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SeMLaPS: Real-time Semantic Mapping with Latent Prior Networks
and Quasi-Planar Segmentation
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Abstract— The availability of real-time semantics greatly
improves the core geometric functionality of SLAM systems, en-
abling numerous robotic and AR/VR applications. We present a
new methodology for real-time semantic mapping from RGB-D
sequences that combines a 2D neural network and a 3D network
based on a SLAM system with 3D occupancy mapping. When
segmenting a new frame we perform latent feature re-projection
from previous frames based on differentiable rendering. Fusing
re-projected feature maps from previous frames with current-
frame features greatly improves image segmentation quality,
compared to a baseline that processes images independently.
For 3D map processing, we propose a novel geometric quasi-
planar over-segmentation method that groups 3D map elements
likely to belong to the same semantic classes, relying on surface
normals. We also describe a novel neural network design
for lightweight semantic map post-processing. Our system
achieves state-of-the-art semantic mapping quality within 2D-
3D networks-based systems and matches the performance of
3D convolutional networks on three real indoor datasets, while
working in real-time. Moreover, it shows better cross-sensor
generalization abilities compared to 3D CNNs, enabling training
and inference with different depth sensors. Code and data can
be found at https://github.com/slamcore/semlaps. .

I. INTRODUCTION

SLAM systems use semantics for better pose estimation
or re-localization [2], [3] or to work in dynamic scenes [2],
[3]. It can facilitate downstream tasks such as robotic navi-
gation [4] or augmented reality (AR) experiences [5].

Real-time semantic mapping methods usually rely on
2D convolutional neural networks with optional 3D post-
processing (2D-3D networks) to annotate incoming images
with semantics, using back-projection to lift the semantic
labels to the 3D map [6], [3], [7], [5], [8], [1], while
recent FP-Conv [7] or SVCNN [6] also rely on lightweight
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Final Semantic Mapping Result
Fig. 1: SeMLaPS takes an RGB-D sequence as input and incrementally builds a semantic map of the scene. Our Latent Prior Network
(LPN) outputs 2D semantic labels that encode history information of prior views via differentiable feature re-projection. 2D labels are
lifted to 3D and fused temporarily via Bayesian fusion. Based on a novel geometric map over-segmentation, our Segment-Convolutional
Network further refines the 3D semantic map by applying convolutions at the segment-level, resulting in state-of-the-art accuracy within
real-time 2D-3D networks, and good cross-sensor generalization capabilities at the same time.

3D post-processing. 2D-3D networks repetitively process
images with similar visual content, solving 2D semantic
segmentation from scratch for each image, which may be
redundant [9]; lack multi-view consistency in 2D labels [10];
suffer from occlusions or object scale uncertainty [11]. Direct
processing of 3D geometry with 3D convolutions, e.g. with
MinkowskiNet [12] or SparseConvNet [13], outperforms
state-of-the-art 2D-3D networks. However, many semantic
SLAM tasks require 2D image-level semantic labels, e.g.
for semantic landmark annotation as in [2] or for semantics-
based processing of dynamics as in [14]. This makes the use
of 3D networks as main semantic inference engines in SLAM
systems less appealing, even given recent progress towards
using 3D networks in an online and incremental fashion [15].

Semantic SLAM systems may struggle with cross-sensor
generalization, because depth sensors have different accuracy
and noise properties. For some sensors we have access to
large datasets with semantic annotations (ScanNet [16]),
whilst for others, e.g. RealSense [17], this is not the case.

In this work we overcome some of the aforementioned
drawbacks of 2D-3D networks-based semantic SLAM sys-
tems, see Fig. 1. Firstly, we propose Latent Prior Net-
works (LPNs) - 2D convolutional networks that leverage
prior knowledge about the scene using a latent feature
re-projection mechanism based on differentiable rendering,
eliminating the image processing redundancy. Compared
to prior methods [9], [10] that re-project late features or
segmentation labels, we use early features and rely on
differentiable rendering. This leads to improved quality of
image-level semantic labels compared to the state-of-the-art
2D-3D networks-based method SVCNN [6].

