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Abstract

3D object detection in point clouds is critical in 3D computer
vision, autonomous driving, and robotics. Existing point-
based detectors, tailored to handle unstructured raw point
clouds, often rely on simplistic sampling strategies to select
a subset of points for local representation learning and de-
tection. However, the diverse patterns exhibited by multiple
types of point cloud data present a significant challenge to the
universality of current detectors, particularly those captured
by varied sensors (e.g., LIDAR and 4D Imaging Radar). In
response to this challenge, we introduce an adaptable point-
based single-stage 3D detector, AS-Det, engineered to ex-
cel on both LiDAR and 4D Radar point clouds. Specifically,
we propose a novel active sampling strategy that actively
mines object-related information to achieve efficient sam-
pling and representation across different types of point clouds
through end-to-end training. Additionally, we introduce a
lightweight multi-scale center feature aggregation module to
exploit multi-scale object context for precise and low-cost de-
tection. By integrating the abovementioned modules, AS-Det
achieves highly adaptive detection on various point clouds,
encompassing different sensors and scales. Experimental re-
sults demonstrate the superior performance and adaptability
of AS-Det on both LiDAR and 4D Radar point clouds.

Code — https://github.com/eat-slim/AS-Det

1 Introduction

Localizing and recognizing specific 3D objects is a signif-
icant issue in computer vision, autonomous driving, and
robotics. Point clouds play a pivotal role in 3D detection
tasks due to their exceptional ability to represent spatial in-
formation. Unlike images, point clouds with elevation in-
formation are typically generated by LiDAR or 4D Imaging
Radar, which are discrete and unordered points in the 3D
scene. LiDAR produces a large number of fixed-resolution
points with coordinates and reflection intensity, whereas
4D Radar provides sparser points with additional attributes
such as Doppler, Radar Cross-Section (RCS), and Signal-to-
Noise Ratio (SNR). Such diversity of patterns poses a great
challenge to the adaptability of current 3D detectors.

*Corresponding authors: Ying Cheng and Rui Feng.
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Figure 1: Qualitative comparison of AS-Det and the com-
monly used method. Ours can sample more useful points
(red points) to achieve accurate detection on different
modalities, i.e., 4D Radar (left) and LiDAR (right).

Basic neural network models cannot process unstruc-
tured point sets directly. Some early voxel-based works or-
ganize points into regular representation, e.g., multi-view
projection images (Chen et al. 2017), followed by well-
studied techniques for the images. Subsequent works intro-
duce many voxelization methods, including dense and struc-
tured 3D grids (Zhou and Tuzel 2018; Yan, Mao, and Li
2018) and pillars (Lang et al. 2019). Although these meth-
ods achieve remarkable accuracy and efficiency in process-
ing LiDAR point clouds (Chen et al. 2023; Li, Luo, and
Yang 2023), they unavoidably lose raw information during
voxelization. In contrast, detection in 4D Radar may rely
more on raw information due to its sparse and low-structured
characteristics. Besides, with the advent of various mod-
els (Qi et al. 2017a,b) specifically designed for learning
from raw point clouds, several methods focus on generat-
ing 3D bounding boxes from unordered points. Hierarchical
downsampling is an important module for efficiently learn-
ing from raw point clouds. Each downsampling layer selects
a representative subset from the input points for subsequent



set abstraction. Determining how to sample points from a
large set of scene points is essential for accurate detection.
Existing methods commonly rely on either (a) spatial distri-
bution, such as Farthest Point Sampling (FPS) (Shi, Wang,
and Li 2019), or (b) feature space (Yang et al. 2020; Zhang
et al. 2022), to select foreground points. However, due to the
lack of careful consideration of point distribution and con-
textual information, they usually struggle to adapt to a wide
range of point cloud data, including various resolutions (sen-
sors with different beams and numbers), FOVs (front view
and 360-degree), and modalities (LiDAR and 4D Radar).

Motivated by these challenges, we propose a point-based
single-stage 3D detector, AS-Det, capable of adaptive detec-
tion across multiple types of point clouds, especially for both
LiDAR and 4D Radar point clouds as shown in Fig. 1. To
achieve this, we focus on the point sampling strategy, which
dominates the information selection in feature learning. We
propose a novel downsampling strategy active sampling,
which excavates instance-related contextual information to
sample more valuable points and assign each instance a bal-
anced chance of being sampled. Our active sampling trans-
forms the point sampling into a learnable decision task, ob-
taining the decision results by sampling from the predicted
probability distribution. Then, we construct a rational sam-
pling objective to guide the network end-to-end in predict-
ing a sampling distribution advantageous for highly adaptive
detection. Furthermore, by introducing the Straight-Through
(ST) technique (Bengio, Léonard, and Courville 2013), dis-
crete selection no longer blocks gradient propagation, allow-
ing the detection loss to optimize the predicting distribution
directly and enabling the model to explore optimal sampling
rules spontaneously. In addition, inspired by discussions on
the issue of “center feature missing” in many works (Qi et al.
2019; Yang et al. 2020; Zhang et al. 2022; Fan et al. 2022),
we introduce a multi-scale center feature aggregation mod-
ule to regress bounding boxes precisely, which also assists
in multilayer active sampling for better learning.

