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CMDFusion: Bidirectional Fusion Network with
Cross-modality Knowledge Distillation for LIDAR
Semantic Segmentation

Jun Cen'2*, Shiwei Zhang?, Yixuan Pei®, Kun Li?, Hang Zheng?, Maochun Luo?, Yingya Zhang?, Qifeng Chen'

Abstract—2D RGB images and 3D LIDAR point clouds pro-
vide complementary knowledge for the perception system of
autonomous vehicles. Several 2D and 3D fusion methods have
been explored for the LIDAR semantic segmentation task, but
they suffer from different problems. 2D-to-3D fusion methods
require strictly paired data during inference, which may not be
available in real-world scenarios, while 3D-to-2D fusion methods
cannot explicitly make full use of the 2D information. Therefore,
we propose a Bidirectional Fusion Network with Cross-Modality
Knowledge Distillation (CMDFusion) in this work. Our method
has two contributions. First, our bidirectional fusion scheme
explicitly and implicitly enhances the 3D feature via 2D-to-3D
fusion and 3D-to-2D fusion, respectively, which surpasses either
one of the single fusion schemes. Second, we distillate the 2D
knowledge from a 2D network (Camera branch) to a 3D network
(2D knowledge branch) so that the 3D network can generate 2D
information even for those points not in the FOV (field of view)
of the camera. In this way, RGB images are not required during
inference anymore since the 2D knowledge branch provides 2D
information according to the 3D LIDAR input. We show that
our CMDFusion achieves the best performance among all fusion-
based methods on SemanticKITTI and nuScenes datasets. The
code is released at https://github.com/Jun-CEN/CMDPFusion.

[. INTRODUCTION

3D LIDAR is significant for the perception system of
autonomous vehicles, and one of the applicable tasks with
LIDAR is semantic segmentation. Great efforts have been
made for better LIDAR semantic segmentation performance
using single LIDAR modality [3]-[6]. Recently, several multi-
modality methods are developed [1], [2] to fuse the features of
LIDAR and colorful cameras since they provide complemen-
tary information. LIDAR provides reliable depth information
and is robust to light conditions such as dark nights, while the
camera offers a dense colorful appearance and fine-grained
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Fig. 1. (a) 2D-to-3D methods (PMF [1]) can only handle points in the FOV
of the camera. (b) 3D-to-2D methods (2DPASS [2]) do not explicitly involve
the 2D information into 3D features. (c) Our CMDFusion can process the
whole point cloud through cross-modality distillation and strengthen the 3D
features through bidirectional fusion.

textures. In this work, we also aim to study how to effectively
leverage these two modality data for better LIDAR semantic
segmentation.

Existing fusion-based methods can be divided into 2D-to-
3D fusion method (PMF [1]) and 3D-to-2D fusion method
(2DPASS [2]), as shown in Fig. 1 (a) and (b). PMF injects
2D knowledge into the LIDAR features, so it needs strictly
paired data during training and inference. However, the FOV
of LIDAR and the camera may not totally overlap with each
other, so those points out of the FOV of the camera cannot
be tested. For example, SemanticKITTI [7] only provides two
front-view images, and points at the side and back cannot be
involved in the PMF framework. 2DPASS notices this problem
and proposed injecting 3D features into 2D features during
training to implicitly enhance the 3D features. In this way,
2DPASS does not require images during inference. However,
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3D features do not explicitly contain 2D information in such
a 3D-to-2D scheme.

To solve the mentioned problems of 2D-to-3D and 3D-to-2D
fusion methods, we propose a Bidirectional Fusion Network
with Cross-Modality Knowledge Distillation (CMDFusion),
as shown in Fig. 1 (c). Specifically, on the one hand, we
propose a Bidirectional Fusion Block (BFB) to explicitly and
implicitly enhance the 3D features through 2D-to-3D and
3D-to-2D injection, which owns the benefits of both single
fusion schemes. On the other hand, we propose a Cross-
Modality Distillation (CMD) module to let a 3D network
(2D knowledge branch) memorize the information of the 2D
network (camera branch) during training. During inference,
the 2D knowledge branch provides the 2D image information
based on the 3D LIDAR point cloud inputs so that we can
obtain the 2D knowledge without images for the whole point
cloud, including those points not in the FOV of the camera.

We evaluate our method on two challenging datasets, in-
cluding SemanticKITTI [7] and NuScenes [8]. Experiments
show that our method achieves the best performance among all
fusion-based methods. In summary, our contributions include
the following:

e We develop a bidirectional fusion method CMDFusion
for the LIDAR semantic segmentation task, which sur-
passes the single directional 2D-to-3D fusion and 3D-to-
2D fusion methods.

o We develop a cross-modality distillation module to gen-
erate 2D information for those points that are out of the
FOV of the camera.

o We experimentally show that our method achieves the
best performance among fusion-based methods on Se-
manticKITTI and Nuscenes datasets.