Secondly, we propose quasi-planar over-segmentation
(QPOS) for lightweight 3D map post-processing. Together
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Fig. 2: SeMLaPS runs on top of a state-of-the-art visual inertial SLAM system performing camera pose tracking and voxel-based 3D
geometry reconstruction. SeMLaPS has three main stages: First, a Latent Prior Network (LPN), relying on a fast 2D neural network
backbone enhanced with differentiable latent feature re-projection, processes the RGB-D frames. It outputs 2D semantic labels, which are
further lifted to 3D and aggregated over time with Bayesian fusion [1]. Next, Quasi-Planar Over-Segmentation (QPOS) groups surface
voxels into segments, associated with semantic class probabilities and geometric features. Finally, our Segment-Convolutional Network
(SegConvNet) applies convolutions at segment-level and obtains final semantic labels.

with a novel SegConvNet for map post-processing this helps
our system to improve semantic map annotation quality
over SVCNN, matching the accuracy of 3D network-based
approaches.

As a third contribution we report a significant improve-
ment in cross-sensor generalization of a trained model based
on a 2D LPN compared to a baseline 3D CNN. This
may be an additional justification 2D-3D networks-based
designs in semantic SLAM systems. We demonstrate our
novel Semantic Mapping approach on our new RealSense
dataset. See the code and data at https://github.com/
slamcore/semlaps.

II. RELATED WORK

2D-3D networks-based semantic mapping. Single frame
RGB semantic segmentations can be lifted to 3D and fused
using Bayesian [1], [19] or geometric [5] fusion. For frame-
level fusion DA-RNN [9] and MVCNet [10] rely on depth-
based re-projection of labels or late features, while our Latent
Prior Network uses differentiable rendering of early features.

3D semantic label refinement is done with a CRF in
ProgressiveFusion [20], a lightweight PointConv [21]-based
method in FP-Conv [7] and SVCNN [6]. SVCNN defines
state-of-the-art for the 2D-3D networks-based semantic map-
ping systems.The design of SeMLaPS is similar to SVCNN,
with several major differences in 2D and 3D networks and
map over-segmentation.

3D over-segmentation. Early methods for voxel grid
over-segmentation were designed by extending image over-
segmentation methods [22], [23], [24]. VCCS [25] was one
of the first methods directly aimed at 3D over-segmentation,
proposing a new error metric for this task. Online 3D
mapping requires incremental and real-time methods. Tateno
et al. [26] uses a 3D map as a set of object-like point
clusters found using surface normals, ProgressiveFusion [20]
uses a simplistic incremental voxel clustering method, while
SVCNN [6] relies on a modified supervoxel segmenta-
tion [27]. Our proposed incremental QPOS improves over
supervoxel segmentation [6], [27].

3D networks for semantic mapping. Methods of this
class process a 3D reconstruction of a scene directly and
produce semantic labels as output. PointNet-based seman-
tic segmentation methods process unordered point clouds
at multiple scales [28]. PointConv [21] and KPConv [29]
propose convolution operations on point clouds. Sparse sub-
manifold convolutions [13] and MinkowskiNet [12] process
only occupied surface voxels in dense voxel grids, with
reasonable memory requirements. BP-Net [30] leverages
both a 3D network and a 2D network, linked by a feature
projection mechanism. INS-Conv [15] shows a way to run
3D network-based inference in an online fashion, matching
the accuracy of the offline 3D networks. However, it does
not produce image-level semantic labels required for other
semantic SLAM tasks.

III. REAL-TIME SEMANTIC MAPPING SYSTEM
A. System Overview

Our pipeline relies on a SLAM system, see Sec. III-
B; we process the 2D images with a novel 2D Latent
Prior Network (LPN), Sec. III-C. We over-segment the map
with the novel Quasi-Planar Over-Segmentation (QPOS)
described in Sec. III-D. The Segment-Convolutional Network
(SegConvNet), see Sec. III-E, gives the final output.Fig. 2
shows the overall pipeline.

