SPHERE: Semantic-PHysical Engaged REpresentation for 3D
Semantic Scene Completion

Zhiwen Yang
Peking University
Wangxuan Institute of Computer Technology
Beijing, China
yangzhiwen@pku.edu.cn

unrealistic details

(a)voxel-based / plane-based methods

Yuxin Peng’
Peking University
Wangxuan Institute of Computer Technology
Beijing, China
pengyuxin@pku.edu.cn

confusing semantics

(b) Gaussian-based / NeRF-based methods

— Gaussian Projection —

LR

Bt

% i L - ,' ‘
~—  Adaptive Fusion ai 4_{,1_7{‘ i ;_,

; :
/' N i~ Render

Head

accurate prediction

(c) our SPHERE approach

Figure 1: Comparison among different representations for SSC. (a) Voxel-based and plane-based methods demonstrate effective-
ness in semantic accuracy, but struggle with modeling real-world physical regularities, leading to unrealistic details. (b) Due
to spatial redundancy, Gaussian-based and NeRF-based methods suffer from high computation cost and slow convergence,
resulting in confusing semantics. (c) Our SPHERE approach exploits semantic-geometry consistency via efficient integration of
voxel and Gaussian representations, generating accurate SSC predictions.

Abstract

Camera-based 3D Semantic Scene Completion (SSC) is a critical
task in autonomous driving systems, assessing voxel-level geom-
etry and semantics for holistic scene perception. While existing
voxel-based and plane-based SSC methods have achieved consid-
erable progress, they struggle to capture physical regularities for
realistic geometric details. On the other hand, neural reconstruc-
tion methods like NeRF and 3DGS demonstrate superior physical
awareness, but suffer from high computational cost and slow con-
vergence when handling large-scale, complex autonomous driving
scenes, leading to inferior semantic accuracy. To address these is-
sues, we propose the Semantic-PHysical Engaged REpresentation
(SPHERE) for camera-based SSC, which integrates voxel and Gauss-
ian representations for joint exploitation of semantic and physical
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information. First, the Semantic-guided Gaussian Initialization (SGI)
module leverages dual-branch 3D scene representations to locate
focal voxels as anchors to guide efficient Gaussian initialization.
Then, the Physical-aware Harmonics Enhancement (PHE) mod-
ule incorporates semantic spherical harmonics to model physical-
aware contextual details and promote semantic-geometry consis-
tency through focal distribution alignment, generating SSC re-
sults with realistic details. Extensive experiments and analyses
on the popular SemanticKITTI and SSCBench-KITTI-360 bench-
marks validate the effectiveness of SPHERE. The code is available
at https://github.com/PKU-ICST-MIPL/SPHERE_ACMMM?2025.
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1 Introduction

In autonomous driving systems, 3D Semantic Scene Completion
(SSC) [33] is a crucial task for holistic scene perception, inferring
voxel-level geometry and semantics for several downstream tasks.
To deal with the inherent complexity of large-scale outdoor sce-
narios, LIDAR-based SSC methods [4, 14, 15, 31, 32, 40, 42, 45, 48]
have been the predominant solutions, taking advantage of explicit
3D geometric structural information entailed in the point cloud
data. Despite their effectiveness, the inherently high cost and lim-
ited scalability of LiDAR sensors constrain practical applications
of LiDAR-based methods in real-world deployment. In light of this
issue, multi-view images [27, 35, 43, 49] have garnered increasing
attention as a more cost-effective and flexible input modality.

The pioneering camera-based SSC method, MonoScene [3], ex-
tracts 2D features from input RGB images and lifts them into
dense 3D volume features through depth-based projection. Fol-
lowing this, existing camera-based SSC methods fall mainly into
two paradigms: voxel-based and plane-based methods. Voxel-based
SSC methods [19, 47] discretize 3D scenes into voxels and assign ex-
tracted image features to each voxel, and progress has been achieved
in exploiting scene-from-instance feature interactions [12], and em-
ploying a dense-sparse-dense strategy for hybrid guidance [26]. In
addition, plane-based SSC methods adopt Bird’s-Eye-View (BEV) 8]
and Tri-Perspective View (TPV) [10] features for efficient scene
representations. Subsequent research further improves the quality
of scene representation through camera-aware depth estimation
and refinement [17], dynamic temporal stereo information [16],
and explicit-implicit compact feature projection [25].