Our contributions can be summarized as follows:

1. We present a highly adaptive point-based single-stage
3D detector, AS-Det, consisting of active sampling and
multi-scale center feature aggregation, capable of han-
dling point clouds with diverse patterns.

We propose a novel active sampling strategy that effi-
ciently mines instance-related information and achieves
balanced sampling across instances.

3. Experiments conducted on various point clouds show-
case that AS-Det outperforms other methods on both Li-
DAR and 4D Radar benchmarks, demonstrating the ef-
fectiveness and adaptability of our approach.

2 Related Work

Point-Based methods extract features and predict objects
from raw point clouds. Among these methods, hierarchical
encoders (Qi et al. 2017b; Qian et al. 2022; Thomas et al.
2019) are widely regarded as efficient structures for learning
such unstructured point sets, which are integral to several
point-based methods such as PointRCNN (Shi, Wang, and
Li 2019). As range sensors only capture surfaces of objects,
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making it challenging for single-stage methods to regress
the object centroid in a single step accurately, VoteNet (Qi
et al. 2019) proposes deep Hough Voting to generate credi-
ble centroid proposals. Typically, point-based encoders con-
sist of multiple extraction blocks. Each block first samples a
subset of input points and then abstracts their vicinity. How-
ever, due to the uneven distribution of points between the
background and instances, some sampling strategies are pro-
posed to improve sampling efficiency. Early methods like
Voxel and D-FPS aim to achieve a more balanced density
but exhibit the worst task-oriented property, which is easy
to overlook foregrounds. 3DSSD (Yang et al. 2020) believes
that points in the background share similar features and thus
proposes F-FPS based on feature distance to reduce such
background points. However, F-FPS lacks explicit supervi-
sion for deep features, and such iterative methods are time-
consuming. IA-SSD (Zhang et al. 2022) presents a more
straight approach that selects points inside instances by se-
mantic segmentation. Such Seg-based sampling suffers from
imbalanced point distribution, leading to a preference for in-
stances that contain more points. Only our active sampling
exhibits strong task-oriented, balanced sampling across in-
stances and low time complexity attributes.

Voxel-Based methods reorganize point clouds into regu-
lar representations, such as voxels (Zhou and Tuzel 2018;
Yan, Mao, and Li 2018; Deng et al. 2021) or pillars (Lang
et al. 2019; Li, Luo, and Yang 2023), enabling 3D detection
akin to image detection. Some methods introduce additional
point-based branches to utilize finer-grained raw informa-
tion to obtain better representations (Shi et al. 2020; Miao
et al. 2021; Yang et al. 2023). Although these methods ex-
hibit better performance on LiDAR, their generalizability is
limited due to the loss of raw information and the adverse ef-
fects of numerous empty voxels, particularly when handling
sparser and attributes-richer 4D Radar points. Therefore, re-
cent research (Fan et al. 2022; Chen et al. 2023) suggests
that dense feature-based detection is unnecessary, tending to
the integration of point-based techniques into voxel-based
methods to address the issue of point sparsity.

4D Imaging Millimeter-Wave Radar (4D Radar) emerges
as a promising range sensor due to its cost-effectiveness.
There are two main differences between LiDAR and 4D
Radar: (a) Distribution: Point clouds captured by 4D Radar
are significantly sparser and often contain much more noise
and artifacts owing to multipath propagation. (b) Attribute:
While LiDAR collects 3D coordinates and reflection in-
tensity, 4D Radar captures additional attributes, such as
Doppler velocity, RCS, and SNR, providing valuable char-
acteristics and motion attributes of instances. Due to these
differences, most detectors designed for LiDAR struggle to
perform satisfactorily in 4D Radar point clouds. Therefore,
several specialized methods have been developed for 4D
Radar. RCFusion (Zheng et al. 2023) introduces Radar Pil-
larNet for voxelization of Radar point clouds, followed by
a modified structure derived from BEV-Fusion (Liu et al.
2023). SMUREF (Liu et al. 2024a) integrates a kernel density
estimation branch into the PointPillar to mitigate the adverse
influence of inherent noise and sparsity in radar point clouds.
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Figure 2: Model overview. The input point cloud (al) is first passed through a hierarchical encoder (bl) to extract point-wise
features, where active sampling is used to select representative points (a2,3). The center votes are fed into the multi-scale center
feature aggregation module (b2) to predict precise objects (a4). Final predictions are obtained after post-processing (a5).

