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Abstract

Semantic Scene Completion (SSC) aims to predict the se-
mantic occupancy of each voxel within a 3D scene us-
ing sensor data, a critical task for autonomous driving
and robotics. Despite recent progress, camera-based SSC
remains challenging due to various difficulties, includ-
ing voxel class imbalance, occlusion, and depth ambigu-
ity. This paper introduces FairScene, a novel approach
that learns class-disentangled 2D/3D representations to im-
prove SSC. By ensuring balanced representations across
classes, FairScene mitigates the dominance of majority
classes and promotes fairer voxel categorization. Addi-
tionally, FairScene explicitly models spatial dependencies
between different classes through a novel inter-class oc-
cupancy reasoning mechanism. Such explicit modeling
helps alleviate occlusion and depth ambiguities in SSC.
To address the scarcity of SSC training data, we propose
OccMix, a novel augmentation strategy that generalizes
MixUp from 2D to 2.5D and 3D metric spaces while main-
taining geometric consistency. Extensive quantitative and
qualitative experiments demonstrate that FairScene out-
performs prior methods on both the SemanticKITTI and
SSCBench-KITTI-360 benchmarks. The code is available
at https://github.com/DianJJ/FairScene.

1. Introduction

The rapid development of autonomous driving poses new
challenges for 3D scene understanding. To enhance safety
in autonomous driving, Semantic Scene Completion (SSC)
has been introduced to simultaneously predict the dense oc-
cupancy and semantics of a 3D scene using sensor data
[9, 32, 34, 43], such as point clouds from LIDAR and RGB
images from optical cameras [6, 14, 29, 49]. Compared to
LIDAR-based solutions, camera-based SSC is more cost-
effective and widely deployable, thereby drawing growing
interest from both academia and industry.
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Figure 1. (a) FairScene effectively handles occluded scenes, ac-
curately reconstructing road regions even when they are partially
blocked. As shown in the image, FairScene infers the road behind
occlusions (e.g., vehicles and vegetation) more accurately than its
base model SGN [28]. (b) FairScene achieves a significant im-
provement on under-represented categories compared to its base
model SGN. This result is reported on the SemanticKITTI hidden
test set.

The typical pipeline for camera-based SSC includes im-
age feature extraction, 2D-to-3D feature lifting, and voxel-
wise semantic occupancy prediction. Many efforts have
been made to enhance this pipeline by integrating geomet-
ric modeling with deep learning, e.g., tri-perspective view
encoding [14, 45], implicit stereo matching [16, 29], and
normalized device coordinates [44]. Recent works have in-



troduced dedicated Transformer architectures [14, 15, 19,
22, 42] with sophisticated cross- and self-attention mecha-
nisms. Despite notable progress, SSC remains a challeng-
ing task due to various difficulties, including voxel class im-
balance, occlusion, and depth ambiguity.

This paper explores a fundamentally different approach
to SSC, by learning class-disentangled representations from
image space to the physical world. This approach offers
two key benefits. First, it ensures balanced representations
for each class, preventing majority classes from overshad-
owing minority ones in both 2D object recognition and 3D
geometric processing, ultimately leading to fairer voxel cat-
egorization. Second, objects in the physical world are in-
herently related, for example, cars driving on the road, bi-
cyclists riding bicycles, and traffic signs mounted on poles.
Class-disentangled representations enable explicit model-
ing of these relational inductive biases within the deep net-
work, which will help resolve ambiguities such as occlusion
and depth uncertainty.

Our proposed approach, FairScene, introduces two new
mechanisms. (1) Class-Disentangled 2D-to-3D Represen-
tation Learning. FairScene disentangles visual features ex-
tracted from the 2D backbone into class-specific represen-
tations and lifts them to 3D using depth estimates. Each
2D/3D class-specific representation encodes only the spa-
tial and semantic information relevant to its corresponding
class. This disentanglement is achieved through dense se-
mantic guidance obtained by ray marching at target voxels.
The disentangled representations promote class-balanced
SSC and facilitate spatial relationship modeling between
different classes. (2) Inter-Class Occupancy Reasoning.
FairScene explicitly models interactions between 3D fea-
ture volumes of different classes by dynamically inferring
each class’s degree of dependency on others and using
this information to guide inter-class spatial message pass-
ing. This mechanism helps resolve ambiguities in complex
scenes while preserving class-balanced representations.