While existing SSC methods have demonstrated promising per-
formance in voxel-wise semantic prediction, they frequently fail to
capture the underlying physical regularities in the real world, lead-
ing to unrealistic geometric details in scene completion results, as
illustrated in Figure 1 (a). On the other hand, neural reconstruction
methods like NeRF [28] and 3DGS [13] excel at learning realis-
tic geometry details, but suffer from high computational expense
and slow convergence in large-scale complex autonomous driving
scenes, resulting in confusing semantics, as shown in Figure 1 (b).
The above challenges naturally raise a critical question: How can
we achieve both accurate semantics and realistic geometry,
efficiently and effectively?

In this paper, we propose the Semantic-PHysical Engaged REpre-
sentation (SPHERE) framework for 3D semantic scene completion
as an alternative to answer this question, which combines voxel
and Gaussian representations to jointly exploit semantic structures
and physical regularities for accurate SSC prediction with accurate
semantics and realistic geometry, as illustrated in Figure 1 (c). Our
motivation derives from the observation that a large proportion
of empty voxels in autonomous driving scenes cause severe spa-
tial redundancy in neural representation methods, directly leading
to high computational expense and slow convergence speed. In
light of this, the Semantic-guided Gaussian Initialization (SGI) mod-
ule is proposed to utilize dual-branch 3D scene representations
to identify focal voxels with discriminative semantics as anchors,
guiding efficient and effective Gaussian initialization. Then, to fully
leverage the powerful physical structure modeling capability of
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Gaussian representations, we introduce the Physical-aware Har-
monics Enhancement (PHE) module, which devises semantic spher-
ical harmonics to model physical-aware contextual structures, then
enhances semantic-geometry consistency via focal distribution
alignment between voxel and Gaussian representations, thereby
generating realistic semantic scene completion results. Extensive
experiments and analyses on the SemanticKITTI and SSCBench-
KITTI-360 datasets validate the effectiveness of SPHERE, demon-
strating improved semantic accuracy and geometric fidelity over
state-of-the-art methods.

In summary, the main contributions of our work are as follows:

e We propose the SPHERE framework, which efficiently inte-
grates voxel and Gaussian representations to jointly exploit
semantic information and physical regularities, generating
SSC results with accurate semantics and realistic geometry.

o SGI leverages dual-branch 3D scene representations to iden-
tify focal voxels with discriminative semantics as anchors,
enabling effective and efficient Gaussian initialization to
alleviate spatial redundancy.

e PHE module incorporates semantic spherical harmonics for
improved physical-aware contextual details, and promotes
focal distribution alignment between voxel and Gaussian
representations to enhance semantic-geometric consistency.

2 Related Work

In this section, we provide a brief review of pertinent literature
related to our work, focusing on camera-based SSC methods and
neural representation methods in 3D perception.

2.1 Camera-based Semantic Scene Completion

Voxel-based SSC methods discretize 3D space into voxels and as-
sign image features to each voxel for scene perception. MonoScene [3]
is a pioneering effort that reconstructs 3D scenes from RGB images
by projecting image features to 3D space along optical rays. Occ-
Former [47] introduces a dual-path transformer architecture with a
mask-wise prediction paradigm, effectively capturing spatial depen-
dencies for improved completion accuracy. VoxFormer [19] presents
a two-stage framework that integrates class-agnostic query propos-
als with class-specific semantic segmentation, facilitating the prop-
agation of discriminative semantic information from seed voxels
across the entire scene for enhanced completion. Symphonize [12]
introduces a scene-from-instance framework that enhances the
interplay between image and volumetric representations, enabling
more precise scene completion. SGN [26] presents a one-stage
SSC framework employing a dense-sparse-dense design, which
enhances segmentation boundary clarity and improves the accu-
racy of 3D semantic scene completion. CGFormer [46] introduces
a context- and geometry-aware voxel transformer that utilizes
context-dependent queries and multiple 3D representations to en-
hance scene completion performance.

Plane-based SSC methods compress the 3D space along certain
dimensions for efficient view transformation and scene representa-
tion. A pioneering approach in this domain is the Lift-Splat-Shoot
(LSS) [30] framework, which establishes an end-to-end pipeline by
first "lifting" images into feature frustums, then "splatting” these
frustums onto a rasterized BEV grid, and finally "shooting" template
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Figure 2: The overall architecture of our SPHERE approach. The Semantic-guided Gaussian Initialization (SGI) module leverages
a dual-branch encoder to exploit local and global semantics, and then selects focal voxels as anchors for effective and efficient
Gaussian initialization. The Physical-aware Harmonics Enhancement (PHE) module incorporates semantic spherical harmonics
to model physical-aware contextual details, then enhances semantic-geometry consistency via focal distribution alignment

between the voxel and Gaussian semantics.