B. Real-Time Dense 3D Occupancy Mapping

We rely on a feature-based visual inertial SLAM sys-
tem (similar to [31]) which additionally outputs globally
corrected trajectories, when loop-closures are detected and
optimised. We fuse depth images and 6 Degrees of Free-
dom (DoF) poses into a sub-map based 3D occupancy map.
Inside each submap, occupancy information is stored in an
adaptive resolution octree following [32].

C. Latent Prior Network

Our LPN relies on the knowledge obtained from several
frames, see Fig. 3. As opposed to [9], [10], we aim to inject
this prior knowledge as early as possible.
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Fig. 3: Our Latent Prior Network (LPN) architecture. For an individual frame, LPN takes in RGB and depth as input and produces the
pixel-wise semantic class probabilities as well as intermediate feature maps at x4, x8 and x16 stride. Features extracted from RGB and
depth are fused at multiple resolutions with SSMA module [18]. The Atrous Spatial Pyramid Pooling (ASPP) is applied at the bottleneck

followed by a lightweight decoder.

We adopt SSMA [33], using separate encoders for RGB
and depth inputs, but replace the ResNet-50 encoder with a
lightweight MobileNetV3 [34], keeping computational com-
plexity in mind, see Fig. 3.

To enforce the prior from previous views, we propose to
re-project feature maps at different resolutions to a common
reference view using the depth maps and the camera poses
provided by the SLAM system. We use x4, x8 and x16
downsampled feature maps for re-projection, see Fig. 3.
To get smooth gradient propagation, we employ Pytorch3D
for feature re-projection, see Sec. 3.3 in [35]. We fuse re-
projected and reference view feature maps using average
pooling.

During training, at each iteration we sample N adjacent
frames and randomly select one as the reference view. We
randomly select the reference view instead of using the last
one directly to simulate more diverse motion patterns, which
serves as a data augmentation process as well. Latent priors
from N —1 neighbouring frames are warped to the reference
view. We then compute the cross-entropy losses: L, from
the reference view output, and L., neighboring views, to
encourage plausible single view prediction. Our final loss is
the weighted sum £ = Lgep, + WL 4. We empirically found
the auxiliary loss to improve around 0.7 2D mloU points for
our default setting.

LPN design is flexible: firstly, although NV is fixed during
training, at test time our LPN can take an arbitrary number
of views; secondly, we can do inference in sequential mode
processing each frame once and reusing feature maps com-
puted for previous view; finally, while LPN requires depth
for feature re-projection and cross-view fusion, at the feature
extraction stage we can rely on RGB-only input and drop the
depth encoder (red part in Fig. 3).

D. Quasi-Planar Over-Segmentation

Following [6], [26], [36], we aim to reduce the map
cardinality by grouping voxels into segments. We extract a
list of surface voxels and estimate their normals using the
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Fig. 4: Latent prior re-projection process. Feature maps at multiple
resolutions are re-projected and fused to the reference view. At
training time the views come in mini-batches. We predict semantic
outputs for computing the main Lsen, and auxiliary Lg., losses.
At test-time we process frames sequentially, predicting the output
for the reference view only.

distance field, build an undirected weighted graph (V, E, w)
with voxels as vertices V, edges E between voxels sharing
a face, and weights as in [36].An over-segmentation S maps
voxels to segment labels. We set S(i) = 4, sort the edges by
weight as in [24] and merge one by one if the cost F(S)

decreases:
> tsi= —5l;

lEL(S) i

)

where L(.S) is the set of segment labels and § is the expected
spatial segment size.

To improve the quality of segment boundaries, we apply
a fast post-processing step, assigning a voxel to a segment
with the lowest association cost:

C(i,1) = (pi — )" (pi — ) +v(1 = |ni - ), ()

where p;,n; are the position and normal of the voxel
i, pi, 21, n; are the center, covariance and normal of the
segment [/, and v is a weighting factor. For efficiency, we
use a KD-tree of the segment centres.

The QPOS method has O(|E|) complexity, and we use
it in an incremental fashion after the map update, using
only updated voxels in V' and FE, trying to associate new
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voxels with observed segments using (2) before creating
new segments. We use the QPOS results as input to the
SegConvNet described next.

