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Abstract:   LiDAR and cameras are two prominent sources for parsing the semantics of the scene. While the former provides accurate
physical measurements, it lacks the colour and texture appearance that the latter excels in. Fully exploiting the rich information of mul-
timodal data is beneficial for comprehensive perception of the environment. To cope with the dual challenges of heterogeneity and con-
sistency faced by multimodal features, we propose a unified multimodal cooperative segmentation workflow. By establishing cross-view
cooperation paths, we achieve cross-view  feature  interactions and missing modality completions. The pre-synchronisation mechanism
preserves the alignment semantics and geometry while decoupling the processing of multimodal data augmentation. Notably, our work-
flow  jointly performs LiDAR-based 3D semantic segmentation and  image-based 2D semantic segmentation with promising results on
two public benchmarks: the SemanticKITTI dataset and the Waymo Open dataset.
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 1   Introduction

In  large-scale  outdoor  scene  understanding,  semantic

segmentation  is  regarded  as  a  crucial  component,  and  it

has been widely used in fields  such as  autonomous driv-

ing, digital cities, and service robots[1–3]. Related research

over  the  past  few  years  has  achieved  significant  break-

throughs  in  both  image-based[4–9] and  LiDAR-based[10–13]

segmentation tracks. However, the single-mode solution is

limited by the inherent limitations of the sensor and inev-

itably faces challenges in complex environments. Specific-

ally, cameras provide dense physical appearance informa-

tion, but they are heavily affected by lighting and object

scale. The sparse and textureless point cloud provided by

LiDAR cannot  capture  the  details  of  objects,  but  it  can

perceive depth accurately and over a wide range.

Obviously,  the  input  data  from  camera  images  and

LiDAR point clouds are complementary, and making full

use  of  multimodal  information  is  more  conducive  to  en-

suring  the  robustness  of  perception.  The  core  challenge

lies  in seamlessly connecting multimodal  data for  collab-

orative sensing. An intuitive approach is to directly unify

the coordinate systems of each input modality within the

view  frustum  through  camera  calibration,  but  this  ap-

proach is limited by three factors: 1) The inherent hetero-

geneity  between  sparse  LiDAR  points  and  dense  RGB

images  imposes  limitations  on  direct  fusion,  resulting  in

sub-optimal  feature  optimization  for  each  modality.

2) Unlike LiDAR sensors with 360° surround view acquis-

ition, the field of view (FOV) between multi-camera im-

ages  needs  to  be  coherent  to  avoid  possible  information

conflicts  and  loss  where  multi-view  frustums  overlap.

3) The uniqueness of data augmentations for each modal-

ity  leads  to  a  lack  of  synchronization  and  consistency

guarantees when extending to multiple modalities.

To address the above issues, we propose a point-cent-

ric  multimodal  cooperative segmentation workflow called

CoSEG.  Specifically,  at  each  stage  of  feature  extraction

for  each mainstream modality,  cooperative pathways are

used  to  mount  pixel- and  voxel-view  features  to  point-

view  features  to  drive  the  assimilation  of  heterogeneous

modalities  as  much  as  possible.  Multi-camera  RGB  im-

ages regularize visible point clouds to improve the gener-

alization  of  reasoning  in  unknown  point  cloud  areas.  In

turn,  the  coherent  360° surrounding  LiDAR point  cloud

also provides guidance for resolving overlapping conflicts

and missing perspectives from multiple cameras. This mu-

tual  support  relationship  enables  a  cross-view  cooperat-

ive  interaction  mechanism  for  voxel-point  feature  trans-

formation  within  the  same modality  and pixel-point  fea-

ture  transformation  between  different  modalities.  The

cross-view  cooperative  completion  mechanism  addresses

issues  such  as  missing  modalities  in  a  robust  manner.
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Maintaining  modal  synchronization  and  alignment  dur-

ing  data  augmentation  can  be  challenging  due  to  differ-

ences in multimodal data acquisition devices and the con-

sistency  of  the  semantic  space.  Thus,  we  implemented  a

multimodal  pre-synchronization  mechanism  that  allows

easy decoupling into two families of image-level and point

cloud-level data augmentation in an asymmetric manner.

This  approach  enables  us  to  flexibly  embed  a  variety  of

excellent augmented operators. Importantly, this strategy

does not conflict with the workflow. Therefore, any 2D or

3D semantic segmentation network can be adapted to our

pipeline.

In general, the main contributions can be summarized

as follows:

1)  By  utilizing  the  interaction  and  completion  mech-

anism  of  multimodal  cross-view  cooperation,  our  pro-

posed multimodal cooperative segmentation workflow can

simultaneously  perform  semantic  segmentation  on  both

the  LiDAR-based  branch  and  the  image-based  branch,

thus  realizing  one-stop  output  of  multi-dimensional  se-

mantics for the same scene.

2)  With  the  multimodal  pre-synchronization  mechan-

ism, our method also provides an entry point for diverse

data augmentation operators.

3) Our approach achieves state-of-the-art 3D segment-

ation  performance  on  both  the  SemanticKITTI  and

Waymo  benchmarks,  demonstrating  the  effectiveness  of

the proposed multimodal cooperative segmentation work-

flow.

 2   Related work

 2.1   Camera-only 2D semantic segmenta-
tion

Camera-based semantic segmentation requires predict-

ing the semantic category of each pixel in an image. Fully

convolutional networks (FCN) have been widely adopted

as pioneers in solving the image-based semantic segment-

ation  task  with  deep  network  architecture.  Since  then,

FCN architectural variants have blossomed, such as cap-

turing  global  information  by  extending  the  receptive

field[4, 5],  multi-scale  feature  aggregation[14, 15],  contextual

information  refinement[16, 17],  precise  localization  with

boundary  cues[18, 19],  designing  attention  mechanisms  to

emphasize  or  suppress  features[6, 8],  and  even  exploring

advanced  subnets  or  hyperparameters  through  network

architecture  search[7, 20].  Recently,  transformer-based  ar-

chitectures  have  dramatically  improved  segmentation

model  accuracy  and  speed[21],  while  taking  into  account

lightweight modelling requirements[9].

