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 a b s t r a c t

Semantic segmentation of 4D radar point clouds is an emerging way to exploit radar’s low cost and robustness 
for safety-critical 3D perception in autonomous driving. However, these point clouds are extremely sparse and 
exhibit radar-specific artifacts such as multipath ghosts, partial penetrations, and depth ambiguity with respect 
to the image plane, which makes accurate point-wise segmentation and robust radar-camera fusion challenging. 
To tackle these challenges, we propose MKFusion, a sparse multi-modal network that combines multi-scale radar-
camera fusion with knowledge distillation to significantly improve 4D radar point cloud segmentation. Specifi-
cally, our multi-modal branch incorporates camera information through multi-scale image feature sampling and 
depth-aware fusion (MSDAF), enriching the semantic representation of radar features and mitigating the perfor-
mance degradation caused by radar noise. In addition, we design a sparse-aligned distillation (SAD) module that 
enables radar features to efficiently learn from LiDAR representations, facilitating semantic alignment within 
the sparse framework. Experimental results demonstrate that the proposed modules significantly improve radar 
point cloud segmentation performance and achieve state-of-the-art results on the View-of-Delft and TJ4DRadSet 
datasets compared to existing methods. Code is available at: https://github.com/guineapig5151/mkfusion.

1.  Introduction

Semantic segmentation plays a vital role in large-scale outdoor scene 
understanding, with broad applications in autonomous driving [1–4]. 
Among the existing sensors, LiDAR has become the dominant choice for 
3D point cloud segmentation [1,5] due to its accurate spatial measure-
ments. However, the high cost of LiDAR sensors and their susceptibil-
ity to performance degradation under adverse weather conditions [6–8] 
hinder their scalability in real-world autonomous driving systems.

In contrast, 4D millimeter-wave radar has emerged as a promising 
alternative due to its cost-effectiveness and robustness under adverse 
weather conditions. 4D radar extends traditional radar capabilities by 
capturing not only the range, azimuth, and Doppler velocity of objects 
but also their elevation angle, enabling the generation of high-resolution 
3D spatial information. However, the point clouds generated by 4D 
radar are still inherently sparse compared with LiDAR [9] and exhibit 
radar-specific artifacts, such as multipath ghosts and partial penetra-
tions. These factors, together with the depth ambiguity of radar returns 
with respect to the image plane, make accurate point-wise segmenta-
tion and fine-grained radar–camera fusion particularly challenging. To 
mitigate this limitation, point cloud representations have been effec-
tively enriched by leveraging the rich semantic information from cam-
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eras [9–13]. Motivated by this, our segmentation approach incorporates 
multi-modal information to enhance the quality of radar-based percep-
tion. Fine-grained 4D radar–camera segmentation requires robust fea-
ture fusion between highly heterogeneous modalities. A key challenge 
lies in bridging the modality gap between sparse radar point clouds and 
dense image features, while simultaneously resolving depth ambiguity 
at fusion time. To address the above challenges in fine-grained radar-
camera fusion, we propose a multi-scale depth-aware fusion (MSDAF) 
module. This module effectively integrates radar and camera features 
into a unified and informative scene representation, enabling accurate 
and robust semantic segmentation. Specifically, we introduce an adap-
tive learner fusion mechanism to alleviate the modality gap between het-
erogeneous sensors. Furthermore, we incorporate a depth prior to make 
the fusion process depth-aware, which helps mitigate the depth ambi-
guity caused by perspective projection. Extensive experiments demon-
strate that addressing these issues results in significant improvements in 
segmentation performance.

In addition, we observe that LiDAR features offer both high-level se-
mantic understanding and precise geometric structure. To further nar-
row the performance gap between radar and LiDAR, knowledge distil-
lation from LiDAR to radar networks is a promising strategy, without 
inference-time overhead [14]. However, existing multimodal distillation 
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methods primarily focus on object detection [14,15] or occupancy pre-
diction [16], and typically operate in the bird’s-eye view (BEV) domain, 
which limits their applicability to fine-grained, point-wise semantic seg-
mentation. Considering that both LiDAR and radar are represented in 
the form of point clouds and can be processed in a uniform network, 
we propose a sparse-aligned distillation (SAD) module to enable effec-
tive, fine-grained knowledge transfer in the point-wise domain. The pro-
posed SAD module enables knowledge distillation from a LiDAR-radar 
teacher network to a radar-only student network through a two-stage 
process. This facilitates the transfer of rich semantic information while 
preserving the intrinsic advantages of radar sensing, such as robustness 
to adverse weather, low cost, and fast response.

Our contributions are summarized as follows:

• We introduce MKFusion, a novel radar-centric semantic segmenta-
tion framework that integrates multi-modal fusion and knowledge 
distillation within a sparse architecture.

• We propose a multi-scale depth-aware fusion module, which effec-
tively mitigates the modality gap and depth ambiguity in radar-
camera fusion, enriching the semantic representation of radar fea-
tures.

• We propose a sparse-aligned distillation module that enables effi-
cient knowledge transfer from a LiDAR-radar teacher model in the 
point-wise domain. This module facilitates robust cross-modal dis-
tillation, significantly enhancing the performance of both radar-only 
and radar-camera student models.

• We conduct extensive experiments on the widely used View-of-Delft 
(VoD) and TJ4DRadSet datasets, where our method significantly out-
performs baseline approaches and achieves state-of-the-art perfor-
mance on 4D radar point cloud segmentation.
The rest of our article is structured as follows. Section 2 provides 

a brief review of recent advances in point cloud segmentation, multi-
modal fusion, and knowledge distillation. Section 3 introduces our pro-
posed network. In Section 4, we present the experimental setups, imple-
mentation details, comparisons with state-of-the-art methods, and anal-
ysis of ablation studies. Lastly, our work is summarized in Section 5.

2.  Related work

2.1.  3D point cloud segmentation based on LiDAR point cloud

LiDAR semantic segmentation targets the task of predicting a se-
mantic category for every individual point in a sequence of LiDAR 
point clouds. Semantic segmentation methods in the current literature 
are generally divided into four major categories: voxel-based [4,17], 
projection-based [3,18,19], and point-based approaches [20–23].

Voxel-based methods first convert raw point clouds into regular 
voxel grids, enabling the use of convolutional neural networks for fea-
ture extraction. MinkNet [4] is a representative voxel-based approach, 
which begins by voxelizing the raw point cloud. It then adopts a U-
Net-like architecture and employs sparse convolutional operators to ef-
ficiently extract features from the 3D voxel grid.

Projection-based methods first transform the 3D point cloud into 
a 2D range image, and then extract semantic features using stan-
dard 2D convolutional networks. SqueezeSegV3 [18] is a representative 
projection-based approach. It transforms the 3D point cloud into a 2D 
range image using spherical projection, and subsequently applies a se-
ries of standard and adaptive convolutional layers for semantic feature 
extraction.

Point-based methods process raw point clouds using point-wise or 
neighborhood-based operations. PointNet++ [23] captures local geo-
metric structures via hierarchical PointNet-based [24] set abstraction. 
Point Transformer v3 [20] employs a serialized neighborhood mapping 
mechanism to efficiently expand the receptive field, achieving state-of-
the-art results on over 20 indoor and outdoor tasks.

In this work, we comprehensively consider the trade-offs between 
accuracy, efficiency, and modality alignment, and adopt a voxel-based 
framework MinkNet tailored for 4D radar segmentation.

2.2.  3D point cloud segmentation based on radar point cloud

Recent research on 3D point cloud segmentation using radar data 
has predominantly focused on traditional automotive radar sensors, 
which generate sparser point clouds with limited elevation informa-
tion compared to modern 4D imaging radars. Several recent works [7,
25–27] have explored radar point cloud segmentation by addressing 
the challenges of sparsity and irregular distribution. Datasets such as 
RadarScenes [28] provide real-world automotive radar point clouds 
with point-wise annotations and have enabled a series of semantic and 
instance segmentation methods on conventional 3D radar sensors. Gaus-
sian Radar Transformer [25] adopts a self-attention-based framework 
for single-scan segmentation, introducing a Gaussian-weighted attention 
mechanism and receptive field expansion modules. STA-Net [7] aggre-
gates multi-scan radar data to model spatiotemporal interactions and in-
troduces prompt-based learning for improved class-wise discrimination, 
while RadarGNN [27] incorporates a graph neural network for radar 
feature extraction.