trajectories into a BEV cost map for downstream tasks. Building
upon the LSS paradigm, BEVDet [8] introduces a holistic BEV-based
framework for scene understanding, comprising an Image-view En-
coder, a View Transformer, a BEV Encoder, and a Task-specific
Head. Subsequent achievements have been made in further enhanc-
ing the BEV-based representations, incorporating techniques such
as inverse perspective mapping [7], angle and radius aware ras-
terization [22], and cross-attention layers with BEV queries [20].
BEVDepth [17] enhances depth learning by introducing a camera-
aware depth estimation module alongside a depth refinement mod-
ule, improving the accuracy of depth predictions. Building on this,
BEVStereo [16] advances depth estimation by incorporating dy-
namic temporal stereo information. Beyond BEV, TPVFormer [10]
introduces a Tri-Perspective View (TPV) representation, which
decomposes voxel grids into three orthogonal planes, allowing
efficient scene encoding.

Existing camera-based semantic scene completion methods have
made great progress in predicting voxel-wise semantics, but fall
short of the ability to capture physical regularities for realistic geom-
etry details. In contrast, our SPHERE employs Gaussian representa-
tions around focal regions for the exploitation of physical-aware
structures, facilitating realistic geometric details in the semantic
scene completion results.

2.2 Neural Representation in 3D Perception

Neural representation techniques have emerged as powerful tools
for modeling geometric details. Neural Radiance Field (NeRF) [28]
represents the 3D scene with implicit continuous functions, map-
ping point coordinates and view directions to target properties,
and employs ray-marching for volume rendering. 3D Gaussian

Splatting (3DGS) [13] explicitly initializes a set of Gaussian dis-
tributions to represent the geometry and appearance within the
scene, improving efficiency and scalability with a rasterization-
based rendering pipeline. Omni-Scene [38] takes advantage of both
pixel and volume-based representations and proposes an Omni-
Gaussian representation for improved ego-centric reconstruction
and novel view synthesis performance. RenderOcc [29] extracts
a NeRF-style 3D scene representation and utilizes 2D rendering
techniques for 3D supervision from 2D semantics and depth labels.
GaussianFormer [9, 11] proposes image-to-Gaussian mapping with
distribution-based initialization and Gaussian-to-voxel splatting
with probabilistic Gaussian superposition for 3D semantic scene
completion.

Although superior in learning physical structures and geometric
details, neural representation methods suffer from high compu-
tational cost and slow convergence speed in autonomous driving
scenes due to spatial redundancy. In contrast, our SPHERE approach
identifies focal voxels as anchors to guide efficient and effective
Gaussian initializations, alleviating spatial redundancy while en-
abling semantic scene completion with accurate semantics and
realistic geometry.

3 Methodology
3.1 Overview

Figure 2 demonstrates the overall framework of our Semantic-
Physical Engaged REpresentation (SPHERE) approach, consisting of
two key components: (1) a Semantic-guided Gaussian Initialization
(SGI) module that employs dual-branch 3D representation to select
focal voxel anchors for efficient and effective Gaussian initialization;
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(2) a Physical-aware Harmonics Enhancement (PHE) module that
adopts semantic spherical harmonics for improved physical-aware
contextual details and aligns focal voxel and Gaussian semantic
distribution for enhanced semantic-geometry consistency.
Problem Setup. Given a pair of stereo images I;gb, I;gb, semantic
scene completion (SSC) aims to infer the geometry and semantics
of 3D scenes in front. The voxelized output is structured with grid
size Y € RXXYXZ \where X,Y,Z correspond to the grid’s length,
width, and height, respectively. Each voxel is classified as either
empty, denoted by co or occupied by one of the semantic classes
inc € {c1,---,cN}, where N represents the number of semantic
classes. Essentially, SSC aims to train a model V = @(Ilrgb, I;gb) that
can generate a 3D semantic prediction V aligning closely with the
ground truth V.

3D Semantic Gaussian Representation. 3D semantic Gaussian
representation initializes a set of P Gaussian distributions G =
{G,—}f;l, where each G; covers a local area determined by its mean
mj, scale s;, rotation r;, opacity «; and semantic c;. These Gaussian
distributions contribute to voxel semantics in an additive manner:

P
y(:G) = ) gi(xsmi,si,riv i ) (1)
i=1

where y(x; G) denotes the predicted occupancy concerning all
Gaussian distributions at location x, and g; (x; -) indicates the contri-
bution of the i-th semantic Gaussian. The contribution is evaluated
based on the Gaussian properties:

GixG) = - exp(—3 (e = m) "5 e - mer ()

%; = RSSTRT, S =diag(s), R=q2r(r) 3)

where ¥; is the covariance matrix, S; represents the diagonal scale
matrix, and R; denotes the rotation matrix.

