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Abstract

Object detection in omnidirectional (360°) images
is a critical task for robotics and immersive applica-
tions. However, its development is severely hampered
by the significant geometric distortion and longitudi-
nal circular topology inherent in the Equirectangular
Projection (ERP). Directly applying standard 2D detec-
tors often leads to a substantial performance drop as
they ignore the underlying spherical geometry. To ad-
dress these challenges, we propose Sphere-CenterNet, a
framework that systematically embeds spherical aware-
ness into a single-stage, anchor-free detector. Our
core contribution lies in a novel, geometry-aware net-
work architecture featuring two key innovations. First,
we introduce the Latitude-Aware Deformable Convolu-
tional Network (LADCN), which integrates our original
Spherical Latitude Attention (LAA) mechanism with
Deformable Convolution (DCN). This allows the net-
work to adaptively adjust feature sampling locations
and response intensities according to the varying distor-
tion patterns across different latitudinal regions. Sec-
ond, we construct a Seamless Multi-Scale Fusion Neck,
based on a Feature Pyramid Network and built entirely
with Circular Convolutions, ensuring the strict preser-
vation of 360° topological continuity during cross-scale
feature fusion. This architecture is embedded within
an end-to-end spherical detection pipeline that operates
entirely in the spherical coordinate system. Extensive
experiments on the public 360-Indoor and PANDORA
datasets demonstrate the state-of-the-art performance
of our method. On 360-Indoor, our model achieves
16.8% mAP, 32.8% AP50, and 15.2% AP75. On the
more challenging PANDORA oriented detection task, it
also achieves excellent results of 15.3% mAP and 31.5%
AP50, fully validating the effectiveness and generaliza-
tion capability of our proposed architecture.

Keywords: Equirectangular Projection Image, Sphere
Object Detection, Spherical Awareness, Spherical Center-
Net.
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Figure 1. Non-uniform sampling on the sphere. The formulas
show the conversion between spherical element coordinates and
ERP image coordinates, as well as an approximate distortion fac-
tor formula. Interpolation algorithms are required when converting
a panoramic spherical image to an ERP image.

1. Introduction

With the rapid development of fields such as virtual
reality (VR), augmented reality (AR), autonomous driv-
ing, and robotics, the demand for intelligent agents with
360° environmental perception capabilities is increasingly
urgent [15, 30]. Omnidirectional Images (ODIs), particu-
larly panoramas presented in the Equirectangular Projec-
tion (ERP) format, have become a key data carrier for
achieving this goal due to their ability to provide a com-
plete, unobstructed field of view. However, as introduced
by Khasanova et al. [13], while the ERP format is conve-
nient for data storage, its unique projection method poses
fundamental challenges to high-precision object detection,
severely hindering the direct application of existing ad-
vanced detection algorithms. Unlike traditional planar per-
spective images, the pixel coordinates (u,v) in an ERP im-
age do not correspond to a uniform Euclidean grid [27]. In-
stead, they can be understood as a non-linear sampling of
points on a unit sphere, as shown in Figure 1. Each pixel
in an ERP image uniquely corresponds to a spherical coor-
dinate (0, ¢), where 6 represents the polar angle (latitude)
and ¢ represents the azimuthal angle (longitude). This “un-
folding” mapping from the sphere to a 2D plane leads to
a series of fundamental challenges, and methods for object
detection based on ERP images and spherical coordinates
are known as panoramic image object detection.

In general, panoramic images present two key problems:
(1) Severe geometric distortion: The shape, size, and orien-
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Figure 2. Geometric distortion caused by ERP projection. A regu-
larly shaped object on the sphere is severely stretched near the top
of the image (high latitude). A standard 2D bounding box (red) in-
cludes a large amount of background to enclose the object, while
an ideal bounding box (green) should conform to the spherical ge-
ometry. When an object crosses the seam (blue), it is split into two
parts in the ERP image.

tation of an object in the image change significantly with
its latitudinal position on the sphere. As shown in Fig-
ure 2, a regularly shaped object in the real world is non-
linearly stretched into an extremely wide, flat shape when
it is near the top and bottom edges of the image (i.e., the
north and south poles of the sphere). This geometric dis-
tortion not only makes it difficult for deep learning models
to extract and understand object features but also compli-
cates the calculation of Intersection over Union (IoU) for
objects in panoramic images. (2) Topological discontinu-
ity: The left and right boundaries of an ERP image are
seamlessly connected on the sphere. This causes an ob-
ject that straddles the 180° meridian to be split into two
separate parts, appearing at opposite ends of the 2D im-
age. These characteristics severely violate the fundamen-
tal assumptions of “translation invariance” [27] and “spatial
feature stationarity” [7] that standard Convolutional Neural
Networks (CNNs) rely on. This makes it difficult for the
model to understand the unity of objects crossing the seam,
leading to a significant drop in performance when directly
applying advanced 2D detectors (e.g., YOLO, R-CNN), as
their receptive fields cannot effectively match the deformed
objects.

To address these challenges, existing research has largely
followed two main technical routes: Projection-Driven
and Distortion-Aware [15]. Projection-driven methods aim
to circumvent distortion by re-projecting the ERP image
into one or more formats with less distortion (e.g., Cube-
map [!8], projections based on heterogeneous polyhedra
by Cohen et al. [0], or perspective sub-images by Yang et
al. [25]), thereby directly utilizing mature 2D detectors de-
signed for perspective images. However, while these meth-
ods reduce distortion locally, they introduce new problems:
they disrupt the integrity of the image, leading to boundary
stitching issues between views, and often result in a signif-
icant increase in computational overhead due to the need
for multiple model forward passes and image re-projection

and restoration. In contrast, distortion-aware methods are
a more mainstream approach. They choose to process the
ERP image directly, adapting the network architecture it-
self to handle the distortion. For instance, some works
design deformable convolutional kernels or define convo-
lution operations directly on the sphere (e.g., SphereNet,
SPHCONV [7]) to allow the model to autonomously learn
and adapt to geometric deformations. Cho et al. [4] used
a Transformer-based architecture with an attention mech-
anism to enhance the perception of distortion. Although
these methods have made significant progress in feature ex-
traction, they are often “piecemeal” solutions that only ad-
dress an isolated problem in the entire pipeline or lead to
difficulties in model convergence and high computational
costs due to their special feature extraction methods.