For 4D imaging radar, explicit point-level semantic segmentation 
is still relatively scarce. RaSS [29] constructs the ZJUSSet dataset 
with point-wise labels for both 4D radar and LiDAR, and introduces a 
cross-modal distillation framework to supervise radar point-cloud seg-
mentation. Beyond such point-cloud-based methods, TARSS-Net [30] 
and TransRadar [31] perform radar semantic segmentation directly on 
range–azimuth (RA) and range–Doppler (RD) views. MetaOcc [32] and 
RadarOcc [33] instead leverage 4D imaging radar to predict seman-
tic 3D occupancy volumes from RAD tensors or fused BEV representa-
tions. WaterScenes [34] provides a multi-task 4D radar-camera dataset 
and benchmarks for object detection, (instance) semantic segmentation, 
free-space segmentation, and waterline segmentation on water surfaces. 
In parallel, BEVCar [35] starts from point-encoded automotive radar and 
fuses it with camera images for joint BEV map and object segmentation.

However, most of the above works operate on low-resolution radar 
or RAD tensors and mainly focus on BEV segmentation or occupancy pre-
diction, rather than point-level understanding on 4D radar point clouds. 
To bridge this gap, we propose MKFusion, a framework specifically de-
signed for point-wise semantic segmentation on 4D radar point clouds 
within a fully sparse 3D architecture, with multimodal radar–camera fu-
sion and LiDAR–radar distillation performed directly at 4D radar point 
clouds.

2.3.  Point cloud-image fusion

Recent point cloud-image fusion methods predominantly focus on 
downstream tasks such as object detection [9,36–43] and occupancy 
prediction [44,45]. Existing fusion strategies can be broadly catego-
rized into three types: concatenation, adaptive weighted fusion, and 
cross-attention.

Concatenation-based methods [10,36,37,44] typically concatenate 
3D feature volumes from different modalities along the channel di-
mension, followed by convolutional layers to learn joint representa-
tions. Adaptive weighted fusion methods [38,45,46] employ 3D con-
volutions to estimate modality-specific fusion weights, which are then 
used to adaptively aggregate features from the point cloud and camera 
branches. In contrast, cross-attention-based methods [9,47] utilize de-
formable attention to align and fuse voxel features with corresponding 
image features. These approaches estimate image pixel offsets from cal-
ibrated projections and selectively aggregate image features to enhance 
the voxel-space representation.

More recently, several works have explored dedicated 4D radar–
camera fusion for 3D detection on VoD [48] and TJ4DRadSet [49]. 
LXL [10] and MSSF [9] adopt sampling-based fusion to deeply interact 
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Fig. 1. Overview of the MKFusion architecture. Orange paths are active only during training. The framework comprises radar-camera feature extractors, an MSDAF 
module for cross-modal enhancement, and a SAD module that transfers LiDAR knowledge to the radar branch during training.

sparse radar points with image features, UniBEVFusion [37] proposes 
a unified radar–vision BEV fusion framework with radar-guided depth 
estimation and shared BEV feature extraction, while CVFusion [40] de-
signs cross-view and dual-sampling modules for more effective radar–
image alignment. RCBEVDet [41] explores BEV-based and attention-
based fusion schemes for 3D radar and camera. Doracamom [42] jointly 
fuses multi-view 4D radars and cameras for unified 3D detection and se-
mantic occupancy prediction.

Our method is built upon adaptive weighted fusion, a fine-grained 
fusion strategy tailored for 4D radar segmentation tasks rather than de-
tection. To mitigate the modality gap between point clouds and images, 
we introduce an adaptive learner fusion mechanism. Furthermore, to 
address the inherent depth ambiguity in perspective projection, we pro-
pose a depth-aware fusion approach that integrates point cloud and im-
age features, enabling more accurate alignment between radar points 
and image features in 3D space.

2.4.  Knowledge distillation based on radar point cloud

Knowledge distillation was originally proposed for model com-
pression and performance improvement in image classification tasks 
[50]. In the context of radar point cloud processing, most existing 
cross-modality distillation approaches focus on 3D object detection 
[14,15,51] or occupancy prediction [16]. For example, Xu et al. [15] 
present a semi-supervised distillation framework for four-dimensional 
radar-based three-dimensional detection. It employs an adaptive fu-
sion module in the teacher network to integrate LiDAR and radar fea-
tures, and proposes two feature distillation strategies: LiDAR-to-radar 
feature distillation and fusion-to-radar feature distillation, as well as 
semi-supervised output distillation to improve student performance un-
der limited supervision. Ma et al. [16] target semantic scene completion 
and observe that LiDAR-camera fusion performs well in outdoor settings. 
They introduce a fusion-based distillation method that transfers infor-
mative cues from a LiDAR-camera teacher to both a radar-only baseline 
and a radar-camera fusion student. The method combines cross-model 
residual distillation, bird’s-eye view relation distillation, and predictive 
distribution distillation to hierarchically guide feature and distribution 
learning. Similarly, Zhao et al. [14] propose a camera-radar knowledge 
distillation framework to narrow the performance gap between LiDAR-

camera and camera-radar detectors. By leveraging bird’s-eye view as a 
shared representation space, they introduce four customized distillation 
losses to effectively transfer crucial features from the teacher to the stu-
dent model.

Closer to our task, RaSS [29] develops a cross-modal knowledge 
distillation framework for 4D radar semantic segmentation on ZJUS-
Set [29] and VoD. It performs LiDAR-to-radar distillation with BEV fea-
ture aggregation, but supervision is limited to BEV cells occupied by 
both LiDAR and radar. As a result, regions occupied only in radar may 
receive no guidance. Moreover, RaSS does not incorporate camera cues 
in its distillation pipeline.

In contrast, our sparse-aligned distillation operates directly in the 
sparse 3D point-wise domain with a LiDAR-radar teacher aligned to 
radar space. SAD uses 𝑘-nearest neighbor feature aggregation to pro-
vide dense supervision at all radar-occupied voxels. This design reduces 
the modality gap between teacher and student, while preserving the in-
trinsic advantages of radar sensing and allowing the student to benefit 
from both LiDAR geometry and image semantics.

3.  Proposed method

3.1.  Overall architecture

The overall architecture of the network is illustrated in Fig. 1, which 
consists of three main components: the radar and camera feature extrac-
tion, the MSDAF module, and the SAD module.
1. The radar and camera feature extraction module extracts semantic 
features from both modalities independently.

2. The MSDAF module incorporates image semantics and depth cues to 
enhance radar feature representations through cross-modal fusion.

3. The SAD module distills LiDAR knowledge to the radar branch dur-
ing training via feature-level distillation.

We provide a detailed introduction of each component in the following 
sections.

3.2.  Radar and camera feature extraction

For a given 4D radar point cloud, we first voxelize the raw points us-
ing mean voxel feature encoding. Considering the sparsity of radar point 
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Fig. 2. The overall architecture of our MSDAF module. It consists of multi-scale image feature sampling and depth-aware fusion attention.

clouds, we adopt SparseUNet [4] as the backbone network to enable ef-
ficient and effective radar feature extraction. The encoder consists of 
four sparse convolutional layers with a stride of 2, which progressively 
reduces the spatial resolution of the input sparse tensor and captures 
multi-scale contextual information. For the camera images, we employ 
a ResNet-50 [52] backbone with a feature pyramid network (FPN) [53] 
as the image feature extractor.

Formally, the input to the radar branch is a sparse point cloud 
𝐱radar ∈ ℝ𝑁×𝐶 , where 𝑁 is the number of radar points and 𝐶 is the num-
ber of per-point input features. Each sparse convolutional layer outputs a 
sparse tensor 𝑖 = (𝐟 𝑟𝑖 , 𝐜

𝑟
𝑖 ), where 𝐟 𝑟𝑖 ∈ ℝ𝑁𝑖×𝐶𝑖  denotes the voxel-wise fea-

ture representations, and 𝐜𝑟𝑖 ∈ ℝ𝑁𝑖×3 contains the corresponding voxel 
coordinates. Here, 𝑁𝑖 represents the number of non-empty voxels, and 
𝐶𝑖 is the feature dimension at the 𝑖th layer.

Similarly, the input to the image branch is an RGB image 𝐱img ∈
ℝ𝐻×𝑊 ×3, where 𝐻 and 𝑊  denote the height and width of the image, re-
spectively. The output consists of 𝐿 multi-scale feature maps, denoted as 
{𝐟 𝑐𝑗 ∈ ℝ𝐻𝑗×𝑊𝑗×𝐶𝑗 }𝐿𝑗=1, where 𝐻𝑗 , 𝑊𝑗 , and 𝐶𝑗 represent the height, width, 
and channel dimension of the image features at the 𝑗th feature level, 
respectively.