II. RELATED WORK

3D LIDAR semantic segmentation has grown very fast
based on well-annotated public datasets, such as Se-
manticKITTI [7] and NuScenes [8]. Most methods in this
area are single-modality, i.e., only use LIDAR point cloud to
extract information. Specifically, single-modality methods can
be categorized into point-based, voxel-based, projection-based,
and multi-view fusion methods.

1) Point-based methods [9]-[11] adapt PointNet [12] and
PointNet++ [13] to the LIDAR domain. These point-based
methods do not generalize very well in the LIDAR point cloud
scenarios since their sampling and searching algorithms cannot
perfectly handle the sparse outdoor point clouds.

2) Voxel-based methods divide the whole point cloud into
voxels [14] and apply efficient 3D convolution for semantic
segmentation like SparseConv [15]. Cylinder3D [5] proposed
a cylindrical partition and asymmetrical 3D convolutional
network which follows the geometry structure of the LIDAR
point cloud.

3) Projection-based methods first project 3D LIDAR point
cloud into 2D range-view images [4] or bird’s-eye-view (BEV)
images [16] and then apply 2D convolution network for
semantic segmentation. However, such a projection inevitably
loses some of the 3D geometry information.

4) Multi-view fusion methods combine different views
of the LIDAR point cloud as inputs. FusionNet [17] and
SPVCNN [3] fuse voxel and point level information, while
RPVNet [18] fuses the information of voxel, point, and range
views.

Recently, multi-modality fusion has become popular in the
autonomous driving area. In the 3D object detection task, BEV
fusion [19]-[21] unifies the LIDAR and image features in
the BEV space and achieves the state-of-the-art performance.
However, the height information is much more critical in the
semantic segmentation task than the object detection task, so
the BEV-based method [16] has limited performance on the
semantic segmentation task. Instead, PMF [1] projects the LI-
DAR point cloud into the image space and then conducts 2D-
to-3D fusion for better 3D feature representation. 2DPASS [2]
finds that the 2D-to-3D fusion method like PMF can only
be applied on the points in the overlapping FOVs of the
LIDAR and camera, so 2DPASS conducts 3D-to-2D fusion
to strengthen the 3D features by supervising the 3D features
from the 2D branch.

Compared to PMF and 2DPASS, our bidirectional fusion
network enjoys the benefits of both 2D-to-3D and 3D-to-
2D fusion schemes. Besides, we propose a cross-modality
distillation module so that our network can be applied to the
whole LIDAR point cloud, including the points that are out of
the FOV of the camera.

III. METHODOLOGY
A. Framework Overview

The simplified and specific overall structure of our proposed
CMDPFusion is shown in Fig. 1 (c) and Fig. 2 (a), respectively.
Three branches with their corresponding features in our CMD-
Fusion include a camera branch (2D network) with z¢, a 2D
knowledge branch (3D network) with 23p and 23pp, and a
3D LIDAR branch (3D network) with z3p. zopp refers to the
features in the overlapping FOV of the camera and LIDAR,
where zop contains all point features.

1) Training: During training, the 2D knowledge branch
(a 3D network) learns the 2D image information from the
camera branch (a 2D network) via Cross-Modality Distillation
(CMD). Although the CMD is conducted on those points in
the overlapping FOVs of the LIDAR and camera, the 2D
knowledge branch can be generalized to the points that are
out of the FOV of the camera. In this way, we can obtain
the 2D information of the whole point cloud, which is not
approachable in PMF [1] or 2DPASS [2]. Therefore, z9p
learns the image information from z¢, and z3p contains the
LIDAR information. Then we fuse the features of the 2D
knowledge branch zop and 3D LIDAR branch z3p through
Bidirectional Fusion Block (BFB). On the one hand, 2D-
to-3D directional fusion explicitly enhances the 3D feature
via 2D information injection. On the other hand, 3D-to-2D
fusion works similarly with 2DPASS, i.e., the loss of the 2D
information branch will influence the 3D LIDAR branch to
implicitly improve the robustness of the 3D feature since it
is required to be well adapted to the 2D space. However, our
2D information branch could provide the image information
without images while 2DPASS could not.
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(a) Framework overview of CMDFusion. The 2D knowledge branch learns the 2D information from the camera branch through Cross-Modality

Distillation (CMD). The 3D LIDAR branch and 2D knowledge branch interact with each other through Bidirectional Fusion Block (BFB) at each scale. (b)

The structure of BFB. (c) The structure of the single fusion block.