Therefore, we believe that a systematic, end-to-end so-
lution is necessary. We propose Sphere-CenterNet, a novel
framework that systematically injects spherical awareness
into every stage of a single-stage, anchor-free detector. Un-
like previous work that focused on improving a single mod-
ule, our work deeply optimizes both the feature extraction
and feature fusion stages:

First, in the feature extraction stage, we propose a novel
hybrid spherical feature extraction architecture. This archi-
tecture follows the design philosophy of using strict geo-
metric priors at the low level and data-driven adaptation at
the high level. In the shallow layers of the network, we
use strict spherical convolution (SphereConv, proposed by
Coors et al. [7]) to establish geometrically correct initial
features. In the deeper layers, we use our original Latitude-
Aware Deformable Convolutional module (LADCN). By
integrating the Spherical Latitude Attention (LAA) mech-
anism with Deformable Convolution (DCN [23]), this mod-
ule can adaptively adjust sampling locations and feature re-
sponses according to the varying distortion patterns at dif-
ferent latitudes, thus flexibly modeling complex semantic
deformations. Second, in the feature fusion stage, we con-
struct a seamless multi-scale feature fusion neck. This neck
is based on the efficient Bi-directional Feature Pyramid Net-
work (EBiFPN [3]), uses SphericalWConv convolution for
weighted computation of the horizontal spatial dimension,
and is built entirely with Circular Convolutions, strictly en-
suring the preservation of 360° topological continuity dur-
ing cross-scale fusion. We believe that this comprehensive
geometry-aware design, from feature extraction to feature
fusion, is the optimal path that balances theoretical com-
pleteness and model flexibility. The main contributions of
this paper can be summarized as follows:

* A systematic spherical detection framework: We
propose Sphere-CenterNet, an end-to-end panoramic
object detection framework. Unlike the piecemeal im-
provements in existing work, this framework natively
supports spherical geometric coordinates at multiple



levels, including supervision, feature extraction, fea-
ture fusion, and post-processing, forming a complete
and self-consistent solution.

* A novel hybrid feature extractor: We designed a
hybrid spherical feature extractor following the phi-
losophy of using strict geometric priors at the low
level, data-driven adaptation at the high level. It effi-
ciently handles the complex distortions of ERP images
in a hierarchical manner by using spherical convolu-
tion (SphereConv) in the shallow layers, integrating
our original Latitude-Aware Deformable Convolution
(LADCN) in the deep layers, and designing a more
lightweight and adaptable EBiFPN Lite module for the
neck based on the BiFPN feature fusion idea.

2. Related Work

This section will review the three areas most relevant to
our work: general 2D object detection, object detection in
omnidirectional images, and technologies related to spheri-
cal bounding boxes and IoU calculation.

2.1. General 2D Object Detection

In recent years, 2D object detection based on deep con-
volutional neural networks (CNNs) has made significant
progress, achieving extremely high accuracy on large public
datasets such as COCO and ImageNet. Existing object de-
tection methods can be broadly divided into two-stage and
single-stage detectors. Two-stage methods, represented by
Faster R-CNN [20], first generate candidate regions through
a Region Proposal Network (RPN) and then perform classi-
fication and regression, typically achieving higher accuracy
but at a slower speed. Another CenterNet-based [33] two-
stage detector, CenterNet2 [32], essentially uses CenterNet
as an RPN to propose better candidate regions. Although
it improves the accuracy of candidate regions, it still leads
to certain errors in panoramic object detection tasks. In
contrast, single-stage methods, represented by YOLO [19]
and SSD [16], perform dense prediction directly on feature
maps, eliminating the region proposal step and achieving
faster detection speeds. However, most of these mainstream
methods rely on a set of predefined anchor boxes with fixed
sizes and aspect ratios for prediction. This prior design
faces fundamental challenges when dealing with panoramic
images with severe geometric deformations. The apparent
shape of objects in an ERP image changes dramatically with
latitude; a fixed object may appear square near the equator
but be stretched into an extremely wide, flat shape at high
latitudes. Therefore, designing a set of anchor boxes that
can effectively match all possible deformations becomes al-
most impossible, leading to a large number of low-quality
proposals, often with localization deviations and bound-
ary tearing issues, which seriously affect detection perfor-

mance. To overcome the reliance on anchor boxes, anchor-
free detectors have emerged, with FCOS [22] and Center-
Net [33] being outstanding representatives. These methods
no longer rely on fixed anchor boxes but instead treat ob-
ject detection as a problem of locating keypoints (such as
center points or corner points) and regressing related at-
tributes (such as size). This paradigm is naturally more
suitable for panoramic images because it focuses on the
relatively more stable geometric features of objects (like
the center point) rather than their easily variable apparent
shapes on a 2D plane. In particular, CenterNet simplifies the
object detection task to keypoint estimation of object cen-
ters and directly predicts the object’s size through regres-
sion. Its simple, efficient, and powerful paradigm makes it
an ideal baseline model that is more robust geometrically.
Furthermore, its design of center points and sizes naturally
aligns with the annotation format of panoramic object de-
tection (see Section 2.3), making it a better choice for this
task. In summary, our Sphere-CenterNet is built upon the
powerful anchor-free idea of CenterNet, trained and evalu-
ated entirely based on spherical coordinates, and has been
systematically adapted for spherical geometry in every as-
pect from supervision to network architecture to fully un-
leash its potential in omnidirectional image detection tasks,
truly achieving an end-to-end panoramic image detection
pipeline.

2.2. Object Detection in 360° Images

The core challenge of object detection in omnidirec-
tional images lies in handling the three structural prob-
lems caused by Equirectangular Projection (ERP): geomet-
ric distortion, non-uniform sampling, and boundary conti-
nuity [15]. These characteristics severely violate the funda-
mental assumptions, such as “translation invariance,” that
CNNs designed for standard perspective images rely on.
To address these challenges, researchers have conducted
extensive explorations. Early work focused on modify-
ing the core operators of the network, which later evolved
into two mainstream technical routes: Distortion-Aware and
Projection-Driven.