3.3.  Multi-scale depth-aware fusion module

The radar and camera features extracted earlier primarily capture 
geometric and semantic cues, respectively. To fully leverage these com-
plementary modalities, two key challenges have to be addressed: the 
modality gap and depth ambiguity. The proposed MSDAF module is in-
troduced to mitigate the performance degradation caused by these is-
sues. It consists of two main steps: multi-scale image feature sampling 
and depth-aware fusion attention, as demonstrated in Fig. 2.

3.3.1.  Multi-scale image feature sampling
Given a sparse tensor 𝑖 = (𝐟 𝑟𝑖 , 𝐜

𝑟
𝑖 ) at a certain layer of the SparseUNet 

backbone, we first extract the coordinates 𝐜𝑟𝑖  of all non-empty voxels. 
These voxel indices are then converted into real-world coordinates 
based on the predefined voxel size and the point cloud range. This 
mapping is performed by a transformation matrix 𝐓 ∈ ℝ4×4, which 
encodes the necessary scaling and translation to align voxel coordinates 

with real-world space. Next, to align radar and image features, the 3D 
coordinates of each voxel center are projected onto the image plane 
using the camera intrinsic matrix 𝐓intr ∈ ℝ3×4 and the radar-to-camera 
extrinsic matrix 𝐓r2c ∈ ℝ4×4. Let 𝐜𝑟𝑖 ∈ ℝ3 denote the 3D coordinate of 
the 𝑖th voxel center in the radar coordinate system, and 𝐜′𝑖 = [𝐜𝑟𝑖 ; 1] ∈ ℝ4

be its homogeneous representation. The projection onto the image 
plane can be formulated as:
𝐜img𝑖 = 𝐓intr ⋅ 𝐓r2c ⋅ 𝐓 ⋅ 𝐜′𝑖 , (1)

where 𝐜img𝑖 = [𝑢𝑖𝑑𝑖, 𝑣𝑖𝑑𝑖, 𝑑𝑖]⊤ represents the homogeneous image coor-
dinate. The final pixel location (𝑢𝑖, 𝑣𝑖) is obtained by normalizing with 
respect to the depth value 𝑑𝑖.

To fully exploit the semantic richness of the image features, we sam-
ple visual information at the projected locations from multiple levels of 
the image feature pyramid, thereby obtaining a multi-scale representa-
tion. The aggregated image feature corresponding to the 𝑖th projected 
point is defined as:

𝐟 img𝑖 = Concat
(

Sample(𝐟 𝑐1 , 𝐜
img
𝑖,1 ),… , Sample(𝐟 𝑐𝐿, 𝐜

img
𝑖,𝐿 )

)

, (2)

where 𝐜img𝑖,𝑗  denotes the projected 2D location of the 𝑖th 3D voxel cen-
ter on the 𝑗th image feature level, and Sample(⋅, ⋅) represents bilinear 
interpolation.

3.3.2.  Depth-aware fusion attention
As radar data are inherently sparse and primarily geometric, whereas 

camera images are dense and contain rich appearance cues, resulting in 
a significant modality gap between the two. To mitigate this discrep-
ancy, we apply a learnable, lightweight linear transformation followed 
by a ReLU activation to the radar features, serving as a radar feature 
aligner that adjusts their distribution to better match that of the image 
features. Formally, the transformed radar feature is defined as:
𝐟 𝑙𝑖 = 𝜎𝑟

(

𝐿(𝐟 𝑟𝑖 )
)

, (3)

where 𝐟 𝑟𝑖  denotes the original radar feature, and 𝐟 𝑙𝑖  is the modality-
aligned representation, which is subsequently fused with the 2D image 
feature. Here, 𝜎𝑟(⋅) represents the ReLU activation function, and 𝐿(⋅) de-
notes a linear transformation.
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Fig. 3. The overall architecture of our SAD module. It consists of sparse 𝑘 nearest neighbor (KNN)-based feature aggregation and voxel-wise feature distillation.

Besides, although radar can penetrate certain materials, its noisy and 
low-resolution nature often leads to depth ambiguity when projected 
onto the image plane via calibration matrices. To alleviate this issue, 
we enhance the input representations by augmenting the radar features 
with their 3D spatial coordinates, and embedding estimated depth val-
ues into the image features. This augmentation facilitates more accu-
rate spatial reasoning during fusion and helps the model disambiguate 
depth-related uncertainty across modalities.

Specifically, for radar features, we first compute the global 3D co-
ordinates of all non-empty voxels using the predefined voxel size and 
point cloud range. These global coordinates are then used to compute 
a positional encoding vector for each voxel. The resulting location em-
bedding, denoted as 𝐟 loc𝑖 , is derived from passing the 3D spatial position 
of the 𝑖th voxel through a multi-layer perception (MLP), and is concate-
nated with its corresponding aligned feature before fusion:
𝐟 𝑟𝑖 = Concat(𝐟 𝑙𝑖 , 𝐟

loc
𝑖 ), (4)

where 𝐟 𝑙𝑖  is the modality-aligned radar feature and 𝐟 𝑟𝑖  is the enhanced 
radar representation used in the subsequent fusion process.

In addition, for image features, we first obtain depth features uti-
lizing a fixed-weight depth estimation network [54]. These depth maps 
are then processed through learnable convolutional layers to extract in-
formative depth-aware representations 𝐃. Then, we sample the depth 
feature for each non-empty voxel and concatenate it with the corre-
sponding multi-scale image features to form depth-augmented image 
representations. The augmented 2D features are thus represented as:
𝐟 𝑖𝑑𝑖 = Concat(𝐟 img𝑖 , Sample(𝐃, 𝑐img𝑖 )), (5)

where ̂𝐟 img𝑖  defined in (2) denotes the sampled multi-scale image features 
at location 𝑖, and 𝐃 represents the learned depth feature. These enhanced 
features are subsequently used in the adaptive fusion block.

Finally, the enhanced radar feature 𝐟 𝑟𝑖  and the depth-aware image 
feature 𝐟 𝑖𝑑𝑖  are further fused through an attention-based adaptive in-
teraction mechanism to produce the final cross-modal representation. 
Specifically, we first concatenate the two features and apply a feature 
learner 𝑓 (⋅), implemented as an MLP, to model their joint representation:

𝐟cat𝑖 = 𝑓
(

Concat(𝐟 𝑖𝑑𝑖 , 𝐟 𝑟𝑖 )
)

. (6)

Then, we adopt the attention-based fusion method to obtain the final 
features:

𝐟 fuse𝑖 = 𝐿3
(

𝜎𝑟
(

𝐿1(𝐟cat𝑖 )⊙ 𝜎
(

𝐿2(𝐿1(𝐟cat𝑖 ))
)))

, (7)

where 𝜎(⋅) denotes the sigmoid function, 𝜎𝑟(⋅) represents the ReLU acti-
vation function, ⊙ indicates element-wise multiplication, and 𝐿𝑘 repre-
sents the 𝑘th linear layer. Then, the fused feature 𝐟𝑖 is combined with the 

radar coordinate 𝐜𝑖 to form a new sparse tensor, replacing the original 
input for subsequent processing.

3.4.  Sparse-aligned distillation module

LiDAR features contain both rich semantic context and precise geo-
metric information. Knowledge distillation offers a promising approach 
to transferring this knowledge to radar-based models, potentially en-
hancing performance without adding computational overhead during 
inference.

We observe that both LiDAR and 4D radar can be represented 
in the form of point clouds, exhibiting strong modality homogeneity. 
This characteristic enables the use of a unified network to process 
both modalities simultaneously, providing a foundation for fine-grained 
knowledge distillation and modality alignment.

Based on the above insights, we design the SAD module, which trans-
fers knowledge from a LiDAR and radar teacher network to the radar 
branch through a two-stage distillation process. The overall architecture 
of SAD is shown in Fig. 3. During teacher training, the segmentation loss 
is always computed at radar locations by extracting the fused LiDAR–
radar features on radar voxels, which encourages LiDAR geometry and 
semantics to be expressed in radar space and reduces the modality gap 
before distillation.

In the first stage, rich semantic features are embedded into the radar 
representation via sparse 𝑘 nearest neighbor (KNN)-based feature ag-
gregation, effectively integrating cross-modal knowledge into the radar 
domain. In the second stage, the distilled radar features transfer knowl-
edge to the student network, enhancing cross-modal alignment.

3.4.1.  Sparse KNN-based feature aggregation
Our goal is to transfer LiDAR knowledge to radar-based models. 

Compared with LiDAR, radar data are sparse and noisy. To mitigate 
the modality gap between LiDAR and radar, the teacher network adopts 
the same SparseUNet architecture as the student but takes both LiDAR 
and radar inputs to provide richer and more informative guidance.