The limited size of SSC training data is another key chal-
lenge. Existing methods often use basic augmentations like
cropping [10] or color jittering [41], or avoid augmenta-
tion due to difficulty in preserving 2D-3D geometric con-
sistency. To address this, we propose OccMix, a gener-
alization of MixUp [48] from 2D to 2.5D and 3D metric
spaces. Unlike standard MixUp, which only mixes image
pixels and labels, OccMix fuses samples across 2D pixels,
2.5D depth, and 3D occupancy while maintaining geometric
consistency. This enables diverse, physically plausible aug-
mentations that can be easily integrated into existing SSC
frameworks.

The contributions of this paper are summarized below.

e We propose a novel approach that learns class-
disentangled 2D/3D representations for SSC. It promotes
balanced voxel categorization and facilitates spatial rela-

3761

tionship modeling between different classes.

We introduce a new mechanism that dynamically infers
inter-class dependencies and explicitly models spatial in-
teractions between different class-specific 3D feature vol-
umes.

We propose OccMix to generate physically plausible
training data for SSC, by mixing data samples across 2D
image space and 2.5D/3D metric spaces, while maintain-
ing geometric consistency.

Our approach outperforms previous state-of-the-art meth-
ods on SemanticKITTI and SSCBench-KITTI-360, with
significant improvements on occluded areas and under-
represented categories, as shown in Fig. 1. These results
validate its effectiveness in learning balanced representa-
tions and alleviating geometric ambiguities in SSC.

2. Related Work

Camera-based Semantic Scene Completion. MonoScene
[6] pioneered camera-based SSC with a feature lifting
mechanism that samples RGB features along lines of sight.
TPVFormer [14] encodes voxels via tri-perspective view
planes, while VoxFormer [19] adopts a two-stage MAE-
style framework. OccDepth [29] improves geometric pro-
jection using implicit stereo matching. Transformer-based
methods like OccFormer [49] and NDC-Scene [44] intro-
duce mask-wise prediction and normalized device coor-
dinates to reduce geometric ambiguity. Recently, some
methods have sought to address the under-represented cat-
egories. Symphonize [15] uses instance queries for better
semantics and context modeling, while MonoOcc [50] in-
troduces a privileged branch with knowledge distillation.
In contrast, we propose a fundamentally different strat-
egy: learning class-disentangled 2D-to-3D representations.
While disentangled representations have been explored in
2D vision [24, 26, 35, 40], they are not applicable to 2D-to-
3D lifting tasks.

Data Augmentation for Semantic Scene Completion.
Data augmentation has proven crucial to improving model
robustness and handling data imbalance in 3D perception
tasks [7, 8, 21, 51]. Traditional approaches in SSC typi-
cally employ basic techniques such as random flipping and
cropping. However, the unique challenges of SSC, partic-
ularly the strong projection constraints between 2D inputs
and 3D labels, limit the applicability of conventional aug-
mentation methods. Recent works in related 3D perception
tasks have explored more sophisticated strategies: BEVDet
[13] and BEVDepth [18] introduced specialized augmenta-
tion techniques for BEV representation, while works like
[23] proposed geometry-aware augmentation methods for
3D object detection. However, developing effective aug-
mentation strategies specifically for SSC remains challeng-
ing due to the need to maintain both geometric consistency
and physical plausibility in the augmented data.
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Figure 2. Overview of FairScene for Semantic Scene Completion. FairScene disentangles visual features extracted from the 2D backbone
into class-specific representations and lifts them into 3D using depth estimates from an off-the-shelf stereo network. This disentanglement
is guided by dense semantic guidance obtained by ray marching at target voxels. In 3D space, FairScene performs inter-class occupancy
reasoning by dynamically inferring the degree of dependency between classes and leveraging this information to guide inter-class spatial
message passing. Finally, a 3D group convolution block and a segmentation head generate voxel-wise classifications.

3. Method

We propose FairScene, a novel approach to semantic scene
completion (SSC) by learning class-disentangled represen-
tations from image space to the physical world. As shown
in Fig. 2, FairScene introduces two new mechanisms:
Class-Disentangled 2D-to-3D Representation Learning and
Inter-Class Occupancy Reasoning. Additionally, we pro-
pose OccMix, a geometry-preserving data augmentation
technique tailored for SSC. In the rest of this section,
we first present the two core components of FairScene in
Sec. 3.1 and Sec. 3.2, respectively, and then elaborate Oc-
cMix in Sec. 3.3.