 2.2   LiDAR-only 3D semantic segmenta-
tion

The  LiDAR-only  semantic  segmentation  track  has

emerged  with  large-scale  3D  semantic  segmentation

benchmarks  (e.g.,  SemanticKITTI  and  Waymo).  This

spurred  the  exploration  of  efficient  representations  of

point cloud data, with successive proposals such as point-

based  multilayer  perceptrons  (MLPs)[22–24],  convolution-

wise  operators[25] or  pseudo-grids[26, 27].  The  above

schemes  are  limited  by  time-consuming  sampling  and

grouping  in  terms  of  efficiency,  and  only  adapt  to  small

point sets in terms of scale, making it difficult to general-

ize  to  large-scale  sparse  LiDAR  scenarios.  Despite  un-

avoidable information loss, alternative spatial projections

for  seeking  3D  point  clouds  remain  valid,  including

planar[28, 29],  spherical[30, 31],  and  their  combinations[32],

etc.  Voxel-view  balances  the  effectiveness  and  efficiency

of 3D data representation by storing and processing only

non-empty  voxels[33].  Subsequent  extensions  all  utilize

more powerful grid variants[34–36].

 2.3   Multimodal 2D-3D semantic segment-
ation

Unimodal  schemes  for  LiDAR  point  clouds  can  only

be  presented  in  various  representations,  such  as  voxel-

point-range  generalized  fusion[37] and  point-voxel  adapt-

ive optimizations[11]. However, further extensions to cam-

era  modalities  that  provide  rich  appearance  and  texture

are  more compelling.  Intuitive  multimodal  fusion focuses

on the unification of coordinate systems, e.g., projecting a

point cloud into a perspective view to optimize the resid-

ual fusion module[38],  multi-phase fusion of range and re-

projected  RGB  images[39],  integrating  pixels  within  the

ranging  image  backbone  via  calibration  matrices[40],  and

projecting the image into point space by segmentation lo-

gic[41].  Recent  explorations  have  utilized  auxiliary  modal

priors and knowledge distillation to extract adaptive mul-

timodal  features[42].  In  contrast,  our  approach  verifies

that  the  semantics  of  points  and  images  can  assist  each

other simultaneously, rather than only 2D assisting 3D in

one direction.

 2.4   Augmentation with multimodal

It is well  known that data augmentation is crucial in

perception training, but it is rarely adopted in multimod-

al segmentation. Directly applying modality-specific oper-

ations  to  multimodal  sample  pairs  separately  would des-

troy the correspondence consistency from scratch, so it is

common to enable only a few multimodal general operat-

ors,  even  abandoning  the  enhancement  of  image  input.

Some  rare  precedents[43–45] related  to  detection  also  re-

sort to synchronization to deal with the inconsistency is-

sue  in  cross-modal  augmentation.  In  fact,  as  long as  the

correspondence of  multimodal  sample pair  is  obtained in

advance,  most  image- and  point-based  operators  (except

those  with  out-of-order  properties)  can  be  inserted,  and

this  can  be  easily  achieved  through  the  camera  calibra-
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tion matrix.

 3   Methodology

 3.1   Preliminary

{P ,X} P ∈
RNP×CP NP CP

X ∈ RNc×H×W×3

Nc H W

For  multimodal  3D  semantic  segmentation,  paired

samples  are  usually  captured  as  input. 

 denotes LiDAR point cloud, where  and 

are  the  number  and  attribute  (e.g.,  3D  coordinates  and

reflectance)  dimensions  of  the  input  points,  respectively.

 denotes  the  multi-camera  RGB  im-

ages of the  cameras, where  and  are the height

and width of the input image, respectively.

FP ∈ RNp×Cp

Cp

P

FV ∈ RNv×Cv Nv

Cv

X[ci] FX [ci] ∈ RHx×Wx×Cx

ci Hx Wx Cx

To  address  the  modal  heterogeneity  between  point

clouds and images, we customize parallel backbones to in-

dependently extract intra-modal features. To accommod-

ate the unstructured nature of point-view, point features

 are  extracted  from a  series  of  multi-layer

perceptrons  (MLPs),  where  indicates  the  number  of

channels of the point features. Relying on the superiority

of the voxel-view,  is grouped into non-empty voxels by

sparse  quantization and constitutes  the sparse  tensor  in-

put to the generic 3D backbone to extract voxel features

.  is  the  number  of  non-empty  voxels

and  is  the  number  of  channels  of  the  voxel  features.

In  addition,  we  launch  a  common  2D  backbone[8, 46] to

non-linearly project  as  with-

in the -th local camera, where ,  and  repres-

ent the height, width and the number of channels of the

camera image features, respectively.

The overview pipeline of the proposed multimodal co-

operative  semantic  segmentation  is  shown  in Fig. 1.  We

jointly  optimize  each backbone throughout  the  workflow

to  facilitate  cooperative  complementation  of  cross-view

features for more robust and accurate perception. In addi-

tion,  we  perform  sample  de-synchronization  in  the  aug-

mentation  stage  and  dynamically  complement  features

via a cross-modal feature interaction module in the train-

ing  stage,  thereby  alleviating  the  reliance  on  strictly

paired samples in multimodal fusion. In principle, 2D and

3D  backbones  can  be  flexibly  replaced  with  mature  or

lightweight counterparts.

 3.2   Cross-view cooperative pathway

A major bottleneck in multimodal segmentation mod-

els  is  the  heterogeneous  information  barrier,  i.e.,  the

claim  to  combine  rich  color/texture  details  with  precise

physical  metrics.  To address  this  concern,  we open up a

point-centric multimodal cross-view cooperation pathway

that  binds  pixel-view  and  voxel-view  features  uniformly

to  the  point-view.  With  this  joint  optimization  of  cross-

view  cooperation,  both  2D  and  3D  segmentation  can  be

effectively compensated.