Specifically, given the teacher sparse tensor   and the student sparse 
tensor , we first eliminate duplicate voxel coordinates in   by apply-
ing voxel-wise feature aggregation using the inverse index map. This 
operation yields a unique sparse tensor with features 𝐟 teacher ∈ ℝ𝑁𝑇 ×𝐶

and corresponding coordinates {𝐜teacher𝑖 }𝑁𝑇
𝑖=1 , where 𝑁𝑇  is the number of 

non-empty voxels and 𝐶 is the feature dimension.
To estimate the teacher-aligned features at the voxel positions 

{𝐜student𝑗 }𝑁𝑆
𝑗=1, we perform KNN feature interpolation. For each student 

voxel 𝑗, we find its 𝑘 nearest neighbors from the teacher voxel centers 
{𝐜teacher𝑖 } and apply a Gaussian-weighted average to compute the aggre-

Knowledge-Based Systems 339 (2026) 115616 

5 



Y. Yang et al.

gated feature:
𝐟 teacher𝑗 =

∑

𝑖∈𝑘(𝑗)
𝑤𝑗𝑖 ⋅ 𝐟 teacher𝑖 , (8)

𝑤𝑗𝑖 =
exp

(

−
‖𝐜student𝑗 −𝐜teacher𝑖 ‖

2

2𝜎2

)

∑

𝑖′∈𝑘(𝑗) exp
(

−
‖𝐜student𝑗 −𝐜teacher

𝑖′
‖

2

2𝜎2

)
, (9)

where 𝑘(𝑗) denotes the index set of the 𝑘 nearest teacher voxels to the 
𝑗th student voxel, and 𝑤𝑗𝑖 is the normalized Gaussian weight that mea-
sures the similarity between student and teacher voxel centers. Here, 𝜎
is a fixed hyperparameter that controls the sharpness of the attention 
distribution.

Finally, the aggregated features 𝐟 teacher𝑗  are then combined with the 
original student coordinates to form a new sparse tensor:

̂ =
{(

𝐜student𝑗 , 𝐟 teacher𝑗

)}𝑁𝑆

𝑗=1
, (10)

which can be used for subsequent distillation loss computation or voxel-
wise fusion with student features.

3.4.2.  Voxel-wise feature distillation
Following the sparse aggregation-based feature alignment, we intro-

duce the following feature distillation loss to promote consistency be-
tween radar and LiDAR representations:

Cosine Distance Loss. Let 𝐟 student𝑗 ∈ ℝ𝐶 and ̂𝐟 teacher𝑗 ∈ ℝ𝐶 denote the 
student and teacher features at the 𝑗th spatial position, respectively, 
where 𝐶 is the number of channels. The cosine distance-based distilla-
tion loss is defined as:

CD = 1
𝑁

𝑁
∑

𝑗=1

⎛

⎜

⎜

⎝

1 −
𝐟 student𝑗 ⋅ 𝐟 teacher𝑗

‖

‖

‖

𝐟 student𝑗
‖

‖

‖

⋅ ‖‖
‖

𝐟 teacher𝑗
‖

‖

‖

⎞

⎟

⎟

⎠

, (11)

where 𝑁 is the total number of non-empty voxels. This loss measures 
the angular difference between the teacher and student features, inde-
pendent of their magnitudes.

L1 Loss. The L1 distillation loss is defined as:

L1 = 1
𝑁

𝑁
∑

𝑗=1

‖

‖

‖

𝐟 student𝑗 − 𝐟 teacher𝑗
‖

‖

‖1
. (12)

This loss directly minimizes the element-wise absolute difference be-
tween student and teacher features, encouraging the student to closely 
match the teacher’s feature representations in magnitude and structure.

Total Distillation Loss. To jointly benefit from both angular and 
magnitude alignment, we combine the cosine distance loss and the L1 
loss as the final distillation objective:
RD = 𝜆L1L1 + 𝜆CDCD, (13)

where 𝜆L1 and 𝜆CD are hyperparameters that balance the contributions 
of the L1 and cosine distance losses, respectively. In our experiments, 
we simply set 𝜆L1 = 𝜆CD = 1. The combination of L1 and cosine distance 
losses encourages the student to align with the teacher both in direction 
and in feature magnitude.

3.5.  Loss

The overall training objective comprises two components: a segmen-
tation loss that supervises the primary task, and a radar distillation loss 
that transfers semantic knowledge from the LiDAR modality to the radar 
branch.

Let seg denote the segmentation loss, which can be implemented 
as cross-entropy loss. Combined with the radar distillation loss RD, the 
total training loss is defined as:
total = 𝜆segseg + 𝜆RDRD, (14)

where 𝜆seg and 𝜆RD are the weights used to balance these two losses. 
This joint optimization enables the radar branch to learn discriminative 
representations guided by LiDAR features while preserving its modality-
specific properties. In our experiments, we set 𝜆seg = 𝜆RD = 1.

4.  Experments and analysis

4.1.  Datasets and metrics

4.1.1.  Datasets
We evaluate our method on the public 4D radar datasets tailored 

for autonomous driving: the VoD dataset [48] and the TJ4DRadset 
dataset [49].

The VoD dataset features multi-sensor data collected from real-world 
driving scenarios, including 4D radar, a 64-beam LiDAR, stereo cameras, 
and GNSS/IMU. It provides comprehensive annotations, such as 2D/3D 
bounding boxes, tracking IDs, and ego-vehicle motion data. In total, the 
dataset contains 3D bounding box annotations for over 26,000 pedes-
trians, 10,000 cyclists, and 26,000 cars. VoD consists of 8682 frames, 
which are split into 5139 for training, 1296 for validation, and 2247 for 
testing. Since the official evaluation server is currently unavailable, all 
our evaluations and ablation studies are conducted on the validation set, 
following the protocol adopted by prior works [9,10,55] for fair compar-
ison. Additionally, the dataset provides motion-compensated radar point 
clouds obtained by accumulating multiple consecutive scans. Specifi-
cally, both three-frame and five-frame compensated radar sequences are 
available, allowing evaluation of temporal fusion strategies under dif-
ferent time horizons.

It is important to note that the VoD dataset does not provide per-
point segmentation labels. Therefore, we generate pseudo labels based 
on the available 3D bounding boxes: radar points located inside ground-
truth bounding boxes are treated as belonging to the corresponding 
object class, while points outside any box are labeled as background. 
Furthermore, categories with insufficient point counts are discarded. 
The final retained classes include: background, car, pedestrian, cy-
clist, bicycle, bicycle rack, moped scooter, rider, motor, truck, and ride
other.

The TJ4DRadSet dataset provides synchronized data collected from 
multiple sensors, including 4D radar, cameras, and GNSS. Notably, 
although its sensor configuration is similar to that of the VoD dataset, 
only synchronized 4D radar and camera data are available-LiDAR data 
are not released. As a result, our distillation module, which relies on 
LiDAR input, cannot be applied to this dataset. This dataset contains 
a total of 7746 frames, with 5706 frames used for training and 2040 
for testing. Unlike the VoD dataset, TJ4DRadSet does not provide 
multi-frame radar accumulation or ego-vehicle motion information, and 
all prior work has been conducted on single-frame inputs. Therefore, we 
also adopt single-frame radar data as input for semantic segmentation. 
In our experiments, we focus on four key categories: car, pedestrian, 
cyclist, and truck.