E. Segment-Convolutional Network

Optimal segment sizes may differ depending on scene
properties. We propose a convolution operation tailored for
non-uniformly-sized segments while SVCNN [6] assumes
size uniformity. As in PointConv [21], we define the weight-
net W(-) as a multi-layer perceptron (MLP) for predicting
the convolution kernel and the feature-net ®(-) as a MLP for
feature processing:

SFout(ss) = > W(

s5yEN(sz)

Sy — Sz, ¢zy)q)(San(8y))> 3)

where N (s,) are the neighbouring segments for z, s, s, are
the segments’ centers, the input segment feature SFj;, is the
averaged feature within a segment, and ¢,y = [ng - Ny, 7 -
Ng, T+ Ny, Ny -V, Ny - W, TY - Ny, 7Y - (Mg X Ny ), ||rg||,az7oy]
where n; is the surface normal of segment s;, r¥ = s, — s,
is the dlsplacement vector between the two segments, and
r = HTyH ,v,w is the ortho-normal basis constructed by the

Gram-Schmidt process from r¥ and n,, o, = \/rTX,r,
oy = /rTE,r, and X,, %, represents the spatial covari-
ances of s, and s,. Our ¢, , augments the view-invariant
(VD) features proposed in [37] with directional variances
0x,04. As for the input segment features SFj,, we use
averaged voxel-wise predicted class probabilities, as well as
a 9-D geometric feature consisting of RGB color, position
and surface normal. For each segment-convolutional layer,
we use a 2-layer MLP with a hidden dimension of § as
W (-) and a 2-layer MLP with a hidden dimension of 64 as
®(-). We stack 3 segment-convolutional layers to form our
Segment-Convolutional Network (SegConvNet).

F. Semantic Mapping with RealSense

While SceneNN [38] and ScanNet [16], are captured
with Kinect-like sensors, depth sensing accuracy of popu-
lar RealSense devices is significantly lower. To understand
the cross-sensor generalization abilites of different semantic
mapping methods, we propose a four-sequence RGB-D test
dataset captured using RealSense D455 [17]. It has ground
truth poses obtained using our visual inertial SLAM system
and meshes reconstructed using our dense mapping system
based on TSDF fusion with a voxel size of 0.01 m. Meshes
are manually annotated with semantic labels in consistency
with ScanNet [16]. There are four indoor scenes (meeting
room, lab, kitchen and office lounge). We will release the
dataset upon paper acceptance.

G. System Implementation Details

Finally, we provide implementation details of our entire
system and the networks proposed to perform online real-
time semantic mapping.

Latent Prior Network. We train LPN on 1201 training
sequences of the ScanNet v2 dataset with a step of 20
between adjacent frames, using Adam [39] for 20 epochs

with an initial learning rate of 1le — 4 and one-cycle learning
rate scheduler; We use N = 3 and perform random scale,
crop, flip, Gaussian blur and random view-order permutation
for data augmentation. Training takes around 3 days on a
single nVidia RTX-3090ti GPU with a batch size of 8.
Segment-Convolutional Network. We train the SegConvNet
described in sec. III-E on the 1201 meshes of ScanNet
v2 training split. We first run our QPOS for meshes with
segment size 5 = 60 vertices and transfer the vertex-wise GT
labels to segment-level GT labels via majority vote. We run
our trained LPN sequentially on each scene, transfer the 2D
label predictions to 3D meshes using Bayesian Fusion [1].
The above data generation process creates around 2M
segments in total. We train our SegConvNet with Adam [39]
optimizer with an initial learning rate of 5e —4 and one-cycle
scheduler. The training takes around 2 hours on a single
Nvidia RTX-3090ti GPU with a batch size of 12 for 100
epochs.
System Design Details. We run LPN sequentially and
perform Bayesian fusion at each key-frame when the SLAM
system updates the map geometry. So, each frame is pro-
cessed by the LPN only once, reference frames getting re-
projected feature maps from non-reference frames as inputs.
Next, we perform QPOS only on regions that are affected by
the map update, updating the properties (features, segment
centers, connecting topology, etc.) of the segments. Those
updated segments and their K-nearest neighbors are fed to
SegConvNet to predict the updated class labels.

