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Abstract

This paper introduces VisHall3D, a novel two-stage frame-
work for monocular semantic scene completion that aims
to address the issues of feature entanglement and geomet-
ric inconsistency prevalent in existing methods. VisHall3D
decomposes the scene completion task into two stages: re-
constructing the visible regions (vision) and inferring the
invisible regions (hallucination). In the first stage, VisFron-
tierNet, a visibility-aware projection module, is introduced
to accurately trace the visual frontier while preserving fine-
grained details. In the second stage, OcclusionMAE, a hal-
lucination network, is employed to generate plausible ge-
ometries for the invisible regions using a noise injection
mechanism. By decoupling scene completion into these two
distinct stages, VisHall3D effectively mitigates feature en-
tanglement and geometric inconsistency, leading to signifi-
cantly improved reconstruction quality.

The effectiveness of VisHall3D is validated through
extensive experiments on two challenging benchmarks:
SemanticKITTI and SSCBench-KITTI-360. VisHall3D
achieves state-of-the-art performance, outperforming pre-
vious methods by a significant margin and paves the way
for more accurate and reliable scene understanding in au-
tonomous driving and other applications.

1. Introduction
Monocular Semantic Scene Completion (Monocular
SSC) [3, 20, 29, 42, 43] has emerged as a promising
solution for enabling autonomous vehicles to perceive
and understand their surroundings, as it can reconstruct
complete 3D scenes using only single RGB images. This
cost-effective and flexible approach has the potential to
revolutionize 3D perception in autonomous driving. How-
ever, existing Monocular SSC methods still suffer from
two major challenges: feature entanglement and geometric
inconsistency.
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These issues stem from the inherent distinction between
visible and invisible regions in the 3D scene. The visible re-
gions, or the visual frontier, correspond to the surface points
of the 3D scene captured in the input image. When estimat-
ing 3D occupancy grids, the ground truth is typically ob-
tained by accumulating data from multiple adjacent Lidar
frames, inevitably including some voxels that are not visible
in the current image. As a result, the occupancy estimation
task faces two distinct challenges: tracing the visual frontier
and generating the unseen voxels, as shown in Fig.1.

Existing methods, such as MonoScene [3], Oc-
cdepth [29], and NDC-Scene [42], among others [12, 20,
37, 43, 47], have made significant progress in Monocu-
lar SSC. However, by treating SSC as a single-stage task,
they fail to recognize the inherent distinction between vis-
ible and invisible regions, leading to feature entanglement
and geometric inconsistency. Feature entanglement occurs
when the features learned for visible and invisible regions
are mixed together, while geometric inconsistency arises
when the reconstructed visible and invisible regions are
misaligned or have conflicting structures.

To address these challenges, we propose VisHall3D,
a novel two-stage framework that explicitly separates the
tasks of reconstructing visible regions (vision) and infer-
ring invisible regions (hallucination). In the first stage,
VisHall3D uses VisFrontierNet, a visibility-aware projec-
tion module, to accurately trace the visual frontier while
preserving fine-grained details. By explicitly modeling the
boundary between visible and invisible regions, VisFron-
tierNet helps to mitigate feature entanglement. In the sec-
ond stage, VisHall3D employs OcclusionMAE, a halluci-
nation network that generates plausible geometries for in-
visible regions using a noise injection mechanism. By de-
composing SSC into these two distinct stages, VisHall3D
effectively addresses feature entanglement and geometric
inconsistency, leading to significantly improved reconstruc-
tion quality, as shown in Fig.1.

We validate the effectiveness of VisHall3D through ex-
tensive experiments on SemanticKITTI [1] and SSCBench-
KITTI-360 [21, 25], achieving state-of-the-art performance.
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Figure 1. Visualization of the decoupling of prediction for visible regions and hallucination for invisible regions: (a) Division of visible
and invisible areas: OOV (Out-of-view) voxels are in black, and occluded FOV (Field-of-View) voxels are in dark; (b) Pipeline of current
mainstream methods; (c) Pipeline of our approach and its decoupling strategy for prediction and hallucination.