(xi, yi, zi)

(ci, ui, vi) ci

Calibration projection. Intuitively, the pivot of the

correspondence  between  LiDAR  points  and  RGB  image

pixels  is  the  camera  calibration  matrix.  For  each  point

coordinate ,  the corresponding calibration pixel

 projected on the -th local camera can be ob-

tained as follows:

[ci, ui, vi, 1]
T =

KciTci

zi
[xi, yi, zi, 1]

T (1)

K ∈ R3×4 T ∈ R4×4

where  the  camera  intrinsic  and  extrinsic  and  matrix  are

denoted  as  and ,  respectively.

However,  relying on the camera calibration matrix alone

to obtain the correspondence between 2D and 3D is  not

stable enough, and a slight calibration error can result in

several  or  even  tens  of  pixels  of  deviation.  It  is  also

impractical  and  unnecessary  to  utilize  additional  depth

assistance for 2D to 3D lifting in the segmentation task.
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Fig. 1     Overview  of  the  proposed multimodal  cooperative  segmentation workflow. We  take LiDAR  point  clouds  and multi-camera
images as inputs and generate modality-specific voxel-, point- and pixel-view features through a 3D voxel encoder, a series of MLPs and
a  2D  image  encoder  respectively.  Complementary  information  flow  is  achieved  through  cross-view  cooperative  interaction  and
completion. Additional multimodal pre-synchronization mechanisms provide an  interface  for various augmentations. (Colored  figures
are available in the online version at https://link.springer.com/journal/11633)
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Hetero-modal view cooperation for pixel-point.

We mimic  the  top-down  paradigm[47] for  the  pixel-point

view cooperative pathway, as shown in Fig. 2. The rough

correspondences  between  3D  reference  points  and  2D

pixels  are  initialized  through  a  pre-computed  calibration

and the offsets of a small group of sample points around

the  reference  point  are  learned.  The  subsequent  multi-

head cross-attention module considers the local-view fea-

ture unit as the query and samples the key and the value

from the supplementary view. Note that when processing

the 3D side, query includes all masked 3D points; but for

the 2D side,  query only considers the valid sparse pixels

covered  by  the  calibrated  2D  projection  after  rounding.

Thus the transformed local-view features with cross-view

cooperation are as follows:

Flocal =

Q∑
q=1

M×Wq

[
K∑

k=1

Aiqk ×W ′qFcross(pi +∆piqk)

]
(2)

Flocal Fcross

Wq W ′q
q k

Aiqk

∆piqk

k q

z

z < 1

M Np

where  and  represent  local  and  cross-view

features,  which  serve  to  compensate  for  the  local  point-

view  from  the  cross  image-view  and  vice  versa.  The

learnable weights are denoted by  and , while the

indices  and  represent  the  attention  head  and

sampling  key,  respectively.  The  attention  weight 

and sampling  offset  are  individually  linked to  the

-th  sampling  point  in  the -th  attention  head.  Even  if

the  deformable  mechanism  is  enabled,  the  attention

computation  between  pixel  points  still  has  a  huge

overhead. To address this issue, we compress the internal

channel  number  of  the  MHCA  by  a  factor  of  (where

),  and  then  restore  the  original  feature  shape

through a feed-forward network. In addition, attaching an

all-zero vector to points located in the multi-camera FOV

dead  zone  will  produce  sub-optimal  performance,  so  a

binary mask  with  elements is filtered and marked

as visible (marked with 1) or invisible (marked with 0).

Homo-modal  view  cooperation  for  voxel-point.

In  contrast,  the  voxel-point  bidirectional  mapping is  not

reliant  on  the  camera  calibration  matrix.  However,  it  is

crucial  to  acknowledge  the  presence  of  shifts  in  coordin-

ates  and mismatches in quantity between the voxel  cen-

ters and the raw points. Therefore, for the voxel-to-point

view pathway, we apply trilinear devoxelization to gener-

ate  point-wise  interpolated voxel  features  from the three

nearest neighboring voxels. For the reverse point-to-voxel

view pathway, we perform voxelization with sparse hash

queries.  The  implementation  of  this  part  of  the  module

relies  on  the  torchsparse[48] wrapper  function  that  sup-

ports efficient sparse computation.

 3.3   Cross-view cooperative aggregation

Equipping  such  cooperation  pathways  at  multiple

scales  throughout  the  entire  workflow  promotes  efficient

and  dynamic  aggregation  of  multimodal  features.  Expli-

citly unifying multimodal features into the same view im-

plies  that  features  from  diverse  modalities  are  forcibly

placed in the same distribution space. This facilitates fur-

ther  exploration  of  cross-view  feature  interactions  and

view-deficient completions.

Cross-view  cooperative  interaction. We  sequen-

tially place the voxel-point-based homo-modal cross-view

pathway  and  the  pixel-point-based  hetero-modal  cross-

view  pathway  between  the  backbones.  The  optional  at-

tention module is only adapted to the latter for learning

deformable  offsets  (2),  and  its  structure  is  depicted  in

Fig. 2(c).

s FṼ
s ∈

RNp×Cv FX̃
s ∈ RNp×Cx

FP
s ∈ RNp×Cp Cv Cp Cx

Specifically, after the transformation of feature extrac-

tion  stage ,  we  obtain  point-wise  voxel  features 

,  point-wise  pixel  features ,  and

point features . By default, ,  and 

are  equal  to  avoid  additional  overhead  for  unifying  fea-

 

F
X
s

~

Fs
P^

F
P
s

~

Point Point

Add & norm

Add & norm

Multi-head cross

attention

Query Key Value

FFN

Attention

MLPg

MLPg

Wo

Image Image

Point-pixel
projection Learnable

offset
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Fig. 2     Pixel-point view cooperation and interaction. Part (a) treats 3D points as queries and adapts to the 3D segmentation branch.
Part (b) replaces the dashed part in (a) by treating valid pixels with calibrated correspondences as queries to adapt to the 2D side. Part
(c)  shows  the  attention  module  in  part  (a).  (Colored  figures  are  available  in  the  online  version  at  https://link.springer.com/
journal/11633)
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◦