Projection-based Methods. To directly circumvent the
severe distortion of the ERP format, one class of meth-
ods first re-projects the ERP image into one or more for-
mats with less distortion. For example, as discussed in
Ref. [1], Cubemap (CMP/CP) projects the spherical image
onto the six 90° orthogonal faces of a cube; Tangent Pro-
jection (TP) projects the spherical content onto multiple lo-
cal tangent planes, generating approximately distortion-free
image patches; Stereographic Projection is another com-
mon projection method, for example, the work of Yang et
al. (2018) [25] converts one ERP image into four stereo-
graphic sub-images. The workflow of these methods typ-
ically involves running mature 2D detectors (like YOLO)



independently on each projected view and then merging the
detection results from each view back into the original ERP
coordinate system through a post-processing step. A rep-
resentative work is Reprojection R-CNN [28]. However,
while this strategy reduces distortion locally, it introduces
a series of new problems: 1) Object splitting: Objects that
cross the boundaries of different views are segmented, re-
quiring complex post-processing heuristics for stitching and
merging results. 2) High computational cost: It usually re-
quires performing model forward propagation on multiple
views separately, leading to a significant increase in com-
putational overhead. 3) Loss of global context: Processing
each view independently destroys the integrity of the scene,
preventing the model from utilizing the rich global context
information provided by the panoramic image.

Distortion-Aware Network Design. Unlike re-
projection methods, this approach aims to natively handle
the geometric properties of ERP images by directly modi-
fying the architecture of the deep learning model. The re-
search focuses on how to adapt the convolution operation
to the non-Euclidean manifold structure of ERP. 1) Data-
driven adaptive convolution: Some works use Deformable
Convolution (DCN) [23]. DCN allows the sampling points
of the convolution kernel to be dynamically offset on the
feature map, enabling the network to autonomously learn
the local geometric deformation of objects from data. For
the non-linear stretching of objects in ERP images that
varies with latitude, DCN provides a flexible, data-driven
solution, such as in PV-YOLO [12]. 2) Spherical convolu-
tion based on strict geometric priors: Other works pursue
stricter geometric correctness. Yu et al. [26] used a network
for feature extraction from panoramic images. The most
authoritative is SphereNet [7], which proposed a true spher-
ical convolution and pooling method. Since the correspon-
dence between spherical coordinates and pixel coordinates
is only related to the image width and height, this method
uses grid_sample to make the convolution sample fixed
spherical grid pixels, ensuring that the receptive field of the
convolution is uniform and distortion-free on the sphere,
achieving rotation equivariance. These methods have made
significant progress in feature extraction, enabling the net-
work to “understand” distorted objects.

2.3. Evolution of Spherical Bounding Box and loU

As research deepened, it has been widely recognized
that, in addition to modifying the network structure, a more
fundamental challenge lies in how to geometrically repre-
sent and evaluate objects in panoramic images correctly. As
shown in Figure 2, directly using axis-aligned 2D rectan-
gular boxes to enclose objects, especially in high-latitude
regions, inevitably introduces a large amount of irrelevant
background area or fails to tightly fit the object’s contour,
thereby severely affecting the model’s localization accu-

Figure 3. Effect of annotating in spherical space with planar boxes
and then converting to an ERP image.

racy. This has driven the development of spherical bounding
boxes and their Intersection over Union (IoU) calculation
methods.

To more accurately enclose objects, the Bounding Field
of View (BFoV) and its rotated form (RBFOV), as intro-
duced by Zhao et al. [29], are defined directly on the sphere.
The annotation format is (6, ¢, «, 8, (7)), where (6, ¢) rep-
resent the longitude (azimuthal angle) and latitude (polar
angle) of the object’s center, determining its position on the
sphere; («, ) represent the horizontal and vertical fields of
view, defining the object’s extent in angular space; and ~y
represents the object’s rotation angle. This representation
of object shape is not adversely affected by the object’s po-
sition on the sphere. However, this shift also brought the
core challenge of how to accurately calculate the IoU be-
tween two spherical boxes. The technological evolution in
this area clearly reflects the trade-offs and breakthroughs
among accuracy, efficiency, and differentiability, as shown
in Table 1.

Early Approximate Calculations (Sph-IoU [31], FoV-
IoU [2]): As early approximate solutions, their core idea
was to circumvent complex spherical geometry calculations
through simplified mappings. Although somewhat better
than the original 2D planar IoU, their approximation strate-
gies were too coarse, leading to significant deviations from
the true IoU and insufficient accuracy when dealing with
complex distortions in high-latitude regions.

Exact Analytical Solution (Unbiased IoU [S]): To es-
tablish an unbiased evaluation standard, Dai et al. (2022)
proposed Unbiased-IoU, the first method capable of calcu-
lating the exact analytical solution for IoU using spherical
geometry formulas. Due to its mathematical completeness,
it is recognized as the “gold standard” for spherical IoU cal-
culation and is the most reliable metric for evaluating model
performance. However, its complex analytical process leads
to high computational costs, and most critically, it is non-
differentiable. This fatal flaw prevents it from being used
as a loss function in the training of modern detectors, caus-
ing an inconsistency between the training objective (e.g., L1
Loss) and the final evaluation metric (IoU).

Practical and Differentiable Breakthrough (Sph2Pob



[17]): To solve the aforementioned disconnect between
training and evaluation, Liu et al. (2023) proposed
Sph2Pob. Its core contribution is to equivalently transform
the complex spherical IoU problem into the well-solved pla-
nar oriented box IoU problem. This clever transformation
not only yields a highly accurate approximate IoU but, more
importantly, inherits the excellent properties of being effi-
cient and differentiable from planar IoU calculators. The
emergence of Sph2Pob was a key breakthrough, as it made
it possible to apply advanced IoU-based loss functions (like
CloU-Loss) to the end-to-end training of spherical object
detectors.

Method R.all™ Rlow"” Righ™ T.cpu# T_cuda#
Sph 0.7819  0.9922 0.4274 0.0364 0.0013
Fov 0.9600  0.9974 0.8860 0.0372 0.0014
Sph2Pob  0.9989  0.9990 0.9988 22275 0.0038
Unbiased 1.0000  1.0000 1.0000  46.4417 -

Table 1. Comparison of panoramic IoU calculation efficiency. This
experiment is from the Sph2Pob paper and was tested in our ex-
perimental environment.