2) Testing: During inference, the camera branch is not
needed anymore since its knowledge is already distilled to
the 2D knowledge branch. Besides, only 2D-to-3D directional
fusion is involved as the final prediction results come from the
3D LIDAR branch. The right-hand side of Fig. 1 (c) shows
the parts that are needed during inference.

B. Point-to-pixel Correspondence

Point-to-pixel correspondence is the pre-request of Cross-
Modality Distillation (CMD). Given a LIDAR point cloud P =
{p: Z»]\Ll € RV*3 where p; = (4,93, 2i) € R3 refers to the
XYZ coordinates of a point and N is the number of points in
the point cloud, the projected 2D coordinates of the point p;
is calculated as:

[%mﬂT:%xKxTﬂ%%%Jﬂ (1)
(3

where K € R3** and T € R*** denote the intrinsic and
extrinsic matrices of the camera, respectively. Then we have
pi = (|vi], |ui]) € R? as the integer projected 2D coordi-
nates, where | -] is the floor operation. For the SemanticKITTI
dataset, K and T are already given. For the NuScenes dataset,
the extrinsic matrix 7' is calculated as:

T= TvC(—cgotc X Tl:gotc +~a X TGecgotl X Tcgotl <L, 2

where L, C, and G refer to the LIDAR, camera, and global.

Note that CMD is only applied on the points that are in
the overlapping FOVs of LIDAR and camera, as shown in the
colorized region in the input of the 2D knowledge branch in
Fig. 2 (a). Formally, suppose the points set in the overlapging
FOVs of LIDAR and camera is PO = {p;}}¥] € RN"*3,
where N© denotes the number of points in the overlapping
FOVs of the LIDAR and camera, then for each point p; in

PO, its corresponding projected coordinates p; = (|v;], [ui])
should meet:
0< [u| <W,

where H and W refer to the height and width of corresponding
images. Note that for feature maps under different scales, we
first upsample the feature maps to the original scale and then
use the corresponding point-to-pixel corresponding.

C. Cross-Modality Distillation

Cross-Modality Distillation (CMD) is to distillate the 2D
knowledge from the camera branch (a 2D network) to the 2D
knowledge branch (a 3D network), so we can generate the 2D
information for those points out of the FOV of the camera and
do not need the images during inference.

1) Camera Branch: Unlike PMF [1] and 2DPASS [2] that
train the camera branch with the ground truth projected from
the LIDAR point cloud, we use a ResNet101 [22] which is
pre-trained on the Cityscapes dataset [23]. Cityscapes is a
popular dataset for 2D image semantic segmentation in the
autonomous driving scenario. We adopt this strategy for two
reasons. First, if we use the ground truth which is projected
from the LIDAR point cloud, the camera branch may learn the
overlapping knowledge with the 3D LIDAR branch since they
share the same ground truth source. In contrast, the pre-trained
camera branch using another dataset could provide additional
information on top of the LIDAR point cloud. Second, we
could freeze the camera branch during training since it is
well-trained, so less back-propagation is needed for the whole
structure. In this way, the training process consumes less GPU
memory and time.
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2) 2D Knowledge Branch: Following 2DPASS [2], we use
SPVCNN [3] as the 3D network used in this paper, including
the 2D knowledge branch and 3D LIDAR branch. Now let us
formulate the process of CMD.

Only the points in the overlapping FOV of the camera and
LIDAR P© can be used in CMD (The pink circle in Fig. 2
(a)), so the corresponding features from the 2D knowledge
branch for CMD is z5,p € RN?xd_ where s = {1,2,3,4}
and d refer to the feature map scale and the dimension of
the features, respectively. Then we obtain the corresponding
features z¢, of PY from the camera branch based on the image
coordinates calculated by Eq. 1. So z{, only covers a part of
pixels of the whole image. The CMD is realized through this
loss ,CC MD-

1 S S
Lemp = WZHZQDP*ZCHQa S

where ||-||, denotes the L2 loss. In this way, the 2D knowledge
branch can mimic the function of the camera branch to provide
the 2D information based on the 3D LIDAR point cloud.
Although Lcarp is only available for PO during training,
the trained 2D knowledge branch can be generalized to the
whole point cloud P during inference.

D. Bidirectional Fusion

Our bidirectional fusion block (BFB) is composed of a 3D-
to-2D fusion block and a 2D-to-3D fusion block, as shown
in Fig. 2 (b). Unlike CMD which can only be applied on
the P (The purple circle in Fig. 2 (a)), BFB is applied on
the whole point cloud. So 25, € RV¥*4 and z5, € RV*4
in this section. Both 25, and zj, are generated by a 3D
network, but z5, learns the 2D image information through
CMD while z3, learns the 3D LIDAR information. 2D-to-3D
directional fusion explicitly enhances the 3D features via 2D
feature injection, while 3D-to-2D implicitly enhances the 3D
features via 2D knowledge branch supervision. Note that the
3D-to-2D fusion block and 2D-to-3D fusion block share the
same single directional fusion structure, as shown in Fig. 2 (¢),
and the only difference is the input position. Fig. 2 (c) is the
example of the 3D-to-2D single directional fusion block, and
we can obtain the 2D-to-3D single directional fusion block by
simply changing the positions of two inputs in Fig. 2 (c).