⊗
W◦

FṼ P
s

ture  dimensions.  We  concatenate  ( )  two  of  them  in

homo-modal and hetero-modal forms respectively for sub-

sequent fusion via an MLP layer. After that, both forms

are  independently  weighted  ( )  by  the  learnable  para-

meters ,  and  then  another  MLP  layer  is  utilized  to

generate  compact  geometric  point  features.  The  final

homo-modal  view-wise  cooperative  features  are  ag-

gregated in a residual manner as follows:

FṼ P
s,g = ReLU

(
MLPṼ P

s,g (FṼ
s ◦ FP̃

s )
)

FṼ P
s = FṼ P

s,g ⊕ ReLU
(

MLPṼ P
s,l (W

Ṽ P
s,◦ ⊗ FṼ P

s,g )
)

(3)

FX̃P
s ∈ RNp×Cx

Ṽ P X̃P

FṼ P
s ∈ RNp×Cv

where  can be generated by replacing the

relevant  variables  from  to  in  the  process  of

generating  but following the same (3).

FP
s

FX̃′
s

FX̃
s

FP ′
s

M
LL1

Cross-view  cooperative  completion. Realistic

multimodal  samples  may  not  always  provide  a  compre-

hensive  view,  and  unfortunately  these  incomplete  data

have to be discarded. In solving this issue, we introduce a

cross-modal  feature  completion module  to  transform fea-

tures that mimic each other,  thereby enabling the learn-

ing of  replaceable pseudo-modal features.  Specifically,  an

MLP layer is first employed to map point features  to

point-wise pseudo-pixel features , while another addi-

tional  symmetric  MLP  layer  is  utilized  to  perform  the

conversion from point-wise  pixel  features  to  pseudo-

point  features .  Note  that  the  gradient  of  the  refer-

ence feature is not optimized to avoid contaminating loc-

al  modal  features,  and  points  not  covered  by  the  multi-

camera FOV are also ignored through the mentioned bin-

ary mask .  Finally,  a cooperative imitation constraint

(i.e.,  L1 regularization loss )  is  imposed between the

simulated pseudo-modal features and their corresponding

actual reference features as follows:

LP∼P ′ = LL1

(
M× (FP

s ,FP ′
s )

)
LX̃∼X̃′ = LL1

(
M× (FX̃

s ,FX̃′
s )

)
. (4)

 3.4   Cross-view cooperative supervision

YP NC

HP

ŶP

Lce

Llovasz

Point-view  supervision. With  the  given  3D  se-

mantic  labels  with  the  number  of  categories ,  a

point-specific  head  is  applied  to  estimate  point-wise

segmentation results  in (5), and optimized jointly us-

ing  the  cross-entropy  loss  and  the  Lovasz-softmax

loss :

LP = Lce

(
ŶP ,YP

)
+ Llovasz

(
ŶP ,YP

)
. (5)

HV

Voxel-view  supervision. We  extend  supervision

from the point-view to the voxel-view and similarly build

a voxel-specific head  to predict voxel-wise segmenta-

ŶV YV

YP

tion results  in (6).  The voxel supervision labels 

are  voxelized  based  on  the  point-wise  labels .  The

same  voxel  is  considered  as  an  ignored  category  (set  to

zero)  once  it  contains  points  of  more  than  one  semantic

category.

LV = Lce

(
ŶV ,YV

)
+ Llovasz

(
ŶV ,YV

)
. (6)

HX

ŶX

YX

YX
i

[
ci, ⟨rWui⟩, ⟨rHvi⟩

]
= YP

i

rH rW

Pixel-view supervision. The pixel-specific head 

produces image-based 2D segmentation results  in (7).

In the absence of accurate 2D semantic annotation, each

point  is  projected  onto  the  image  and  rounded  to  the

nearest  pixel  label .  Although  the  projected  2D  se-

mantics  are  sparse,  it  is  still  sufficient  to  support  train-

ing and reasoning on the 2D side. Considering the compu-

tational  burden,  the  step  of  upsampling  to  the  original

image size can be omitted. At this time, the annotations

are  downsampled  to  ac-

cording  to  the  resolutions  and  but  only  suffer

small accuracy fluctuations. The final sparse 2D semant-

ic constraints are formalized as

LX = Lce
(

ŶX ,YX
)
. (7)

LC

Completion-view  supervision. Regardless  of

whether  modal  missing  occurs  in  2D-assisted  3D  se-

mantics  or  3D-assisted  2D  semantics,  multimodal  and

cross-view  feature  completion  can  always  be  achieved

with  the  help  of  the  modules  and constraints  mentioned

in Section 3.3.  Ultimately,  they work together to form a

cooperative imitation loss  as follows:

LC = LP∼P ′ + LX̃∼X̃′ . (8)

Overall  objective. Although  each  loss  function  is

generic  and  common,  there  are  still  significant  improve-

ments  after  joint  optimization  in  our  multimodal  cross-

view segmentation workflow, i.e.,

Loverall = LP + αLV + βLX + γLC . (9)

α β γwhere , , and  are the loss coefficients to balance the

effect of each loss term.