Our main contributions are:
• A novel two-stage framework, VisHall3D, for Monocu-

lar SSC that explicitly separates vision and hallucination
processes to mitigate feature entanglement and geometric
inconsistency.

• VisFrontierNet, a visibility-aware projection module that
accurately traces the visual frontier by modeling the
boundary between visible and invisible regions.

• OcclusionMAE, a hallucination network that generates
plausible geometries for invisible regions using a noise
injection mechanism.

• VisHall3D sets a new standard for Monocular SSC,
paving the way for more accurate and reliable scene un-
derstanding in various applications.

2. Related Work
2.1. Semantic Scene Completion
3D Semantic Scene Completion aims to generate dense 3D
semantic voxel grids from incomplete observations, as first
defined in SSCNet [34]. Early SSC works typically relied
on geometric inputs such as LiDAR [6, 31, 40] or depth
maps [18, 19, 34]. However, recent studies have explored
reconstructing entire SSC scenes using visual-only inputs,
starting from multi-view methods [11, 22], then progressing
to stereo-based approaches [14], and finally to monocular

frameworks [3, 42].
Among multi-view methods, BEVFormer [22] and TPV-

Former [11] leverage diverse 3D feature representations to
reduce computational overhead and enhance network capa-
bility. FB-OCC [24] and OccTransformer [26], on the other
hand, focus on improving the transition from 2D to 3D.

Monoscene [3] pioneered single-image SSC, while sub-
sequent works introduced NDC coordinates [42], depth pre-
diction [20], horizontal direction emphasis [37], and voxel-
to-graph structures [41] to optimize 2D-to-3D transforma-
tion. The latest advancements, Symphonies [12] and CG-
Former [43], refine the approach with object-aware and
context-aware optimizations. However, these methods still
suffer from feature entanglement and geometric inconsis-
tency due to the inherent ambiguity in monocular 3D re-
construction.

2.2. 3D From a Single Image
3D reconstruction from a single image is an ill-posed
problem due to the lack of explicit depth information.
Early monocular 3D tasks focused on reconstructing coarse
information within the visible region by extending 2D
methods [28, 48], exploiting geometric knowledge of ob-
jects [13, 23, 44, 45], or treating it as a Perspective-n-Points
(PnP) problem [5, 27].

The emergence of monocular semantic scene comple-
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Figure 2. Overview of our method and the structure of each module. (a) The pipeline of our proposed VisFrontierNet, including unsigned
distance (uDistance) Encoding and Feature Refinement. (b) The detailed architecture of the OcclusionMAE. The unsigned distance is
calculated for the identified visual frontier which is then encoded and combined with image feature for the 3D representation.

tion (SSC) [3, 36, 47] has expanded the scope of monocular
3D tasks to reconstructing both visible and invisible regions
with detailed shapes and semantics. This requires models to
possess not only visual perception capabilities but also the
ability to hallucinate missing information. However, exist-
ing methods often struggle to effectively handle the distinc-
tion between visible and invisible regions, leading to sub-
optimal results.

2.3. Multi-stage Refinement
Multi-stage refinement strategy has been widely adopted in
computer vision, particularly in object detection [2, 4, 35,
49], to refine proposals and enhance accuracy. Inspired by
this, we propose to decouple the tasks of visual perception
and hallucination in monocular SSC. We first generate a
coarse prediction of the visible regions, and then leverage
Hallucinating MAE [9] to hallucinate and optimize the en-
tire scene.

3. VisHall3D: VisFrontierNet and Occlusion-
MAE

We propose VisHall3D, a two-stage framework for gener-
ating a 3D occupancy grid from a single image: (1) refine-
ment of the visual frontier by VisFrontierNet and (2) com-
pletion of the invisible voxels through OcclusionMAE, as
shown in Fig.2. The visual frontier refers to the set of voxels
directly visible from the camera’s viewpoint, corresponding
to the surface points of the 3D scene captured in the input
image, as shown in Fig.3.

