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Abstract

Monocular Semantic Scene Completion (MSSC) aims to
predict the voxel-wise occupancy and semantic category
from a single-view RGB image. Existing methods adopt a
single-stage framework that aims to simultaneously achieve
visible region segmentation and occluded region halluci-
nation, while also being affected by inaccurate depth es-
timation. Such methods often achieve suboptimal perfor-
mance, especially in complex scenes. We propose a novel
two-stage framework that decomposes MSSC into coarse
MSSC followed by the Masked Recurrent Network. Specifi-
cally, we propose the Masked Sparse Gated Recurrent Unit
(MS-GRU) which concentrates on the occupied regions by
the proposed mask updating mechanism, and a sparse GRU
design is proposed to reduce the computation cost. Ad-
ditionally, we propose the distance attention projection to
reduce projection errors by assigning different attention
scores according to the distance to the observed surface.
Experimental results demonstrate that our proposed uni-
fied framework, MonoMRN, effectively supports both in-
door and outdoor scenes and achieves state-of-the-art per-
formance on the NYUv2 and SemanticKITTI datasets. Fur-
thermore, we conduct robustness analysis under various
disturbances, highlighting the role of the Masked Recurrent
Network in enhancing the model’s resilience to such chal-
lenges. The source code is publicly available at: https :
//github.com/alanWXZ/MonoMRN.

1. Introduction

Semantic scene completion is an essential task in 3D scene
understanding, which aims to jointly infer the holistic se-
mantics and geometry of the 3D scene from partial obser-
vation [9, 23, 43, 53]. The task is motivated by the fact that
the occupancy patterns and semantic labels of the scene are
mutually reinforcing [5, 8, 44, 47, 70]. Researchers gradu-
ally discover the important applications of semantic scene
completion in indoor scene analysis, robotics, virtual real-
ity, and many downstream tasks in autonomous driving.
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Figure 1. The framework of our method and existing methods.
Our method decomposes MSSC into coarse SSC and Masked Re-
current Network. MonoS. represents the work of MonoScene [7].

Recently, the completion of monocular 3D semantic
scenes has become a hot topic of research. Compared with
methods relying on 3D sensors like LIDAR or depth sensors
and stereo vision using RGB stereo cameras, monocular-
based approaches offer advantages such as lower cost, sim-
pler configuration, and greater portability [7, 36, 50, 56, 84].
Additionally, compared with stereo and surround-view se-
tups, a monocular configuration offers greater adaptability
to both indoor and outdoor environments, as indoor scenar-
ios particularly emphasize portability. A monocular setup
facilitates seamless cross-scenario generalization, making it
a more versatile choice for a wide range of applications.

Most existing Monocular Semantic Scene Completion
(MSSC) models [7, 45] attempt to simultaneously complete
the coupled 3D segmentation and completion tasks in a sin-
gle stage. However, this framework presents significant
challenges, particularly in complex scenes, where perfor-
mance tends to be poor. When performing scene comple-
tion, it is necessary not only to restore the geometric struc-
ture but also to ensure the consistency of semantic labels. At
the same time, during scene segmentation, the accuracy and
completeness of the completion results directly affect the
quality of the segmentation [7, 12, 13, 60, 68, 93]. More-
over, most existing methods [45] rely on estimated depth
maps to provide geometric information. The noise intro-
duced by inaccurate depth estimations further intensifies the
complexity and challenges associated with the problem.

In contrast to adopting a one-stage framework, it is natu-
ral to decompose MSSC into several stages. Therefore, we
propose a new two-stage framework, named MonoMRN,
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that decomposes MSSC into initial estimation and a novel

Masked Recurrent Network for iterative refinement. The

GRU (Gated Recurrent Unit) is also used to update partial

features based on the previous stage, aiming to reduce task

complexity and improve performance.

Due to the standard GRU processing of all positions
of the input feature, it results in significant computational
overhead. We propose the MS-GRU (Masked Sparse Gated
Recurrent Unit), which enhances feature sparsity by apply-
ing a dynamic mask that focuses on the occupancy region
and designs a sparse version of the GRU to leverage this
sparsity for acceleration. Moreover, motivated by the fact
that completion and segmentation tasks mutually reinforce
each other, we designed a dynamic mask module, which up-
dates the mask at each iteration stage. Additionally, to ef-
ficiently update the MS-GRU in each iteration, we propose
the distance attention projection, which effectively reduces
projection error by reasonably distributing feature weights.