It is based on this technological evolution that our
Sphere-CenterNet framework stands on the shoulders of gi-
ants. By using a differentiable IoU loss based on Sph2Pob
during training and Unbiased IoU as the gold standard for
evaluation, we achieve a unification of the training objec-
tive and the evaluation metric, thereby effectively improv-
ing the model’s localization accuracy. In comparison, our
Sphere-CenterNet provides a more comprehensive and sys-
tematic solution. We not only designed a hybrid feature
extraction strategy of “low-level SphereConv + deep-level
LADCN?” but also innovated in multiple dimensions, such
as seamless multi-scale feature fusion. Through this end-to-
end, highly integrated, and self-consistent design, we aim to
build a truly spherical-native detection framework.

2.4. Datasets for Panoramic Object Detection

High-quality, large-scale datasets are the cornerstone of
advancing deep learning methods. Compared to the field
of general 2D object detection, datasets for panoramic ob-
ject detection are relatively scarce due to difficulties in col-
lection and annotation, and the lack of a fully unified an-
notation format, which has somewhat limited the develop-
ment of the field. Early research often relied on semi-virtual
datasets synthesized from existing 2D datasets. For ex-
ample, Coors et al. [7] and Su et al. [21] rendered object
instances onto panoramic backgrounds to create synthetic
panoramic equivalent datasets. Although these datasets
played a role in the initial validation of algorithms, they
could not fully simulate the complex distortions, light-
ing, and scene layouts of the real world. To bridge this
gap, the research community has recently released several

panoramic image detection datasets collected from real-
world scenes and manually annotated. Among them, two
datasets have become recognized as core benchmarks in the
field due to their representativeness and challenges:

360-Indoor Dataset: Released by Chou et al.
(2020) [5], this is the first large-scale, real-world panoramic
object detection dataset specifically for indoor scenes. It
contains over 3,300 high-resolution indoor panoramic im-
ages and nearly 90,000 object instance annotations, cov-
ering 37 categories. The dataset is annotated using the
axis-aligned Bounding Field of View (BFoV) format, i.e.,
Bs (0, ¢, a, 8). As a classic dataset in the field, 360-Indoor
provides a standardized platform for validating a model’s
basic detection capabilities in handling real-scene distor-
tions and complex layouts.

PANDORA Dataset:  Released by Hsu et al.
(2022) [24], the PANDORA dataset is similar to the
360-Indoor dataset, but its annotations use the Ro-
tated Bounding Field of View (RBFOV) format, i.e.,
Bs (6, ¢, a, 8,7), adding a rotation angle parameter.

3. Methodology
3.1. Overview

To address the challenges of geometric distortion and
topological discontinuity brought by Equirectangular Pro-
jection (ERP) in omnidirectional images, we propose
Sphere-CenterNet, a novel framework that systematically
embeds spherical awareness into every stage of a single-
stage, anchor-free detector. Figure 5 illustrates the overall
framework. This section will detail its overall architecture,
the core hybrid spherical feature extractor, the geometry-
aware supervision paradigm, and the end-to-end processing
pipeline.

3.1.1 Panoramic Image Object Detection Dataflow

In a panoramic image, the pixel position and the spheri-
cal position of an object have a one-to-one correspondence,
which is derived from the non-uniform sampling of the
sphere. The conversion formula we use from pixel coordi-
nates to spherical coordinates is as follows, where an offset
of half a pixel is added to counteract the half-pixel offset
during the conversion process. From ERP (u + %, v+ %) to
spherical angles:

360° 1
= —_ 1 °
10} W u+2 80°,
6 = 90° 180° v+1 v
B H 2

Our method takes an ERP panoramic image I(H W) as
input. Each pixel corresponds to a point on the sphere, with
longitude ¢ 2 ( 180°,180°] and latitude § 2 [ 90°,90°].
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Figure 4. Single-class heatmap of center points and a heatmap
showing a cross-seam center point.

The target is represented by a spherical center (6, ¢) and an-
gular dimensions (w, h); if the dataset includes rotation, an
in-plane angle +y is also included. Detection is performed on
a down-sampled feature map, and the output directly falls
into the spherical parameter space, avoiding the mapping of
distortion to Euclidean pixel dimensions.

Furthermore, the above coordinates are in degrees. Since
the center point and angular dimensions often differ greatly
in magnitude, direct training can be difficult for the model.
Therefore, we apply a special scaling to (w, h) as shown
in Equation 2, where r is the down-sampling rate of Cen-
terNet, typically 4. This essentially scales w and h by an
average down-sampled width and height.

hdeg
180°/H r

Wdeg

360°/W 1’ @

'U)hk;o = U)hk;l =

3.2. Sphere-CenterNet Overall Framework

Our method is built upon the paradigm of the advanced
anchor-free detector, CenterNet. We chose CenterNet as the
foundation because its core idea—treating object detection
as a problem of locating keypoints (like center points) and
regressing related attributes—is naturally more adaptable to
the severe geometric deformations of objects in ERP images
than methods relying on fixed anchor boxes. The anchor-
free paradigm focuses on the relatively more stable geomet-
ric features of objects (like the center point) rather than their
easily variable apparent shapes on the 2D plane. Our calcu-
lations for the center point and offset are based on pixel co-
ordinates, but the ground truth fed into the model is entirely
based on spherical angular coordinates. When drawing the
center point heatmap, we naturally plot the center points of
objects that cross the seam on both the left and right sides of
the seam, as shown in Figure 4. A cross-seam center point
is rare and only occurs when the calculated Gaussian radius
R is very large.

The core idea of Sphere-CenterNet is to migrate the en-
tire detection pipeline from the traditional 2D pixel coordi-
nate system to the natural spherical coordinate system for
direct object localization and regression. As shown in Fig-
ure 5, the input ERP image first passes through a feature
extractor (composed of a Backbone and a Neck) meticu-
lously designed for spherical geometry to generate a high-

resolution feature map. Subsequently, three parallel detec-
tion heads perform dense prediction on this feature map,
outputting the spherical geometric attributes of the objects:

¢ Center Heatmap: A heatmap of dimension C'
H' W', where C is the number of object classes.
Each peak in the heatmap corresponds to the spheri-
cal coordinate center point (6, ¢) of a potential object.
An anisotropic Gaussian is placed at (zn,yn) on the
heatmap for class ¢, as shown in Equation 3. We also
attempted to perform special calculations for oy, oy
based on panoramic distortion pixels (see Section 3.3).