3.2 Semantic-guided Gaussian Initialization

Design rationale. The large proportion of empty voxels in au-
tonomous driving scenes causes severe spatial redundancy in neu-
ral representation techniques like NeRF [28] and 3DGS [13] for
modeling non-occupied areas, resulting in high computational ex-
pense and slow convergence speed. In light of this, the SGI module
first leverages dual-branch 3D representations for global and local
semantic information, and then identifies focal voxels as anchors
for efficient and effective Gaussian initialization.

Dual-Branch Encoder. Notice that TPV [10] representations com-
press the full voxel representations along three axes respectively,
thereby focusing more on global semantics, while dense voxel repre-
sentations highlight local semantic details. We leverage both voxel
and TPV representations for comprehensive aggregation of local
and global semantic information. Given the initial 3D features Fsp
projected from image features Fing, the voxel representation is
derived through multiple 3D convolution layers followed by a 3D
pyramid network:

Fyoxel = FPN3p (Convsp (F3p)) 4

where Fyoye € REOXXYXZ denotes the voxel representation with
local semantic details. On the other hand, the TPV representations
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Figure 3: Illustration of the Semantic Gaussian Initialization
process. The voxel-wise feature similarities are first com-
puted between the voxel and TPV features to select top-k
focal voxels as anchors. Then, a Gaussian projection layer is
employed to generate Gaussian properties according to the
semantics and positions of focal anchors.

are obtained with three spatial pooling layers to compress 3D fea-
tures along the perpendicular axes. The compressed feature maps
are further passed through 2D Convolution layers to refine global
semantics:

F, = Convyp (Poolp (Fsp)), pe{XY,YZ ZX} (5)

where Fxy € REOXXY By, e ROXYXZ E, . € ROXXZ jndicate

the compressed features and the overall TPV representations are
viewed as a list Frpy = [Fxy,Fyz,Fzx].

Focal Anchor Selection. To address spatial redundancy, we iden-
tify focal voxels with discriminative semantics as anchors for effi-
cient and effective Gaussian initialization around occupied areas.
Specifically, we first calculate the similarity score across local se-
mantics embedded in F,e and global semantics embedded in
Frev:

Msim = sim (Fyoyel, W © F1pv) (6)
where Mgy, € RXXYXZ represents the semantic similarity map,
sim(-, -) denotes the voxel-wise cosine similarity function, and ‘W is
the aggregation weight list for TPV representations. Then, we select
top-k focal voxels with the highest similarity scores as anchors for
Gaussian initializations:

Panc = topy (Msim, K)

Fanc = (Fvoxel +Wo ﬁ‘PV) [Panc]

where P, € REK*3 Fype € RKXC represent the positions and se-
mantic features of the selected K focal voxels respectively.
Semantic Gaussian Initialization. The focal voxels with high sim-
ilarity scores possess consistent local and global semantics, thereby
serving as ideal anchors for Gaussian initializations. As illustrated
in Figure 3, the initialization process is formulated as follows:

[05 ST, d] = MLPgs (Fanc) (8)

)

where offset o, scale s, rotation r, and opacity « are Gaussian prop-
erties projected from discriminative semantics of focal anchors.
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The initial Gaussian semantics are passed through SH projec-
tion to cope with SH coefficients, exploiting physical-aware
contextual details. Furthermore, we employ an orthogonal
loss on the projection matrix, considering that spherical har-
monics form a complete set of orthogonal functions.

Then, the corresponding activation functions are applied for nor-
malization:
= Papc + tanh(o)

[s, @] = sigmoid([s, &]) )

r = norm (r)

B
|

By concatenating semantic features and normalized properties, the
initialized Gaussians G = [Fanc, m, s, 1, @] € REK*(C+11) efficiently
cover focal regions with discriminative semantics.

3.3 Physical-aware Harmonics Enhancement

Design rationale. To generate realistic geometry structures with-
out harming semantic accuracy, it is crucial to model physical-ware
geometric details in accordance with voxel semantics. Therefore,
the PHE module employs semantic spherical harmonics for model-
ing contextual details, and ensures semantic-geometry consistency
with focal distribution alignment.