The overall framework is shown in Fig. 2. Our method
consists of two stages: Coarse MSSC and Masked Recur-
rent Network. For the initial estimation stage, the single
RGB input is fed into the encoder to extract 2D features.
The 2D features are projected to 3D space according to the
estimated depth. Subsequently, the projected features are
fed into the 3D network to obtain a coarse MSSC predic-
tion. For the recurrent refinement stage, the MS-GRU mod-
ule takes the distance attention projection z, initial estima-
tion feature hg, and initial mask mg as input to recurrently
update the semantic scene completion results. The mask is
updated in each iteration by the mask updating module.

The key contributions can be summarized as follows:

* We propose a novel semantic scene completion frame-
work, MonoMRN, that decomposes semantic scene com-
pletion to coarse MSSC and Masked Recurrent Network
for iterative refinement.

* We design a spectrum of useful components in our frame-
work. The MS-GRU is proposed to focus on the occupied
region to enhance performance, while also accelerating
the process by increasing sparsity. We propose a mask up-
date mechanism to update the mask during each iteration.
‘We propose the distance attention projection to reduce the
projection error.

» Extensive experiments validate the effectiveness of our
proposed approach. We achieve state-of-the-art perfor-
mance on the indoor NYUv2 and outdoor SemanticKITTI
datasets. We further validate the robustness against var-
ious disturbances and reveal the role of the Masked Re-
current Network in the network optimization process.

2. Related Work

3D from a Single Image. The exploration of estimating
object or scene geometry from a single-view RGB image
has been a longstanding area of study. Early researchers

focus on single/multi 3D objects reconstruction by explicit
representation [1, 6, 18, 22, 28, 37, 55, 61, 64] or implicit
representation [17, 41, 42, 54, 57, 58, 65, 67, 71, 77, 85].
Recently, some researchers have focused on scene-level 3D
reconstruction from a single image. The pioneer work [20]
unifies 3D reconstruction, 3D semantic segmentation, and
3D instance segmentation into a task known as panop-
tic 3D scene reconstruction [28]. BUOL [19] proposes a
bottom-up framework with occupancy-aware lifting to ad-
dress instance-channel ambiguity and voxel-reconstruction
ambiguity. Recently, there has been a surge of interest in
monocular semantic scene completion. The seminal work
MonoScene [7] conducts monocular semantic scene com-
pletion by line of sight projection and proposes a 3D context
relation prior to enforce spatial-semantic consistency.

Semantic Scene Completion from 3D. The initial SSC
methods [70, 91] rely on depth data and are designed
for indoor scenarios. To further enhance the performance
of SSC, researchers [48, 48, 48, 72, 78] have explored
the integration of complementary RGB-D data, leverag-
ing both geometric depth information and rich color cues
from RGB images. In the past few years, outdoor SSC
[15, 63, 81, 88] has gained much attention because it can
aid in holistic scene understanding. JS3CNet [88] explores
and enhances the interaction between LiDAR segmentation
[2, 16, 31, 34, 37, 49, 51, 59, 73, 74, 79, 86, 89], and Se-
mantic Scene Completion (SSC) through a point-voxel in-
teraction module. SCPNet [81] redesigns the completion
sub-network using dense-to-sparse knowledge distillation.

Semantic Scene Completion from RGB. The RGB-based
SSC can be categorized into two types based on applica-
tion scenarios: 1) unified methods [7, 90] applicable to both
indoor and outdoor scenes, and 2) methods specifically de-
signed for outdoor scenes [11, 29, 30, 39, 45, 52, 66, 75,
80, 87, 92]. The first category is unified methods for both
indoor and outdoor scenes. MonoScene [7] first proposes
a monocular semantic scene completion method, which is
a unified method for both indoor and outdoor scenes. It
introduces a line of sight projection and a 3D context re-
lation prior to enforcing spatio-semantic consistency. ND-
CScene [90] identifies several critical issues in monocular
semantic scene completion, including the feature ambiguity
of size, depth, and pose. The second category focuses on
outdoor scenes [3, 23]. VoxFormer [45] proposes a class-
agnostic query proposal and class-specific segmentation for
SSC. HASSC [75] introduces a hardness-aware approach
that dynamically selects hard voxels based on global hard-
ness and incorporates a self-distillation strategy to ensure
stable and consistent training.

Existing methods adopt a single-stage framework for
MSSC prediction but struggle to perform well in complex
scenes. To address the above issue, we propose a novel
framework to decompose MSSC into coarse MSSC and
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Figure 2. The overall framework of MonoMRN. We first employ the base network to produce the coarse MSSC hg and the mask mg.
Subsequently, a series of MS-GRUSs operate in a recurrent manner to update MSSC estimation. For each iteration, the mask is updated by
the proposed Mask Updating Module. ‘DAP’ represents the Distance Attention Projection.

