pub.

MAE] RMSE| AbsRel| J;T MAEJ] RMSE]| AbsRell 6117 MAE] RMSE] AbsRel| 6171
BiFuse [3] CVPR’20 0.120 0.258 0.071 0945 0.224 0.425 0.138  0.812 0.198 0.385 0.112 0.840
HoHoNet [19] CVPR21 0.115 0.236 0.065 0952 0.210 0.405 0125 0.825 0.185 0.360 0.105 0.865
UniFuse [4] CVPR21 0.104 0.218 0.058  0.968 0.198 0.388 0112  0.848 0.176 0.342 0.098  0.895
PanoFormer [20] ECCV’22 0.101 0.211 0.055 0971 0.192 0.378 0.107  0.858 0.171 0.332 0.093 0.888
BiFuse++ [26] T-PAMI'23  0.098 0.206 0.053 0975 0.187 0.369 0.103  0.866 0.168 0.323 0.090 0.891
Ours Ours 0.095 0.201 0.051 0951 0.182 0.362 0.101  0.875 0.165 0.315 0.088 0.892

As shown in Table 1, the proposed method achieves the best or highly competitive per-
formance across all three benchmarks. On 3D60, our method systematically reduces MAE
to 0.095 and RMSE to 0.201 compared with the state-of-the-art BiFuse++. Although our
method’s 61 accuracy is slightly compromised on 3D60 in favor of massive global geo-
metric corrections, it significantly minimizes holistic depth anomalies, resulting in the
lowest overall error margins. On Matterport3D, the proposed method achieves robust
improvements across all reported metrics, demonstrating its strong generalization in real-
world indoor panoramic scenes. On Stanford2D3D, our method obtains the lowest MAE,
RMSE, and Abs Rel, while securing a J; value that remains highly competitive with the
highest-performing baselines.

These performance gains are intrinsically linked to the complementary design of the
proposed architecture. ERP features preserve global scene continuity, CMP features inject
locally distortion-reduced structures, and the MCTF module adaptively recalibrates fused
features based on spatially varying latitude distortion. Consequently, the proposed method
demonstrates superior robustness against geometrically challenging regions compared to
spatially uniform fusion strategies.

4.3. Ablation Study and Performance Analysis

To verify the contribution of each component, we conduct comprehensive ablation
experiments on the 3D60 dataset. The ablation study evaluates the effects of different
projection representations and the proposed MCTF module.

4.3.1. Component-Wise Analysis

Table 2 reports the quantitative results of different architectural configurations.
The ERP-only baseline preserves global continuity but suffers from severe latitude-
dependent distortion. The CMP-only baseline reduces local distortion but loses global
coherence due to cube-face discontinuities. Naive bi-projection fusion improves perfor-
mance by combining the two representations, but it lacks distortion-aware calibration.
In contrast, the full model with MCTF achieves the best results across all error and accu-
racy metrics.

Compared with the ERP baseline, naive bi-projection fusion reduces RMSE from 0.255
to 0.235, confirming the complementarity between ERP and CMP representations. After in-
troducing MCTF, RMSE is further reduced to 0.201, corresponding to a 21.2% reduction
compared with the ERP baseline. Meanwhile, ; improves from 0.902 to 0.951. These results
demonstrate that MCTF is essential for effectively reconciling the geometric discrepancy
between ERP and CMP features.
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Table 2. Comprehensive ablation analysis of architectural components and projection representations
on the 3D60 dataset. Best results are highlighted in bold with light-blue shading, and second-best
results are indicated by underlined italics with light-orange shading.

Key Modules Error Metrics | Accuracy Metrics 1
Configuration
ERP CMP MCTF MAE RMSE  AbsRel o1 &2 J3
(a) ERP Baseline v 0.118 0.255 0.068 0.902 0975  0.991
(b) CMP Baseline v 0.121 0.260 0.072 0.895 0971  0.988
(c) Bi-Projection (Naive) v v 0.110 0.235 0.062 0.925 0982  0.995
(d) Ours (Full) v v v 0.095 0.201 0.051 0.951  0.989  0.998

Figure 6 further visualizes the incremental error reduction across different configura-
tions. The transition from the ERP baseline to the bi-projection setting reduces both MAE
and RMSE, while the full MCTF model provides the most substantial gain. This confirms
that distortion-aware fusion is more effective than simply concatenating features from
different projections.