Semantic Spherical Harmonics. Spherical Harmonics (SH)
demonstrates superior performance in RGB-based color render-
ing [13, 39], showcasing its powerful capability to model spatial
variations and complex geometry. To leverage this capability for
SSC, we employ the Semantic Spherical Harmonics (SSH), as shown
in Figure 4, which incorporates semantic priors into SH basis func-
tions:

L 1
S0.) =, D) ctmYim(6.4) (10)

=0 m=-1
where I, m are the degree and order controlling the level of details,
(0, ¢) indicates the spherical coordinates, Y;,, (8, ¢) denotes the SH
basis function, and ¢y, represents the expanded semantics. To cope
with the Semantic Spherical Harmonics of L degrees, we employ
1D convolution layers to expand focal voxel semantics:

{eim} = Fexp = Convp (Fanc) (11)
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where Feyp € RKX2"Cn corresponds to 2L expanded semantics ¢,
in the Semantic Spherical Harmonics. Considering that spherical
harmonics form a complete set of orthogonal functions, to further
enhance the capability of Semantic Spherical Harmonics in mod-
eling contextual details, different degrees and orders (I, m) should
correspond to distinct semantics. Therefore, we employ the soft
orthogonality loss for supervision:

Lo = |w «wT = 1| (12)

where W denotes the weight matrix in equation (11), I is the iden-
tity matrix, and A is the regularization parameter. By promoting the
orthogonality across projection weights, the expanded semantics
{¢1m } learn to capture distinct semantic information, thereby better
modeling semantic-aware spatial variations and geometric details.
Focal Distribution Alignment. With the dual-branch 3D repre-
sentations and sematic-guided Gaussian representations, we gen-
erate semantic scene completion predictions with task head and
Gaussian superposition respectively:

Vyoxel = Head (Fygyel + W © Frpv)

Vgauss [x] =y(x; [SG,QS(Fexp), m,s, 1, &])

where Vo] focuses on semantic accuracy, and Vgayss emphasizes
geometry details. To promote the consistency between contextual

semantics and geometry, we adopt an alignment loss across the
predictions concerning focal voxels:

Lalign = DkL (Vvoxel [Panc] ||Vgauss [Panc])
+ DxL (Vgauss [Panc]l[Vyoxel [PanC])

where D (+||-) is the Kullback-Leibler divergence measuring the
difference between two distributions. The aligned predictions are
then aggregated to generate the final prediction:

Vssc = Vyoxel + Vgauss (15)

(13)

(14)

3.4 Training Objective

Following [3, 26], we adopt the cross-entropy loss Lce, lovasz loss
Liovasz [2], and scene-class affinity loss L, to supervise the final
predictions. The overall loss objective is formulated as follows:

L= Lee + Liovasz + Lscal + Lorth + Lalign (16)

4 Experiments

4.1 Dataset and Evaluation Metrics

SemanticKITTI Benchmark [1] is constructed based on the
KITTI Odometry Benchmark [5], comprising 22 sequences of real-
world autonomous driving scenarios with 20 semantic categories.
The semantic occupancy ground truth is generated as 256 X 256 X 32
voxel grids with a resolution of 0.2m, within the spatial range of
[0 ~ 51.2m,—25.6 ~ 25.6m,—2 ~ 4.4m]. Following official proto-
cols, sequences 00-07 and 09-10 are designated for training, se-
quence 08 for validation, and sequences 11-21 for testing.

SSCBench-KITTI-360 Benchmark [18] consists of 9 densely an-
notated sequences in urban driving environments, which are split
into a training set with 8,487 frames from sequences (00, 02-05, 07),
a validation set with 1,812 frames from sequence (06), and a test
set with 2,566 frames from sequence (09). Semantic annotations
across 19 classes cover a spatial region of [0m, 51.2m] in the forward
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Table 1: Camera-based 3D semantic scene completion results on the SemanticKITTI [1] validation set. T denotes the methods
employing EfficientNetB7 [34] as image backbone, and * represents the methods utilizing ResNet50 [6] as image backbone. Best