4.1.2.  Evaluation metrics
We adopt the mean intersection over union (mIoU) as the primary 

evaluation metric for semantic segmentation. Given a set of semantic 
classes, the intersection over union (IoU) for each class is computed as: 

IoU𝑐 =
𝑇𝑃𝑐

𝑇𝑃𝑐 + 𝐹𝑃𝑐 + 𝐹𝑁𝑐
, (15)

where 𝑇𝑃𝑐 , 𝐹𝑃𝑐 , and 𝐹𝑁𝑐 denote the numbers of true positives, false 
positives, and false negatives for class 𝑐, respectively. The mIoU is then 
calculated as the average IoU over all 𝐶 classes:

mIoU = 1
𝐶

𝐶
∑

𝑐=1
IoU𝑐 . (16)
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Table 1 
Performance comparison across semantic classes on VoD. All values are reported as percentages. Best results per column are in bold, and second-best results 
are underlined. Our method achieves the best mIoU.
 Method  Modality  Background  Car  Pedestrian  Cyclist  Bicycle  Bicycle rack  Moped scooter  Rider  Motor  Truck  Ride other  mIoU
 PointNet++ [23]  radar  87.4  35.1  47.9  25.1  4.6  22.6  0.0  14.0  0.0  6.2  0.0  22.1
 SPVCNN [59]  radar  89.3  58.2  54.4  37.0  6.2  19.8  5.6  25.1  3.5  0.5  0.7  27.3
 Cylinder3D [56]  radar  88.5  50.1  50.3  33.8  7.9  13.3  3.4  17.3  2.0  24.1 2.6  26.7
 PTv2 [21]  radar  95.1  62.9  54.8  38.7  11.9  26.6  2.3 27.5  1.0  6.0  0.3  29.7
 PTv3 [20]  radar  92.2  59.0  54.0  37.9  5.2  19.1  1.6  24.4  0.0  36.9  10.8  30.0
 2DPASS [38]  radar  89.0  52.8  51.9  34.9  8.6  20.8  3.6  26.3  0.0  19.8  1.5  28.1
 RadarGNN [27]  radar  86.5  43.5  47.3  32.5  8.2  18.0  1.9  20.1  1.7  0.0  0.0  23.6
 STA-Net [7]  radar  82.5  20.2  32.2  16.8  5.5  8.9  0.5  13.3  0.0  0.0  2.5  16.6
 RaSS [29]  radar  89.5  46.7  50.5  30.4  10.2  16.0  5.1  24.8  0.0 60.3  0.0  30.3
 PMF [46]  radar+camera 93.4  75.1 57.9 44.6 23.1  41.7 10.5  25.2  6.7  28.6  1.2  37.1
 TASeg [1]  radar+camera  92.5  70.8  56.1  42.7  22.9  46.5  4.7  14.1 16.8  49.8  1.6 38.1

 MinkNet [4]  radar  89.0  55.1  52.8  39.6  6.7  19.1  4.1  23.2  4.1  25.4  0.7  29.1
 Ours single-model  radar  89.5  57.2  53.8  38.3  7.2  21.6  3.5  26.9  0.3  58.2  0.6  32.5
 Ours multi-model  radar+camera  93.2 74.9  61.6  45.4  30.8 43.9  17.2  36.0  31.4  65.9  1.2  45.6

This metric effectively captures the overlap between the predicted 
and ground truth regions, and is widely used in evaluating segmentation 
performance, especially in autonomous driving scenarios.

4.2.  Implementation details

All experiments are conducted on a single NVIDIA GeForce RTX 3090 
GPU using PyTorch. We adopt the AdamW optimizer with an initial 
learning rate of 0.008 and a weight decay of 0.01. Gradient clipping is 
applied with a maximum norm of 10 (using the L2 norm). The learning 
rate is scheduled using a multi-step policy, where the learning rate is 
reduced by a factor of 0.1 at epochs 24 and 32, with training ending 
at epoch 36. We set the voxel size to [0.05, 0.05, 0.125] for both VoD 
and TJ4DRadSet, and use the official point cloud ranges [𝑥min, 𝑦min, 𝑧min, 
𝑥max, 𝑦max, 𝑧max]=[0, -25.6, -3, 51.2, 25.6, 2] for VoD and [0, -40, -4, 
70.4, 40, 2] for TJ4DRadSet. Besides, We feed the camera branch with 
the original image resolution, and downsample the input to the depth 
branch by a factor of 2 for efficiency. For data augmentation, we fol-
low prior works [4,9,56] and apply three strategies, including flipping, 
rotation around the z-axis, and scaling. We build our code upon MMDe-
tection3D [57], following its default training setup. Unless otherwise 
specified, we do not explicitly fix a random seed. To facilitate repro-
ducibility, we provide configuration support for setting a fixed seed in 
our released code.

The input point cloud from VoD and TJ4DRadSet contains the fol-
lowing dimensions, respectively:
𝐟VoDp = {𝑥, 𝑦, 𝑧,RCS, 𝑣𝑟, 𝑣𝑟𝑐 , time}, (17)

𝐟TJ4Dp = {𝑥, 𝑦, 𝑧, 𝑣𝑟,Range,Power,Alpha,Beta, 𝑣𝑟𝑐}, (18)

where RCS represents the radar cross section, 𝑣𝑟 is the relative radial 
Doppler velocity, 𝑣𝑟𝑐 is the absolute radial Doppler velocity, time is the 
time ID, Range is the detection range to radar center, Power is in dB scale 
and represents the signal to noise ratio, Alpha and Beta are horizontal 
angle and vertical angle of the radar point, respectively. Additionally, 
for the image branch, the camera resolution is set to 1216 × 1936 and 
the number of stages is configured as 𝐿 = 4. In the SAD module, we 
employ 𝑘-nearest neighbor aggregation with 𝑘 = 2 neighbors and set the 
attention sharpness parameter to 𝜎 = 1.

Through confusion matrix analysis, we observe that the TJ4DRadSet 
dataset suffers from a severe class imbalance problem, which limits the 
performance for the pedestrian and cyclist categories. In the TJ4DRad-
Set experiments, we replace the cross entropy loss with a weighted cross 
entropy loss and additionally incorporate the Lovász loss [58] to en-
hance the performance on minority classes. The class weights are set to 
[0.3, 1.0, 2.0, 2.0, 1.0]. Additionally, we calibrate the threshold of the 
network’s output scores to improve recall.

4.3.  Experiment results

4.3.1.  Main results
As only very limited prior work has explored semantic segmentation 

on 4D radar point clouds, we select representative approaches that 
are originally designed for LiDAR-based tasks (e.g., MinkUNet [4], 
PointNet++ [23] and Point Transformer series [20,21]). Since both 
LiDAR and 4D radar can be represented in the point cloud modality, 
these architectures can be fairly adopted for our setting. Importantly, 
we reproduce and retrain them under the same datasets and experimental 
settings as ours to ensure a fair comparison. In addition, we also include 
approaches specifically designed for radar point cloud segmentation, 
such as RadarGNN [27] and the recent contemporaneous RaSS [29], 
and reproduce their recommended implementations for comparison. 
We further adapt TASeg [1] and STA-Net [7] to our single-frame, 
radar-centric protocol (e.g., using radar inputs and variants without 
explicit temporal modeling where necessary) to serve as strong recent 
baselines for fair comparsion.

Main Results on the VoD dataset. Table 1 presents the comparison re-
sults of our method. As shown, our multi-modal method achieves the 
highest mIoU of 45.6%, outperforming all existing approaches. No-
tably, our single-modal variant also surpasses all other single-modality 
methods, demonstrating the effectiveness of our design even without 
multi-modal fusion. Compared to the baseline, our method improves 
the mIoU by a substantial margin of 16.5 percentage points (45.6% 
vs. 29.1%). Among recent works, it significantly outperforms the multi-
modal method TASeg by 7.5 mIoU (45.6% vs. 38.1%) under the same 
evaluation setting. The contemporaneous RaSS reaches 30.3 mIoU with 
LiDAR-to-radar distillation, still below our radar-only student (32.5 
mIoU). We attribute this gap to our LiDAR+radar teacher, which re-
duces the modality discrepancy to the radar student, and together with 
KNN-based aggregation, provides effective supervision for every non-
empty radar voxel. The single-frame variant of STA-Net obtains 16.6 
mIoU, where we observe that it tends to overfit on sparse 4D radar point 
clouds on VoD. Overall, our method establishes a new state-of-the-art in 
radar-based semantic segmentation.

Fig. 4 presents the visualization results of point cloud segmentation 
on the VoD dataset. As shown, our method achieves a clear performance 
improvement over the single-modal baseline, particularly for categories 
that are challenging to distinguish in radar point clouds, such as static 
cars. Moreover, MKFusion demonstrates significantly better segmenta-
tion performance for distant objects. These improvements are attributed 
to the fine-grained semantic features provided by images and the pro-
posed efficient fusion module. Additionally, owing to the incorporation 
of the depth prior, our approach exhibits superior performance in con-
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Fig. 4. Visualization results on the VoD dataset. The color for each class is as follows:  : background  : car,  : pedestrian,  : cyclist,  : bicycle,  : bicycle 
rack,  : moped scooter,  : rider,  : truck,  : ride other,  : motor. The red CAD model in the figure represents the ego vehicle. Blue boxes illustrate the false 
alarm cases. Best viewed in color and by zooming in.