Incremental Gain of Architectural Components
| | |

0.3 - RMSE - l
0 255 L2y
0.235
)
3 0.201
o] - _
B 0.2
9]
v
)
E 0118 ot
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Figure 6. Component-wise error reduction analysis. The integration of the CMP branch and the
MCTF module progressively reduces depth estimation errors, with MCTF providing the most signifi-
cant improvement.

4.3.2. Decoupling the MCTF Module

To further analyze the roles of Transformer-based global modeling and Coordinate
Attention-based calibration, we decouple the MCTF module and report the results in
Table 3. In addition to global RMSE and d;, we report polar-region RMSE, denoted as
P.-RMSE, to measure robustness in high-distortion regions.

The Transformer module improves global contextual modeling, reducing RMSE from
0.235 to 0.221. Coordinate Attention provides a larger improvement in the polar regions,
reducing P.-RMSE from 0.332 to 0.288. This result supports our motivation that Coordinate
Attention is particularly effective for latitude-aware distortion calibration. Combining
Transformer and Coordinate Attention achieves the best overall performance, indicating
that global context modeling and coordinate-aware recalibration are complementary.
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Table 3. Decoupling analysis of the MCTF module on the 3D60 dataset. P.-RMSE refers to RMSE in
polar regions. Best results are highlighted in bold with light-blue shading, and second-best results
are indicated by underlined italics with light-orange shading.

Configuration Trans. CA RMSE | ot P-RMSE |
(a) Base + CMP 0.235 0.925 0.332
(b) Base + CMP + Trans. v 0.221 0.938 0.315
(c) Base + CMP + CA v 0.212 0.942 0.288
(d) Full MCTF v v 0.201 0.951 0.280

Quantitative Validation of Boundary Smoothing. To verify the explicit claim that the
3 x 3 convolution within the MCTF module actively contributes to boundary smoothing
across the truncated faces of the Cube Map Projection (CMP), we introduce a specialized
metric designated as Boundary RMSE (RMSE,,,un4). Specifically, we construct a binary
mask Mpoung that encapsulates a narrow band of width § = 8 pixels centered along the
12 projected boundaries of the cube faces. The metric is computed as:

~

RN[SEbouncl = (di - di)z' (16)

1
\/ ‘Mbound| i€M§nmd

In our ablation analysis, omitting the 3 x 3 convolution layer from the fusion interface
causes the RMSEy,,ung to sharply rise to 0.248, driven by severe structural stitching artifacts
and feature misalignment across the face transitions. Upon re-introducing the 3 x 3 con-
volution, the RMSE},q,;nq drops substantially to 0.207 (a relative error reduction of 16.5%),
whereas the error in the internal face regions exhibits a negligible change (from 0.198
to 0.195). This quantitative disparity provides concrete mathematical evidence that the
local receptive field of the 3 x 3 convolution successfully bridges spatial discontinuities,
validating its designated role as a boundary smoothing operator.

4.3.3. Attention Mechanism Replacement Analysis

To verify whether the performance gain genuinely originates from our coordinate-
aware geometric encoding rather than a general increase in attention capacity, we conduct
a replacement ablation study on the 3D60 dataset. We keep the base architecture and
the Transformer module unchanged, substituting Coordinate Attention (CA) with other
representative attention modules: SE [23], CBAM [24], and Axial Attention [27].

As reported in Table 4, while general attention modules such as SE and CBAM bring
marginal improvements over the baseline by re-weighting channel or spatial features,
their gains are notably limited. This is primarily because SE completely discards spatial
positional information via global pooling, and CBAM captures spatial relations uniformly,
failing to model the latitude-dependent geometric distortion inherent in ERP. Axial Atten-
tion achieves better accuracy by decomposing 2D attention into 1D horizontal and vertical
axes, but it incurs a heavy computational burden (Params expand to 67.85M and GFLOPs
scale up to 246.30 G) and lacks explicit coordinate priors.

In contrast, our proposed configuration utilizing Coordinate Attention yields the most
significant error reduction (e.g., RMSE drops to 0.201) while maintaining a competitive
computational profile. This confirms the uniqueness and necessity of coordinate-aware
encoding: it explicitly binds the vertical coordinate channels with the 1/ cos ¢ sampling
bias, enabling the network to effectively recalibrate feature responses in highly distorted
regions rather than merely relying on increased parameter capacity.
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Table 4. Ablation study on different attention mechanisms within the MCTF module on the 3D60
dataset. Best and second-best values are indicated according to the metric directions; best values
are highlighted in bold with light-blue shading, and second-best values are indicated by underlined
italics with light-orange shading.