3.1. Class-Disentangled 2D-to-3D Representation
Learning

We disentangle visual features extracted from the 2D back-
bone into class-specific representations and lift them to 3D
using depth estimates. Each 2D/3D class-specific represen-
tation encodes only the spatial and semantic information
relevant to its corresponding class. This disentanglement is
achieved through dense semantic guidance obtained by ray
marching at target voxels. The disentangled representations
promote class-balanced SSC and facilitate spatial relation-
ship modeling between different classes.

Class-specific 2D Representations. A 2D backbone
network first extracts a feature map from the input image.
This feature map is then fed into two convolutional layers to
produce a decoupled 2D representation FZP € RZ*H*W
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for each class k£ (k € 1,..., K), where H and W are the
height and width, Z is the number of channels, and K is
the number of object classes. Let F?° € REXHXW denote
the collection of all class-specific representations, defined
as F?P = Concat(F?,... , FP), where C = K - Z and
Concat denotes concatenation along the channel dimen-
sion.

The decoupling of features is achieved through inter-
mediate 2D semantic supervision, which transforms class-
agnostic features into class-specific ones so that FZP con-
tains information specific to its corresponding class k. Con-
cretely, we use each representation to predict a 2D segmen-
tation mask for its respective class, which is then compared
with 2D semantic guidance (described below) during train-
ing using a pixel-wise cross-entropy loss. Since FZP is only
responsible for predictions related to class k&, it is guided to
encode the spatial and semantic information of this class
within the image.

Finally, we apply two group convolutional layers to
F?P, each with K groups, to maintain and enhance class-
specific features. For simplicity, we still use F?° =
Concat(FP,...,F?’) to denote the enhanced class-
specific representations.

Semantic Ray Marching. To obtain dense 2D semantic
masks, a naive approach is to directly project ground truth
voxel centers onto the image plane; however, this results in
extremely sparse pixel annotations (see Fig. 3). Inspired by
the neural radiation field (NeRF) [30, 38], we introduce Se-
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Figure 3. (a) Input RGB image. (b) Segmentation mask obtained
by Semantic Ray Marching. (c) Segmentation mask obtained by
direct projection of voxel centers.

(a)

mantic Ray Marching (SRM). Instead of relying on sparse
projections, SRM iteratively samples along each viewing
ray, extracting semantic information from intersected vox-
els. This process generates continuous and robust 2D se-
mantic guidance that effectively mitigates the discontinuity
arising from sparse voxel projections.

For each pixel (u,v) in the image, we first compute the
(unnormalized) ray direction using the camera’s intrinsic
matrix E and extrinsic matrix R:

u

du,'u :RilEil (1)

1
Then, the parametric equation for ray marching is given by:

. d
— corlgm +t- u,v
|| duo]l

)

Tuw(t) 2)

where "¢ is the camera origin, and ¢ is the step parameter
along the ray. At each step, we calculate the voxel indices

as: N
gindex _ LTU,U (t) — gorlng

Ag

where g°"#i" is the voxel grid origin, Ag is the voxel size.

The ray-marching process terminates upon encountering
an occupied voxel, exiting the voxel grid, or reaching the
step limit. If an occupied voxel is found, its semantic la-
bel is assigned to the corresponding pixel; otherwise, the
pixel is labeled as empty. This process results in a dense 2D
semantic segmentation, as shown in Fig. 3.

Class-Preserving 2D-to-3D Feature Lifting. We
project 2D representations into 3D space in a class-
preserving manner, resulting in a disentangled 3D represen-
tation for each class.

Each 2D feature map FP® € RZ*HXW ( ¢

{1,...,K}) is first lifted to a 3D feature volume F}' €
RZXD/ xH' xW’

3)

via a common sparse-to-dense method [6],
where pixels cast rays into 3D space, populating inter-
sected voxels. D', H’, and W' are the depth, height, and
width of the target voxel grid, respectively. Following [19],
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voxel proposals are then generated by voxelizing depth-
based pseudo LiDAR points [33] into an occupancy map
O € {0,1}P"*H"*W' The final class-disentangled 3D rep-
resentation is obtained by selecting occupied voxels:
P ={(fi%p)iop=1}k=1....K (4
where F?P € RZXD'>H'xW" i 3 sparse 3D feature volume
for class k, p is the 3D coordinate of a voxel, o, € {0,1}
and f;, € R” are the voxel’s occupancy and 2D-to-3D
lifted features from O and F)™ at position p, respectively.
We use a shared occupancy map across classes because
it is both computationally efficient and preserves class-
disentangled 2D/3D representations while allowing multi-
ple semantic features to coexist at the same 3D location.