IV. EXPERIMENTS

We start by introducing baselines and metrics, followed
by a description of the evaluation of 2D and 3D semantics
and over-segmentation, and conclude with an ablation study
and timing analysis.

We use three different datasets. ScanNet [16] has 1201 and
312 indoor RGB-D sequences in the training and validation
sub-sets, poses and meshes are obtained with BundleFu-
sion [40]. SceneNN [38] has 76 indoor RGB-D sequences,
poses and meshes obtained using ElasticReconstruction [41].
ScanNet and SceneNN are captured with Kinect-like sensors.
Our new Semantic Mapping dataset, captured with RealSense
(SMR), has 4 RGB-D sequences described in III-F. All
datasets have semantically labelled meshes, and ScanNet has
some frames with 2D semantic labels as well.

For 3D semantic segmentation experiments (Sec IV-
A), we include the following baselines: 3D network-based
methods SparseConvNet [13], MinkowskiNet [12] and INS-
CONV [15], which is an incremental version of Spar-
seConvNet; 2D-3D networks-based methods SVCNN [6],
Fusion-aware PointConv (FP-Conv) [7] and ProgressiveFu-
sion (PsF) [20]. For 2D semantic segmentation evaluation
we use AdapNet++ [18], FuseNet [42], SSMA [18] and PS-
res-excite [43], and our closest baseline MVCNet [10] based
on our LPN backbone, in single-view inference (MVCNet-
S) and in X-view inference (MVCNet-MX) which we re-
implemented. LPN-base is trained in a single-view mode,
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TABLE I: 3D Semantic segmentation on ScanNet v2 (Val). SeMLaPS outperforms other state-of-the-art 2D-3D network-based methods.

\ Method | Type [mloU]|bath| bed [bkshf] cab [chair]cntr | curt [desk|door[floor[other| pic [fridge[shwr|[sink[sofa| tbl [toilet[wall| win |
3D networks
MkNet [12] offline| 72.2 |85.9(81.0| 80.7 |66.0| 91.1 |63.4|75.9/64.2|61.4]|94.8 | 60.0 |29.6| 62.0 |69.1 |66.8|81.7|76.3|92.1 |83.3|59.1
SparseConvNet [13] |offline| 69.3 |86.5|78.6| 76.7 |61.2|89.060.9|70.8|59.1(60.1[94.5|47.6 [31.5| 47.4 |68.9162.3|83.3|68.3| 85.4 |82.3|60.0
INS-CONV-m32 [15]|online| 71.5 |84.3(79.3| 78.7 |64.4|90.1 |63.6|72.5|63.5|60.4|95.2| 55.8 |33.8| 52.3 |74.5|63.3|83.2|74.5|92.8 [84.0|63.3
INS-CONV-m64 [15]|online | 72.4 |87.4|81.2| 79.6 [67.7|91.0 |64.5|74.9|60.8|62.1|95.1|57.8 |36.0| 52.0 |72.2|67.0|83.3|72.3| 93.3 |85.1(65.2
2D-3D networks
PsF [20] online| 55.0 [65.6/61.2| 65.7 |48.6| 68.4 [41.7|54.9|148.9(47.5(87.1|43.7(25.7| 41.8 |34.5|53.4|59.8(54.0| 78.9 |70.6|47.0
FPC [7] online| 67.2 |85.4|82.3| 64.0 |60.9]|75.1|56.0|64.8|58.2|64.8(91.9|46.4 |40.6| 64.2 |51.7(63.5|77.9|68.9| 87.0 |83.8|56.3
SVCNN [6] online| 68.3 [73.4|78.5| 79.1 |60.5]| 80.6 {59.3|70.4|59.9|60.5(91.1|57.8 |35.0| 57.5 |75.2161.3|72.6|/64.4| 86.4 (80.5|61.7
SeMLaPS (ours) |online| 72.2 |87.7|80.4| 82.2 |63.0|87.3 |66.2|76.3/65.8|63.5|94.6 | 52.9 |36.0| 63.7 |75.2|63.0(74.7|72.0| 91.9 |84.0|64.2
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Fig. 5: 3D semantic segmentation results on ScanNet. SeMLaPS achieves better results in classes reliant on visual features, such as
refrigerator and counter (see zoomed-ins), and produces smoother and less-fragmented boundaries thanks to our QPOS and SegConvNet.