Configuration RMSE| MAE| AbsRell &1 Params(M)| GFLOPs|
Baseline (w/o Attention) 0.221 0.106 0.059 0.938 61.20 220.10
+ SE [23] 0.219 0.105 0.058 0.940 61.34 220.32
+ CBAM [24] 0.216 0.103 0.056 0.943 61.41 220.75
+ Axial [27] 0.207 0.098 0.053 0.948 67.85 246.30
+ CA (Ours) 0.201 0.095 0.051 0.951 62.50 225.80

4.4. Distortion-Aware Regional Evaluation

To evaluate the robustness of different methods under latitude-dependent distortion,
we compare the performance in equatorial and polar regions. The polar region is defined
as the high-latitude area where ERP distortion is more severe. To maintain strict evaluation
consistency with the global benchmarks, we extend this regional analysis to encompass all
representative baselines, including the Transformer-based PanoFormer and the advanced
dual-projection BiFuse++. Table 5 reports RMSE and 4; in equatorial and polar regions.

Table 5. Regional performance comparison between equatorial and polar regions. Best results are
highlighted in bold with light-blue shading, and second-best results are indicated by underlined
italics with light-orange shading.

Method E.-RMSE | P-RMSE | E.- 61 T P-61 1
BiFuse [3] 0.210 0.350 0.952 0.881
UniFuse [4] 0.200 0.320 0.961 0.903
PanoFormer [20] 0.185 0.315 0.982 0.908
BiFuse++ [26] 0.182 0.288 0.985 0.918
Ours 0.180 0.270 0.975 0.942

As demonstrated in Table 5, the inclusion of recent SOTA architectures reveals a clear
performance trade-off in omnidirectional depth estimation. While heavily parameterized
models like PanoFormer and BiFuse++ achieve exceptionally high threshold accuracy (1)
in the low-distortion equatorial regions (0.982 and 0.985, respectively), their performance
suffers substantial degradation in the high-distortion polar regions. PanoFormer, lacking
explicit geometric constraints, experiences a significant P.-RMSE increase to 0.315.

In contrast, our proposed method explicitly models the latitude-dependent sampling
bias through the MCTF module. While our model yields a slightly lower equatorial J;
(0.975) compared to BiFuse++, it completely dominates the highly distorted polar regions,
reducing P.-RMSE to an unprecedented 0.270 and improving P.-4; to 0.942. This regional
evaluation perfectly elucidates our method’s global superiority in Section 4.2: by mitigating
the severe boundary anomalies at the poles through coordinate-aware calibration, our
framework effectively eliminates the most dramatic depth errors, thereby securing the
lowest overall global RMSE.

4.5. Fine-Grained Latitude-Wise Analysis

To further investigate distortion robustness, we partition the ERP image into ten
latitude bands ranging from the South Pole to the North Pole. This fine-grained analysis
allows us to observe how different architectures adapt to the varying sampling bias of ERP.
The comprehensive results are summarized in Table 6.
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Table 6. Fine-grained latitude-wise RMSE comparison across ten bands on 3D60. Best results are
highlighted in bold with light-blue shading, and second-best results are indicated by underlined
italics with light-orange shading.

Band ERP HoHoNet BiFuse UniFuse PanoFormer BiFuse++ Ours
[—90°, —72°] 0.410 0.385 0.360 0.310 0.315 0.288 0.280
[—72°,—54°] 0.350 0.330 0.320 0.280 0.282 0.258 0.250
[—54°, —36°] 0.290 0.285 0.270 0.240 0.245 0.225 0.220
[—36°, —18°] 0.250 0.240 0.240 0.210 0.212 0.195 0.190
[—18°,0°] 0.220 0.215 0.210 0.190 0.185 0.188 0.180
[0°,18°] 0.222 0.217 0.212 0.192 0.188 0.190 0.181
[18°,36°] 0.240 0.235 0.230 0.210 0.215 0.205 0.200
[36°,54°] 0.290 0.280 0.270 0.240 0.248 0.228 0.220
[54°,72°] 0.350 0.335 0.310 0.280 0.285 0.255 0.250
[72°,90°] 0.400 0.370 0.350 0.310 0.320 0.285 0.280