3.2. Inter-Class Occupancy Reasoning

Different classes in the physical world are inher-
ently related, for example, cars driving on roads,
bicyclistsridingbicycles,and traffic signs
mounted on poles. These relationships provide valuable
priors that help resolve ambiguities in SSC, such as occlu-
sion and depth uncertainty. Therefore, we propose a new
inter-class occupancy reasoning mechanism that explicitly
models spatial interactions between 3D feature volumes of
different classes. It first dynamically infers each class’s de-
gree of dependency on others and then uses this information
to guide inter-class spatial message passing.

Concretely, we formulate inter-class occupancy reason-
ing as follows:

hj = AvePool3D(F;°), k=1,..., K Q)

{ar it o1 = ¢({h1,... hi}) (6)
K

FP =Wy« F°+> ap,W;«F° k=1,..K (])
j=1

Eq. (5) uses 3D average pooling to extract a global repre-
sentation hj, € RZ from each class-specific 3D feature vol-
ume F,SD. In Eq. (6), ax; € [0, 1] represents class k’s de-
pendency on class j, which is inferred from the global class
representations. We model ¢ as a fully-connected layer fol-
lowed by a softmax function. An alternative choice is the
scaled dot-product attention [36], which we found to yield
similar performance. In Eq. (7), F’,SD is the updated 3D
feature volume for class k, and * denotes (sparse) 3D con-
volution with W}, and W as the convolutional kernels.
Eq. (7) enables interactions between class-specific 3D
volume representations based on their inter-class dependen-
cies. If ay ; is high, which indicates class k strongly de-
pends on class j, then class j’s representation contributes
more to the update of class k’s representation. Interest-
ingly, this operation could be viewed as a generalization



of graph convolution [2] from a 1D vector space to a high-
dimensional tensor space (e.g., 3D volume representations),
enabling effective spatial message passing between differ-
ent classes.

To preserve class-disentangled 3D representations, we
apply 3D semantic guidance to the generated F3P =
Concat(F;P,...  F3P). Concretely, we feed each F2P
(k € {1,...,K})toal x 1 x 1 convolutional layer for
semantic occupancy prediction, which can be implemented
easily using group convolution. The prediction is super-
vised by a voxel-wise classification loss.

Following [28], we construct a dense 3D volume repre-
sentation by filling unoccupied voxels in the sparse volume
F3P with a learnable vector m € R¢:

f3D_{
p

where f3P is the features of the dense 3D volume F3D at
voxel position p.

Finally, we obtain the SSC prediction through a 3D
group convolution block, followed by a segmentation head:

(€))

where Y € [0, 1]V* P> H'xW" s the voxel-wise classifica-
tion output, and NV is the number of categories.

Loss Functions. For the final prediction, we use the
scene-class affinity loss and a voxel-wise cross-entropy loss
following previous work [6]. For intermediate supervision
on the class-specific representations, we take the pixel-wise
cross-entropy loss as 2D semantic guidance and a combina-
tion of the voxel-wise cross-entropy loss and the lovasz loss
[4] as the 3D semantic guidance. Detailed formulations of
our loss functions are in the supplementary material.

3.3. OccMix

Traditional augmentation methods like random cropping
and affine transforms are limited in SSC due to the strict
geometric alignment required between images and voxels
[8, 25]. Approaches such as CutMix [47] depend on ac-
curate depth to insert objects consistently across scenes,
which is often unavailable in camera-based SSC, leading
to geometric inconsistencies. To address this, we propose
OccMix—an extension of MixUp from 2D to 2.5D and 3D
metric spaces. Unlike vanilla MixUp [37, 47], which breaks
3D projection rules when mixing images with different in-
trinsics, OccMix preserves geometric consistency across all
dimensions. As illustrated in Fig. 4, it comprises three key
components: View-Occupancy Mixing, Voxel Proposal Fu-
sion, and Mixed Feature Lifting.

View-Occupancy Mixing. Images captured by different
cameras have distinct geometric projection properties due
to varying intrinsic parameters (focal length and principal

ng ifop, =1

m

®)

if op = 0

Y = SegHead(GroupConv3D(F3P))
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/" (a) View-Occupancy Mixing ™ [ (b) Voxel Proposal Fusion

Input MixUp

(c)Mixed Feature Lifting

Figure 4. Illustration of the three components of OccMix. See Sec.
3.3 for explanations.