In Sec.3.1, we provide an overview of the proposed
model, including its overall architecture and key compo-

nents. We then delve into the details of VisFrontierNet in
Sec.3.2, explaining its role in refining the visual frontier.
Subsequently, in Sec.3.3, we present OcclusionMAE and its
approach to completing the invisible voxels. Each subsec-
tion offers a comprehensive explanation of the respective
modules and their roles within the framework.

3.1. Method Overview
In our approach, we divide the 3D occupancy grid voxels
into visible, occluded, and out-of-view categories based on
visibility (Fig.1). Visible voxels are directly observed; oc-
cluded voxels are hidden by obstructions; out-of-view vox-
els lie beyond the camera’s field of view.

Our proposed method seamlessly integrates feature lift-
ing and 3D generation to reconstruct accurate 3D occu-
pancy from a single input image.

Figure 3. Illustration of the visual frontier from side view. The
solid line gives the estimated depth.

Estimating Visible Voxel Occupancy: For visible vox-
els, we leverage the direct correspondence between the 2D
image pixels and their corresponding 3D coordinates in the
occupancy grid. Given the estimated depth map D, we de-
termine the visible frontier in the 3D space and identify the
voxels in front of the frontier as visible voxels.
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To capture the frontier’s geometry, we compute a trun-
cated unsigned distance map Du representing voxel dis-
tances to the frontier. This map is encoded using 3D con-
volutions and fused with image features projected into 3D
space using voxel-projected bounding boxes bboxv and RoI
pooling, injecting visual information into the 3D volume.

We then refine the visual frontier by lifting 2D fea-
tures into 3D using a depth probability map Dp and scat-
tering them onto a discretized view frustum. Finally, 3D
deformable attention refines frontier features, focusing the
network on informative regions for better reconstruction.

Inferring Occluded and Out-of-View Voxel Occu-
pancy: For occluded and out-of-view voxels, the direct
visual evidence is not available, requiring a more sophis-
ticated generation process. We propose OcclusionMAE,
a denoising Masked Autoencoder that generates the occu-
pancy for the entire set of voxels by taking the noisy predic-
tion on the visible voxels from VisFrontierNet as input.

The denoising procedure in OcclusionMAE involves
adding noise to the visible voxel predictions and injecting
the noise level into the network via adaptive batch normal-
ization. OcclusionMAE employs a 3D U-Net architecture
to process the modulated features and generate the final oc-
cupancy grid, effectively aligning the results with the image
semantics while accounting for the noisy nature of the visi-
ble voxel predictions.

3.2. Visual Frontier Propagation via VisFrontierNet
VisFrontierNet is designed to estimate the occupancy of vis-
ible voxels by leveraging the correspondence between 2D
image pixels and their 3D coordinates in the occupancy
grid. Given the 3D grids G, our goal is to predict the la-
bel of each voxel v ∈ G from an input image. The main
steps of VisFrontierNet include: (1) identifying the visual
frontier, (2) representing and encoding it, and (3) refining
its feature.

We first transform the coordinates of each voxel into the
camera frame; then project them onto the image plane, ob-
taining the corresponding coordinates (xv, yv, dv) for each
voxel v. Let π denote the projection process, it maps each
voxel v to a corresponding 2D coordinate (xv, yv) on the
image plane.

(xv, yv, dv) = π(v) (1)

Here, we also obtain the depth value dv for each voxel.
Visual Frontier Identification. The estimated depth

map D gives a visual frontier that determines the visible
and occluded voxels. The voxels in front of the visual fron-
tier are considered visible,as shown in Fig. 3.

V := {v|v ∈ G, dv < D(xv, yv) + θd} (2)

By comparing the projected depth dv with the estimated
depth of the projected point D(xv, yv), we determine

whether the voxel lies in front of or behind the visual fron-
tier. A relaxation factor θd is added to accommodate poten-
tial errors in depth estimation. The filtered visible voxels V
allow our network to focus on estimating the correct lifting
from the 2D image plane into the 3D space.