 3.5   Multimodal pre-synchronization

tl

tc

Timestamp  pre-synchronization. If  the  LiDAR

sensor  and  the  multi-camera  sensors  are  not  guaranteed

to be employed at  the same frequency,  generating train-

able multimodal sample pairs requires cross-modal frame

synchronization.  Specifically,  the  LiDAR  frame  with

timestamp  in the global coordinate system is aligned to

the camera frame with timestamp  as follows:

 960 Machine Intelligence Research 22(5), October 2025

 



Tcam←LiDAR = Tcam←ego(tc) × Tego(tc)←glo×
Tglo←ego(tl) × Tego(tl)←LiDAR. (10)

Labeling  pre-synchronization. Although  bench-

marks  for  LiDAR-based  and  image-based  segmentation

have been established separately and extensively studied,

realizing  multimodal  simultaneous  annotation  for  full-

volume  data  still  faces  difficulties.  Taking  the  Waymo

dataset[49] as an example, the number of valid 3D annota-

tions in the training set is 23 691, and the number of val-

id 2D annotations is 12 295, however, only 1 852 samples

coexist  with  both  2D  and  3D  annotations.  In  addition,

the  semantic  categories  in  the  2D and 3D directions  are

not identical. To tackle this issue, we propose a targeted

pre-training and pre-synchronization strategy. In essence,

we train the two modality segmentation tasks  independ-

ently using the underlying backbone to fully absorb mod-

ality-specific  semantic  information.  Subsequently,  3D  se-

mantic projection and 2D semantic lifting are implemen-

ted by camera calibration to filter out the union of annot-

ated sets for fine-tuning. For the image-based branch, we

need  to  restore  its  original  decoding  head  and  further

fine-tune it to complete the entire training process.

Z

Z

Augmentation pre-synchronization. In our setup,

we  pre-map  the  point-pixel  correspondence,  while  the

point-voxel  correspondence  is  locally  interpolated.  Pre-

serving  the  order  of  the  voxel-point-pixel  chain  of  each

point can avoid semantic ambiguity caused by modality-

specific  augmentations.  This  allows  us  to  adhere  to  the

common  augmentations  that  each  modality  uses  inde-

pendently within multimodal augmentations in a straight-

forward manner. Specifically, as long as they do not alter

the  image  and  pixel  content,  various  affine  transforma-

tions are deemed acceptable for both the point-view and

the  pixel-view input,  including  but  not  limited  to  global

rotation,  global  translation,  and  global  scaling.  Multi-

camera data augmentation can be further decomposed in-

to independent sub-operations for each viewpoint, encom-

passing but not limited to random scaling, random crop-

ping, random flipping, and color jittering. During the in-

ference  process,  we  enable  test-time  augmentation

through voting. This involves rotating 12 views of the in-

put scene along the -axis and averaging the predictions.

For  inference,  we  enable  test-time  augmentation  with

voting,  i.e.,  rotate 12 views of  the input scene along the

-axis  and  average  the  predictions.  In  short,  pre-syn-

chronized augmentation for LiDAR and multi-camera can

maintain  multimodal  semantic  consistency  while  taking

into account their common augmentation operators. And

this flexibility provides a more general data interface for

multimodal semantic segmentation.

 4   Experiments

Datasets. We  conduct  experiments  on  two  popular

benchmarks,  SemanticKITTI[50] dataset  and  Waymo

NC

NC

Open[49] dataset. The SemanticKITTI dataset is collected

by a 64-beams LiDAR system and composed of 22 point

cloud sequences. Following [12, 37], sequences from 00 to

10 are divided into training sets with 19 130 samples and

sequence 08 is used for validation set with 4 071 samples.

The  remaining  sequences  11  to  21  are  adopted  as  the

testing set. It covers common scenarios in driving scenari-

os, with a total of 20 categories recorded as  (includ-

ing  one  undefined  category),  and  only  provides  images

from  the  front-view  camera.  The  Waymo  Open  dataset

(WOD) consists of 23 691 training samples, 5 976 valida-

tion samples, and 2 982 test samples[49]. Each sample con-

tains  an  RGB  image  with  64  LiDAR  frames  and  cap-

tured by 5 cameras: front, front left, front right, side left,

and side right, while the rear view is not provided. Both

the  first  and second return  point  clouds  need  to  be  seg-

mented. The total number of categories  is 23, includ-

ing  one  ignored  and  22  valid  semantic  categories.  Note

that  not  all  frames provide 2D and 3D segmentation la-

bels, so we adopt the pre-annotation scheme mentioned in

Section 3.5.

1

C

∑NC−1

c=1

TPc

TPc + FPc + FNc
TPc FPc FNc

c

NC − 1

Evaluation metric. The mean intersection-over-uni-

on  (mIoU)  is  used  as  the  evaluation  metric,  defined  as

,  where , , 

denote the counts of true positive, false positive, and false

negative  predictions  for  the -th  category  among  the

 valid categories.

Multimodal  segmenter. The  powerful  point  voxel

backbone  Minkowski-UNet34[51] is  chosen  as  the  seg-

menter for the point cloud branches, and its entire struc-

ture  is  based  on  UNet,  which  facilitates  the  insertion  of

our cross-view cooperative pathway module at the end of

each  stage.  In  order  to  take  into  account  both  light-

weight  and  high  performance,  SegFormer-B2[8] serves  as

the  segmenter  of  the  image  branch.  Other  alternative

backbones  are  given  in Table  1 and  demonstrate  the

scalability of our CoSEG pipeline.

 
 

val
Table 1    Scalability analysis by barely varying the backbone

setting on Waymo   set

Backbone type mIoU #Mem(GB) InfTime(fps)

SegFormer-B0[8] 45.58 3.60 30.88

ResNet-101[52] 39.35 3.90 10.29

ConvNeXt-B[46] 52.13 8.50 10.88

 

[−75.2m, −75.2m, −4.0m] [+75.2m, +75.2m,

+2.0m] 360× 1 280

[−75.2m,

−75.2m, −2.0m] [+75.2m, +75.2m, +4.0m]

Implementation  details. For  data  processing,  we

perform  voxelization  of  point  clouds  within  a  specific

range  of  each  dataset  and  simultaneously  resize  the

images.  For  SemanticKITTI,  the  voxelization  range  is

from  to 

,  while  the  image  is  resized  to .  For

Waymo  Open,  the  voxelization  range  is  from 

 to ,  while

the  image  size  of  each  multi-camera  view  is  adjusted  to
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640× 960 (0.1m,

0.1m, 0.15m)

.  The  voxel  size  always  remains 

. For pre-training of the workflow, all mod-

els  first  follow  the  original  training  configuration[8, 51] of

the  individual  modalities.  Then  update  to  the  unified

fine-tuning configuration, that is, enable the AdamW op-

timizer,  and  the  polynomial  scheduler  with  a  division

factor  of  10  and  a  maximum  learning  rate  of  0.01.  The

batch size is set to 8 to adapt to the throughput of mul-

timodal samples,  and the fine-tuning process lasts for 12

epochs.  All  the  experiments  are  arranged  on  NVIDIA

RTX A6 000 GPUs. It is worth noting that several LiD-

AR-only  baseline  models  require  larger  batch  size  and

more  iterations  to  achieve  relatively  better  results  com-

pared to the described training setup.

