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Abstract. Due to the ability to faithfully reconstruct real-world 3D scenes, point
cloud data are widely used in fields such as digital twins and scene understanding.
However, manual annotation of large-scale point clouds is inefficient, whereas
point-cloud semantic segmentation technology can extract the geometric features
of various objects in 3D scenes to generate fine-grained masks for different cat-
egories. To simulate a real air combat environment, we constructed safe test con-
ditions on the ground and used LIDAR to scan the fighter jet cockpit. For the
precise differentiation of the various avionics systems in the virtual cockpit, we
designed a point cloud semantic segmentation network based on multi-scale su-
pervision, which employs an encoder to generate multi-hot labels for supervising
feature maps at corresponding scales across multiple decoders. We performed 6-
fold cross-validation of our network on the indoor point cloud dataset S3DIS and
transferred the model to cockpit point cloud data for segmentation. Ultimately,
we achieved an mloU of 75.3% and an OA of 90.2% on S3DIS.

Keywords: Point cloud semantic segmentation, Multi-scale supervision, Con-
trastive learning.

1 Introduction

In recent years, the increasingly complex air combat environment has imposed stringent
requirements on the upgrading of avionics equipment. Especially during the flight test
and evaluation process, the avionics system may be updated once a month, making it
difficult for pilots to quickly master the operation methods of the numerous functions
of the avionics system. Therefore, digital twins create virtual cockpits by modeling and
simulating the aircraft cockpit, which can create a realistic cockpit environment and
interact with the complete aircraft simulation system, enabling pilots to practice air
tasks on the ground in advance [1]. To rapidly construct a virtual fighter cockpit, we
use LiDAR to scan the cockpit and generate 3D point cloud data. However, it is a sig-
nificant challenge to distinguishing between the complex avionics in a virtual cockpit.
Recently, due to the easy accessibility of point clouds, point cloud semantic segmenta-
tion technology is widely applied in the field of scene understanding [20, 22, 23, 31],
as it enables the extraction and classification of the spatial geometric features of point
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clouds [2]. Therefore, we utilize the indoor public point cloud dataset S3DIS [3] for
training and transfer the feature model to the segmentation of cockpit avionics equip-
ment. In this paper, we use PointNext [4] as the baseline and employ multiple decoders
to fuse feature maps of various scales from the encoder. Finally, we utilize contrastive
learning [25] to supervise the segmentation mask obtained through upsampling by the
decoder [26]. On the indoor semantic segmentation dataset S3DIS, our network
achieved a mean Intersection over Union (mloU) of 90% and an Overall Accuracy (OA)
0f 90%.

2 METHOD

2.1 Network Architecture

Considering the application environment characterized by limited cockpit space and
various of avionics equipment [27], we selected point-based method to train on indoor
scene datasets. Furthermore, since the convenience of engineering implementation, we
use PointNext as the baseline and optimize it using a multi-decoder architecture and
contrastive learning, as shown in Figure 1.
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Fig. 1. Network architecture.

Our network consists of a 5-layer encoder and four decoders containing different
layers. All decoders transform feature maps of different scales from the encoder into
features of a unified scale, producing high-precision segmentation results that incorpo-
rate both large-scale contextual semantic information and local detailed features [30].
Furthermore, considering the complex feature interactions and training difficulties as-
sociated with various decoders, we employ contrastive learning at each decoder scale
to suppress ineffective features generated during upsampling [18]. Specifically, the
contrastive learning module combines features from different decoders that share the
same scale and predicts multi-class labels, which represent the categories present in the
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feature map [28, 29]. Meanwhile, feature maps at various scales within the encoder are
extracted to generate ground-truth multi-class labels. Ultimately, the multi-class labels
generated by the encoder are used to supervise the multi-class labels predicted by the
decoder.

2.2 Contrastive Learning and Multi-scale Supervision

For each encoding layer of the encoder, the sets of centroid points and neighborhood
points to be processed are designated as P’ and (', respectively. And the network

needs to be trained based on the label information s, of each point p and classify it

into M categories. However, for the intermediate layers in the encoder and decoder,
each centroid sampled via farthest point sampling aggregates the features of its K
neighboring points. However, the centroid encapsulates all feature representations of
the neighboring points. Therefore, it is difficult for contrastive learning to use the in-
termediate layers of the encoder to provide feature supervision for the intermediate lay-
ers of the decoder.

Inspired by [14, 19, 21], we employed multi-hot labels for feature supervision, as
shown in Figure 2.
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Fig. 2. Generation and alignment of multi-hot labels.
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We use feature maps of the same scale from both the encoder and the decoder to
generate multi-hot labels, consequently. Therefore, the multi-hot labels generated by
the encoder can be used to supervise the multi-hot labels predicted by the decoder at
the same scale. Specifically, for P’ and @', the corresponding label information is

S;_ .p and S(l] 0> respectively. The multi-class labels of the encoder are shown in (1).
i 7

si[k]1= U si'[4] &

4 EQH
Where s; [k] represents the label vector containing the k categories for the cen-

troid point p inlayer /, |J represents the OR operation performed on the one-hot or

multi-hot labels of all points in the neighborhood point set.

For decoders without explicit label annotations, we use an MLP to predict the multi-
hot labels from the features of each layer. Specifically, a network with an L-layer en-
coder can employ L-1 decoders to upsample the encoded features from each layer to a

unified scale. Set % ! represents the feature information of the centroid point p, in
the output feature map of the /-th layer of the g -th decoder. And the multi-hot labels
58 ! [k] predicted by MLP as shown in (2).