Masked Recurrent Network stages.

3. Methodology

In this section, we first provide an overview of the prob-
lem formulation and our method (Sec. 3.1). Next, we give
a brief introduction to the coarse MSSC stage (Sec. 3.2).
Following this, we delve into the Masked Recurrent Net-
work (Sec. 3.3), which is the core of our approach. The
masked recurrent network consists of an MS-GRU mod-
ule (Sec. 3.3.1), a Distance Attention Projection (DAP)
mechanism (Sec. 3.3.2), and a Mask Updating Module
(Sec. 3.3.3). Lastly, we introduce the loss function for
model training (Sec. 3.4).

3.1. Overview

Problem Formulation. Given a single-view RGB image
Ira B, which is a partial observation of a 3D scene, monoc-
ular semantic scene completion aims to infer volumetric
occupancy of the 3D scene, and each voxel is assigned
with a semantic label C;, where i« € [0,1,...,N]. N is
the number of semantic categories and Cj represents the
empty space. Our objective is to train a two-stage network
{F1, F»} with the learnable parameters ¢, and 6,. For the
first stage, ho, mo = F1(Irgp;01) generate the coarse es-
timation feature hg and initial mask mg. For the second
stage, Y = Fy(hg, mo, xo; 02) takes initial estimation fea-
ture hg, initial mask mg, the feature of distance attention
projection xg as input and generates the final completion
results.

Overall Architecture. As shown in Fig. 2, our method
consists of two stages: coarse MSSC and Masked Recur-
rent Network. The coarse estimation stage takes RGB im-
ages as input, extracts 2D features through an encoder, and
projects the 2D features into 3D space using the estimated
depth values. Then, a 3D network performs the coarse esti-
mation. The Masked Recurrent Network iteratively updates

the coarse estimation, which consists of a set of MS-GRU,
Mask Updating Module, and Distance Attention Projection.
In each iteration, the MS-GRU updates the hidden state h;
by processing the previous hidden state h;_1, the previous
mask m;_1, and the distance attention projection feature.

3.2. Coarse MSSC

In this stage, we obtain the coarse MSSC. Given a single
RGB input, we extract 2D features and estimate the depth
map. The 2D features are projected into 3D space according
to the depth map. Subsequently, the 3D features are fed into
the 3D network to obtain the coarse MSSC results.

2D Feature Learning. We use the pre-trained ResNet-
50 [27] as our backbone to extract RGB features. Then
we leverage the off-the-shelf depth prediction method [4]
to predict the depth of each image pixel.

2D-3D Projection. To alleviate the gap between 2D and
3D, we apply surface projection [48] to project the 2D fea-
tures to corresponding 3D positions. Given the estimated
depth image I, the intrinsic camera matrix K € R3*3
and extrinsic camera matrix [R[t] € R3*, we map the
2D features to 3D positions according to equation p,, , =
K[R|t]pg.y,»-

3D Network for Coarse MSSC. The projected 3D features
are fed into the 3D network that is a stack of AIC [40] mod-
ules, and we obtain the initial coarse MSSC results. The
details of the 3D Coarse MSSC network are provided in the
supplementary material.

3.3. Masked Recurrent Network (MRN)

Masked Recurrent Network estimates a sequence of MSSC
results {*, ... } and masks {7}, .../nN "1} from the fea-
ture of initial coarse MSSC h°, mask mg and the feature of
distance attention projection xy. With each iteration, the
information of each MSSC prediction state is selectively
memorized or forgotten by the proposed MS-GRU. MS-
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GRU is able to concentrate on occupied regions to boost
performance by masks and exploit the sparsity of 3D scenes
to alleviate the computation cost. We design the mask up-
dating module to adjust the mask in each iteration. The
proposed distance attention projection assigns different at-
tention according to the distance to the observed surface,
which alleviates the projection error and serves as the input
for MS-GRU.