Table 2 
Performance comparison across semantic classes on TJ4DRadSet. Best results per column are in bold, and second-best 
results are underlined.
 Method  Modality  Background  Car  Pedestrian  Cyclist  Truck  mIoU  Acc  Acc_cls
 PointNet++ [23]  radar  90.5  19.4  25.3  50.9  46.4  46.5  89.1  48.5
 SPVCNN [59]  radar  89.6  9.6  24.5  41.4  51.3  43.3  89.3  44.3
 Cylinder3D [56]  radar  86.6  4.2  23.6  32.9  21.3  33.7  86.3  39.7
 MinkUNet [4]  radar  90.2  7.7  20.2  50.6  48.0  43.3  89.2  42.8
 RadarGNN [27]  radar  86.1  4.0  31.7  41.8  17.7  36.3  84.4  45.4
 PTv2 [21]  radar 92.7  12.8  33.4  61.5  49.9  50.1  91.9  49.6
 PTv3 [20]  radar  92.1  17.5 37.7  57.5  57.5  52.5  91.8  51.8
 STA-Net [7]  radar  89.2  19.1  32.8  50.0  50.6  48.3  88.9  53.2
 PMF [46]  radar+camera  91.9  57.6  29.7  47.7  43.8  54.1  92.2  50.2
 TASeg [1]  radar+camera  93.3 59.1  33.9  54.0  62.1 60.5 93.5 57.7
 Ours  radar+camera  93.3  64.8  39.9 59.0 61.8  63.8  93.6  64.5
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Table 3 
Ablation study of key modules on semantic segmentation performance. The combination of MSDAF and SAD achieves the best results across most 
metrics.

 Method  Background  Car  Pedestrian  Cyclist  Bicycle  Bicycle rack  Moped scooter  Rider  Motor  Truck  Ride other  mIoU  Acc  Acc_cls
 Baseline  89.0  55.1  52.8  39.6  6.7  19.1  4.1  23.2  4.1  25.4  0.7  29.1  88.3  34.9
 MSDAF  93.0  72.3  55.6  38.6  29.8  39.9  21.3  34.6  43.8  38.9  11.3  43.6  91.5  54.8
 SAD  89.5  57.2  53.8  38.3  7.2  21.6  3.5  26.9  0.3  58.2  0.6  32.5  88.6  39.2
 MSDAF+SAD  93.2  74.9  61.6  45.4  30.8  43.9  17.2  36.0  31.4  65.9  1.2  45.6  92.2  54.4

trolling false alarms caused by depth ambiguity (as highlighted by the 
blue box in the figure).

Main Results on the TJ4DRadSet dataset. Table 2 presents the semantic 
segmentation results of our method in comparison with several strong 
baselines on the TJ4DRadSet dataset. As illustrated in Table 2, our 
method consistently outperforms all existing approaches across multi-
ple key metrics. In particular, it achieves the highest mIoU of 63.8%, 
surpassing TASeg by a margin of 3.3 percentage points (63.8% vs. 
60.5%). It is important to note that TJ4DRadSet does not provide LiDAR 
data, making it infeasible to apply distillation-based methods that rely 
on LiDAR as the teacher modality. This constraint further emphasizes 
the practicality of our design, which operates effectively without ex-
ternal supervision. Compared to traditional point-based baselines such 
as MinkUNet and SPVCNN, our model exhibits markedly better perfor-
mance on large object categories such as car and truck, with significant 
IoU improvements. Overall, our approach establishes a new state-of-the-
art in radar-based semantic segmentation on the TJ4DRadSet bench-
mark.

4.3.2.  Ablation study of each module
To comprehensively evaluate segmentation performance, we report 

both overall accuracy (Acc) and mean class accuracy (Acc_cls). Acc mea-
sures the percentage of correctly classified points across the entire scene, 
while Acc_cls reflects the average accuracy across all classes, providing 
insight into per-class performance balance. All ablation experiments are 
conducted on the VoD dataset.

To evaluate the effectiveness of each proposed module, we conduct 
ablation studies on MSDAF and SAD, as shown in Table 3. Compared 
to the Baseline, incorporating MSDAF alone leads to a substantial per-
formance gain of +14.5 mIoU, highlighting the importance of depth-
aware multi-modal feature integration. Similarly, introducing SAD alone 
improves mIoU by +3.4, demonstrating its effectiveness in enhancing 
feature alignment between modalities through cross-modal supervision.

When combining both MSDAF and SAD, the model achieves the 
highest performance across all metrics, including mIoU (45.6%), over-
all accuracy (92.2%), and class-wise accuracy (54.4%). Notably, the full 
model brings significant improvements on challenging dynamic object 
classes such as Pedestrian (+8.8), Cyclist (+5.8), and Truck (+40.5), 
indicating strong modeling capacity for fine-grained and moving ob-
jects. These results confirm that MSDAF and SAD are complementary 
and jointly contribute to the final performance.

4.3.3.  Effect of depth estimation network
Fig. 5 provides an example of visualization to demonstrate the role 

of the depth estimation network. As observed, point clouds located at 
different distances but sharing the same azimuth are projected onto the 
same image region due to projection ambiguity, resulting in potential 
false alarms (see Fig. 5 (c)). With the incorporation of the depth estima-
tion network, this phenomenon is effectively mitigated.

Quantitative experimental results are presented in Table 4. Overall, 
when depth information is not utilized, categories dominated by static 
objects, such as bicycle and bicycle rack, exhibit performance degrada-
tion, whereas categories with a higher proportion of dynamic objects, 
such as pedestrian and cyclist, show relatively minor changes. We at-
tribute this to the fact that dynamic objects can be more easily distin-
guished from radar features, where the contribution of depth is limited. 

In contrast, static objects are more difficult to resolve using radar alone, 
and the network can leverage depth information to better align with 
radar points. To further assess the choice of depth backbone, we also 
evaluate DepthAnything-V2 [60] (DAv2) as a drop-in replacement, con-
sidering both its relative and metric variants (Table 4). Under the same 
fusion interface, the relative DAv2 variant slightly underperforms the 
no-depth baseline, and the metric DAv2 variant only matches but does 
not surpass Metric3D-V2 [54]. This is consistent with their design goals: 
the base DAv2 predicts scale-ambiguous depth, making alignment with 
absolute radar geometry more difficult, and the metric variant can carry 
domain-specific biases, whereas Metric3D-V2 explicitly targets camera-
model ambiguity and provides more stable metric depth for our radar-
centric fusion.

4.3.4.  Effect of 𝑘 in feature aggregation
To analyze the influence of the neighborhood size 𝑘 in our KNN-

based distillation module, we conduct experiments with different val-
ues of 𝑘 = {1, 2, 3, 4}. As shown in Table 5, the mIoU first increases with 
larger 𝑘, reaching a peak at 𝑘 = 2, and then declines as 𝑘 continues to 
grow. Specifically, using 𝑘 = 2 achieves the best performance with an 
mIoU of 32.5%, suggesting that it strikes a balance between local con-
text aggregation and noise sensitivity. In contrast, too small (𝑘 = 1) or 
too large (𝑘 = 4) neighborhoods lead to underfitting or over-smoothing, 
respectively. Therefore, we adopt 𝑘 = 2 as the default setting in all sub-
sequent experiments.

4.3.5.  Distillation type
To evaluate the effectiveness of different distillation objectives, we 

conduct ablation experiments using a variety of loss functions, including 
L1, L2, KL divergence, cosine distance, affinity loss, and attention trans-
fer loss. These results are obtained under the distillation setting with 
𝑘 = 2 nearest neighbors.

As shown in Table 6, while traditional losses such as L2 and KL di-
vergence yield moderate improvements over the baseline, they fall short 
in capturing the fine-grained semantic structures that are critical for 
radar-based segmentation. Notably, L1 loss exhibits more stable perfor-
mance across most classes, particularly in the pedestrian and rider cat-
egories, which are especially susceptible to noise and sparsity in radar 
signals. Furthermore, the combination of Cosine Distance Loss with L1 
loss achieves the best overall performance, attaining the highest mIoU 
(32.5), overall accuracy (88.6), and class-average accuracy (39.2).

These findings demonstrate that the robustness of L1 loss to outliers 
and the structural regularization capability of Cosine Distance Loss com-
plement each other, resulting in superior performance for fine-grained 
radar-camera segmentation.

4.3.6.  Fusion type
We compare different fusion strategies to assess their impact on 

semantic segmentation performance, including direct concat, adaptive 
weighted fusion, and cross attention. As shown in Table 7, our proposed 
multimodal fusion method outperforms these classic fusion approaches, 
achieving the best overall performance. Notably, our method is built 
upon adaptive weighted fusion, with targeted improvements that effec-
tively mitigate the modality gap and depth ambiguity. Extensive exper-
iments demonstrate that addressing these issues leads to significant im-
provements in segmentation performance.
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Fig. 5. Visual explanation of the depth estimation network’s influence on segmentation. Blue boxes illustrate the false alarm cases.