Target MixUp

™)

point). To maintain geometric consistency and avoid depth
ambiguity, we only mix images sharing identical intrinsic
camera parameters.

Let (I;,Y;) denote a training sample, where I; is the in-
put image and Y is the target semantic occupancy map. We
randomly choose another training sample (I;,Y;) with the
same intrinsic camera matrix. The View-Occupancy Mix-
ing is then defined as:

{

where )\ denotes the mix ratio, and (I;,Y;) is the mixed
training sample.

Voxel Proposal Fusion. Generate voxel proposals from
a pre-estimated depth map is a common process in SSC
[15, 19, 28], where each input image has its own set of voxel
proposals to encode visible voxel features. We adopt a sim-
ple yet effective fusion strategy by taking the union of voxel
proposals from two input samples to form the voxel pro-
posals for the mixed sample. This ensures that informative
features from both training samples are selected.

Mixed Feature Lifting. Directly lifting mixed 2D fea-
tures to 3D is problematic due to differences in viewpoints.
To address this, we perform feature lifting twice using each
camera’s extrinsic parameters individually, and then com-
bine the resulting 3D features using the same mixing ratio
as in the 2D mixing process. This approach ensures cor-
rect spatial mapping while preserving geometric relation-
ships from both views.

L=)\T+(1-)\-TI

X J

Yi=A Vit (1)) 1o

4. Experiments

4.1. Dataset and Metrics

We evaluate FairScene on two standard outdoor SSC bench-
marks, SemanticKITTI [3] and SSCBench-KITTI-360 [20],
both containing real-world urban driving scenes with 19-20
semantic classes. Following the common practice in prior
work, we voxelize a 51.2m x 51.2m X 6.4m volume into
a 256 x 256 x 32 grid and report Intersection-over-Union
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RenderOcc [31] | Multi | Voxel + Lidar| - 12.87| 57.2 28.44 16.11 0.91 18.18 24.90 6.03 3.11 0.00 3.66 26.23 4.87 33.61 1.91 3.11 0.00 9.10 6.24 3.38
CGFormer [46]  |Stereo | Voxel + Lidar |44.41 16.63 |64.30 34.20 34.10 12.10 25.80 26.10 4.30 3.70 1.30 2.70 24.50 11.20 29.30 1.70 3.60 0.40 18.70 8.70 9.30
MonoScene [6] | Mono Voxel 34.16 11.08|54.70 27.10 24.80 5.70 14.40 18.80 3.30 0.50 0.70 4.40 14.90 2.40 19.50 1.00 1.40 0.40 11.10 3.30 2.10
TPVFormer [14] | Mono Voxel 34.25 11.26|55.10 27.20 27.40 6.50 14.80 19.20 3.70 1.00 0.50 2.30 13.90 2.60 20.40 1.10 2.40 0.30 11.00 2.90 1.50
SurroundOcc [42] | Mono Voxel 34.72 11.86|56.90 28.30 30.20 6.80 15.20 20.60 1.40 1.60 1.20 4.40 14.90 3.40 19.30 1.40 2.00 0.10 11.30 3.90 2.40
OccFormer [49] | Mono Voxel 34.53 12.32(55.90 30.30 31.50 6.50 15.70 21.60 1.20 1.50 1.70 3.20 16.80 3.90 21.30 2.20 1.10 0.20 11.90 3.80 3.70
VoxFormer [19]  |Stereo Voxel 42.95 12.20(53.90 25.30 21.10 5.60 19.80 20.80 3.50 1.00 0.70 3.70 22.40 7.50 21.30 1.40 2.60 0.20 11.10 5.10 4.90
SGN [28] Stereo Voxel 41.88 14.01(57.80 29.20 27.70 5.20 23.90 24.90 2.70 0.40 0.30 4.00 24.20 10.00 25.80 1.10 2.50 0.30 14.20 7.40 4.40
Symphonize [15] [Stereo|  Voxel  |42.19 15.04[58.40 29.30 26.90 11.70 24.70 23.60 3.20 3.60 2.60 5.60 24.20 10.00 23.10 3.20 1.90 2.00 16.10 7.70 8.00
HASSC [39] Stereo Voxel 43.40 13.34(54.60 27.70 23.80 6.20 21.10 22.80 4.70 1.60 1.00 3.90 23.80 8.50 23.30 1.60 4.00 0.30 13.10 5.80 5.50
MonoOcc [50] Stereo Voxel - 13.80(55.20 27.80 25.10 9.70 21.40 23.20 5.20 2.20 1.50 5.40 24.00 8.70 23.00 1.70 2.00 0.20 13.40 5.80 6.40
FairScene (ours) |Stereo Voxel 43.00 15.76 {57.90 30.60 28.10 6.60 24.80 24.10 7.60 3.50 2.70 6.10 24.70 12.00 26.00 2.70 4.40 1.80 16.30 9.90 9.60

Table 1. Results evaluated on SemanticKITTI hidden test set. The method with the best performance is showcased in bold and the second
best is showcased in underline.