3.3.1. Masked Sparse Gated Recurrent Unit

Standard GRU operates on every position of the input fea-
tures with dense convolutions, which is computationally in-
efficient and leads to high memory requirements, especially
for processing 3D data. To address this concern, we propose
the Masked Sparse Gated Recurrent Unit (MS-GRU), which
enhances feature sparsity by applying a dynamic mask that
focuses on the occupancy region and designs a sparse ver-
sion of the GRU to leverage the sparsity for acceleration.
Given the input feature z; of distance attention projection
at the current time step, the hidden state h; is updated as:

2zt = o(SubConv([ms—1 - h—1,me—1 - 24, W), (1)
ry = o(SubConv([my_1 - hy_1,ms_1 - 24|, W), (2)
hy = tanh(SConv([ry ® hy_1,my_1 - 2], Wh)),  (3)
hy = (1_Zt)®ht71+zt®h;7 “4)

where m;_; represents the predicted binary mask of previ-
ous state, z; is the update gate, r; denotes the reset gate, o
indicates the sigmoid activation function, tanh is the hyper-
bolic tangent activation function. Moreover, SubConv and
SConv represent the submanifold convolution and sparse
convolution, respectively. The proposed MS-GRU differs
from the standard GRU in its mask and sparse design, with
the specific details as follows.

Mask Design. In contrast to standard GRU, the mask m;
is applied to the input x; and h;_;, directing the GRU to
focus only on the information within the mask. The mask
m; indicates that if the location at (z,y, z) is occupied. It
can be defined as:

1, if voxel(x,y,z) isoccupied ,

m(z,y,2) = { 0, if voxel(x,y,z) isempty . )

The mask m, is updated by the Mask Updating Module (de-
tailed in Sec. 3.3.3) in each iteration and supervised by the
Sequential Mask Loss (detailed in Sec. 3.4).

Sparse Design. We leverage the mixture of submanifold
sparse convolution [24] and sparse convolution [21] to de-
sign the MS-GRU block. Submanifold convolution and
sparse convolution operate only on non-zero elements of
the input tensor and their neighborhoods. Submanifold con-
volution preserves the sparsity in the output, while sparse
convolutions can increase the sparsity of the output. When
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Figure 3. In (a) Surface Projection, voxels behind the surface are
not assigned features. In (b) Sight Projection, although occluded
regions are assigned features, a large number of incorrect features
are also introduced. Distance Attention Projection determines the
attention weight (c) based on the distance to the estimated sur-
face and then weights the sight-projected features, allowing fea-
ture propagation to occluded regions while reducing the impact of
introduced inaccurate features.

calculating the reset gate z; and update gate r;, we apply
submanifold convolution to ensure sparsity. In updating the
hidden state h;, we use sparse convolution to appropriately
update the non-zero positions (occupied regions).

3.3.2. Distance Attention Projection

At each iteration, x; updates the hidden state h;. Ideally, x;
should be informationally complete, encapsulating essen-
tial data for updating h;, while maintaining high relevance
and minimizing noise to ensure effective state transitions.
We initially project the 2D RGB features into 3D space
to mitigate the dimensional gap, and subsequently obtain
x; through processing via convolutional layers. However,
existing projection methods present several drawbacks as
shown in Fig. 3. Surface projection [45, 48] projects the
2D features onto a surface in 3D space based on the esti-
mated depth. Consequently, voxels behind the surface are
not assigned features, resulting in insufficient information
to update the GRU in the occluded regions. Sight projec-
tion [7], on the other hand, maps 2D features to their corre-
sponding line of sight without requiring depth data, allow-
ing for rapid propagation of 2D features to distant occluded
regions. However, it also introduces a significant number of
incorrect features into these occluded regions.

To overcome these limitations, we introduce the distance
attention projection, which assigns soft features to the 3D
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Figure 4. The architecture of Mask Updating Module.

scene. This approach enables rapid feature propagation to
occluded regions while allocating soft labels based on the
correlation between 2D features and 3D regions. Conse-
quently, it integrates the advantages of both surface and
sight projections. The distance attention projection deter-
mines the attention weight w, based on the spatial occlusion
relationship and the distance from different 3D locations to
the estimated observation surface. The basic idea is that the
further a point in space is from the estimated observation
surface, the lower its relevance to the 2D image features,
and thus the lower the attention weight w,.

We allocate attention weights based on the line of sight.
In a 2D image, each pixel is part of a line of sight. The
distribution of attention along the line of sight is described
by the following formula:

1/(d—d +1), d>d
Wq = 1, d:d/ (6)
0.5, d<d<d

where d’ represents the distance from the camera to the
observed surface, d > d’ denotes the occluded region in
the line-of-sight, d < d’ indicates the region before the
observed surface, and § is defined according to the RMS
of predicted depth. The distance attention projection fea-
ture is obtained by element-wise multiplying the line-of-
sight-projection with the attention matrix wy. Subsequently,
the feature of distance attention projection is fed into the
AIC [40] module to extract the 3D context feature x;.