1) 3D-to-2D Fusion: 3D-to-2D fusion is illustrated in
Fig. 2 (c). Formally, we first have:

Z3pap = MLPa(Cat (MLP1(23p), 25p)), 5)

where MLP is a multiplayer perceptron, and Cat refers to the
feature concatenation. MLP; is used to transfer the 3D feature
z3p into the 2D feature space. MLP, is responsible to transfer
the concatenated feature into the residual space of z5,. Then
we have:

Z3p = z5p P 0(MLP3(Cat(GAP(23p2p); 23p2p))) @ 23p2p, (6)

where @ and ® denote the element-wise plus and element-
wise multiply, respectively. GAP means global average pool-
ing, and o means Sigmoid activation function. GAP is used
to integrate the globle information, and MLP3 is used to
transfer the feature into the attention value. Z5, represents the
enhanced 2D features of scale s. Then we concatenate Z3

and the enhanced features of previous scales 25} to obtain
Z3pr )
S S§— =S

Zpr = Cat(23pps %p); (7
where 25, contains all enhanced 2D features from scale 1
to s. Finally, ng 7 contains the enhanced 2D features of all 4
scales, and we use a linear classifier gop to output the logits.
The loss of 2D knowledge branch Lo is formulated as:

1
Lap=— > ylog(g2n(23pr)y); (®)

where y refers to the ground truth, and g(z3, ), denotes the
y™ logit of g(25, ). Note that single directional fusion does

not share MLPs for different scales.

2) 2D-to-3D Fusion: 2D-to-3D fusion shares the symmet-
ric structure with 2D-to-3D fusion. Formally, we have the
following:

2sp3p = MLPa(Cat(MLP1(25p), 23p)),
Z3p = z3p @ o(MLP3(Cat (GAP(25p3p), 25p3p))) © Z3p3p, (9)
s s—1 =~s
Z3DF — Cat(z3DF, ZSD)'
Similarly, zg‘ pr 1s the final enhanced 3D feature, and a linear

classifier gsp is used to output the logits. The loss of 3D
knowledge branch Lsp is formulated as:

1
L3p = N Z?JZOQ(QSD(Z;IDF)?J)'

Note that 2D-to-3D fusion blocks do not share MLPs and
classifiers with 3D-to-2D fusion blocks.

(10)

E. Overall Training and Testing Process

1) Training: The overall loss L;; for training the model is
calculated as:

Lanw = Lcmp + Lap + Lsp. (11)

2) Testing: We use the output of the classifier in the 3D
LIDAR branch as the final prediction results. Specifically, the
prediction result ¢ is:

§ = argmax ggD(zé‘DF)i, (12)

i=1,2

IEEREEE)

where C' denotes the total number of classes in the dataset.