results are highlighted in bold, and second-best scores are underlined.
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Method SC SSC u u u u u [ u ] ] ] ] | |
etho IoU  mloU
Mono-Input Methods
MonoScene’ [3] 36.86 11.08 | 23.26 0.61 0.45 6.98 1.48 1.86 1.20 0.00 56.52 14.27 26.72 046 14.09 584 17.89 2.81 29.64 4.14 2.25
TPVFormer" [10] 3561 11.36 | 23.81 036 0.05 8.08 435 051 089 0.00 5650 20.60 2587 0.85 13.88 594 1692 2.26 30.38 3.14 1.52
OccFormer' [47] 36.50 13.46 | 25.09 0.81 1.19 2553 8.52 278 282 0.00 5885 19.61 26.88 0.31 1440 5.61 19.63 3.93 32.62 4.26 2.86
TAMSSC* [41] 44.29 1245 | 26.26 0.60 0.15 8.74 5.06 132 346 0.01 5455 16.02 25.85 0.70 17.38 6.86 24.63 495 30.13 6.35 3.56
Temporal-Input Methods
VoxFormer* [19] 44.15 13.35 | 26.54 1.28 0.56 7.26 7.81 193 197 0.00 5357 19.69 2652 042 1954 7.31 26.10 6.10 33.06 9.15 4.94
DepthSSC* [44] 45.84 13.28 | 2594 035 1.16 6.02 7.50 2.58 6.32 0.00 5538 18.76 27.04 092 19.23 8.46 2637 4.52 30.19 7.42 4.09
Symphonies® [12] | 41.92 14.89 | 28.68 2.54 2.82 20.44 13.89 3.52 224 0.00 5637 1528 2758 0.95 21.64 840 2572 6.60 30.87 9.57 5.76
HASSC* [36] 4458 14.74 | 2733 1.07 114 17.06 8.83 225 4.09 0.00 57.23 19.89 29.08 1.26 20.19 795 27.01 7.71 33.95 9.20 4.81
H2GFormer* [37] 44.69 14.29 | 28.21 0.95 091 6.80 9.32 1.15 0.10 0.00 57.00 21.74 2937 034 2051 7.98 2744 7.80 36.26 9.88 5.81
CGFormer" [46] 4599 16.87 | 3432 4.61 2.71 19.44 7.67 238 4.08 0.00 65.51 20.82 3231 0.16 23.52 9.20 2693 883 39.54 10.67 7.84
SGN* [26] 46.21 15.32 | 3331 0.61 0.46 6.03 9.84 047 0.10 0.00 59.10 19.05 2941 0.33 2517 9.96 2893 9.58 38.12 13.25 7.32
SPHERE* (Ours) 47.91 17.01 ‘ 34.43 057 0.84 1466 16.62 1.02 0.85 0.00 60.32 23.88 32.79 0.11 27.60 9.71 30.77 943 38.23 13.18 8.13

direction, [-25.6m, 25.6m] laterally, and [—2.0m, 4.4m] vertically,
which is uniformly discretized into 256 X 256 X 32 voxel grids with
a resolution of 0.2m.

Evaluation Metrics. Following [26, 46], we adopt the Intersection
over Union (IoU) of occupied voxels as the evaluation metric for the
class-agnostic scene completion (SC). We also report the mean In-
tersection over Union (mlIoU) with respect to all semantic classes to
measure the performance of the semantic scene completion (SSC).

TP
IoU= —
TP+ FP+FN
1
1 & TP, (17)
mou= 1y TP
C g TP. + FP. + FN,

where TP, FP, FN represent the number of true positive, false pos-
itive, and false negative occupancy predictions, and C stands for
the total number of classes.

4.2 Implementation Details

Network Architecture. Following previous methods [19, 26, 36],
we adopt the ResNet-50 [6] network with FPN [21] as the image en-
coder, generating 2D feature maps with 1/16 of the input resolution.
The feature dimension of both 2D and 3D representations C is set to
128. The grid size of 3D feature volume is (X, Y, Z) = (128,128, 16),
and the final SSC predictions are upsampled to the resolution of
256 X 256 X 32. In SGI, we employ the dot production to compute
voxel-wise feature similarity and select K = 1024 focal anchors for
Gaussian initialization. In the PHE module, we set the regulariza-
tion parameter for the soft orthogonality loss as A = 1e — 6.

Training Setup. The RGB images from cam2 are cropped into
size of 1220 X 370 as input for the SemanticKITTI dataset, and the
RGB images from caml1 are resized to 1408 X 376 for the SSCBench-
KITTI-360 dataset. We train SPHERE for 24 epochs on 4 NVIDIA

A6000 GPUs, with a total batch size of 4. About 20 GB of GPU
memory is consumed on each GPU while training. We employ a
self-distillation training strategy [36] for more robust and efficient
training process. The AdamW [24] optimizer is adopted with an
initial learning rate of 2e-4 and a weight decay of le-2.