3.3.3. Mask Updating Module

The strong coupling between environmental occupancy pat-
terns and object semantics has been established [7, 70]. We
hypothesize that 3D scene occupancy information aids in
voxel-wise semantic estimation. To leverage this, we inte-
grate a mask into the standard GRU to emphasize occupied
regions and introduce a mask updating module that itera-
tively enhances occupancy information. The mask m indi-
cates whether a voxel is occupied or empty, supervised by
the mask loss (see Sec. 3.4). The ground truth for the mask
is derived from the summation of all non-empty classes.

Mask Initialization. The mask m is initialized during the
Coarse MSSC stage and iteratively updated at each recur-
rent step. The initial mask my is determined based on the

occupancy score:

Seyz = 1= Pry-(y = 0/Irags; 01), (7

where 0, denotes the Coarse MSSC network, P(y = 0)
represents the probability to be empty and 1 — P(y = 0)
indicates the probability to be occupied. In practice, a pre-
defined threshold ¢ is used: if s, , . > ¢, then mo(x,y, 2)
issetto 1.

Mask Updating Module. We propose the mask updat-
ing module to sequentially update the mask m as shown
in Fig. 4. The mask update module takes the output of the
MSSC head as input, instead of the hidden state h; from the
MS-GRU, in order to reduce the interference between the
mask prediction and MSSC prediction tasks. The features
are successively fed into a 3 x 3 convolution, GAP (Global
Average Pooling) operation, dropout layer, 3 x 3 convolu-
tion layer, and softmax layer to obtain the probability of oc-
cupancy. The global average pooling operation is utilized to
downsample the feature map two times. We use dropout to
prevent overfitting by randomly setting 0.1 of the input units
to zero during training. After the softmax function, m, in-
dicates the probability of occupancy for each voxel, and m,
indicates the probability of emptiness for each voxel. Sub-
sequently, we select the top K voxels in m, and m.. We
add the top K voxels in m, to m;_1 and delete the top K
voxels in m;_ for updating.

3.4. Objective & Optimization

Sequential MSSC Loss. We first apply a sequential cross-
entropy loss to both the initial coarse estimation 4° and each
output state of recurrent refinement {7', 92, ..., 7V }, formu-
lated as follows:

N

Lussc = Y ¥ Lee (', 31", ®)
i=0

where L. indicates the cross-entropy loss and v = 0.8 in

our experiments.

Sequential Mask Loss. The predicted masks from previ-

ous steps, i.e., {m!',m?, ...,m"}, are supervised using a

sequential binary weighted cross-entropy loss, defined as:

N-1
Lask = Z ’YN_lebce(mgt7 mi), 9
i=1
where Lo represents the binary weighted cross entropy
loss and v = 0.6 in our experiments. Note that the ground
truth for the mask is obtained by summing over all non-
empty classes.
Opverall, the total loss function can be formulated as:

Liotal = Lymssc + Lmask + Lscal, (10)

where Lg.,) denotes the Scene-Class Affinity Loss proposed
by MonoScene [7].
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Table 1. Comparisons among state-of-the-art MSSC methods on the NYUv2 dataset. The symbol { denotes the results presented by [7].
The Best and 2nd Best scores from each metric are highlighted in Orange and Teal, respectively.
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Method Venue 2] u u | | n FPS
LMSCNet' [63] | 3DV’20 | 33.93 | 449 8841 463 025 394 3203 1544 6.57 0.02 1451 439 | 1588 | -
AICNet! [40] | CVPR’20 | 30.03 | 7.58 8297 915 005 6.93 3587 2292 1111 071 1590 6.45 | 1815 | 3.68
3DSketch’ [14] | CVPR'20 | 38.64 | 853 9045 9.94 567 10.64 4229 29.21 13.88 9.38 2383 8.19 | 22.91 | 3.12
MonoScene [7] | CVPR'22 | 4251 | 889 9350 12.06 1257 13.72 4819 36.11 1513 1522 27.96 12.94 | 26.94 | 1.96
NDC-Scene [90] | ICCV’23 | 44.17 | 12.02 93.51 13.11 13.77 1583 49.57 39.87 17.17 2457 31.00 14.96 | 29.03 | -
MonoMRN | Ours | 53.16 | 26.80 92.02 19.39 1850 17.66 44.60 31.02 19.60 17.22 32.90 18.31 | 30.73 | 2.56