while LPN-S and LPN-MX are trained using N = 3 views
and use one and X views for inference respectively'.

A. 3D Semantic segmentation

We show quantitative and qualitative 3D semantic seg-
mentation results. As mentioned before, our LPN can have
multiple variants, such as using a different number of views
at inference time, using depth encoder or not, mini-batch
or sequential inference mode. By default, we use LPN-M3
with both RGB and depth encoders in sequential mode for
2D inference. Our SegConvNet is trained with data generated
by the same trained LPN-M3 model. If not otherwise stated,
we refer to our default method as SeMLaPS.

ScanNet dataset. SeMLaPS shows the best results among
state-of-the-art 2D-3D networks-based semantic mapping
methods, demonstrating big gains in segmenting classes like
bathtub, chair or counter, see Tab. I. Our proposed approach
is on par with off-line and online incremental 3D networks.

IResults are from respective papers apart from re-implemented MVCNet
and re-trained SparseConvNet evaluated on SMR.

TABLE II: Online 3D Semantic segmentation on SceneNN.

Method Type mAcc
FP-Conv [7] 2D-3D 71.5
SVCNN [6] 2D-3D 76.9

INS-CONV [15] 3D 79.5
Ours 2D-3D 80.0

Fig. 5 shows some qualitative results. From the figure
it can be seen that our 2D-3D pipeline performs better in
classes that rely more on visual features, such as refrigerator
(first row) and counter (last row). Moreover, compared with
a pure 3D-based method, our method produces smoother
boundaries and fewer floating artefacts thanks to the post-
processing of QPOS and SegConvNet.

SceneNN dataset. We follow the protocol of SVCNN [6]
and INS-CONV [15], using SeMLaPS trained on ScanNet
to test the generalization ability. We report average mean
accuracy (mAcc %) on the 48 scenes used in SVCNN. As
shown in Tab. II, SeMLaPS outperforms all the previous
online semantic segmentation methods.

SMR dataset. We compare the SparseConvNet 3D network
and the proposed SeMLaPS-RGB (still using LPN-M3 but
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dropping the depth encoder), both trained on ScanNet, see
Tab. III. SeMLaPS-RGB shows significantly better cross-
sensor generalization: our mloU is better by 69%, and
mAcc is better by 6%. Our method is better at dealing
with less frequent classes, such as refrigerator, counter, chair
and window, while performing on par with our baseline
on frequent classes. Fig. 6 shows some qualitative results.
The reconstruction quality in SMR is much worse than
in ScanNet or SceneNN. Apart from the classes already
mentioned like refrigerator and counter, our SeMLaPS-RGB
also performs much better on thin structures and small
objects, like the stools in the first row. It suggests that 2D-3D
networks deal with inaccurate depth better than 3D networks.
B. 2D Semantic segmentation

In this section we evaluate 2D networks on the Scan-
Net v2 dataset, see Tab. IV. In the single-view RGB-D
inference mode, LPN-base has the lowest performance; the
MVCNet [10] has better metrics, while our proposed LPN-
S achieves the best accuracy. In the multi-view inference
mode, we see that our LPN-M3 outperforms MVCNet-M3,
both using three views, while increasing the number of views
up to 7 improves the LPN results further. Comparing with
the other architectures, we see that our LPN backbone has
reasonable performance, while relying on computationally
efficient MobileNetV3, when other approaches use VGG-16
or ResNet50. LPN-M7 outperforms all single-view baselines.