Unsigned Distance Function and Encoding. To cap-
ture the geometric characteristics of the visual frontier, we
introduce the truncated unsigned distance map (Du). It
measures the unsigned distance distv = |dv − D(xv, yv)|
from each voxel to the visual frontier, and is defined as:

Du =

{
2− 2σ (γ ∗ distv) , distv < θ

0, Otherwise
(3)

where σ is the sigmoid function, γ is a controlling factor set
to 10 for sharp decaying, and θ controls the truncated region
(set to 1), as shown in Fig.3 (a).

Figure 4. Visual comparison of Hard Lifting and our Unsigned
Distance approach. (a) Illustration of Hard Lifting. (b) Geometric
information captured by our Unsigned Distance approach.

Through this approach, we address the challenge of
sparse voxels in distant regions, a limitation inherent in the
hard lifting of geometric information adopted by previous
methods [12, 20], where each pixel corresponds to a single
voxel, as illustrated in the Fig. 4.

The unsigned distance map Du is then fed into a 3D con-
volutional module for geometric encoding Encg , which cap-
tures the geometric properties of the visual frontier. To in-
ject the image features into the 3D space, we combine the
geometric encoding with the image feature for each voxel
using RoI pooling [7]:

F3D,1(v) = Encg(v)⊕ RoI(F2D, bboxv) (4)

where F2D denotes the image feature map, and bboxv is the
projected bounding box for voxel v. In practice, We use
ResNet-50 [8] as the backbone for extracting multi-scale
features from the input image. Similar to Symphonies [12],
we utilize MaskDINO [16]’s neck to combine multi-scale
image features into a single one F2D.

Feature Refinement for Visual Frontier. After encod-
ing both the geometric and visual features for the frontier,
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Figure 5. Qualitative visual comparison with Monoscene[3] and Ground Truth (GT) on the SemanticKITTI[1] dataset.

a refinement procedure is utilized to modify the represen-
tation for visual frontier accoding to image features. We
lift the 2D features F2D into the 3D space using a depth
probability map Dp, which represents the likelihood of each
pixel belonging to different depth ranges. The lifted fea-
tures are then scattered onto a discretized grid on the view
frustum [30], as shown in Fig.2.

To refine the features for the visual frontier, we employ
3D deformable attention [17, 49]. It learns to dynamically
adjust the receptive field and sampling locations based on
the input features, enabling the network to focus on the most
informative regions and adapt to the specific characteristics
of the visual frontier, producing refined 3D features F3D,2.

F3D,2 ← Deform3D(F3D,1, F2D, Dp) (5)

3.3. Generation via Denoising MAE
OcclusionMAE is a denoising Masked Autoencoder de-
signed to generate the occupancy for the entire set of voxels,
taking the noisy prediction OV on the visible voxels from
VisFrontierNet as input.

Noise Adding to Visible Voxel Predictions. Consider-
ing the noisy nature of the predicted occupancy on visible
voxels, we introduce a denoising procedure. For each visi-
ble voxel in V , we randomly assign it a value from its neigh-
boring voxels within a horizontal range Rh and a depth
range Rd. Here, considering the spatial resolution of the
scene (256 voxels in the horizontal and depth directions,
but only 32 voxels in the vertical direction), we focus on
adding noise in the horizontal and depth directions while
leaving the vertical direction unchanged. The noise adding
procedure is described as follows.

ÕV = AddNoise(OV , t(Rh, Rd)) (6)

Where, t is the noise level. It is important to note that
the added noise does not alter the original semantics (e.g.,
changing a vehicle to a person) but only perturbs geometric
information (e.g., adjusting voxel positions). This is be-
cause we do not want the network to generate non-existent
classes.