X Y

0.1

[0.9, 1.1]

[0, 2π]

Data augmentation operators. We apply different

data  augmentation  operators  to  the  LiDAR  point  and

camera image branches. Following [8], we apply data aug-

mentation  to  the  2D  image  input  via  random  resizing,

random horizontal  flipping  and  random cropping  with  a

ratio of 0.5–2.0.  For the point cloud branch, we perform

random flipping along the -axis or -axis, followed by

random  translation  up  to  a  maximum  distance  of ,

global  scaling  by  random  factors  in  the  range ,

and global rotation by random angles in the range .

Additionally, in the pre-training phase of the 3D branch,

LaserMix[53] and  PolarMix[54] are  incorporated,  but  they

are  excluded  during  multimodal  cooperative  fine-tuning.

The rationale behind this decision lies in the validated ef-

fectiveness  of  directly  mixing  point  clouds,  whereas  dir-

ectly  mixing  sparsely  sampled  pixels  is  prone  to  intro-

duce noise interference.

argmax
ŶP

ŶX

Inference. In  the  inference  stage,  the  func-

tion is applied to the point-wise 3D output  and pixel-

wise  2D  output ,  so  that  the  category  indexes  with

the  highest  scores  are  regarded  as  the  segmentation  res-

ults.  To  prepare  the  results  for  submission,  we  employ

test-time  augmentation  as  a  common  practice  for  other

submissions without the tricks of model ensembles.

 4.1   Comparative study

Quantitative comparison with SOTA methods.

We  provide  a  relatively  comprehensive  comparison

between  CoSEG  and  competing  LiDAR  segmentation

networks. Table 2 shows the class-wise IoU scores of dif-

ferent LiDAR semantic segmentation methods on the Se-

manticKITTI  test  set.  Among  all  LiDAR  segmentation

algorithms, CoSEG achieves significant performance gains

with  its  multimodal  cross-view  cooperative  aggregation

and completion, surpassing the competing 2DPASS[42] by

1.6 mIoU, especially for various vehicle categories. Table 3

shows  the  class-wise  IoU  scores  of  different  LiDAR  se-

mantic segmentation methods on the Waymo Open value

set.  We  can  observe  that  CoSEG  also  outperforms  the

other solutions, i.e.,  achieves a higher efficacy of 2.4 mI-

oU  over  our  implemented  SPVCNN[11],  and  similarly  a

gain  of  1.3  mIoU  over  the  baseline  that  optimizes  the

LiDAR  branches  individually  using  multimodal  inputs.

Note  that  the  comparison  scenarios  all  use  the  same

training configuration for a fair comparison. The impress-

ive results shown in both benchmarks illustrate that our

approach  not  only  outperforms  the  LiDAR-only  ap-

proach,  but  also  has  significant  advantages  over  other

multimodal  solutions.  In  addition,  we  provide  the  class-

wise IoU scores for camera-based 2D semantic segmenta-

tion  on  the  Waymo  Open  value  set  in Table  4.  Jointly

optimizing  the  multimodal  input  in  CoSEG  for  2D  seg-

mentation tasks still yields a 1.5 mIoU improvement com-

pared  to  the  baseline  with  only  multi-camera  images.

This  once  again  underscores  the  mutually  beneficial

nature of multimodal cross-view cooperation.

 4.2   Ablation study

ALiDAR

Acam

Asyn

Ablation for augmentation pre-synchronization.

The augmentation pre-synchronization creates the condi-

tions  for  multimodal  inputs  to  simultaneously  perform

modality-specific augmentation without breaking geomet-

ric and semantic consistency. We verify the effectiveness

of  this  module  by  gradually  increasing  the  LiDAR-only

augmentation ,  the  camera-only  augmentation

 and  the  multimodal  joint  pre-synchronized  aug-

mentation  in Table  5.  mIoU  refers  to  the  evalu-

ation  metric  for  360° point  clouds,  while  mIoU*  means

that  only  point  clouds  within  the  overlap  of  multi-cam-

era FOV are evaluated, as reported in [38]. Note that the

cross-view  cooperative  interaction  module  is  unable  to

rescue  points  outside  the  FOV,  so  mIoU  is  relatively

lower  than mIoU*.  Nevertheless,  the  pre-synchronization

strategy  for  augmentation  effectively  minimizes  the  dis-

parity  between  mIoU and mIoU* from 3.7  to  0.7  by  in-

tegrating a range of diverse multimodal samples.

Ablation  for  the  cross-view  cooperative  mech-

anism. Table 6 shows the impacts of  cross-view cooper-

ative interaction modules on multimodal segmentation. It

can  be  seen  that  the  interactive  capability  of  cross-view

pathways improves  the  mIoU* metric  from 67.6  to  68.7,

but has less effect on mIoU*, proving that the multimod-

al  cross-view  features  are  complementary  and  mutually

beneficial. On the other hand, the complementary ability

of cross-view paths alleviates the dilemma of missing fea-

tures at the external point of the multi-camera FOV, and

it  narrows  the  gap  between  mIoU  and  mIoU*.  This

demonstrates  that  the  cross-view  cooperative  completion

module  improves  global  reasoning  capabilities  by  imitat-

ing the generation of pseudo-features, promoting the joint

optimization of multimodal features instead of falling in-

to the local optimum of individual modalities.