As shown in Table 6, several key observations emerge regarding the effectiveness of
our coordinate-aware approach:

1.  High-Latitude Robustness: The ERP baseline exhibits a U-shaped error distribution,
with error peaks at the poles reaching 0.400 RMSE. While BiFuse++ and PanoFormer
manage to reduce this to 0.285-0.320 through advanced feature aggregation, our
method consistently achieves the lowest RMSE (0.280) in the extreme polar bands
(|72°|~90°). This confirms that our coordinate-aware calibration specifically tar-
gets the non-uniform sampling density of ERP, whereas Transformer-based models
(PanoFormer) primarily rely on global context, which is less effective against geomet-
ric distortion.

2. Equatorial Performance Alignment: In the equatorial bands (|0°| ~ 18°), PanoFormer
achieves competitive performance (0.185-0.188 RMSE), occasionally surpassing Bi-
Fuse++ due to the self-attention mechanism’s ability to model long-range spatial
dependencies. However, our method remains superior or on par, demonstrating that
by re-calibrating features based on coordinate priors, we maintain high fidelity in
low-distortion regions without sacrificing accuracy in high-distortion regions.

3.  Symmetry and Stability: Our model demonstrates superior symmetry in prediction
errors between the northern and southern hemispheres, indicating that the MCTF
module is effectively agnostic to the direction of latitude-dependent distortion. This
stability suggests that our framework is highly reliable for real-world applications
where the camera’s orientation is subject to change.

4.6. Efficiency and Scalability Analysis

To evaluate the computational efficiency and real-world deployment viability of the
proposed framework, we compare the model complexity against existing state-of-the-art
methods in terms of network parameters (Params), Floating Point Operations (GFLOPs),
and Inference Speed (FPS). For a fair benchmark, all metrics are measured using a standard
input resolution of 256 x 512, with FPS evaluated on a single NVIDIA RTX 3090 GPU.
The comprehensive results are reported in Table 7.

As shown in Table 7, our model achieves an optimal balance between estimation
accuracy and computational overhead. While UniFuse possesses slightly fewer parame-
ters, its depth estimation accuracy is significantly lower than ours, particularly in highly
distorted polar regions. Compared to recent high-performance architectures like the
Transformer-based PanoFormer and the advanced dual-projection BiFuse++, our frame-
work requires fewer parameters and lower computational costs (62.5 M Params and
225.8 GFLOPs), yet yields superior performance across major benchmarks. This demon-
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strates that our coordinate-aware geometric encoding addresses latitude distortion through
efficient targeted feature recalibration rather than blind parameter expansion, confirming
its high efficiency.

Table 7. Model complexity and inference speed comparison at 256 x 512 resolution. Best and
second-best values are indicated according to the metric directions; best values are highlighted
in bold with light-blue shading, and second-best values are indicated by underlined italics with
light-orange shading.

Method Pub. Params (M) | FLOPs (G) | FPS 1
BiFuse [3] CVPR’20 253.0 450.2 8
HoHoNet [19] CVPR21 98.4 285.0 15
UniFuse [4] CVPR21 56.2 210.5 25
PanoFormer [20] ECCV'22 72.3 285.4 -
BiFuse++ [26] T-PAMI'23 64.9 235.2 -
Ours Ours 62.5 225.8 22

Note: Gray shading indicates the proposed method.

To comprehensively address the varying resolution requirements of diverse real-world
applications and hardware constraints, we further evaluate the scalability of our proposed
framework. Table 8 details the computational footprint and inference speed of our model
across multiple continuous input resolutions.

Table 8. Efficiency and scalability analysis of the proposed framework under different input resolutions.

Input Resolution FLOPs (G) | VRAM (MB) | FPS 1
128 x 256 56.5 1450 58
256 x 512 225.8 2850 22
512 x 1024 915.4 8120 7
1024 x 2048 3850.2 23450 2

As illustrated in Table 8, the computational overhead scales predictably with the input
dimensions. Notably, when the spatial resolution increases from 256 x 512 to 512 x 1024
(a 4x increase in pixel count), the FLOPs scale by slightly more than a factor of four
(from 225.8 G to 915.4 G). This non-linear scaling margin is mathematically consistent with
the O(N?) complexity of the global self-attention mechanism within our MCTF module.
Furthermore, the model efficiently manages memory, requiring only 2850 MB of VRAM at
the standard testing resolution, making it highly deployable for edge applications. Even at
the extreme 4K-level panoramic resolution (1024 x 2048), the framework can still execute
within the 24 GB VRAM limit of consumer-grade flagship GPUs, demonstrating robust
architectural scalability.