Noise Level Injecting via Adaptive Batch Normaliza-
tion. The noise level t is injected into the network using
adaptive batch normalization [10]. Let F denote the fea-
tures extracted from ÕV through patch embedding and 3D
convolution. The adaptive batch normalization works as
follows:

ada.BN(F (v)) = γ · F (v)− µ√
δ2 + ϵ

+ β (7)

where µ and δ2 are the mean and variance of F , respec-
tively. The features from the noise level t are used to gen-
erate the parameters γ and β. This allows the network to
adapt to different noise levels and generate more accurate
occupancy predictions.

Generating Occupancy Grid with 3D U-Net. The re-
sulting 3D feature is concatenated with refined context fea-
ture derived from VisFrontierNet F3D,2(v) and fed into a
3D U-Net to produce the final occupancy prediction. The
3D U-Net processes the modulated features and generates
the occupancy grid for the entire set of voxels, effectively
aligning the results with the image semantics while account-
ing for the noisy nature of the visible voxel predictions.

The denoising procedure can be summarized as follows.

O = OcclusionMAE(OV , t) (8)

By introducing a denoising procedure and injecting the
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Stereo camera-based methods
StereoScene[14] IJCAI2024 43.34 15.36 61.90 31.20 30.70 10.70 24.20 22.80 2.80 3.40 2.40 6.10 23.80 8.40 27.00 2.90 2.20 0.50 16.50 7.00 7.20
Monocular temporal methods

VoxFormer-T[20] CVPR2023 43.21 13.41 54.10 26.90 25.10 7.30 23.50 21.70 3.60 1.90 1.60 4.10 24.40 8.10 24.20 1.60 1.10 0.00 13.10 6.60 5.70
HASSC-T[36] CVPR2024 42.87 14.38 55.30 29.60 25.90 11.30 23.10 23.00 2.90 1.90 1.50 4.90 24.80 9.80 26.50 1.40 3.00 0.00 14.30 7.00 7.10

HTCL[15] ECCV2024 44.23 17.09 64.40 34.80 33.80 12.40 25.90 27.30 5.70 1.80 2.20 5.40 25.30 10.80 31.20 1.10 3.10 0.90 21.10 9.00 8.30
H2GFormer-T[37] AAAI2024 43.52 14.60 57.90 30.40 30.00 6.90 24.00 23.70 5.20 0.60 1.20 5.00 25.20 10.70 25.80 1.10 0.10 0.00 14.60 7.50 9.30

Monocular single-frame methods
MonoScene[3] CVPR2023 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

VoxFormer-S[20] CVPR2023 42.95 12.20 53.90 25.30 21.10 5.60 19.80 20.80 3.50 2.60 0.70 3.70 22.40 7.50 21.30 1.40 2.60 0.20 11.10 5.10 4.90
TPVFormer[11] CVPR2023 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[38] ICCV2023 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[46] ICCV2023 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
IAMSSC[39] T-ITS2024 43.74 12.37 54.00 25.50 24.70 6.90 19.20 21.30 3.80 1.10 0.60 3.90 22.70 5.80 19.40 1.50 2.90 0.50 11.90 5.30 4.10

DepthSSC[41] arXiV2024 44.58 13.11 55.64 27.25 25.72 5.78 20.46 21.94 3.74 1.35 0.98 4.17 23.37 7.64 21.56 1.34 2.79 0.28 12.94 5.87 6.23
HASSC-S[36] CVPR2024 43.40 13.34 - - - - - - - - - - - - - - - - - - -

Symphonize[12] CVPR2024 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
H2GFormer-S[37] AAAI2024 44.20 13.72 56.40 28.60 26.50 4.90 22.80 23.40 4.80 0.80 0.90 4.10 24.60 9.10 23.80 1.20 2.50 0.10 13.30 6.40 6.30
MonoOcc-L[47] ICRA2024 - 15.63 59.10 30.90 27.10 9.80 22.90 23.90 7.20 4.50 2.40 7.70 25.00 9.80 26.10 2.80 4.70 0.60 16.90 7.30 8.40
CGFormer[43] NIPS2024 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

Ours ICCV2025 46.50 17.46 64.60 34.10 32.00 12.50 26.90 26.70 7.50 2.90 3.30 6.20 27.30 12.50 28.00 2.30 5.10 1.90 19.50 9.20 9.20

Table 1. Quantitative results on the hidden test set of SemanticKITTI [1], where the highest and second-highest scores for each metric are
highlighted in bold and underline, respectively.

noise level into the network, OcclusionMAE learns to gen-
erate accurate occupancy predictions.