Robust ablation for the camera malfunction. In

Table 7, the CoSEG workflow shows strong performance

in  challenging  scenarios  (e.g.,  multi-camera  partial  fail-

ures)  and  circumvents  the  risk  of  model  crashes  when
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processing  partially  visible  scenes.  Notably,  CoSEG out-

performs the LiDAR-only baseline even without all cam-

era views, highlighting the effectiveness of our interactive

completion mechanism in facilitating cross-modal inform-

ation transfer. This efficiency is attributed to the consist-

ent imitation constraint ,  which uses priors  on image

appearance  to  guide  point  cloud  grouping,  while  taking

advantage  of  point  cloud  object-oriented  clustering  to

guide pixel-level semantics distinguish.

Analysis  for  multi-frame  superimposing. Al-

though single-frame point clouds are relatively sparse, the

spatial  localisation  of  adjacent  frames  is  close,  so  multi-

frame  superposition  of  point  clouds  is  a  commonly  used

technique for LiDAR-based 3D perception tasks.  Follow-

ing  [56],  we  collapse  multiple  previous  frames  into  the

current  frame  based  on  the  vehicle′s  ego-motion.  As

shown in Table  8,  multi-frame point  cloud superposition

is  beneficial  to  object  segmentation,  especially  for  some

static  objects  (such  as  poles,  cones,  signs,  sidewalks,

roads,  etc.)  or  slowly  moving  objects  (such  as  pedestri-

ans). This is because the relative motion between a high-

speed  moving  object  and  the  vehicle  cannot  be  accur-

ately  estimated,  resulting  in  motion  blur.  However,  ex-

cessive  point  cloud  frame  stacking  should  be  avoided  as

the semantic  ambiguity caused by motion blur can have

side effects.

Complexity  scalability. Table  8 shows  the  differ-

ence  in  performance  gains  provided  by  different  back-

bones in multimodal segmentation tasks. Due to the con-

flict between multimodal input and limited computing re-

sources, we adopt the scalable SegFormer[8] and apply its

B2 variant as the default backbone in the image branch.

The novel network[57] can further accelerate workflow effi-

ciency.  Overall,  CoSEG can  be  arbitrarily  replaced  with

various  backbones  based  on  complexity  and  scalability,

allowing for a flexible trade-off between performance and

efficiency.

 4.3   Qualitative results

As  illustrated  in Fig. 3,  the  proposed  multimodal  co-

operative segmentation workflow (CoSEG) can simultan-

eously obtain pixel-level and point-level segmentation res-

ults.  Due to  the  insufficient  alignment  and completeness

of  multimodal  semantic  annotations  in  the  Se-

manticKITTI  and  Waymo  Open  datasets,  we  rely  on

camera  calibration  projections  to  obtain  a  few  but  reli-

able pixel-level sparse semantic labels. However, it should

be  noted  that  the  projection  does  not  cover  the  entire

camera  acquisition  range,  resulting  in  errors  in  some 2D

semantics, such as the region of sky, and it has not been

well  addressed  in  previous  multimodal  segmentation

methods.  Our  multimodal  cooperative  segmentation  can

fully include various supervised or unsupervised data for

flexible training, thus greatly improving the scalability of

the model.

 5   Conclusions

The proposed CoSEG workflow, a multimodal cooper-

ative segmentation approach, is designed to concurrently

conduct  LiDAR  semantic  segmentation  and  image  se-

mantic  segmentation,  facilitating  cross-view  interaction

and completion in a multimodal context. Our method ad-

eptly addresses the challenge of heterogeneous multimod-

al  feature  fusion  by  establishing  voxel-point-pixel  cross-

view feature pathways centered around point data. Addi-

tionally, pre-synchronization of multimodal data serves as

a gateway for various data enhancements, contributing to

the enhanced robustness of multimodal segmentation. Ex-

tensive  experiments  conducted  on  the  SemanticKITTI

and Waymo datasets validate that CoSEG attains signi-

ficant improvements and attains state-of-the-art perform-

ance. Looking ahead, we aspire to delve more deeply into

 

val
ALiDAR

Acam

Asyn

Table 5    Analysis of the ablation performance of LiDAR-based
semantic segmentation for pre-synchronized augmentation on

the Waymo Open dataset   set. Ablation is performed by
gradually adding LiDAR-based augmentation  ,

camera-based augmentation   and pre-synchronized
augmentation  .

ALiDAR Acam Asyn mIoU mIoU*

61.6 65.3

✓ 67.4 67.6

✓ ✓ 65.9 66.9

✓ ✓ ✓ 68.8 69.5

 

val MCI
MCC

mIoU-mIoU*

Table 6    Ablation for the cross-view cooperative interaction and
completion on the Waymo Open dataset   set.   denotes

multimodal cross-view cooperative interaction and 
denotes multimodal cross-view cooperative completion.

The gap can be formulated as  .

MCI MCC mIoU mIoU* Gap

67.4 67.6 -0.2

✓ 67.1 68.7 +1.6

✓ ✓ 68.8 69.5 -0.7

 

val
×

Table 7    Robustness analysis by removing camera views on the
Waymo Open dataset   set. #Cam represents the number of

views available for the multi-camera and   represents the
LiDAR-only baseline.

#Cam × 1 3 5

– 67.4 67.9 68.0 68.8

 

val
Table 8    Ablation for multiple LiDAR frame superimposing on
the Waymo Open dataset   set. #LiDAR is the frame number

of LiDAR. #Camera is whether use camera-views or not.

#LiDAR 1 5 10 15 20 10

#Cam × × × × × ✓
mIoU 68.8 69.7 71.1 69.8 67.5 71.5
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the potential of multimodal semantic segmentation by ex-

ploring the capabilities of large language models.

 Acknowledgements

This work was supported in part by the National Key

R&D  Program  of  China  (No.  2022ZD0160102),  the  Na-

tional  Natural  Science  Foundation  of  China  (Nos.

61836014, U21B2042, 62072457 and 62006231).

 Declarations of conflict of interest

The authors declared that they have no conflicts of in-

terest to this work.