4.7. Qualitative Results

Figure 7 presents qualitative depth estimation results and reconstructed 3D point
clouds on real and synthetic scenes. For each scene, we show the input ERP image,
predicted depth map, and reconstructed point clouds rendered from multiple viewpoints.

The proposed method produces depth maps with clear structural boundaries and
geometrically coherent point clouds. In particular, the ceiling and floor regions are recon-
structed with high fidelity, indicating that the proposed MCTF module effectively improves
depth prediction in polar regions. The consistent quality across real and synthetic scenes
further demonstrates the generalization capability of the proposed framework.
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(a) real data (b) real data
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Figure 7. Qualitative depth estimation results and 3D point cloud reconstructions. (a,b) show results
on real-world indoor scenes from Stanford2D3D, while (c) shows results on a synthetic scene. For each
scene, we present the input ERP image, predicted depth map, and reconstructed 3D point clouds
rendered from multiple viewpoints.

5. Conclusions

In this paper, we presented a distortion-aware bi-projection fusion framework for 360°
monocular depth estimation. The proposed framework jointly exploits the complementary
advantages of equirectangular projection (ERP) and cube map projection (CMP). Specif-
ically, the ERP branch preserves global contextual continuity across the panoramic field
of view, while the CMP branch provides locally distortion-reduced geometric represen-
tations. To effectively fuse these two projection domains, we introduced the Multi-scale
Coordinate-Transformer Fusion (MCTF) module, which integrates convolutional feature
mixing, Transformer-based global context modeling, and Coordinate Attention-based
spatial recalibration.

The key insight of this work is that ERP distortion is not random but follows a latitude-
dependent geometric pattern. By explicitly connecting the 1/ cos ¢ sampling bias of ERP
with the vertical coordinate encoding in Coordinate Attention, the proposed MCTF module
enables latitude-aware feature calibration. This design allows the network to adaptively
adjust feature responses in high-distortion regions while preserving global structural
consistency through Transformer-based long-range modeling.

Extensive experiments on the 3D60, Matterport3D, and Stanford2D3D benchmarks
demonstrate the effectiveness of the proposed method. Compared with existing omnidirec-
tional depth estimation methods, the proposed framework achieves superior or competitive
performance across standard depth estimation metrics. Ablation studies verify the effective-
ness of both the bi-projection design and the MCTF module. In particular, the latitude-wise
evaluation shows that the proposed method substantially reduces depth estimation errors
in polar regions, achieving a 30% RMSE reduction over the ERP baseline in the extreme
high-latitude band. These results confirm that coordinate-aware feature recalibration is
effective for mitigating latitude-dependent distortion in omnidirectional depth estimation.

Despite these promising results, several limitations remain. First, the current frame-
work focuses on still-image depth estimation and does not explicitly model temporal
consistency in panoramic videos. Second, although CMP alleviates local distortion, cube-
face discontinuities may still introduce boundary artifacts during feature alignment. Third,
the proposed MCTF module improves distortion robustness but introduces additional com-
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putational cost compared with simpler fusion strategies. Fourth, the evaluation is currently
confined to indoor panoramic scenes, meaning that its generalizability to unconstrained
outdoor environments with vast scale variations and complex illumination remains to be
further explored.

Future work will focus on four directions. First, we will extend the proposed frame-
work to panoramic video depth estimation by incorporating temporal consistency and
motion-aware fusion. Second, more advanced projection alignment strategies will be
explored to further reduce cube-face boundary artifacts. Third, lightweight MCTF vari-
ants will be investigated to improve deployment efficiency on real-time and resource-
constrained platforms. Fourth, we aim to integrate domain adaptation strategies to handle
the distinct geometric structures of outdoor scenarios, validating our approach on diverse
outdoor 360° datasets. Overall, the proposed framework provides an effective and physi-
cally motivated solution for robust 360° monocular depth estimation and offers a promising
direction for distortion-aware omnidirectional scene understanding.
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