3.4. Training Losses
To effectively train VisFrontierNet and OcclusionMAE, we
employ a combination of several loss functions that capture
different aspects of the 3D reconstruction problem. The pri-
mary loss is a category frequency-weighted cross-entropy
loss Lce, which guides the learning of both networks. Ad-
ditionally, we introduce the Scene-Class Affinity Loss, in-
spired by MonoScene [3], to separately constrain the recall,
precision, and specificity of the scene’s geometry and se-
mantics, denoted as Lgeo and Lsem, respectively. Finally,
a depth loss Ld is applied to ensure the coincidence of the
probabilistic depth distribution Dp and the depth map D.

4. Experimental Evaluations

In this section, we evaluate the performance of VisHall3D
on two mainstream outdoor SSC (Semantic Scene Comple-
tion) datasets: SemanticKITTI [1] and SSCBench-KITTI-
360 [21, 25]. We compare VisHall3D with state-of-the-
art (SOTA) methods, including those utilizing stereo vision
or temporal information. Furthermore, we conduct abla-

tion studies to investigate the impact of each module on the
model’s performance.

4.1. Dataset and Evaluation Metrics
SemanticKITTI [1] and SSCBench-KITTI-360 [21, 25] are
two widely-used outdoor SSC datasets. Both datasets adopt
a scene range of 51.2m × 51.2m × 6.4m, with each voxel
having an edge length of 0.2m, resulting in a scene reso-
lution of 256 × 256 × 32. SemanticKITTI consists of 10
training sequences (3,834 samples), 1 validation sequence
(815 samples), and 11 test sequences (3,992 samples), with
20 valid classes and 1 invalid class. SSCBench-KITTI-360
provides 7 training sequences (8,487 samples), 1 validation
sequence (1,812 samples), and 1 test sequence (2,566 sam-
ples), with 19 valid classes.

Following previous methods[12, 20, 36, 37, 43, 47], we
use MobileStereoNet[33] for depth prediction.

4.2. Comparisons
We present the comparison of VisHall3D with SOTA meth-
ods on the SemanticKITTI [1] and SSCBench-KITTI-
360 [21, 25] datasets in Tab.1 and Tab.2, respectively.

On the SemanticKITTI dataset, VisHall3D achieves an
mIoU of 17.46%, outperforming all existing monocular
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LiDAR-based methods
SSCNet [34] CVPR2017 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

LMSCNet [32] 3DV 2020 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
Monocular camera-based methods
MonoScene [3] CVPR2023 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 4.20 3.09

TPVFormer [11] CVPR2023 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 5.86 5.48 2.70
OccFormer [46] ICCV2023 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 8.51 6.95 4.60
VoxFormer [20] CVPR2023 38.76 11.91 17.84 1.16 0.89 4.56 2.06 1.63 47.01 9.67 27.21 2.89 31.38 4.97 28.99 14.69 6.51 6.92 3.79 2.43
IAMSSC [39] T-ITS2024 41.80 12.97 18.53 2.45 1.76 5.12 3.92 3.09 47.55 10.56 28.35 4.12 31.53 6.28 29.17 15.24 8.29 7.01 6.35 4.19