(I xn)z (y yn)z
20% 203

Ye(y, z) = exp (3)

* Size Regression: A feature map of dimension 2
H' W/, used to regress the angular dimensions
(Wdeg, hdeg) Of the bounding box on the sphere cor-
responding to each object’s center point.

* Local Offset Regression: A feature map of dimen-
sion2 H' W', used to compensate for the position
quantization error caused by network down-sampling,
thereby predicting the precise sub-grid offset (66, d¢)
of the center point.

3.3. Hybrid Spherical Feature Extractor

To equip the network with strong spherical geometry
perception capabilities while maintaining flexibility in mod-
eling complex semantic deformations, we did not adopt a
single technology but proposed a hierarchical, progressive
hybrid feature extraction strategy. This strategy follows the
design philosophy of using strict geometric priors at the low
level and data-driven adaptation at the high level, and uses
different geometric processing modules at different depths
of the network.

3.3.1 Spherical Convolution Frontend

In the initial layer (Stem) of the network, feature extrac-
tion is most sensitive to geometric distortion. Standard 2D
convolution/pooling here would extract severely distorted
features due to their fixed rectangular receptive fields, in-
troducing biases that are difficult to eliminate. To this end,
we adopted strict Spherical Convolution (SphereConv) [7]
to replace the standard 2D convolution and pooling lay-
ers. SphereConv defines the convolution kernel on the unit
sphere 52 and evaluates the kernel response at any spherical
position through the action of the rotation group SO(3); its
continuous form is shown in Equation 4:
z

y(z) = x25% 4
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Figure 5. Sphere-CenterNet overall framework. The complete pipeline from the input image passing through the hybrid spherical feature
extractor (Backbone + Neck) to the final output of the three prediction heads (heatmap, size, offset). The lower part shows the composition

of the LADCN and EBiFPN Lite sub-modules.

where Ry rotates the north pole to position x, ensuring that
the receptive field is consistent in terms of geodesic radius
and is equivariant/robust to 3D rotations. The SphereConv
algorithm is implemented by pre-calculating a non-uniform
sampling grid based on spherical geodesic distance, then
using the grid_sample operation to resample the input
features to obtain a spherical grid, and finally performing
standard convolution. This process ensures that the recep-
tive field of the convolution is uniform and distortion-free
on the sphere, providing a high-quality, geometrically cor-
rect initial feature basis for the subsequent network. In our
implementation, the first convolutional layer and the max-
pooling layer of the backbone network were replaced with
‘SphereConv2d’ and ‘SphereMaxPool2d’, respectively.

3.3.2 Latitude-Aware Deformable Convolution

As features are abstracted through multiple network layers,
their deformation patterns become more complex and se-
mantic, and relying solely on fixed geometric priors is no
longer sufficient to capture all variations. Therefore, in
the deeper layers of the backbone network, we designed
a novel Latitude-Aware Deformable Convolution module
(LADCN), which organically combines spatial adaptability
and positional adaptability.

Spatial Adaptability - Deformable Convolution
(DCN): We use Deformable Convolution (DCN) as the

foundation. DCN learns an additional 2D offset for each
convolution sampling point, allowing the network’s recep-
tive field to dynamically conform to the actual shape and
pose of the object. This endows the model with the abil-
ity to handle local geometric deformations of objects. The
DCN sampling formula is as follows, where pyg is the output
value at each point, py is the predefined offset, and Apden
is the offset calculated by the DCN convolution.
>
y(po) = wk (po+pk + ApE)
k

&)

Positional Adaptability - Latitude-Aware Attention
(LAA): This is one of our core innovations. Standard atten-
tion mechanisms (like SE-Net) are spatially invariant and
cannot adapt to the distortion patterns that vary with lati-
tude in ERP images. To this end, we designed the Latitude-
Aware Attention (LAA) module. As shown in the Backbone
Modules in Figure 5, this module first extracts a summary
feature vector for each row of the feature map (correspond-
ing to different latitude bands) through average pooling
along the width (longitude) dimension. Subsequently, this
vector passes through a bottleneck structure similar to SE-
Net (composed of two ‘Convld’ layers) for inter-channel
information interaction, and finally generates a set of lati-
tudinally variant channel attention weights through a Sig-
moid function. The LADCN module combines these two:
the input feature first passes through a DCN layer for spa-



tial sampling adaptation, and then its output is element-wise  Ef cient Bi-directional Fusion Architecture: We
multiplied by the latitude weights generated by the LAA adopted the ef cient Bi-directional Feature Pyramid Net-
module. This design allows our model to not only adapt to work (BiFPN) as the basic architecture. BiFPN achieves
the local shape of the object (achieved by DCN) but also to fast and effective feature fusion through top-down and
dynamically adjust its feature response intensity based onbottom-up bi-directional paths and learnable weights.
its global latitudinal position (achieved by LAA), thus more Global Circular Convolution Modi cation: This is our
intelligently and hierarchically handling the non-uniform key modi cation. We replaced all convolution operations
complex distortions in panoramic images. The computa- in the BiFPN neck, including depthwise separable convolu-
tion process of the LADCMBIlock can be summarized as tions and the nal upsampling output layer, with our cus-
follows: tom Circular Convolution (CircConv). The principle of Cir-
cConv is to apply asymmetric padding to the input fea-
Fou =DCN(Fin) LAA@CUBN(DCN(F in)))) (6) ture map before the convolution operation. Speci cally,
where denotes element-wise multiplication. This design it only performs circular padding on the width (longitude)
allows our model to adapt not only to the local shape of dimension, making the left and right boundaries of the
objects (DCN) but also to adjust its feature response inten-image seamlessly connected at the feature level. In the
S|ty according to its g|oba| latitudinal position (LAA)’ thus he|ght (la.“tude) dimension, it still uses conventional zero
more intelligently handling the non-uniform distortion of Padding. By globally and consistently using circular convo-
panoramic images' The calculation process further incor-lution throughout the feature fusion neCk, we ensure that the
porates latitude gating (position dependence) and channeP60 integrity of the scene is always maintained during the
attention (magnitude dependence) on top of the DCN for- OW of information across scales. This enables the model