Table 2. Comparisons among state-of-the-art SSC methods on the test set of SemanticKITTI [3]. We include stereo (S), monocular (M)
and temporal (T) methods for fair comparisons. ‘I’, ‘O’, and ‘I/0’ denote methods that applied to indoor, outdoor, and both scenes. Symbol
1 denotes the results presented in [7]. The Best and 2nd Best scores from each metric are highlighted in Orange and Teal, respectively.
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VoxFormer-S [45] S O | 440258 06 05 56 38 18 33 00 548 155 264 07 17.7 7.6 244 51 300 71 42| 124
HASSC-S [75] S O | 448|272 09 09 99 56 28 47 00 571 159 283 1.0 191 66 255 62 330 7.7 4.1|135
H2GFormer-S [80] S (0] 14.2 | 23.4 0.8 0.9 1.8 1.1 1.2 2.5 ).l 56.4 26.5 28.6 1.9 22.8 13.3 24.6 9.1 23.8 6.4 6.3 14.6
MonoOcc-S [93] | M&T | O - 1232 22 15 52 54 1.7 20 02 552 251 278 97 214 134 240 87 230 58 6.4 | 138
HTCL-M [38] S&T (0] 44.2 | 272 1.8 22 ). 1 54 1.1 3.1 9 644 338 348 124 259 21.1 253 108 31.2 9.0 83 17.1
LMSCNetf [63] | M O | 286|183 00 0 00 0.0 00 00 00 407 44 182 00 103 12 137 00 205 00 00| 6.7
3DSketchf [14] | M I [333|186 00 00 00 00 00 00 00 413 00 216 00 148 07 191 00 264 0.0 00| 7.5
AICNet! [40] | M I [296|147 00 00 29 00 00 00 00 436 120 206 0.1 129 25 154 29 287 01 00| 83
MonoScene [7] | M | /O | 34.2 | 188 0.5 0.7 33 44 1.0 14 04 547 248 271 57 144 111 149 24 195 33 21| 111
VoxFormer-S [45] M O | 38.7 - - - - - - - - - - - - - - - - - - - 10.7
TPVFormer [29] | M O 343|192 10 05 37 23 11 24 03 551 274 272 65 148 11.0 129 3.7 204 29 1.5 113
OccFormer [92] | M O 345|216 15 1.7 1.2 32 22 11 02 559 315 333 65 157 11.9 168 3.9 213 3.8 3.7 123
NDC-Scene [90] | M | /O | 37.2 | 263 1.7 24 148 7.7 3.6 27 00 59.2 214 282 1.7 149 6.7 191 35 310 45 27127
MonoMRN | M | I/O | 420|236 08 07 26 44 24 18 04 621 225 287 56 213 160 224 51 260 7.9 7.1]138

4. Experiments

We conduct an evaluation of our method using widely rec-
ognized real-world MSSC datasets, specifically the indoor
NYUv2 [69] and the outdoor SemanticKITTI [3]. We
compare our method with state-of-the-art MSSC methods.
Then, we provide a detailed analysis of our evaluation re-
sults and the ablation studies. The qualitative performance
of SemanticKITTI and more ablation studies are shown in
the supplementary material.

4.1. Experimental Setup

Datasets. The NYUvV2 [69] dataset includes 1,449 depth
images captured by the Kinect from a diverse set of in-
door scenes, partitioned into 795 for training and 654 for
testing. Following SSCNet [70], we use the 3D labels an-
notated by [62] and the mapping object categories based
on [25]. SemanticKITTI [3] is a large-scale autonomous
driving dataset, which consists of 22 point cloud sequences.
Sequences 00 to 10, 08, and 11 to 21 are used as training,
validation, and testing, respectively. The LiDAR scans are
represented as 256 x 256 x 32 voxel grids of length 0.2

meters. We use the RGB image of camera-2 and crop the
image into size 1220 x 370.

Evaluation Metrics. We follow the SSCNet [70] protocol
to ensure fair evaluations. For SSC, we use the intersec-
tion over union (IoU) between the predicted voxel labels
and ground-truth labels for all object classes. The overall
performance is evaluated by computing the mean intersec-
tion over union (mloU) over all classes. To evaluate the
scene completion performance, all voxels in the scene are
categorized as empty or occupied. We compute IoU, preci-
sion, and recall for scene completion.