Table 4 
Effectiveness of depth estimation network.
    Method  Background  Car  Pedestrian  Cyclist  Bicycle  Bicycle rack  Moped scooter  Rider  Motor  Truck  Ride other  mIoU  Acc  Acc_cls 
  w/o depth  93.0  74.6  61.6  46.2  29.1  41.4  20.6  34.6  22.7  66.1  0.8  44.6  92.1  53.0  
  w/ DepthAnything-V2 (relative)  93.4  76.2  61.0  46.2  26.0  39.2  20.1  29.3  23.7  62.6  4.5  43.8  92.0  53.7  
  w/ DepthAnything-V2 (metric)  93.1  75.4  61.5  45.9  29.8  41.5  19.4  34.8  24.4  66.1  8.1  44.8  92.2  53.5  
  w/ Metric3D-V2  93.2  74.9  61.6  45.4  30.8  43.9  17.2  36.0  31.4  65.9  1.2  45.6  92.2  54.4  

Table 5 
Performance comparison under different 𝑘 values for KNN feature aggregation in the distillation module.
𝑘  Background  Car  Pedestrian  Cyclist  Bicycle  Bicycle rack  Moped scooter  Rider  Motor  Truck  Ride other  mIoU  Acc  Acc_cls
 1  89.3  53.3  48.7  37.5  7.3  29.5  1.1  23.7  0.0  57.2  0.0  31.6  88.3  38.4
 2  89.5  57.2  53.8  38.3  7.2  21.6  3.5  26.9  0.3  58.2  0.6  32.5  88.6  39.2
 3  89.1  53.3  51.3  37.0  12.0  18.1  7.0  22.8  0.0  57.9  0.7  31.7  88.2  39.1
 4  89.3  54.9  49.7  33.4  15.8  18.6  1.7  25.9  0.0  45.3  0.3  30.4  88.2  36.7

Table 6 
Comparison of different distillation losses.
 Distillation Type  Background  Car  Pedestrian  Cyclist  Bicycle  Bicycle rack  Moped scooter  Rider  Motor  Truck  Ride other  mIoU  Acc  Acc_cls
 Baseline  89.0  55.1  52.8  39.6  6.7  19.1  4.1  23.2  4.1  25.4  0.7  29.1  88.3  34.9
 L2 Loss  89.4  56.4  53.4  36.8  8.6  20.7  4.2  26.9  2.1  15.4  0.5  28.6  88.5  35.0
 L1 Loss  89.1  55.1  53.0  37.1  6.8  18.4  1.3  26.0  0.4  34.6  1.3  29.4  88.2  35.2
 KL Loss  89.4  57.5  56.3  38.7  7.5  18.1  4.5  26.2  0.0  15.1  3.8  28.8  88.5  35.3
 Cosine Distance Loss  89.4  57.8  52.9  37.3  7.6  20.7  4.0  29.8  1.0  43.8  0.5  31.3  88.6  38.1
 Affinity Loss  89.7  56.1  51.2  37.6  10.1  21.1  2.5  26.4  0.0  20.1  0.3  28.6  88.5  34.9
 Attention Transfer Loss  89.4  56.5  52.0  36.7  7.2  21.5  2.4  27.6  0.5  22.5  0.0  28.8  88.4  34.8
 Ours  89.5  57.2  53.8  38.3  7.2  21.6  3.5  26.9  0.3  58.2  0.6  32.5  88.6  39.2

Table 7 
Comparison of different fusion types.
 Fusion Type  Background  Car  Pedestrian  Cyclist  Bicycle  Bicycle rack  Moped scooter  Rider  Motor  Truck  Ride other  mIoU  Acc  Acc_cls
 Directly Concat  92.2  69.9  55.7  40.6  20.2  32.2  12.0  20.8  16.8  30.8  2.0  35.7  90.7  44.7
 Adaptive Weighted Fusion  92.3  68.7  52.9  35.5  26.7  42.4  12.8  30.7  0.9  45.1  0.5  37.1  91.2  44.7
 Cross Attention  92.8  72.9  61.6  41.2  28.8  36.0  14.5  31.9  0.0  32.4  0.3  37.5  91.5  46.3
 Ours  93.0  72.3  55.6  38.6  29.8  42.4  21.3  34.6  43.8  38.9  11.3  43.6  91.5  54.8

4.3.7.  Effect of fusion and distillation position
We conduct ablation studies on different positions for feature fusion 

and distillation. Here, xconv𝑖 denotes the 𝑖th encoder layer (from shal-
low to deep), while xdeconv𝑗 refers to the 𝑗th decoder layer.

As shown in Table 8, for feature fusion, the shallow encoder layer 
xconv1 yields the best performance, likely due to its fine-grained spa-
tial resolution and sufficient cross-modal interaction. In contrast, xconv4 
performs worse due to its coarse granularity, and xdeconv4 also under-
performs due to limited feature interaction at the decoder stage.

For knowledge distillation, we observe that distillation in the de-
coder generally achieves better performance than that in the encoder. 
Within the encoder, increasing the number of feature layers used leads 
to further performance improvements, whereas this effect is less pro-

nounced in the decoder. This is because radar point clouds are extremely 
sparse and noisy, causing the radar network to extract far less informa-
tive features in its early layers compared to the LiDAR network. Deeper 
layers contain more semantically rich features, making them more suit-
able targets for effective knowledge transfer. We adopt xdeconv4 for 
distillation, which balances performance and training efficiency.

4.3.8.  Modality ablation
Table 9 reports a modality ablation using radar (R), camera (C), and 

LiDAR (L), where “Eval. Mod.” stands for “Evaluation Modality” and in-
dicates the modality in which metrics are computed. Using the same 
radar backbone, distillation from L+R to R improves the radar-only 
model from 29.1 to 32.5 mIoU and from 34.9 to 39.2 Acc_cls, while 
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Table 8 
Comparison of different fusion and distillation positions.

 Background  Car  Pedestrian  Cyclist  Bicycle  Bicycle rack  Moped scooter  Rider  Motor  Truck  Ride other  mIoU  Acc  Acc_cls
 Fusion Pos.
 xconv1  93.0  72.3  55.6  38.6  29.8  39.9  21.3  34.6  43.8  38.9  11.3  43.6  91.5  54.8
 xconv4  92.1  69.9  54.9  42.2  20.1  34.5  8.4  29.8  26.3  60.9  0.2  39.9  90.9  47.9
 xdeconv4  92.4  67.0  58.8  40.9  25.3  39.9  9.6  29.7  29.9  50.7  5.0  40.8  91.0  53.1
 Distillation Pos.
 xconv1  88.7  53.6  50.7  33.5  4.6  22.7  0.2  20.8  0.0  53.1  0.0  29.8  88.1  35.9
 xconv4  89.2  56.3  49.7  33.4  5.7  25.5  1.4  20.5  1.3  46.9  3.1  30.3  88.3  37.1
 xconv{1234}  89.5  55.0  48.7  34.8  6.7  29.4  3.4  25.2  0.0  57.1  0.6  31.8  88.4  39.5
 xdeconv3  89.4  51.1  50.0  31.0  7.1  24.2  4.7  31.0  4.1  54.5  0.2  31.5  88.1  38.4
 xdeconv4  89.5  57.2  53.8  38.3  7.2  21.6  3.5  26.9  0.3  58.2  0.6  32.5  88.6  39.2
 xdeconv{1234}  89.2  56.2  51.3  27.2  9.4  25.4  4.4  26.9  0.1  59.6  0.8  31.9  88.2  41.4
 all  89.4  57.8  52.0  38.0  8.9  19.8  2.8  28.0  11.7  48.3  0.0  32.4  88.5  39.7

Table 9 
Modality ablation.
 Method  Eval. Mod.  Background  Car  Pedestrian  Cyclist  Bicycle  Bicycle rack  Moped scooter  Rider  Motor  Truck  Ride other  mIoU  Acc  Acc_cls
 R (w/o KD)  R  89.0  55.1  52.8  39.6  6.7  19.1  4.1  23.2  4.1  25.4  0.7  29.1  88.3  34.9
 R (w/ KD)  R  89.5  57.2  53.8  38.3  7.2  21.6  3.5  26.9  0.3  58.2  0.6  32.5  88.6  39.2
 R + C  R  93.2  74.9  61.6  45.4  30.8  43.9  17.2  36.0  31.4  65.9  1.2  45.6  92.2  54.4
 L  L  96.8  76.0  79.2  38.4  23.3  55.7  24.6  42.8  32.9  37.5  4.2  46.5  95.5  58.9
 Teacher (L + R)  R  94.0  72.0  69.4  51.8  32.5  45.9  21.0  40.0  34.6  17.4  0.1  43.6  92.6  54.1

Fig. 6. Sensitivity of loss weights.

keeping inference cost unchanged. Gains are especially notable for large 
objects such as truck and car, although some tail classes remain unsta-
ble under sparse returns. With the proposed MSDAF fusion, the R+C 
model further boosts performance to 45.6 mIoU, nearly closing the gap 
to the LiDAR reference (46.5 mIoU) and substantially improving almost 
all classes compared to distilled radar-only. For context, we also report 
a non-deployable teacher (L+R) evaluated in radar space (43.6 mIoU), 
which illustrates why distillation is effective: the fused teacher injects 
dense LiDAR geometry at radar locations and provides supervision for 
all non-empty radar voxels. Overall, MKFusion narrows the LiDAR-radar 
gap from 17.4 mIoU with the radar baseline to 14.0 mIoU with distil-
lation and to 0.9 mIoU with radar+camera fusion, while preserving a 
deployable sensor suite.