DepthSSC [41] arXiV2024 40.85 14.28 21.90 2.36 4.30 11.51 4.56 2.92 50.88 12.89 30.27 2.49 37.33 5.22 29.61 21.59 5.97 7.71 5.24 3.51
Symphonies [12] CVPR2024 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
CGFormer[43] NIPS2024 48.07 20.05 29.85 3.42 3.96 17.59 6.70 6.63 63.85 17.15 40.72 5.53 42.73 8.22 38.80 24.04 16.24 17.45 10.18 6.77

Ours ICCV2025 49.12 20.95 30.77 1.91 6.60 17.99 8.72 8.67 64.35 18.83 41.53 4.48 43.87 9.07 39.75 24.94 16.52 20.66 10.30 7.99

Table 2. Quantitative results on the test set of SSCBench-KITTI-360 [21, 25], where the highest and second-highest scores for each metric
are highlighted in bold and underline, respectively.

Method Params(M)↓ Memory(M)↓ Times(s)↓
Monoscene[3] 149.5 19,041 0.49
CGFormer[43] 122.4 19,330 0.41
Ours 127.8 22,597 0.34

Table 3. Computational Complexity and Memory Usage

methods. Notably, VisHall3D surpasses the latest stereo
method StereoScene [14], as well as the top-performing
temporal method HTCL [15] in terms of both IoU and
mIoU. This demonstrates the effectiveness of our decou-
pled two-stage framework in capturing both the visible and
invisible regions of the scene.

On the SSCBench-KITTI-360 dataset, VisHall3D sets a
new state-of-the-art with an mIoU of 20.95%, outperform-
ing the previous best method CGFormer [43] by 0.90%.
Remarkably, VisHall3D even surpasses early LiDAR-based
methods such as SCSCNet [34] and LMSCNet [32], show-
casing the potential of monocular methods in capturing
complex 3D scenes.

Fig. 5 presents a qualitative comparison of VisHall3D
with MonoScene [3] and the ground truth on the Se-
manticKITTI dataset. VisHall3D generates more accurate
and complete scene reconstructions, especially in the invis-
ible regions occluded by foreground objects. This visual
comparison further validates the superiority of our method
in capturing the global scene context and hallucinating plau-
sible geometries.

We also compare VisHall3D against SOTA methods in
terms of computational complexity in Tab. 3. Despite
our two-stage framework, VisHall3D maintains parameters
comparable to CGFormer, while outperforming it in mIoU

and IoU. The slight memory increase is justified by perfor-
mance gains. Under identical conditions, VisHall3D runs
faster than CGFormer and Monoscene while delivering su-
perior reconstruction quality.

4.3. Ablation Studies

In line with other works [3, 12, 20, 43], our ablation studies
are primarily conducted on the SemanticKITTI [1] valida-
tion set. These studies encompass three key aspects: (1) the
overall architectural components, (2) the division of visible
and invisible regions, and (3) the noise incorporated in the
OcclusionMAE.

Overall Architectural Components. Tab. 4 presents
our component-wise analysis of the network architecture.
The baseline model retains the backbone and neck but
adopts a direct hard-assign lifting approach from [12, 20],
where each pixel corresponds to a single voxel. Its archi-
tecture can be considered as a variation of Symphonies [12]
where the Symphonies Decoder is replaced with a 3D UNet.

The introduction of unsigned distance function for the
visual frontier not only enhances the mIoU but also signif-
icantly improves the IoU by 4.33%, likely due to its su-
perior preservation of geometric information for the visual
frontier in the predicted depth map. The unsigned distance
function provides a more informative representation of the
visual frontier compared to binary masks, enabling the net-
work to better capture the visibility relationships between
voxels. Subsequently, by incorporating the OcclusionMAE,
we divided the network into two parts: the first part main-
tains the original structure but predicts voxels for visible re-
gions only, while the second part, the OcclusionMAE, hal-
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Method IoU↑ mIoU↑ Params (M) Memory (M)

Baseline 42.11 14.56 57.2 15260
VisFrontierNet w/o Feature Refinement 46.44 (+4.33) 15.11 (+0.55) 74.3 17349

+ OcclusionMAE w/o Denoising 46.38 (-0.06) 15.99 (+0.88) 86.7 18746
+ Feature Refinement 45.88 (-0.50) 16.59 (+0.60) 125.5 21246
+ Denoising 46.14 (+0.26) 17.06 (+0.47) 127.8 22597

Table 4. Ablation study of the architectural components on the validation set of SemanticKITTI [1], where the model initially used the
hard assignment method from [12, 20] for lifting 2D features to 3D.

lucinates the entire scene, including invisible regions. Al-
though this does not improve the IoU, it substantially boosts
the mIoU by 0.88%.