IV. EXPERIMENTS
A. Experiment Settings

1) Datasets: We conduct experiments on three large-
scale outdoor datasets, including SemanticKITTI [7],
SemanticKITTI-O [1] and Nuscenes [8]. SemanticKITTI
provides the dense segmentation labels for 00-10 sequences,
in which sequence 08 is used for validation and others are
used for training. The ground truth of sequences 11-21 is
not reachable to the public and is used for testing. Two
front-view colorful images are equipped with each LIDAR
scan in SemanicKITTI. We use the image captured by the
left camera in our experiments. NuScenes contains 8130
samples for training, 6019 samples for validation, and 6008
samples for testing. Six images are equipped for every LIDAR
scan in Nuscenes, and we randomly pick up one image for
training. SemanicKITTI-O is a subset of SemanticKITTI,
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TABLE 1
COMPARISONS ON SemanticKITTI-O VALIDATION SET. L AND C REFER TO LIDAR AND CAMERA MODALITY.
5 Z ]
) g = =
. S 7z = U . £ F
S| s f o, ts 2% 2% E o, L s, ]
° > = 5] 5] 2 > = g k% [} g = Q g’u = g o E
Method Train Test | & § E g g £‘5 g E g e g %2 8 E <§ 2 = i3] 2 g
RandLANet [9] L L 50.01920 80 128 748 46.7 523 46.0 0.0 934 327 734 0.1 84.0 435 83.7 573 73.1 48.0 27.3
RangeNet++ [4] L L [51.2]894 265 484 339 267 548 694 0.0 929 37.0 699 0.0 834 51.0 83.3 54.0 68.1 49.8 34.0
SequeezeSegV?2 [24] L L |40.8|827 151 227 256 269 229 445 0.0 927 39.7 70.7 0.1 71.6 37.0 74.6 358 68.1 21.8 222
SequeezeSegV3 [25] L L [533]87.1 343 48.6 47.5 47.1 58.1 538 0.0 953 43.1 782 0.3 789 532 823 555 704 463 332
SalsaNext [26] L L [594]90.5 446 49.6 86.3 546 74.0 814 0.0 934 40.6 69.1 0.0 84.6 53.0 83.6 643 642 544 39.8
MinkowskiNet [27] L L [585]950 239 504 553 459 65.6 822 0.0 943 437 764 0.0 879 57.6 874 677 71.5 635 43.6
SPVNAS [3] L L 6231965 448 63.1 599 643 720 86.0 0.0 939 424 759 0.0 88.8 59.1 88.0 67.5 73.0 63.5 443
Cylinder3D [5] L L 649|964 61.5 782 663 69.8 80.8 933 0.0 949 415 78.0 1.4 87.5 50.0 86.7 722 688 63.0 42.1
PointPainting [28] L+C L+C 545|947 177 35.0 28.8 550 594 63.6 0.0 953 399 776 04 875 551 877 67.0 729 61.8 36.5
RGBAL [29] L+C L+C |56.2 873 36.1 264 64.6 546 58.1 727 0.0 951 456 77.5 0.8 789 534 843 61.7 729 56.1 41.5
PMF [1] L+C L+C |[63.9]954 478 629 684 752 789 71.6 0.0 964 435 80.5 0.1 88.7 60.1 88.6 72.7 753 655 43.0
CMDFusion (Ours) | L+C L [70.1]969 572 868 96.0 69.0 82.7 91.8 0.1 948 514 83.1 03 924 69.6 89.5 722 77.0 66.9 53.9
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Fig. 3. Error visualization samples from SemanticKITTI and NuScenes datasets. Errors are in red color. We provide the results of SPCVNN (a 3D network),
2DPASS (a 3D-to-2D fusion network), and our method (a bidirectional fusion network).

which contains the points in the overlapping FOVs of the
camera and LIDAR. The reason that PMF [1] proposed the
SemanicKITTI-O is that PMF cannot be applied on the
points that are out of the FOV of the camera because of its
2D-to-3D fusion scheme.

2) Evaluation Metrics: We adopt the commonly used mean
intersection-over-union (mloU) of all classes as the evaluation
metric. Specifically, mloU is formulated as:

TP,

ToU = .
mloU = B T NP

13)

In addition, we also report the frequency-weighted IOU
(fwloU) provided by the NuScenes leaderboard. FwloU is
a weighted version of mloU by the point-level frequency of
different classes.

3) Network Settings: The camera branch is a
ResNet101 [22] network pre-trained using Cityscapes [23]
dataset. Following 2DPASS [2], the 2D knowledge branch
and 3D LIDAR branch are two modified SPVCNN [3] with
the same structure. The feature maps from three branches
are firstly reduced to the dimension of 128 and 256 for
SemanticKITTI and NuScenes datasets, and then they are
upsampled through bilinear interpolation to the original scale
and used for CMD and BFB. As shown in Fig. 2 (a), we use
feature maps from 4 scales for better performance.

4) Training and Inference Details: Our model is trained
in an end-to-end manner with the SGD optimizer. The initial
learning rate is set to be 0.24, following 2DPASS [2] and
SPVCNN [3]. We train the model for 128 epochs for Se-
manticKITTT and 80 epochs for NuScenes dataset. We use the
commonly used augmentation strategy in the LIDAR semantic
segmentation, including global scaling with a random scaling
factor sampled from [0.95, 1.05], and global rotation around
the Z axis with a random angle. Image augmentation includes
horizontal flipping and color jitter. The cropped image size is
1200 x 360 (W x H) for SemanticKITTI and 400 x 240 for
NuScenes. The voxel size in the 2D knowledge branch and 3D
LIDAR branch is set to 0.1. We train our model with batch
size 8 on 2 Nvidia Tesla A100 GPUs with 80G memory.

B. Results on Benchmarks

1) Results on SemanticKITTI-O: PMF [1] provides the
comprehensive benchmark on the SemanticKITTI-O validation
set, as shown in Table I. The traditional 2D-to-3D fusion meth-
ods like PointPainting [28], RGBAL [29], and PMF conduct
both training and inference based on the LIDAR and camera
modality data, while our CMDFusion is trained on the LIDAR
and camera pairs, but does not require the camera data during
inference. We can see that our method significantly surpasses
the PMF method by 6.2 mloU. Note that our CMDFusion
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TABLE I
SEMANTIC SEGMENTATION RESULTS ON THE SemanticKITTI TEST BENCHMARK. 'i' INDICATES REPRODUCED USING THE OFFICIAL CODEBASE. i
INDICATES USING OUR IMPLEMENTED INSTANCE-LEVEL DATA AUGMENTATION.