C. Over-Segmentation

We run the proposed QPOS and Supervoxel Clustering [6],
[27], on ScanNet val. To compute the over-segmentation
error (OSE) we find semantic labels for segments (super-
voxels) from ground truth vertex labels using majority vote,
propagate labels back to vertices, and compute mean accu-
racy. The under-segmentation error (USE) [25] is a standard
error metric. As shown in Tab. V, our QPOS outperforms
Supervoxel Clustering by 6.2% in USE and by 2.2% in OSE,
producing a similar average number of segments.

D. Ablation study

We conduct ablation studies to investigate the effectiveness
of different components in SeMLaPS.

Effect of LPN and QPOS. We first study the effect of Latent
Prior Network (LPN) and Quasi-Planar Over-segmentation

(QPOS), see Tab. VI. We show the mloU after Bayesian
fusion as BF mloU and the mloU of the final output
as Final mloU. We start by replacing our default LPN
with other 2D network variants. The first row shows that
QPOS+SegConvNet improve the results by 7.7 mloU%, jus-
tifying the importance of our proposed 3D post-processing.
Our default LPN-M3 is significantly better compared with
LPN-base (second row), which indicates the effectiveness
of multi-view training and incorporating latent priors.In the
third row, the final mloU drops further to 68.5 % after
replacing our LPN-base with SSMA [18]. In all cases,
the final result is significantly better than the Bayesian fu-
sion, highlighting the universal applicability of the proposed
QPOS+SegConvNet step. Next, in rows 4-6 we replace the
proposed QPOS method with Supervoxel clustering [27].
QPOS consistently yields better final mloU results compared
to the baseline.

F RES A =

Fig. 7: An example failure case of SeMLaPS. Top Left: A good
view for LPN, Bottom-left: A bad view for LPN. Right: Final 3D
results. Heavy occlusion causes LPN output wrong labels, which
SegConvNet is unable to correct.

Effect of SegConvNet. We first analyze the importance of
input features to the weight-net W (-) and input segment
feature. We train our SegConvNet with data generated by our
default LPN-M3 variant, but removing ¢, from the weight-
net input and the 9-D geometric features from the input
segment feature. As shown in Tab. VII, both VI-features and
the directional variance are important for the weight-net to
predict better convolution weights. Also it can be seen that
2D-only features are not descriptive enough to achieve the
best result (70.1 vs. 72.2). We also studied the effect of K.
It can be seen that increasing K from 16 to 64 constantly
improves the result, but the improvement saturates when
further increasing K to 96.

Failure Case. A major limitation of SeMLaPS is that it
heavily relies on the 2D semantic output, which could easily

e A%
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TABLE III: 3D Semantic segmentation results on Semantic Mapping with RealSense (SMR) dataset.

Method mAcc|mloU bkshf| cab |chair | cntr |desk| door | floor |other| pic |fridge| sink | sofa | tbl | wall | win
SparseConvNet [13]| 71.4 | 26.5 [22.19[18.15|37.88| 0.00 |2.75{34.15{91.91| 0.00 {0.00| 0.00 | 0.00 |82.89|40.81(60.33| 6.43
SeMLaPS-RGB | 75.3 | 44.7 |30.92(41.13|53.69|81.62|0.09|41.70(87.73| 0.00 |0.00 | 82.86 | 73.70|40.29|54.08 | 62.98|20.01

TABLE 1V: Performance of different 2D semantic segmentation
models on ScanNet v2 (Val). Best result in bold.

Method Backbone Test views mloU
Single-view trained
AdapNet++ [18] ResNet-50 1 54.6
FuseNet [42] VGG-16 1 56.7
SSMA [18] ResNet-50 1 66.1
PS-res-excite [43] ResNet-50 1 69.8
LPN-base MobileNetV3 1 65.1
Multi-view trained
LPN-S MobileNetV3 1 66.5
MVCNet-S MobileNetV3 1 66.2
LPN-M3 MobileNetV3 3 69.0
MVCNet-M3 MobileNetV3 3 68.6
LPN-M5 MobileNetV3 5 69.7
LPN-M7 MobileNetV3 7 70.1

TABLE V: 3D Over-Segmentation Evaluation on ScanNet v2 (Val).