References

 B. Gao, Y. C. Pan, C. K. Li, S. B. Geng, H. J. Zhao. Are
we hungry for 3D LiDAR data for semantic segmentation?
A survey of datasets and methods. IEEE Transactions on
Intelligent Transportation Systems, vol. 23, no. 7, pp. 6063–
6081, 2022. DOI: 10.1109/TITS.2021.3076844.

[1]

 G. Rizzoli, F. Barbato, P. Zanuttigh. Multimodal semant-
ic  segmentation  in  autonomous driving: A  review  of  cur-
rent  approaches  and  future  perspectives.  Technologies,
vol. 10, no. 4, Article number 90, 2022. DOI: 10.3390/tech-
nologies10040090.

[2]

 K. L. Huang, B. T. Shi, X. Li, X. Li, S. Y. Huang, Y. K. Li.
Multi-modal  sensor  fusion  for  auto driving perception: A
survey,  [Online],  Available:  http://arxiv.org/abs/2202.
02703, 2024.

[3]

 C. Peng, X. Y. Zhang, G. Yu, G. M. Luo, J. Sun. Large
kernel matters–improve  semantic  segmentation by global
convolutional  network.  In  Proceedings of IEEE Confer-
ence on Computer Vision and Pattern Recognition, Hon-
olulu,  USA,  pp. 1743–1751,  2017.  DOI:  10.1109/CVPR.
2017.189.

[4]

 H. S. Zhao, J. P. Shi, X. J. Qi, X. G. Wang, J. Y. Jia. Pyr-
amid scene parsing network. In Proceedings of IEEE Con-
ference on Computer Vision and Pattern Recognition,

[5]

Honolulu,  USA,  pp. 6230–6239,  2017.  DOI:  10.1109/CV-
PR.2017.660.

 Z. L. Huang, X. G. Wang, L. C. Huang, C. Huang, Y. C.
Wei, W. Y. Liu. CCNet: Criss-cross attention for semantic
segmentation. In Proceedings of IEEE/CVF International
Conference on Computer Vision, Seoul, Republic of Korea,
pp. 603–612, 2019. DOI: 10.1109/ICCV.2019.00069.

[6]

 C. X. Liu, L. C. Chen, F. Schroff, H. Adam, W. Hua, A. L.
Yuille, L. Fei-Fei. Auto-DeepLab: Hierarchical neural ar-
chitecture search for semantic image segmentation. In Pro-
ceedings of IEEE/CVF Conference on Computer Vision
and Pattern Recognition,  Long  Beach,  USA,  pp. 82–92,
2019. DOI: 10.1109/CVPR.2019.00017.

[7]

 E. Z. Xie, W. H. Wang, Z. D. Yu, A. Anandkumar, J. M.
Álvarez, P.  Luo.  SegFormer:  Simple  and  efficient  design
for semantic segmentation with transformers. In Proceed-
ings of the 35th Conference on Neural Information Pro-
cessing Systems,  Montreal,  Canada,  pp. 12077–12090,
2021.

[8]

 W. Q.  Zhang,  Z.  L. Huang, G.  Z.  Luo, T. Chen, X. G.
Wang, W. Y. Liu, G. Yu, C. H. Shen. TopFormer: Token
pyramid transformer for mobile semantic segmentation. In
Proceedings of IEEE/CVF Conference on Computer Vision
and Pattern Recognition, New Orleans, USA,  pp. 12073–
12083, 2022. DOI: 10.1109/CVPR52688.2022.01177.

[9]

 Q. Y. Hu, B. Yang, L. H. Xie, S. Rosa, Y. L. Guo, Z. H.
Wang, N. Trigoni, A. Markham. RandLA-Net:  Efficient
semantic segmentation of large-scale point clouds. In Pro-
ceedings of IEEE/CVF Conference on Computer Vision
and Pattern Recognition, Seattle, USA, pp. 11105–11114,
2020. DOI: 10.1109/CVPR42600.2020.01112.

[10]

 H. T. Tang, Z. J. Liu, S. Y. Zhao, Y. J. Lin, J. Lin, H. R.
Wang,  S. Han.  Searching  efficient  3D  architectures with
sparse point-voxel convolution. In Proceedings of the 16th
European Conference on Computer Vision, Glasgow, UK,
pp. 685–702, 2020. DOI: 10.1007/978-3-030-58604-1_41.

[11]

 X. G. Zhu, H. Zhou, T. Wang, F. Z. Hong, Y. X. Ma, W.
Li, H. S. Li, D. H. Lin. Cylindrical and asymmetrical 3D
convolution  networks  for  LiDAR  segmentation.  In  Pro-
ceedings of IEEE Conference on Computer Vision and
Pattern Recognition, Nashville, USA, pp. 9939–9948, 2021.

[12]

 

U
N

D
E

F
IN

E
D

C
A

R

T
R

U
C

K

B
U

S

O
T

H
E

R
 V

E
H

IC
L

E

M
O

T
O

R
C

Y
C

L
IS

T

B
IC

Y
C

L
IS

T

P
E

D
E

S
T

R
IA

N

S
IG

N

T
R

A
F

F
IC

 L
IG

H
T

P
O

L
E

C
O

N
S

. 
C

O
N

E

B
IC

Y
C

L
E

M
O

T
O

R
C

Y
C

L
E

B
U

IL
D

IN
G

V
E

G
E

T
A

T
IO

N

T
R

E
E

 T
R

U
N

K

C
U

R
B

R
O

A
D

L
A

N
E

 M
A

R
K

E
R

O
T

H
E

R
 G

R
O

U
N

D

W
A

L
K

A
B

L
E

S
ID

E
W

A
L

K

 
valFig. 3     Qualitative results on Waymo   set. Best viewed in color and by zoom-in. Due to a lack of point projection, the upper half of

the  image  is  not  annotated.  Each  row  from  left  to  right:  LiDAR,  CAM_FRONT,  CAM_FRONT_LEFT,  CAM_FRONT_RIGHT,
CAM_SIDE_LEFT  and  CAM_SIDE_RIGHT.  (Colored  figures  are  available  in  the  online  version  at  https://link.springer.com/
journal/11633)
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