K] = o
L Q —

=4 i~ § o S 5 .§ 2 3, g?

2. § £ ¥ £ s 2 2 L £ 2 § § 3 : 3 o &

2 g = = — Q = 80 = £ 2 = i) E
Method Train Test| £ g % & % Z S g 2 g £ ¢ = 5 g 2 g & & E
SqueezeSegV?2 [24] L L |39.7]88.6 67.6 458 17.7 73.7 81.8 134 185 179 140 71.8 358 60.2 20.1 25.1 39 41.1 202 263
DarkNet53Seg [7] L L |499|91.8 746 648 279 84.1 864 255 245 327 22,6 783 50.1 64.0 362 33.6 47 550 389 522
RangeNet53++ [4] L L |522]91.8 752 650 278 874 914 257 257 344 230 805 55.1 646 383 38.8 4.8 58.6 479 559
3D-MiniNet [30] L L |558|91.6 745 642 254 894 90.5 285 423 42.1 294 828 60.8 66.7 47.8 44.1 145 60.8 48.0 56.6
SqueezeSegV3 [25] L L 559|917 748 634 264 89.0 925 29.6 38.7 36.5 33.0 82.0 58.7 654 45.6 46.2 20.1 594 49.6 58.9
PointNet++ [13] L L |20.1]720 418 187 56 623 537 09 19 02 02 465 138 300 09 1.0 00 169 6.0 89
TangentConv [31] L L |409|839 639 334 154 834 90.8 152 2.7 165 12.1 79.5 493 58.1 230 284 81 49.0 358 285
PointASNL [32] L L |468 874 743 243 1.8 831 879 390 0.0 251 292 84.1 522 706 342 57.6 0.0 439 57.8 36.9
RandLA-Net [9] L L (5591905 740 61.8 245 89.7 942 439 29.8 322 39.1 838 636 68.6 484 474 94 604 51.0 50.7
KPConv [10] L L |588(90.3 727 613 31.5 90.5 95.0 334 302 425 443 848 69.2 69.1 61.5 61.6 11.8 642 564 474
PolarNet [16] L L |543]908 744 61.7 21.7 90.0 93.8 229 403 30.1 285 84.0 655 67.8 432 402 56 613 51.8 57.5
JS3C-Net [32] L L (660|889 721 619 319 925 958 543 593 529 46.0 845 69.8 679 69.5 654 399 70.8 60.7 68.7
SPVNAS [3] L L |67.0(90.2 754 676 21.8 91.6 97.2 56.6 50.6 504 58.0 86.1 73.4 710 674 67.1 503 669 643 673
Cylinder3D [5] L L |6891]922 77.0 650 323 90.7 97.1 50.8 67.6 63.8 585 856 725 69.8 73.7 69.2 48.0 66.5 624 66.2
RPVNet [6] L L |703|934 80.7 703 333 93,5 97.6 442 684 68.7 61.1 86.5 75.1 71.7 759 744 434 721 648 614
(AF)2-S3Net [33] L L |708(92.0 762 668 458 92.5 943 40.2 63.0 814 40.0 78.6 68.0 63.1 764 81.7 77.7 69.6 640 73.3
SPVCNN [3] L L (662900 740 60.1 27.3 91.9 96.6 529 514 58.0 58.0 854 720 69.3 77.9 809 158 67.5 604 68.2
2DPASST 2] L+C L [67.7/90.1 75.1 62.5 304 912 96.6 551 61.8 60.6 60.0 86.1 724 704 753 79.4 222 656 633 68.4
CMDFusion (ours) | L+C L |68.6|90.0 744 64.7 323 91.5 96.5 520 57.8 52.5 52.1 859 727 70.7 71.9 80.0 60.5 68.0 63.3 67.3
2DPASST [2] L+C L |71.0|89.7 749 668 33.1 92.0 968 53.1 594 666 63.5 858 740 705 768 797 652 674 624 706
CMDFusion* (ours) | L+C L |71.6|90.1 753 669 30.7 91.5 96.8 53.1 63.0 674 612 855 744 699 76.6 81.5 772 68.0 64.5 67.5

TABLE III

SEMANTIC SEGMENTATION RESULTS ON THE Nuscenes TEST BENCHMARK. T INDICATES INDICATES REPRODUCED USING THE OFFICIAL CODEBASE.