Implementation Details. We use the PyTorch framework
to implement our approach. Our method adopts the SGD
optimizer. We begin with an initial learning rate of 0.1 and
adjust it using the polynomial learning rate policy. We train
the model for 200 epochs on NYUv2 and for 30 epochs on
the SemanticKITTI dataset. The output 3D feature maps for
NYU and SemanticKITTI are 60 x 36 x 60 and 128 x 128 x
16, respectively. For SemanticKITTI, the generated features
are upsampled to 256 x 256 x 32 to match the resolution
of the GT for evaluation. MS-GRU is iterated 2 times. The
mask initialization threshold is set as 0.6. We set the mask
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Figure 5. Qualitative comparisons of semantic scene completion
results with different methods on the NYUv2 dataset. From left to
right: (a) Single RGB input; (b) Ground truth; (c) MonoScene [7];
(d) Our baseline method; and (e) Our approach.

updating parameter K to 5.

4.2. Comparisons with State of the Arts

We compare our method with state-of-the-art methods, in-
cluding those designed specifically for indoor scenes [14,
40], outdoor scenes [45, 63], and those applicable to both
indoor and outdoor scenes [7, 90]. For outdoor MSSC,
we also list the methods that use stereo images as input
[45, 75, 80]. Stereo-based methods can provide more ac-
curate geometric information. Taking VoxFormer [45] as
an example, it can achieve significant improvement when
using stereo input as shown in Tab. 2.

Quantitative Comparisons. Tab. 1 and Table 2 report the
performance of the proposed MonoMRN and other com-
parison methods on the indoor NYUv2 dataset (test set)
and outdoor SemanticKITTI dataset (hidden test set). As
shown in Tab. 1, we significantly outperform the state-of-
the-art methods on the NYUv2 dataset, achieving an 8.99%
IoU increase in SC and a 1.60% mloU improvement in
SSC. As shown in Table 2, our method outperforms state-
of-the-art methods by 3.35% in SC and by 1.07% in SSC
on the SemanticKITTI dataset. Note that MonoScene and
NDC-Scene adopt different 2D-to-3D projection strategies
without using the estimated depth, which leads to signif-
icantly lower performance on the SC IoU compared with
our methods. We additionally include comparison methods
that utilize stereo and/or temporal images as input. While
these methods leverage extra information to enhance perfor-
mance, our approach still achieves competitive results with-
out relying on such auxiliary data.

Qualitative Assessments. Fig. 5 presents a comparison of
the qualitative results on the NYUv2 dataset between our
method, our baseline method, and MonoScene. We can
observe that our method achieves the best qualitative re-
sults by restoring more precise details. By the proposed
decomposed SSC framework, our method achieves notice-
able improvement. As NDC-Scene [90] does not release

(a) RGBinput (b) GT (c) Coarse est. (d) Aft. 1iter. (e) Aft. 2 iter.
B Ceil Mrioor ™ wall™ win. ™ chair™ Bed ® Sofa®™ Table™ TV ™ Furn.™ Objects

Figure 6. Visual outputs of MonoMRN at different stages. From
left to right: (a) Single RGB input; (b) Ground truth; (c) Coarse
estimation; (d) After one iteration; and (e) After two iterations.
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Figure 7. The robustness analysis with and w/o MRN Network.
For indoor scenarios, we analyze robustness under dark and mo-
tion conditions, while for outdoor scenarios, we examine perfor-
mance under brightness and fog conditions.

the complete code, we can not compare our visualization
results with it. Additionally, we visualized the outputs of
MonoMRN at different stages. Fig. 6 indicates that the
Masked Recurrent Network can progressively refine the
coarse MSSC results.

4.3. Robustness Analysis

In real-world scenarios, environmental disturbances are un-
avoidable. For instance, indoor MSSC systems often suf-
fer from low lighting and motion blur, whereas outdoor
MSSC systems are more vulnerable to adverse conditions
such as fog and intense lighting. A model with high adapt-
ability to such disturbances is crucial for practical applica-
tions [10, 32, 33, 35, 76, 83]. Therefore, in this section, we
evaluate the improvement in model robustness achieved by
the decoupled framework. Enhanced robustness not only
enables the model to better handle complex environments
but also reflects its improved capacity for information re-
covery [26, 33, 46, 82], highlighting the role of the Masked
Recurrent Network in the optimization process.

We simulate four potential out-of-distribution scenarios
during inference: darkness and motion blur for indoor envi-
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Table 3. Ablation study on the core components in MonoMRN.

Table 5. Ablation study on different design choices of MS-GRU.