US Err.|OS Err.| Avg Avg Std

Method % % |Segments|Seg. Size|Seg. Size
Supervoxel [27]| 37.8 5.6 1760 90 39
QPOS 31.6 34 1760 90 30

fail under difficult situations such as heavy occlusion and
extreme motion, see Fig. 7. In sequence shown in Fig. 7,
the black sofa (red box) is severely occluded by the table
in 920 out of 1420 frames in which it is observed, which
caused the LPN to wrongly label it as chair (yellow) in
those frames. Although one of the motivations of LPN is
to mitigate this kind of situation by leveraging multi-view
consistency, this sequence proves too difficult to handle.
We believe that adopting better view selection and temporal
fusion strategy should help solve this issue.

E. System Timing

To evaluate the run-time performance of SeMLaPS, fol-
lowing [5], [15] we profile the timing for each stage of
our method on scene0645_01, a typical large scene in
ScanNetv2. All experiments are conducted on a desktop
computer with Intel Core-i7 12700K CPU and a Nvidia
RTX-3090ti GPU. As SeMLaPS consists of 4 stages: LPN,
Bayesian fusion, QPOS and SegConvNet, we report the
average timing for each of the 4 stages in VIII. We also
report the run-time breakdown for our LPN.

As shown in Tab. VIII (a), our default LPN-M3 model
could run at 50 Hz. Thanks to our lightweight encoder back-
bone and sequential operating mode, the feature extraction
(encoder forward pass) and decoder forward pass only take
7 ms and 1.7 ms respectively. The feature re-projection stage
presents as a major bottleneck which requires 11.8 ms for
processing feature maps from the other two neighboring
views, but it could be optimized by replacing PyTorch3D
with a better implementation. Tab. VIII (b) shows timing
for all stages. SeMLaPS achieves 25 Hz performance, which

TABLE VI: Ablation study on the effect of different modules on
ScanNet v2 (Val). We show mloU (%) after each stage.

BF Final
2D Net 0s mloU % mloU %
LPN-M3 QPOS 64.5 72.2
LPN-base  QPOS 63.5 70.7

SSMA [18] QPOS 59.1 68.5
LPN-M3 SV [27] 64.5 70.2
LPN-base SV [27] 63.5 69.0

SSMA [18] SV [27] 59.1 67.0

TABLE VII: Ablation study on the effect of SegConvNet. All
networks are trained with data generated with our default LPN-M3.

Model mloU %

SegConvNet w/o VI-feature 71.0
SegConvNet w/o dir. variance 71.5
SegConvNet w/o geom. feature 70.1
SegConvNet FULL (K=64) 72.2
SegConvNet K=16 71.2
SegConvNet K=32 71.8
SegConvNet K=96 72.1

TABLE VIII: Runtime (ms) of (a) LPN-M3; (b) whole SeMLaPS.
(a) LPN-M3 run-time breakdown (b) SeMLaPS system run-time

Stage Time (ms) Stage Time (ms)
Encoder 7.0 LPN 20.5
Feature re-proj. 11.8 Bayesian fusion 0.4
Decoder 1.7 QPOS 11.6
Overall 20.5 SegConvNet 4.6

is more than enough for online real-time semantic mapping
with our visual inertial SLAM system.

V. CONCLUSION

We presented SeMLaPS, a real-time online semantic
mapping system that follows a 2D-3D pipeline. It benefits
from fusing latent features from historical views using a
novel Latent Prior Network (LPN), while Quasi-Planar-Over-
Segmentation (QPOS) and Segment-Convolutional Network
(SegConvNet) improve the final results to the same level as
3D offline methods while still maintaining real-time perfor-
mance. SeMLaPS achieves better cross-sensor generalization
than 3D-only networks.

Currently, SeMLaPS cannot handle environments with
frequent changes or dynamic elements. Future work could
leverage the 2D-3D design to skip 2D dynamic features in
the re-projection and global 3D map. Alternatively optical or
scene flow field could be used for differentiable re-projection.
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