mula in Equation 5: to correctly understand and process objects that are split
den by the ERP boundary, thereby generating a topologically
Pk=p " *+9() bk y(o)=al) y(p o) (7 continuous and semantically consistent multi-scale feature

map, providing high-quality input for the subsequent detec-
tion heads. The above part addresses the seamless aspect of
the neck, but the input features still have dimension-related
characteristics. Therefore, we also implemented Spherical-
s()=GAP (x(;)) a§2 1) ¢ (g  WConvconvolutionto add a weight to different dimensions,
allowing the feature fusion layer to also perceive the im-
To reduce the model's computational load and main- portance of dimensional features, enhancing robustness to
tain the adaptive capability of the feature extraction lay- ERP distortion and seam connectivity. The core of Spher-
ers, we rst reduce the dimensionality of the output fea- jcalWConv convolution is to introduce a static, symmetric,
ture map from the Stem stage before feeding it into the and separable spatial weight mask to the convolution ker-
LADCN Block module, and then restore it by increasing nel, with the same shape as the kernel size, for Hadamard
the dimensionality. This simpli es the model's process of element-wise modulation of the learnable weights, as pro-
calculating adaptive dimensional weights, ultimately form- posed by Horadam [11]: W = W . Speci cally,
ing the LADCN Bottleneck module, which is placed at the given an odd kernel size K and a decay parameter vector
rst layer of the feature extraction stage. d=(dy;:::;dm) (Where M = %), we rst construct a

where g() is a gate that varies with latitude, and a() 2
RC is the channel weight from LAA, which is then broad-
cast along the width direction to the entire feature row:

3.3.3 Seamless Multi-Scale Fusion Neck

. . . . =[d g;:iidw L di]” 2RY )
In object detection tasks, fusing multi-scale features from
different levels of the backbone network is crucial for accu- Then let the two-dimensional mask be the outer product:
rately identifying objects of different sizes. However, stan-
dard multi-scale fusion architectures (like FPN) typically = > 2 RKK (10)
use standard 2D convolutions, which can sever the features
of objects that cross the 180 meridian boundary when  Thus, applies decay to the rows and columns of the kernel
processing ERP images, destroying the circular topologi- separately, which is equivalent to applying a xed propor-
cal continuity of the scene. To solve this problem, we de- tion to each spatial position of the convolution kernel, high-
signed and implemented a seamless multi-scale feature fulighting the center and suppressing edge responses. When
sion neck. The core idea of this module is to strictly main- K = 3 and d = (), this is the commonly used 2D sepa-
tain 360 topological continuity throughout the feature fu- rable extension of [;1; ][;1; ]. In implementation, we
sion process. Our implementation is based on the following rst calculate We;y = W and then call a standard
two key designs: “conv2d' to complete the forward pass; this step has almost



etc.). Finally, we compare the performance of our best
model with existing state-of-the-art methods in the eld.

4.1. Datasets and Evaluation Metrics

4.1.1 Datasets
Figure 6. Model diagram of SphericalWConv for dimensional

weight convolution. To comprehensively evaluate our model's performance, our
experiments were mainly conducted on two recognized
panoramic object detection benchmark datasets collected
from real-world scenes, primarily using the 360-Indoor
dataset as the benchmark:
3.4. Multi-Task Loss Function 360-Indoor: This is the rst large-scale, real-world
panoramic object detection dataset for indoor scenes, re-
Our total loss function lewai is @ multi-task loss, com-  |eased by Chou et al. (2020) [5]. It contains over 3,300
posed of weighted loss terms corresponding to the threenjgh-resolution indoor panoramic images and nearly 90,000
core prediction heads and an optional rotation loss term:  gbject instance annotations, covering 37 categories. The
dataset is annotated using the axis-aligned Bounding Field

no additional overhead, just one element-wise multiplica-
tion.

Liotat = nmbLom* off Lott * iouliout rotlrot (11)  of View (BFoV) format, i.e., B(; ; ; ). As a classic
S _ benchmark in the eld, 360-Indoor provides a standardized
where the individual loss terms are de ned as follows: platform for validating a model's basic detection capabili-

Center Point Heatmap Loss (lnm): we use Focal ties in handling real-scene distortions and complex layouts.
Loss [14], which can effectively handle the extreme class paANDORA: Released by Hsu et al. (2022) [24], the
imbalance caused by a large number of background (NegpaANDORA dataset raises the detection challenge to a new
ative samples) and a small number of object centers (P0S1gye|. |t is also a dataset containing 3,000 real-world
ltive sfe\mples) in dense prediction. Local Offset LoSS panoramic images and over 90,000 annotations, but its core
(Lorr ): For the sub-grid re nement of the center points, feaqyre s the provision of oriented bounding box annota-

we use the standard L1 loss. This loss directly regressegjons. The dataset is annotated using the Rotated Bound-
the quantization error caused by the feature map down-ing Field of View (RBFOV) format, i.e., B(; : ; ;)

sampling, making the center point localization more pre- 4qqing a rotation angle parameter. Experiments on this

cise. Size loU Loss (ly): This is key to OptfmiZi,”g dataset can more comprehensively test the generalization
object size and localization. Unlike CenterNet's original ability and robustness of our framework, especially its ef-

L1 loss for size, we adopted a differentiable spherical 10U tgtiyeness in more complex oriented object detection tasks.
loss (e.g., Sph2PobloULoss) implemented based on the

Sph2Pob idea. The loU loss optimizes the size and position
of the object as a whole, and its optimization objective is 4.1.2 Evaluation Metrics

highly consistent with the nal evaluation metric, thus lead- oll h dard luati | and
ing to more accurate localization results. Rotation Angle Ve follow the standard COCO evaluation protocol and re-