Method | SC-IoU (%) 1 | SSC-mloU (%) * . . SC-IoU | SSC-mIoU | Params | MACs
Design Choice (%) %) ™) G)
Baseline 48.23 27.47
+ MS-GRU 50.61 (+2.63) 29.16 (+1.69) GRU 50.48 29.67 1.33 171.99
-+ Distance Attention Projection 51.86 (+125) 30.11 (+095) MS-GRU 53.16 30.73 1.33 52.44
+ Masking Updating 53.16 (+1.30) | 30.73 (+0.62)
Submanifold Conv | 52.66 30.12 1.33 50.06
Table 4. Ablation study on the Distance Attention Projection. Sparse Cony 53.16 80.73 133 p44
Untied Weights 52.85 30.34 2.66 104.88
Projection Method | SC-IoU (%) 1 | SSC-mlIoU (%) t Tied Weights 53.16 30.73 1.33 | 104.88
Surface Projection 51.23 29.36 1x Iteration 53.01 30.11 1.33 52.44
Sight Projection 52.56 30.12 2x Iteration 53.16 30.73 1.33 104.88
Distance Attention Projection 53.16 30.73 3x Iteration 53.51 30.86 1.33 157.32
4x Iteration 53.51 30.17 1.33 209.76

ronments, and brightness and fog for outdoor environments.
Each out-of-distribution scenario includes both weak (w)
and strong (s) perturbation levels, providing a comprehen-
sive evaluation of the model’s resilience to varying envi-
ronmental disturbances. As shown in Fig. 7, the model
exhibits enhanced robustness after processing through the
Masked Recurrent Network under four types of distur-
bances, demonstrating stronger information recovery and
completion capabilities.

4.4. Ablation Study

We present ablation results on the NYUv2 dataset to vali-
date the effectiveness of our method from several perspec-
tives: core components, Distance Attention Projection, the
design choice of MS-GRU, and the design choice of mask
updating. Due to space limits, more details and visualiza-
tions are placed in the Appendix.

The Effectiveness of Core Components. We evaluate the
effectiveness of the core components of our method, in-
cluding MS-GRU, Distance Attention Projection, and Mask
Updating, as shown in Tab. 3. The vanilla baseline is the
Coarse MSSC stage. The recurrent refinement by the pro-
posed MS-GRU brings an improvement by 1.69% mloU.
The proposed Distance Attention Projection boosts the per-
formance by 0.95% mloU. The proposed mask updating
mechanism enhances the performance by 0.62% mIoU.
The Effectiveness of Distance Attention Projection. To
validate the effectiveness of the proposed Distance Atten-
tion Projection, we replace it with Surface Projection and
Sight Projection. As shown in Tab. 4, our method achieves
the best performance among all comparisons. Compared
with the other two methods, our approach efficiently assigns
2D features to occluded regions while reducing the impact
of inaccurate assignments.

Different Design Choices of MS-GRU. We evaluate the
effectiveness of different design choices of MS-GRU as
shown in Table 5. We experiment with replacing the pro-
posed MS-GRU with a standard GRU. We achieve better
performance by using MS-GRU. We design a mixture of

submanifold sparse convolution and sparse convolution in
MS-GRU. Here, we test a version that only uses the sub-
manifold sparse convolution. We achieve an improvement
through the mixture design of sparse convolution. We ab-
late a version of each MS-GRU to learn a separate set of
weights. We can observe that when weights are tied, the
performance is better and the parameter count is signifi-
cantly lower. We conducted ablation experiments with dif-
ferent numbers of iterations. It can be observed that the per-
formance increases with more iterations at first, then gets
stable around 2 and 3. Due to the marginal improvement in
the third iteration, we opt for two iterations in our method.
Further increasing the number of iterations will degrade the
performance.

4.5. Limitations & Discussions

The predicted depth is far from the demand for semantic
scene completion. For indoor scene completion, the depth
estimation method [4] obtains 0.364 m RMS on NYUv2,
while the voxel size of our method is 0.08 m. This indicates
that the depth estimation algorithm still falls short of the re-
quirements for MSSC and has a significant impact on the
results. In the future, we will explore adding depth correc-
tion to our framework to further boost the performance.

5. Conclusion

In this paper, we proposed a novel decomposed framework
that conducts Coarse MSSC followed by Masked Recur-
rent Networks. To better leverage the sparsity of 3D scenes
and focus on the occupied 3D regions in each iteration,
we introduced MS-GRU and the mask updating mecha-
nism. Additionally, we proposed the Distance Attention
Projection to mitigate projection errors. As a result, our
approach achieves the state-of-the-art performance on the
NYUv2 and SemanticKITTI datasets. We expect that the
MonoMRN framework could inspire future research direc-
tions and drive more advancements in 3D perception tasks.
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