§ o Y

o 5 2 & 8 o 7 M g £

2| 5 2 E & 2 9o 5 T T % =g £ E

2 B4 %, _ % & & £ & 5 B sz : E E §

Method Train Tet| & &£ | & £ 2 § 8 & & & & E 5 2 % 8 &g ¢
PolarNet [16] L L | 694 8/4]722 168 770 865 511 697 648 541 69.7 635 966 6.1 77.7 72.1 87.1 845
JS3C-Net [32] L L |736 88.1|80.1 262 87.8 845 552 72.6 713 663 768 712 968 645 769 741 875 86.1
Cylinder3D [5] L L |772 899|828 298 843 894 63.0 793 772 734 846 69.1 977 702 803 755 904 87.6
AMVNet [34] L L |773 90.1]80.6 320 81.7 889 67.1 84.3 76.1 73.5 849 67.3 975 67.4 794 755 915 887
SPVCNN [3] L L |774 897/80.0 300 919 90.8 647 79.0 75.6 70.9 81.0 746 974 69.2 80.0 76.1 893 87.1
(AF)2-S3Net [33] L L |783 885|789 522 899 842 77.4 743 773 720 839 738 97.1 66.5 775 740 87.7 86.8
PMF [1] L+C L+C|77.0 89.0|820 400 8I.0 880 64.0 79.0 80.0 76.0 SI.0 67.0 97.0 68.0 78.0 740 90.0 88.0
2D3DNet [35] L+C L+C|80.0 90.1 830 594 88.0 851 63.7 844 820 76.0 848 719 969 674 79.8 760 921 89.2
2DPASS! [2] L+C L |77.8 897|824 312 936 913 626 814 754 69.2 843 76.6 973 682 795 752 893 87.4
CMDFusion (Ours) | L+C L | 80.8 90.3 | 83.5 457 94.5 91.4 76.7 87.0 77.2 73.0 85.6 77.3 974 692 79.5 755 91.0 88.5

can be trained on the whole SemanticKITTI dataset based
on our 2D knowledge branch and CMD, while PointPainting,
RGBAL, and PMF can be only trained on the training set of
SemanticKITTI-O due to their 2D-to-3D fusion scheme.

2) Results on SemanticKITTI: Similar to 2DPASS [2], our
CMDFusion is trained on the LIDAR and camera modality,
while only LIDAR modality is required during inference, so
2DPASS and our CMDFusion can be tested on the whole
LIDAR point cloud. However, our CMDFusion includes both
2D-t0-3D and 3D-to-2D fusion while 2DPASS only includes
3D-to-2D fusion, so our method surpasses the 2DPASS ac-
cording to Table II. Note that 2DPASS only released the code-
base and the checkpoint without the validation set involved
in the training set and instance-level augmentation, so we
retrain their model following the same setting and evaluate
on the test set. We also try their released checkpoint on the
test set and find that both of them achieve a similar mloU
(67.7). We follow the same setting for fair comparison and
our method achieves the better performance (68.6 mloU). We

also try the instance-level augmentation from Polarmix [36]
on 2DPASS and our method, and our method still surpasses
the 2DPASS with Polarmix by 0.6 mloU. To avoid the
mis-correspondence between images and LIDAR point cloud
brought by the instance-level augmentation, we do not involve
the camera branch during finetuning, and use the frozen 2D
knowledge branch to provide 2D information and only finetune
the 3D LIDAR branch. We find the best performance on each
individual category usually lies in the RPVNet and (AF)*-
S3Net, and our method has comparable performance on most
of these classes. But accordingly, these two methods have
some classes with extremely low performance, while our
method surpasses them on these classes by a large margin,
such as truck and motorcyclist.

3) Results on NuScenes: Table III shows that our method
achieves better performance (2.0 mIoU) than 2DPASS. Similar
to the SemanticKITTI, the performance of 2DPASS comes
from the higher one between our retrained model and their
released checkpoint. Unlike the SemanticKITTI dataset, the
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TABLE IV
RUNTIME ANALYSIS. * MEANS ACCELERATED USING TENSORRT.
Training Inference
Method | Modality ~#FLOPs  #Params.  #Trainable Params. | Modality ~#FLOPs  #Params. Speed | mloU
PointPainting® [28] L+C 51.0 G 28.1 M 28.1 M L+C 51.0 G 28.1 M 2.3 ms -
RGBAL* [29] L+C 55.0 G 132 M 132 M L+C 550 G 132 M 2.7 ms -
SalsaNext* [26] L+C 314 G 6.7M 6.7 M L+C 314 G 6.7 M 1.6 ms 72.2
Cylinder3D [5] L - 559 M 559 M L - 559 M 62.5 ms 76.1
PMF* [1] L+C 854.7 G 36.3 M 36.3 M L+C 854.7 G 36.3 M 22.3 ms 76.9
PMF [1] L+C 854.7 G 363 M 363 M L+C 8547G 363 M 1250 ms | 76.9
2DPASS [2] L+C 2503 G 31.0M 31.0M L 111.3G 236 M 50.0 ms 76.4
CMDFusion L+C 719.6 G 522 M 7.04 M L 3735 G 7.04 M 125.0 ms 71.7
g pedestrian, ?% TABLE V
3;' N fg’ ABLATION STUDY ON SEMANTICKITTI-O (VALIDATION SET).
pedestrian{e: Baseline 3D-to-2D  2D-to-3D  Pretrained CB CMD TTA ‘ mloU

Lﬁ.y.“g’
PR
(a) 2DPASS (b) Ours

Fig. 4. Feature visualization via t-SNE. left: 2DPASS. Right: Ours.