N mEEn mn mEn mu
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Method Input | Supervision | ToU mloU| § & & = 2 & e g 2 2 3B & 4 8 2 g ° i)
LMSCNet [32] Lidar Voxel 47.35 13.65(20.91 0.00 0.00 0.26 0.58 0.00 62.95 13.51 33.51 0.20 43.67 0.33 40.01 26.80 0.00 0.00 3.63 0.00
SSCNet [34] Lidar Voxel 53.58 16.95(31.95 0.00 0.17 10.29 0.00 0.07 65.70 17.33 41.24 3.22 44.41 6.77 43.72 28.87 0.78 0.75 8.69 0.67
CGFormer [46] |Stereo| Voxel + Lidar|48.07 20.05(29.85 3.42 3.96 17.59 6.79 6.63 63.85 17.15 40.72 5.53 42.73 8.22 38.80 24.94 16.24 17.45 10.18 6.77
MonoScene [6] | Mono Voxel 37.87 12.31]19.34 0.43 0.58 8.02 2.03 0.86 48.35 11.38 28.13 3.32 32.89 3.53 26.15 16.75 6.92 5.67 420 3.09
TPVFormer [14] | Mono Voxel 40.22 13.64(21.56 1.09 1.37 8.06 2.57 2.38 52.99 11.99 31.07 3.78 34.83 4.80 30.08 17.52 7.46 586 548 2.70
OccFormer [49] | Mono Voxel 40.27 13.81(22.58 0.66 0.26 9.89 3.82 2.77 54.30 13.44 31.53 3.55 36.42 4.80 31.00 19.51 7.77 851 6.95 4.60
VoxFormer [19] |Stereo Voxel 38.76 11.91|17.84 1.16 0.89 4.56 2.06 1.63 47.01 9.67 27.21 2.89 31.18 4.97 28.99 14.69 6.51 6.92 3.79 243
SGN [28] Stereo|  Voxel  [46.22 17.71]28.20 2.09 3.02 11.95 3.68 4.20 59.49 14.50 36.53 4.24 39.79 7.14 36.61 23.10 14.86 16.14 8.24 4.95
Symphonize [15] | Stereo Voxel 44.12 18.58(30.02 1.85 5.90 25.07 12.06 8.20 54.94 13.83 32.76 6.93 35.11 8.58 38.33 11.52 14.01 9.57 14.44 11.28
FairScene (ours) | Stereo Voxel 47.79 19.57(29.60 3.14 7.13 21.65 8.80 3.31 61.13 14.13 38.37 5.26 41.9 6.9 3791 23.71 16.07 15.82 9.32 8.08

Table 2. Results evaluated on SSCBench-KITTI-360 test set. The method with the best performance is showcased in bold and the second
best is showcased in underline.

(IoU) and mean IoU (mIoU) over all semantic classes ex-
cept the ‘unlabeled’ category.

4.2. Implementation Details

We crop cam2 RGB images to 1220 x 370 for Se-
manticKITTI and caml images to 1408 x 376 for
SSCBench-KITTI-360. The ResNet-50 [12] backbone and
image encoder are initialized with MaskDINO [17] pre-
trained weights. Each group has 16 channels, yielding 320
and 304 total channels for the two datasets (20 and 19 cat-
egories, respectively). Despite exceeding the typical 128-
channel design, the use of group convolution actually leads
to a smaller number of parameters and flops [11]. FairScene
is trained for 48 epochs on 4 L40S GPUs (batch size 4) us-

ing AdamW [27] with a learning rate of 2e-4 and weight
decay of le-2. In OccMix, the mix ratio A is sampled from
Beta(a, o) with & = 0.75. During training, OccMix is ap-
plied to 30% of samples to balance original and mixed data
for stable convergence. We do not apply OccMix during
inference.