4.3.9.  Sensitivity analysis of loss weights
𝜆L1 and 𝜆CD:

Fig. 6 (a) presents the parameter sensitivity analysis of 𝜆L1 and 𝜆CD. 
The horizontal axis denotes 𝜆CD, while the vertical axis shows the mIoU 
on the VoD dataset, with 𝜆L1 = 2 − 𝜆CD. As illustrated, using only L1 loss 
or only cosine loss results in performance degradation, whereas com-
bining the two losses leads to performance improvement. The best per-
formance is achieved around 𝜆CD = 1.2. This indicates that L1 loss and 

cosine loss provide complementary information for distilling LiDAR fea-
tures into radar features. Additionally, cosine loss plays a stronger role 
than L1 loss.

𝜆seg and 𝜆RD:

Similarly, Fig. 6 (b) presents the parameter sensitivity analysis of 𝜆seg
and 𝜆RD. 𝜆seg ranges from 0.2 to 2.0, with 𝜆RD = 2 − 𝜆seg. As shown, a 
smaller segmentation loss weight leads to better performance, whereas 
an excessively large segmentation loss weight results in a noticeable per-
formance drop. This observation indicates the LiDAR teacher derived 
from high-fidelity geometry, can provide stable semantic and boundary 
priors. When the segmentation loss weight becomes too large, the learn-
ing process tends to overfit radar-specific noise, thereby weakening the 
geometric and semantic priors provided by distillation.

4.3.10.  Computational cost
Table 10 summarizes computational cost under identical hardware, 

input resolution, and single-frame protocol. With MinkUNet as the radar 
student, our LiDAR-radar distillation raises mIoU from 29.1 to 32.5 
without changing parameters (21.7M) or latency (20.5 ms / 48.8 FPS), 
since the teacher is used only during training. In the multi-modal set-
ting, our Radar+Camera variant without depth prior offers a favorable 
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Table 10 
Computational cost.
 Method  Modality  Params. (M)  Latency (ms)  FLOPs (G)  FPS  mIoU
 MinkUNet [4]  radar  21.7  20.5  1.37  48.8  29.1
 PTv3 [20]  radar  46.2  45.3  43.23  22.1  30.0
 PMF [46]  radar+camera  49.2  68.9  329.35  14.5  37.1
 TASeg [1]  radar+camera  55.6  94.2  329.92  10.6  38.1
 Ours  radar  21.7  20.5  1.37  48.8  32.5
 Ours (w/o depth)  radar+camera  49.1  68.7  329.59  14.6  44.6
 Ours (w/ depth)  radar+camera  84.1  118.6  982.50  8.4  45.6

Fig. 7. Confusion matrix and condition-wise mIoU analysis on VoD and TJ4DRadSet.

Fig. 8. Visualizations of the failure cases on TJ4DRadSet. The color for each class is as follows:  : background  : car,  : pedestrian,  : cyclist,  : truck. The 
red CAD model in the figure represents the ego vehicle. Red boxes illustrate the failure cases. Best viewed in color and by zooming in.

accuracy-efficiency trade-off, outperforming PMF and TASeg in mIoU 
(44.6 vs 37.1 / 38.1) at comparable or lower cost. The depth-augmented 
Radar+Camera model attains the best accuracy (45.6 mIoU) with in-
creased latency and parameters, while PTv3 serves as a heavier radar 
backbone that roughly doubles latency and model size but brings limited 
benefit on sparse VoD point clouds. We also report GFLOPs in Table 10. 
It can be seen that, in multi-modal networks, the camera branch dom-

inates FLOPs due to dense image computation while the sparse radar 
branch remains lightweight. Nevertheless, the latency remains practi-
cal in our measurements due to highly optimized GPU kernels for com-
mon image operators, e.g., convolutions and attention. It is important to 
note that GFLOPs are only a coarse proxy, and the end-to-end runtime 
also depends on factors such as preprocessing, memory bandwidth, and 
kernel-launch/parallelism effects.
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4.3.11.  Discussion
Failure cases and future work. We analyze typical failure modes using 
the multimodal variant with depth priors (Figs. 7-8). On VoD dataset, 
errors arise mainly in small, fine-grained wheeled classes (e.g., bicy-
cle, bicycle-rack, motor, rider/moped) with mutual confusion and leak-
age to background. Additionally, the mIoU shows a clear decay with 
distance, reflecting sparsity and low signal-to-noise ratio of long-range 
radar returns. On TJ4DRadSet dataset, illumination-wise mIoU drops 
under dazzle and low-light conditions, and qualitative examples reveal 
false positives caused by multipath/penetration “ghosts” and missed de-
tections under severe glare. These observations suggest three promising 
directions: incorporating temporal cues (e.g., egomotion-aligned accu-
mulation and Doppler-guided warping), exploiting richer RAD or even 
raw radar representations under practical computation budgets, and 
scaling/diversifying 4D radar datasets to better cover adverse weather, 
nighttime, even indoor, and roadside [61].

Practical deployment and sensor cost. MKFusion is designed as a radar-
centric semantic perception module rather than a full highway-urban 
autonomy stack. In practice, a development fleet can be equipped with 
4D radar, camera, and LiDAR, where LiDAR is used offline to super-
vise MKFusion via distillation, while deployed platforms run the stu-
dent with radar-only or radar+camera without requiring LiDAR or any 
online teacher. This keeps the production sensor suite close to exist-
ing radar-camera advanced driver-assistance systems (ADAS) and avoids 
recurring per-vehicle cost, power, and thermal overhead from LiDAR. 
Such radar-first configurations are especially attractive in cost-sensitive 
domains where radar’s robustness and long-range Doppler cues are most 
relevant, such as campuses and industrial parks, parking and indoor 
garages, roadside/vehicle-to-everything (V2X) perception, heavy-truck 
blind-spot coverage, and far-range highway awareness. In these scenar-
ios, MKFusion’s per-point predictions can be further aggregated into oc-
cupancy or free-space cues and combined with existing image-based and 
planning modules to support higher-level functions. Moreover, our ap-
proach can also benefit from future advances in 4D imaging radar hard-
ware, such as improved angular resolution, elevation fidelity, Doppler 
quality, and frame rate.

Limitations. We note that our segmentation labels are derived from the 
bounding-box annotations provided by the dataset, and may therefore 
inherit noise from the original detection labels. In addition, fine-grained 
annotations for background elements such as buildings, sidewalks, and 
traffic signs are still lacking. Moreover, our SAD module relies on Li-
DAR data to obtain the teacher model, which limits its applicability to 
privacy-sensitive scenarios or datasets without LiDAR sensors, such as 
TJ4DRadSet. Leveraging camera semantic information to obtain finer-
grained segmentation labels for 4D radar point clouds, as well as incor-
porating temporal cues for self-distillation, are promising directions for 
future work.

5.  Conclusion

In this work, we present MKFusion, a novel framework for 4D radar 
point cloud semantic segmentation that effectively combines multi-
modal fusion and knowledge distillation within a sparse architecture. By 
leveraging camera features through multi-scale depth-aware fusion and 
transferring structural knowledge from LiDAR via our sparse-aligned 
distillation module, MKFusion addresses the challenges of radar sparsity 
and noise. Extensive experiments on the VoD and TJ4DRadSet dataset 
demonstrate that our approach achieves superior segmentation perfor-
mance and establishes new state-of-the-art results. These findings val-
idate the effectiveness of integrating cross-modal cues and distillation 
techniques in enhancing the reliability of radar-based perception for au-
tonomous driving.
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