4.3 Quantitative Results

We conduct comparison experiments on two popular benchmarks,
SemanticKITTI and SSCBench-KITTI-360, to evaluate the perfor-
mance of our SPHERE against SOTA camera-based SSC methods.
SemanticKITTI: Table 1 presents the comparison results on the
SemanticKITTI validation set. It can be observed that our SPHERE
approach obtains superior performance of 47.91% IoU for class-
agnostic scene completion (SC) and 17.01% mloU for semantic
scene completion (SSC), respectively. Compared to the best com-
parison method SGN [26] with ResNet50 backbone, our SPHERE
achieves performance improvements of 1.70% IoU and 1.69% mIoU.
Furthermore, compared with CGFormer [46], which employs Effi-
cientNetB7 as backbone and Swin-T [23] as TPV feature backbone,
our SPHERE still improves the SSC results by 1.92% IoU and 0.14%
mloU. The comparison results showcase the effectiveness of our
SPHERE in generating more realistic SSC predictions through joint
exploitation of semantic and physical information.
SSCBench-KITTI-360: Table 2 demonstrates the comparison re-
sults on the SSCBench-KITTI-360 test set, where our SPHERE ap-
proach outperforms all comparison methods with the performance
of 48.59% SC IoU and 20.56% SSC mloU, respectively. It is worth
noting that Gaussian-based methods [9, 11] utilize a total of 38400
Gaussians to represent the scene, resulting in unsatisfying perfor-
mance due to spatial redundancy. On the other hand, our SPHERE
selects focal anchors for Gaussian initialization, achieving superior
performance with only 1024 Gaussians around focal regions.
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Table 2: Camera-based 3D semantic scene completion results on the SSCBench-KITTI-360 [1] test set. T denotes the methods
employing EfficientNetB7 [34] as image backbone, and * represents the methods utilizing ResNet50 [6] as image backbone. Best
results are highlighted in bold, and second-best scores are underlined.
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Method SC SSC u u u u u u u u u | ]
eto U  mloU
Mono-Input Methods
MonoScene' [3] 37.87 1231 | 1934 043 058 802 203 086 4835 1138 2813 332 3280 353 2615 1675 692 567 420  3.09
GaussianFormer* [11] | 3538 1292 | 1893 1.02 4.62 1807 759 335 4547 1089 2503 532 2844 568 2954 862 299 232 951 514
GaussianFormer2* [9] | 3831 13.90 | 21.08 255 421 1241 573 159 5412 1104 3231 3.34 3201 498 2894 1733 357 548 588 354
TPVFormer' [10] 40.22 1364 | 21.56 109 137 806 257 238 5299 1199 3107 378 3483 480 3008 1752 746 586 548 270
OccFormer' [47] 40.27 1381 | 2258 066 026 989 382 277 5430 1344 3153 355 3642 480 3100 1951 777 851 695 460
TAMSSC* [41] 41.80 1297 | 1853 245 176 512 392 3.09 4755 1056 2835 412 3153 628 2917 1524 829 701 635 419
Temporal-Input Methods
VoxFormer* [19] 3876 1191 | 17.84 116 089 456 206 163 4701 9.67 27.21 289 3118 497 2899 1469 651 692 379 243
DepthSSC* [44] 40.85 1428 | 21.90 236 430 1151 456 292 50.88 1289 3027 249 37.33 522 2961 2159 597 777 524 351
Symphonies* [12] 4412 1858 | 30.02 185 5.90 25.07 1206 8.20 5494 1383 3276 6.93 3511 858 3833 1152 1401 957 1444 11.28
CGFormer' [46] 48.07 2005 | 29.85 342 396 17.59 679 663 63.85 1715 40.72 553 4273 822 3880 24.94 1624 1745 1018 677
SGN* [26] 47.06 1825 | 29.03 3.43 290 1089 520 299 5814 1504 3640 443 4202 772 3817 23.22 1673 1638 9.93 586
SPHERE" (Ours) | 4859 20.56 33.08 032 214 2562 1279 516 6005 17.21 3815 9.23 4075 9.24 41.97 1451 1823 1167 17.22 12.84
Table 3: Ablation study on the SemanticKITTI validation set 48.0 0 17.2
[}
for different architectural components of SPHERE. 4781 mioU L17.0
47.6 168
SGI PHE | IoU | mloU 66
= 47.41 3
44.15 | 13.35 s F16.4>
v 46.23 | 15.37 3 4727 L1622
v v |4791] 17.01 47.0 ]
-16.0
46.8 L 158
Table 4: Ablation study on the SemanticKITTI validation set :
validating the effectiveness of PHE. 46.6 1 F15.6
256 512 1024 2048 4096

SSH FDA | IoU | mloU

v 47.18 | 16.53
v 47.37 | 16.10
v v 47.91 | 17.01

Table 5: Efficiency evaluation against voxel-based method
SGN [26] and Gaussian-based method GaussianFormer-2 [9].