NuScenes dataset provides 6 images to cover the FOV of the
LIDAR, so the 2D-to-3D fusion methods like PMF [1] and
2D3DNet [35] can also be evaluated on the whole LIDAR
point cloud. Among all fusion-based methods, our CMDFu-
sion achieves the best performance.

4) Visualization: We provide two samples from Se-
manticKITTI and NuScenes datasets in Fig. 3. The top sample
shows that 2DPASS and our method have less error on the
building compared to the SPVCNN, which illustrates the
effectiveness of multi-modality fusion. Besides, our method
has better results on the car and truck than 2DPASS, because
2D-to-3D fusion is involved in our method but not in the
2DPASS. In addition, we visualize the feature representation
of 2DPASS and our method on the NuScenes dataset. As
shown in Fig. 4, our method has more discriminative features,
e.g., the pedestrian class is more separable in our method than
2DPASS.

C. Runtime Analysis

Table IV provides the runtime analysis on the NuScenes
dataset. PointPainting, RGBAL, and PMF use 2D networks
for semantic segmentation since the input is range-view or
perspective-view, so they can be accelerated using TensorRT
by a large margin (125.0 to 22.3 ms for the PMF method).
In contrast, the 3D network in Cylinder3D, 2DPASS, and our
method cannot be accelerated by TensorRT. Compared to PMF
without TensorRT, our method has a smaller number of FLOPs
and parameters during inference, while sharing the same
runtime. Compared to 2DPASS, our method achieves better
performance since two 3D networks are used during inference,
which inevitably consumes more runtime. The image branch
is frozen during training in our method, so the number of
trainable parameters is smaller than 2DPASS.

58.14
58.26
60.42
62.03
67.62
70.08

N N NN
EENENENEN
EENENEN
ENENEN

<

D. Ablation Study

We conduct a careful ablation study to show the effective-
ness of different modules in our method. The comprehensive
ablation results are based on the Semantic-O dataset since
the classical 2D-to-3D fusion without CMD can only be
applied on the points in the overlapping FOVs of LIDAR and
camera. The results are in Table V. The baseline refers to
a single SPVCNN 3D network. We can see that both 3D-
to-2D fusion and 2D-to-3D fusion are helpful, but 2D-to-
3D fusion brings more performance gain since the camera
information is explicitly injected into the LIDAR branch. After
we replace the camera branch (CB) with a frozen CB pre-
trained on Cityscapes, the performance is further improved.
The reason may be that the pre-trained camera branch could
provide additional information for the current LIDAR point
cloud dataset. Then we introduce cross-modality distillation
(CMD) to let a 3D network output the 2D information so
that the model could be trained on the whole dataset rather
than the overlapping FOVs of the camera and LIDAR. As a
result, the performance is greatly boosted by the CMD. Similar
to 2DPASS, we also apply the voting test-time augmentation
(TTA), i.e., rotating the input point cloud with 12 angles
around the Z axis and averaging the prediction scores as the
final outputs. TTA brings better performance by 2.46 mloU.

V. CONCLUSION

In this paper, we propose a Bidirectional Fusion Network
with Cross-Modality Knowledge Distillation (CMDFusion)
to fuse the information of the camera and LIDAR for bet-
ter LIDAR semantic segmentation. Compared to the 2D-
to-3D fusion-based method PMF [1], our proposed Cross-
Modality Distillation (CMD) module solves the problem that
the camera branch cannot output the 2D information for
those points out of the FOV of the camera. Compared to
3D-to-2D fusion-based method 2DPASS [2], our proposed
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Bidirectional Fuision Block (BFB) contains additional 2D-to-
3D fusion, which explicitly strengthens the 3D information
through 2D information injection. We show the effectiveness
of our proposed method through comprehensive experiments
on SemanticKITTI and NuScenes datasets. Overall, we pro-
vide an alternative approach to fully utilize the multi-modality
information for 3D semantic segmentation, and introduce a
new and feasible way to solve the problem that multi-sensors’
FOVs are not overlapping. We hope this paper can provide
inspiration for future work in autonomous vehicles and robots.
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