Loss (Lot ): To enable our framework to handle oriented port the following core metrics: mAP (mean Average Pre-

object detection tasks, such as on the PANDORA datasetCiSion over loU thresholds from 0.5 to 0.95, denoted as AP
we introduced an optional rotation loss termaL. Thisloss 1 the paper), APS0 (loU threshold of 0.5), and AP75 (loU

term uses Smooth L1 Loss, as in Fast R-CNN by Girshick et thréshold of 0.75), as well as Recall (evaluating the pro-
al. [20], speci cally for supervising the model's regression portion of predicted positive samples). A crucial difference
of the object's rotation angle . is that, to ensure the geometric correctness, fairness, and

comparability of the evaluation, all Intersection over Union
(loU) calculations for nal performance evaluation use the
high-precision Unbiased Spherical loU (Unbiased loU) pro-

This section aims to validate the effectiveness of our pro- posed by Dai et al. (2022) [8]. Unbiased IoU is the rst
posed Sphere-CenterNet framework through a series of rig-method that can calculate the exact analytical solution for
orous experiments. We rst introduce the datasets, evalua-loU using spherical geometry formulas and is recognized as
tion metrics, and implementation details used in our exper-the “gold standard” in the eld. Using this metric for eval-
iments. Then, through detailed ablation studies, we quanti-uation ensures that our experimental results are not affected
tatively analyze the performance gains brought by each ofby any approximate calculation errors, thus most truly and
our proposed core components (including the hybrid spheri-fairly re ecting the model's performance in spherical geo-
cal feature extractor, geometry-aware heatmap supervisionmetric localization accuracy.

4. Experiments



4.2. Implementation Details 8.4%). This huge advantage under strict measurement stan-

Our model is based on ResNet-101 [10] as the backbonedards strongly proves that our model's localization accuracy

network, with weights pre-trained on ImageNet [9]. Al in spherical space far exceeds previous methods.
models were trained end-to-end for 120 epochs using the Generalization Ability Veri cation on the PANDORA

AdamW optimizer. We used a Cosine Annealing learning bDatflset: T]? furtfher test tEe generallzatloln atb'“tg and ro-
rate strategy with a 5-epoch linear warmup, with an ini- uSINEss of our framework on more complex tasks, we con-

tial learning rate of 1.25e-4. The input image resolution ducted experiments on the PANDORA dataset. This dataset

was uniformly adjusted to 512x1024. All experiments were requires the detection of oriented bounding boxes (RB-

conducted on NVIDIA A40 GPUs. Unless otherwise spec- FOV) with rotatiqn angles, plac_:ing hi_g_her demands on the
i ed, our data augmentation pipeline included random cir- model's geometric understanding ability. As shown in Ta-

cular translation, color jitter, and horizontal ipping. The bl? S, Sphere-CenFerNet malnta_mgd its leading position in
; : . . . this more challenging task, achieving 15.3% mAP, 31.5%
weights for our loss function were: pm @ off © jou :
—1-08Q-1-0 : AP50, 12.7% AP75, and a Recall of 24.9%. Compared
ot =1 :0:8:1:0:2. The nal model took approxi- . )
; to the previous best method on this dataset (Sph2Pob Cen-
mately 8 hours to train. . S
terNet), our model achieved a substantial improvement of
4.3. Comparison with State-of-the-Art +4.7% in mAP (15.3% vs. 10.6%) and an even greater im-
. provement of +5.6% in AP75 (12.7% vs. 7.1%). Achieving
We compared our nal Sphere-CenterNet model with o,qistent and signi cant performance advantages on two
other state-of-the-art methods published on the 360-Indoor,:asets with different annotation paradigms fully demon-

and PANDORA datasets. A_s_shown in the tables, our strates that our Sphere-CenterNet framework is not an over-
method demonstrated competitive performance on all core yq gesign for a speci ¢ task but a universal solution with
metrics. The nal model size reached 389.9 MB, with a a general understanding of spherical geometry.

parameter count of 102.02M. The estimated compute at
1024 512 is approximately 135 GFLOPs (forward-only),

obtained by area scaling from ResNet-101 and adding_Methods Backbone AP APS0 AP75
DCN/BiFPN/heads overhead. The FPS is approximately Multi-Kernel ResNet-101 3.8 13.7 1.0
38-42. Sphere-SSD ResNet-101 3.2 12.0 0.6
Performance on the 360-Indoor Dataset: As shown  Reprojection R-CNN ~ ResNet-101 43 166 0.7
in Table 2, our Sphere-CenterNet demonstrated excellent SPh-CenterNet ResNet-101 55 199 11
performance on the 360-Indoor validation set. We selected R-CenterNet ResNet-101 = 7.3 = 22.7 2.6
recent available panoramic image object detection frame- Sph2Pob CenterNet . ResNet-101  10.6 257 71
Ours ResNet-101 15.3 315 12.7

works for comparison. Our model ultimately achieved
16.8% mAP, 32.8% AP50, and 15.2% AP75, signi cantly Table 3. Performance comparison on the PANDORA validation
surpassing existing methods on all core metrics. set.

Methods Backbone AP AP50 AP75 We believe the performance improvement mainly stems
CenterNet(baseline) ResNet-101 86 205 5.8 from three points: First, the use of Sph2Pob-loU and lou-
102  type regression/sample assignment during training signi -

CenterNet Hourglass 134 29.5 o :
Multi-Kernel ResNet-101 4.7 111 28 cantly reduced the gap between the training and evaluation
Sphere-SSD ResNet-101 29 7.8 1.4 objectives, making the optimization more directly oriented
Reprojection R-CNN ResNet-101 5.0 153 19 towards maximizing overlap, especially providing stronger
Unbiased 10U ResNet-101 10.0 248 6.0  gradients in high-overlap regions. Second, the spherical-
Sph2Pob 10U ResNet-101  11.6  26.1 84  5y5re feature extraction and multi-scale fusion showed pos-
Ours ResNet-101 16.8 32.8 15.2

itive complementarity: replacing with spherical convolution
Table 2. Performance comparison on the 360-Indoor validation set.alone would change the sampling statistics and introduce
instability, while adding EBIiFPN Lite strengthened cross-
It is worth noting that since we sample spherical coor- layer alignment and feature reuse, allowing distortion cor-
dinates as the input and output data ow of the model, our rection information to be stably transmitted to the detection
baseline did not reach the baseline accuracy of the latestead, improving both localization and recall, which is fully
loU-based detectors. Speci cally, compared to the power- consistent with our ablation results. Third, we engineered
ful baseline model also trained with the advanced Sph2Pobthe handling of ERP's periodic continuity and high-latitude
loU loss, our method achieved a signi cant improvement of distortion (horizontal circular processing and latitude-aware
+5.2% in mAP (16.8% vs. 11.6%) and nearly doubled the enhancement), effectively reducing duplicate/missed detec-
performance on the more stringent AP75 metric (15.2% vs. tions across the left-right boundaries and center/shape devi-




ations in the polar regions, thereby improving the matching an end-to-end, highly self-consistent spherical-native detec-
rate under strict thresholds. tion framework is correct and extremely effective.