Methods ‘ Params (M) Memory (G) GFLOPs
GaussianFormer-2 71.57 39.21 1814.99
SGN 28.16 15.83 725.05
SPHERE (Ours) 28.79 16.13 841.59

4.4 Ablation Studies

To further investigate the effectiveness of our SPHERE approach
and different components, we conduct ablation experiments on the
SemanticKITTI validation set as follows:

Number of Gaussians

Figure 5: Effect of the number of Gaussians on the SSC per-
formance for the SemanticKITTI validation set.

Ablation on Network Components. As shown in Table 3, we
adopt VoxFormer [19] as the baseline method, which achieves
44.15% IoU and 13.5% mloU. By adding SGI to the baseline, the
model performances are improved by 2.08% IoU and 2.02% mIoU
respectively, which showcases the effectiveness of leveraging Gauss-
ian representations for improved geometric details. Furthermore,
by incorporating PHE, SPHERE is able to model physical-aware
contextual details with semantic spherical harmonics and promotes
semantic-geometry consistency via focal distribution alignment.
Therefore, the SSC performance is further enhanced with improve-
ments of 3.90% IoU and 3.50% mloU over the baseline method.

Ablation on Physical-aware Harmonic Enhancement. Tabel 4
presents the ablation experiments on SSH and FDA. It can be ob-
served that incorporating SSH achieves higher performance im-
provements on the mloU metric, since SSH focuses on capturing
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Figure 6: Qualitative visualization results on the SemanticKITTI validation set. Cyan boxes outline the occupancy ground truth.
Red boxes indicate false occupancy predictions of the best comparison method SGN and baseline method VoxFormer, while
green boxes indicate improved scene completion results generated by our SPHERE approach. Better viewed when zoomed in.

physical-aware contextual structures for more realistic details. On
the other hand, integrating FDA better improves the IoU metric,
since the aligned distribution promotes semantic-geometry consis-
tency for more accurate predictions.

Efficiency Evaluation. Table 5 compares the training efficiency
of our SPHERE against voxel-based and Gaussian-based methods.
It can be observed that our SPHERE achieves a balance between
memory for voxel representations and computation for Gaussian
representations, generating accurate semantics and realistic geom-
etry efficiently and effectively.

Effect of Gaussian numbers. Figure 5 illustrates the effect of
the number of Gaussians K in SGI. The best performance is ob-
tained with K = 1024, much fewer than that in Gaussian-based
methods [9, 11]. This validates SPHERE alleviating the spatial re-
dundancy issue with focal anchors for Gaussian initializations.

4.5 Qualitative Results

Figure 6 illustrates the visualization results on the SemanticKITTI
validation set generated by VoxFormer [19], SGN [26], and our pro-
posed SPHERE. We highlight the ground truth with cyan boxes as a
reference for comparison. The red boxes indicate false predictions
of SGN and VoxFormer, while the green boxes highlight improved
results from our SPHERE approach. It can be observed that SPHERE
generates improved SSC predictions with more accurate seman-
tic predictions and more realistic geometric structures, especially
for classes like car, other-vehicle, vegetation, and road. This im-
provement is attributed to the physical-aware modeling ability of

Gaussian representations, and the semantic-geometry consistency
promoted by focal distribution alignment.

5 Conclusion

In this work, we focus on a key challenge in camera-based SSC:
voxel-based methods struggle to learn physical regularities for real-
istic details, while neural reconstruction methods yield confusing
semantics due to spatial redundancy in autonomous driving scenes.
To address this issue, we propose the SPHERE framework, which
integrates voxel and Gaussian representations to jointly model
semantic and physical information. Specifically, SGI leverages dual-
branch representations to identify focal anchors for efficient and
effective Gaussian initialization. Then, PHE incorporates the seman-
tic spherical harmonics to model improved physical-aware details
and ensures semantic-geometry consistency through focal distri-
bution alignment between voxel and Gaussian representations. Ex-
tensive experiments on SemanticKITTI and SSCBench-KITTI-360
demonstrate the effectiveness of our SPHERE approach in achiev-
ing accurate semantics and realistic geometry.

Limitations. SPHERE leverages focal anchors with discrimina-
tive semantics for Gaussian initialization, taking advantage of both
voxel and Gaussian representations for improved SSC performance.
However, real-world scenarios involve complex conditions such as
occlusion, motion blur, and low light, where low-quality semantic
features damage model performance. In future work, we plan to
incorporate explicit physical priors for improved performance with
low-quality semantic features under complex input conditions.
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