Further, we integrated the feature refinement based on
3D deformable attention to enhance the model’s perception
of visible regions. While this results in a slight decrease in
IoU by 0.50%, the mIoU continues to improve by 0.60%,
reaching 16.59. Finally, to enhance the capability of the
OcclusionMAE, we introduced a denoising strategy, which
further improves the mIoU by 0.47%.

Interestingly, VisFrontierNet without feature refinement
achieves the highest IoU, showing that its unsigned distance
function alone offers a strong geometric prior for accurate
visible region prediction.

Invisibility Threshold θd (m) IoU↑ mIoU↑
OOV - 43.98 15.89

OOV + Occ. 1.5 45.87 16.65
OOV + Occ. 2.5 45.83 16.92
OOV + Occ. 3.5 46.14 17.06
OOV + Occ. 4.5 45.94 16.95

Table 5. Ablation study on visible and invisible region division on
SemanticKITTI [1]’s validation set, where OOV and Occ. refer to
using the out of view and occlusion respectively.

Visibility Identification. Decoupling visible and invis-
ible scenes is one of our most critical components, and the
key lies in how to delineate what constitutes the visible and
invisible regions. Tab. 5 presents our ablation study on the
division of visible and invisible regions.

The baseline approach solely relies on the out of
view checking to distinguish visible from invisible ar-
eas, considering only whether voxels project onto the im-
age plane while entirely ignoring occlusion issues, As
shown in Tab. 5, this naive implementation performs signif-
icantly worse than methods that account for occlusion. In
occlusion-aware methods, we fine-tuned the threshold and
found that 3.5m gives the best results, suggesting moderate
visibility relaxation helps handle occlusion and depth un-
certainty. However, larger thresholds (e.g., 4.5m) introduce

noise and harm performance.

Rh (Voxel) Rd (Voxel) IoU↑ mIoU↑
0 0 46.03 16.32
0 2 45.92 16.79
0 3 45.83 16.92
0 4 45.73 16.66
1 3 46.19 16.52
1 4 46.12 16.69

Table 6. Ablation study on the noise level in OcclusionMAE on
SemanticKITTI [1], where Rh and Rd refer to the noise range in
the horizontal and depth directions, respectively (conducted with
the threshold θd of 2.5m).

Noise in the OcclusionMAE. To achieve effective hal-
lucination, we introduce a certain level of noise into the
OcclusionMAE, which also enhances the network’s robust-
ness. Tab. 6 presents our study on the noise parameters in
the Hallucinating MAE. These parameters consist of two
components: the maximum sampling distance in the hori-
zontal direction and the depth direction. When no noise is
applied (both parameters are set to 0), the model performs
worst on mIoU. In contrast, the best mIoU is achieved when
the horizontal noise is set to 0 and the depth noise to 3.

Interestingly, the impact of increasing horizontal noise
on the network is significantly greater than that of depth
noise, likely due to the inherent inaccuracies in depth esti-
mation. This finding suggests that the model is more sen-
sitive to the perturbation in the horizontal direction, and a
careful balance between the two noise components is cru-
cial for optimal performance.

5. Conclusion

In this paper, we propose VisHall3D, a two-stage frame-
work for monocular semantic scene completion that tack-
les feature entanglement and geometric inconsistency
by explicitly separating visible-region reconstruction and
invisible-region hallucination, and demonstrate its effec-
tiveness with extensive experiments.
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