4.4. Ablation Studies 4.5. Qualitative Results

To systematically validate the effectiveness of our pro-

posed components and to deeply investigate their interac—S :1-2r?%gr:tnetm:tepr/a(ﬁg\?oﬁtrﬁz tﬁi\iggigﬁ?i;ﬁ;ﬁg
tions, we conducted a series of detailed ablation studies P ’ P

based on the 360-Indoor dataset. We rst established ait'no'r:]iS Sl;ed7ete'l'crt1|:sneri?§;|tzsovr3/et?:ci?gglljrl]ldos,oerlgc:atg((jjattcl)oghz(\j\:-
strong baseline model, then analyzed the independent con- 9 ) 9 y

tributions of each core component and the synergistic ef- case our models robust performance in handling the chal-

fects produced when they were combined, observing thef&'rgﬁg dséegaar:lonsof?ﬂue;fcﬁﬁgtzarggtgta\?:za Lf:;;g\gtr;’
performance changes as shown in Table 4. y y )

. . I in ordinary indoor scenes (Figure 7(a)) but, more impor-
First, we md_ependently evaluated the contrlk_Jutlon of tantly, it can successfully cope with the extreme geometric
each core architectural component. As shown in the ta-

L . . distortions caused by ERP projection. In Figure 7(b), the
ble, individually introducing the SphereConv frontend, our ; L g .
original LADCN module, or the EBIFPN Lite neck all led person near the bottom of the image (high-latitude region)

i ¢ : s A th the effect of is severely stretched, but our model, thanks to the Latitude-
O pertormance Improvements. Among them, the eNect ot », ., peformable Convolution (LADCN) module, can still
the LADCN module was particularly signi cant, bringing

X S , . generate compact and accurate bounding boxes. Further-
a +1.8% AP gain. Similarly, the EBIFPN Lite neck also : \ .
. AP . 7 -
brought a +2.9% AP improvement, highlighting the impor- more, Figure 7(c) demonstrates our model's ability to han

tance of ef cient and topologically continuous multi-scale dle circular topological continuity. The door in the gure
. pologically . .~ spans the 180 meridian boundary of the ERP image and
feature fusion. These preliminary results validate the in-

dependent val f h of our module desians. Featur is split into left and right parts in the 2D image. How-
ependent value ot each of our module designs. eatu eever, because our framework maintains topological continu-
Fusion Conict: When we began to explore combina-

. ity in both the feature fusion (circular convolution) and post-
tions of modules, we observed more complex and profound Y ( ) P

; . processing (circular NMS) stages, the model can correctly
phenomena. We unexpectedly found that directly combin- . e . L
; . ; identify it ingl mplet instan n
ing SphereConv with LADCN led to a catastrophic perfor- dentify it as a single complete object instance and output

a uni ed detection result. These qualitative results strongly
mance drop (AP decreased by 2.8%). We speculate thabrove that our Sphere-CenterNet has powerful 3&&am-
this stems from a negative synergistic effect (antagonism)

between the two design philosophies: the strict geometricIess perception capabilities. Figure 7(d) shows that objects

i ) ith i I ios in mid-to-high lati -
prior of the low-level (SphereConv) may have constrained with imbalanced aspect ratios in mid-to-high latitude re

the learning space of the data-driven dynamic adaptabil-glon,S can also be correc.:tly d.eteclzted.
ity of the deep-level (LADCN), making it dif cult for the Figure 8 shows the visualization results for the Pandora
model to optimize. Positive Synergistic Effect: In stark dataset, which is annotated with rotated RBFOVs. Fig-

contrast, the combination of SphereConv and EBiFPN Lite Uré 8(&) shows that a large number of small objects in the
showed a strong positive synergistic effect. This combi- dataset can be detected, re ecting the superiority of the
nation achieved a 13.2% AP, an improvement of +2.6% sgamless multi-scale fusion modgle EBIFPN in our work.
over the baseline. We believe that SphereConv acted as &'9ure 8(b) shows that rotated windows can also be cor-
“feature puri er” here, providing the powerful “fusion mas- rectly c_jetec'_ted, ar_ld the rotated RBFOV boxes better enclose
ter” BiIFPN with higher-quality, more geometrically regular € objects in the image.

low-level features, thus enabling it to perform cross-scale

information fusion more effectively, ultimately achieving 5. Discussion and Limitations

a 1+1>2 effect. Finally, this series of explorations led

us to the ultimate victory. Our nal model, which not While Sphere-CenterNet achieves state-of-the-art per-
only integrates all core architectural components but alsoformance, there are limitations to be addressed. First, our
adopts advanced training strategies including loU loss andevaluation is primarily conducted on indoor datasets (360-
a Warmup learning rate strategy, ultimately achieved 16.8%Indoor, PANDORA). Extending the framework to outdoor
AP, a +6.2% improvement over the baseline model. This scenarios, such as autonomous driving, remains a future
result decisively proves that the excellent performance of work. Second, although we alleviate distortion, detecting
our model does not come from any single component butsmall objects near the poles is still challenging due to ex-
from the powerful overall effect produced by the systematic treme stretching. Third, as noted in recent surveys [30],
integration of all geometry-aware modules with advanced integrating multi-modal information (e.g., depth) could fur-
training strategies. It proves that our core idea of building ther resolve geometric ambiguities.