Si’/ [k]ZU[MLP(yi’/)J,ge[l,L—l],le[l,g] 2)

Where o represents the activation function.
Therefore, we introduce contrastive learning between encoders and decoders oper-
ating at the same scale, as shown in (3) and (4).

B e S G)
£ (p, k) =, K] 10g(s§;' [k]) + (1 ~s, [k])log(l — s [k]) “)

Where [%'(p,,k) represents the cross-entropy loss function, which utilizes the
multi-hot label st [k] of the centroid point p. in the /-th layer of the encoder to su-
pervise the predicted multi-hot label sfj’ [k] of the [-th layer of the g-th encoder.

And £§’1 averages the loss functions calculated at the centroids of the same scale

across all decoders. Finally, the loss functions of all decoders are aggregated to obtain
the multi-scale supervision loss function £, as shown in (5).
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However, multiple decoders introduce a large number of intermediate layers con-
taining various inactive negative features. Therefore, for the centroid p, of the /-th

layer in the g-th decoder, we introduce a centrifugal potential function to construct a
cross-entropy loss function £%'(p,), which amplifies positive features and suppresses

negative features [24], as shown in (6) and (7).

O(rE) = ~log———, %’ = MLP(y2") ©)
l+e '
gl —_ A 1 _ _ N ; (7)
£ (p) {u(yi )log[lw ]+(l ulv; ))log[wyﬁx H

Furthermore, ,CD aggregates the centrifugal potential loss functions of all decoders,

as shown in (8).

1 L1 Lo N' 8
L, = — N (p, ®
. (L_l)zgﬂ;zv’g s (7)

Ultimately, the loss function for the entire network is given by (9).

L-1
L=Lo+L,+> L5, &)

g=1

Where L{, represents the original PointNeXt loss function, specifically the cross-

entropy loss between the one-hot encoded labels from the final layer of each decoder
and the ground-truth labels of the input point cloud. £ regularizes the feature disper-
sion across multiple decoders and optimizes the discriminability of each decoder's fea-
ture map, which produces precise segmentation results.

3 Experiments

3.1 Experimental Implementation Details

We conducted training and testing of the network on the indoor point cloud dataset
S3DIS, accepting point cloud inputs of 4096x6, which consists of 4096 points with 6
feature dimensions. The encoder progressively downsamples the number of centroid
points to 160, while the feature dimension gradually increases to 512.

For the network training, considering the S3DIS dataset includes 6 indoor scenes
and 11 categories, we applied 6-fold cross-validation to train the network. The batch
size for network training is set to 8, while the batch size for the validation set is set to
1. In addition, we set the learning rate to 0.01 and apply cosine decay strategy to grad-
ually reduce it to 1le-5.
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3.2 Experimental results

We compared the performance of the PointNeXt-L network using contrastive learning
with other point cloud semantic segmentation algorithms, as shown in Table 1. Our
network achieved an mloU of 75.3% and an OA of 90.2% on the S3DIS dataset using
6-fold cross-validation. On Area 5, the improved network incorporating contrastive
learning achieved an mloU of 71.03% and an OA of 90.3%.

Table 1. Experimental results on the S3DIS dataset.

6-fold Area5
Method Params (M)
mloU(%) OA(%) mloU(%) OA(%)
PointNet [5] 47.7 78.6 43.7 78.9 1.7
PointNet++ [6] 54.5 81.0 53.5 83.0 -
SPG [7] 62.1 85.5 58.0 86.4 0.3
DeepGCN [8] 60.0 85.9 52.5 - -
A-CNN [9] 62.9 87.3 - 87.3 -
MinkowskiNet [10] 65.4 - 65.4 - -
PointCNN [11] 65.4 88.1 57.3 85.9 11.0
PointWeb [12] 66.7 87.3 60.3 87.0 -
PointASNL [13] 68.7 88.8 - - 224
RandLA-Net [14] 70.0 87.1 62.5 - 1.2
PointSIFT [15] 70.2 88.7 - - -
KPConv [16] 70.6 - 67.1 - 14.9
SCF-Net [17] 71.6 88.4 63.4 - -
BAAF-Net [18] 72.2 88.9 65.4 - -
PointNeXt-L(baseline) [4] 73.9 89.9 69.0 90.0 7.1
PointNeXt-XL [4] 74.9 90.3 70.5 90.6 41.6
PointNeXt-L + £ (ours) 75.3 90.2 71.0 91.8 13.3

33 Visualization results

We present the segmentation results of our network and the PointNext network on the
S3DIS dataset, as shown in Figure 3. Our network outperforms PointNeXt in the seg-
mentation of objects such as whiteboards and doors, demonstrating that contrastive
learning improves the normalized representation of features for small-scale objects.



354 Z. Wang et al.

Original b i NeXt-LPointNeXt-XL  Ours  GroundTruth  Original
Point cloud Point cloud

I I i) I (
(c) ()

EEEEE 13333
YT

W floor = wall l column [ window = door M table [l chair Bl sofa J bookcase = board [l clutter

PointNeXt-LPointNeXt-XL  Ours  GroundTruth

..J

Fig. 3. Comparison of visualization results.

4 Conclusion

For indoor datasets, we propose a multi-scale supervised point cloud semantic segmen-
tation network based on contrastive learning, which utilizes multi-hot labels generated
by the encoder to supervise the multi-hot labels predicted by all decoders, and produces
refined semantic segmentation results. Furthermore, we will fine-tune the indoor point
cloud semantic segmentation model to enable it to accurately segment point cloud data
from cockpits, thereby facilitating the generation of virtual cockpits [32].
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