4.3. Quantitative Results

We compare FairScene with state-of-the-art methods on
SemanticKITTI and SSCBench-KITTI-360. On the Se-
manticKITTT hidden test set (Tab. 1), under stereo input and
voxel supervision, FairScene achieves an mloU of 15.76
and an IoU of 43.00, outperforming all other methods in
mloU and ranking second in IoU.
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SemanticKITTI KITTI360

(Acc/Rec/F1)

Symphonize FairScene (Ours) Symphonize FairScene (Ours)
other vehicle 68.07/4.29/8.07 60.58/12.89/21.27 — —
truck 95.14/0.81/1.61  89.01/4.39/8.37  92.78/4.94/9.38  91.70/6.00/11.26
traffic sign 36.56/25.20/29.84 37.46/30.70/33.75 46.73/35.37/40.26 45.33/41.23/43.18
person 56.74/2.10/4.05 41.15/26.75/32.44 67.58/12.79/21.51 55.23/23.37/32.84
bicyclist 78.87/0.72/1.43  50.94/26.01/34.42 — —
motorcycle 82.44/1.11/2.19  80.74/3.90/7.44  86.37/4.27/8.14 79.36/13.04/22.40
motorcyclist 86.71/12.66/22.08 90.00/8.51/15.55 — —
bicycle 57.33/2.04/3.96 47.70/15.01/22.83 74.36/12.82/21.87 71.75/14.34/23.90

Table 3. (Acc / Rec / F1) on SemanticKITTI and KITTI360.

Method | SemanticKITTI | KITTI360

F11 Acct Rect|F171T AcctT Rec?
SGN 12.16 1128 17.79 | 12.63 9.93  25.36
Symphonize 13.26 12.58 17.05 | 14.28 1143 26.94
FairScene (Ours) | 15.77 15.30 20.58 | 17.21 1343 34.36

Table 4. Occlusion Evaluation on SemanticKITTI and KITTI360.

Method | SemanticKITTI | KITTI360
AbsRel | RMSE | | AbsRel | RMSE |
SGN 0.3690 10.4465 0.4084 11.9624,
Symphonize 0.3457 9.1756 0.3852 10.3433,
FairScene (Ours) 0.2263 8.7352 0.2695 9.2651

Table 5. Depth Evaluation on SemanticKITTI and KITTI360.

FairScene also achieves overall better performance on
under-represented categories (frequency < 0.2%), includ-
ing other vehicle, truck, traffic sign, person, bicyclist, mo-
torcycle, motorcyclist, and bicycle. Although CGFormer
[46] uses additional LiDAR supervision and 120% more pa-
rameters (122.4M vs 54.1M), FairScene outperforms CG-
Former relatively by 42.4% on under-represented cate-
gories. Compared to MonoOcc [50] and Symphonize [15],
specifically designed to address under-represented cate-
gories, FairScene achieves 27.7% and 56.1% relative im-
provements in mloU, respectively.

As shown in Tab. 2, FairScene also achieves strong re-
sults on SSCBench-KITTI-360 with 19.57 mIoU and 47.79
IoU. Remarkably, despite relying only on stereo input, it
matches or exceeds several LIDAR-based methods in se-
mantic accuracy, which typically benefit from precise depth.

Further analysis on under-represented categories.
The mloU metric often fluctuates on low-frequency classes
due to its sensitivity to localization and depth errors—minor
voxel shifts can cause large drops in IoU. To further as-
sess model performance on under-represented categories,
we adopt precision, recall, and F1 score. Tab. 3 com-
pares FairScene with Symphonize [15] on classes with fre-
quencies below 0.2%. While Symphonize achieve high
precision, they suffer from very low recall (e.g., person:
2.10%), indicating poor coverage. In contrast, FairScene
maintains similar precision while significantly improving
recall and F1 score, demonstrating the effectiveness of our
class-balanced 2D/3D representations in addressing class-
imbalance challenges and achieving more robust perfor-
mance.
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Occluded regions. We also evaluate the performance of
our method in occluded regions. We define occluded vox-
els as those that are not reachable by ray marching. Tab. 4
reports the class-wise mean F1 score, accuracy, and recall
on these occluded voxels. The results show that FairScene
consistently outperforms both SGN and Symphonize in all
three metrics across both datasets, demonstrating its supe-
rior ability to recover occluded structures.

Depth ambiguities. We compute depth errors by tracing
rays to the first occupied voxel and comparing its depth with
LiDAR ground truth. Tab. 5 reports the results using two
standard depth metrics, Abs Rel and RMSE [1, 5], show-
ing that our method achieves lower depth errors than both
Symphonize and our base model SGN.

4.4. Ablation Studies

We conduct ablation studies on the SemanticKITTI valida-
tion set to analyze the effectiveness of different components
and each step in our proposed OccMix.

Ablation on architectural components. Tab. 6 shows
the impact of key components in FairScene: CRL (Class-
disentangled 2D-to-3D Representation Learning), IOR
(Inter-Class Occupancy Reasoning), and SG (2D/3D Se-
mantic Guidance). OccMix further boosts performance by
enhancing sample diversity while maintaining geometric
consistency.

CRL uses group convolution to learn class-specific fea-
tures, but yields limited mloU improvement alone. Intro-
ducing 2D SG provides stronger supervision and leads to a
notable gain. IOR improves sparse 3D reasoning and en-
ables inter-class interaction. Even without 3D SG, IOR in-
creases mloU by 0.97. Adding 3D SG brings an additional
0.42 improvement.

These results validate the complementary benefits of all
components in FairScene.

Ablation on OccMix components. Tab. 7 compares the
performance across OccMix components. Vanilla MixUp
mixes an input image with a randomly selected sample and
their corresponding targets, but uses only the original im-
age’s camera matrix for projection, ignoring 2D-to-3D ge-
ometry and thus degrading performance. We observe that
selecting an image with the correct camera parameters and
applying Mixed Feature Lifting with its corresponding cam-
era matrix improves model performance. This improvement
is due to View-Occupancy Mixing and Mixed Feature Lift-
ing, which ensure that features from each viewpoint are ac-
curately mapped to their respective 3D positions, maintain-
ing spatial consistency and enhancing overall performance

Without Voxel Proposal Fusion, the model fails to incor-
porate voxel proposals from the secondary image, resulting
in incorrect voxel proposals. Adding this component no-
tably improves mloU by better fusing proposals from both
views, thus reducing geometric ambiguity.
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Y @
@ @

SGN

FairScene (Ours)

Figure 5. Qualitative visualizations on SemanticKITTI val. FairScene produces detailed predictions compared with its base model SGN.
Row 1: The red circles indicate areas where FairScene better delineates traffic signs and vehicles, preserving clear boundaries between
adjacent objects. Row 2: The red circles emphasize slender objects such as poles, where FairScene captures fine structural details that
SGN tends to blur or merge with the background. Row 3: The red circles highlight tree trunks and poles, demonstrating FairScene’s ability
to produces detailed predictions, while maintaining coherent layouts.
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Table 6. Ablation study on architectural components in FairScene.
Results are reported on SemanticKITTI val set. CRL: Class-
Disentangled 2D-to-3D Representatation Learning, IOR: Inter-
Class Occupancy Reasoning, SG: Semantic Guidance.

Method IoU mloU
w/0 OccMix 42.79 15.66
w/ Vanilla MixUp 42.72 15.52
+ View-Occupancy Mixing 43.39 15.79
+ Mixed Feature Lifting 43.60 15.85
+ Voxel Proposal Fusion 43.63 16.06

Table 7. Performance comparison with different steps of OccMix.
Results are reported on SemanticKITTI val set.

4.5. Qualitative Results

Fig. 5 showcases the visualizations on the SemanticKITTI
validation set, comparing our method to SGN [28]. Our ap-
proach demonstrates significant improvements, particularly
for the under-represented categories. These categories are
often overlooked in traditional methods due to limited con-
textual cues and imbalanced representation in the dataset.
Our method also performs very well in handling occluded
regions. When dealing with roads occluded by vegetation,
our model accurately predicts the extended areas. Addi-
tional qualitative comparisons with Symphonize [15] are in-
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cluded in the supplementary material.

5. Limitations

While FairScene has demonstrated strong overall perfor-
mance in benchmark evaluations, it does not achieve the
best results across all classes, suggesting that our proposed
approach may complement existing methods. In future
work, we aim to extend this research to a broader range of
architectures to further enhance semantic scene completion.

6. Conclusion

This paper introduces a new approach, FairScene, for
camera-based semantic scene completion. By learning
class-disentangled 2D-to-3D representations, inter-class oc-
cupancy reasoning, and introducing a geometry-preserving
data augmentation technique, our approach achieves
substantial performance gains over existing methods on the
SemanticKITTI and SSCBench-KITTI-360 datasets.
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