3 Method
3.1 Model Structure

Hierarchical encoders have the potential to learn diverse
forms of point clouds, but existing downsampling meth-
ods limit their ability to represent specific foreground re-
gions comprehensively. Our proposed active sampling (AS)
can select instance-related points and be impartial to each
instance, intending for better instance representation. As
shown in Fig. 2, we propose a point-based single-stage de-
tector, AS-Det, which utilizes active sampling and multi-
scale center feature aggregation. The input point cloud is
first processed through an encoder to extract point-wise local
features, where active sampling (Section 3.2) selects a repre-
sentative subset of instance-related points. Then, multi-scale
contextual features are aggregated from object center votes
for predicting precise 3D bounding boxes (Section 3.3).

3.2 Active Sampling

The AS strategy employs weighted random sampling to se-
lect a representative subset of input points, different from
previous iterative or top-k-based methods. A point cloud
with N points and C feature channels can be represented
as P = {p1,p2,--- ,pn} € RVXB+E) where each point

p; includes its feature p®* and 3D coordinate pyeor.

?

Pipeline. The active sampling strategy follows these steps:
(1) Value Prediction: Each point p; is assigned a value v;
using its point-wise feature pfe2t:

%

v; = Decider (pi**) = Softplus (MLP (pf*®*)) ,

K2

ey

where Decider is a trainable neural network consisting of
MLPs and a Softplus (Dugas et al. 2000) activation function.
The value v; represents the importance of p;, and Softplus
ensures positivity and continuity.
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(2) Normalization: The outputs of the Decider are converted
into a probability distribution using a normalization function
W={v;/> v |i€l---N}.

(3) Sampling: Given the sampling number M, the distribu-
tion W is used as the weight for weighted random sampling.
The representative subset @ € RM*GB+C) with M points is
then obtained and is used for subsequent set abstraction.

Sampling Objective. To supervise the learning process of
the aforementioned probability distribution W, we design
a reasonable sampling objective tailored to the characteris-
tics of detection in point clouds. It is widely recognized that
points situated on instance surfaces yield crucial informa-
tion regarding their category and size, while nearby points
provide contextual scene information that enhances classifi-
cation accuracy (Yang et al. 2020). Drawing from this prior
knowledge, we construct the probability distribution W with
two key properties: (a) considering feature space, points on
or close to instances are assigned higher values to ensure
the model prioritizes foreground features, and (b) consider-
ing spatial factors, the number of sampled points across dif-
ferent instances should be roughly equivalent to prevent the
adverse effects of imbalanced point distributions.

To achieve the first property, we calculate the Euclidean

distance between each input point p; in P and the center of
the instance in O = {61,002, -+ , 0k} as d;; = ||p§°™" —
f)gcm [|2, where 6;@““ is the center of the j-th instance. Next,

the pairing-score for each pair f)gj is calculated as:

~bb
1,p; €6,

o = ,
Y exp (—)\d?j) ,Pi ¢ 6;"00"

where 62P°% is the bounding box of the j-th instance and

symbols €/¢ indicate whether the point p; is inside the
box 85"°%. Then, the foreground-score v = max; o;; of

2



each point p; indicates its relevance to the instance of in-
terest. This method focuses on the foreground while also ac-
counting for contextual background information by applying
Gaussian kernels at the centers of instances.

To achieve the second property, we consider the inherent
density imbalance resulting from the range sensors’ mea-
surement principles. For example, instances near the sensor
typically exhibit higher point density, whereas distant in-
stances are only represented by a few points. Therefore, each
0} is scaled to obtain the final point-wise value ©; = 0} /n,,
where n; is the neighboring density of the point p;.

Finally, the normalization function is applied to obtain the
objective probability distribution as follows:

W = wl:f Zzl,...,N ;
{ >k Ok | }
Here, the probability p; of selecting a point inside a certain
instance 6; through a single weighted random sampling fol-
lowing W is calculated as:

pi = (i ipiestroy)

i

3

“

where [ {pscabhor} is an indicator function that denotes
whether the point p; lies on the instance 6;. Let N; be
the number of points inside the 65°°*. When n; remains a
constant value, neglecting density imbalance, it can be in-
ferred from Eq. (4) that p; is positively correlated with V;.
This implies that if sampling weight only considers seman-
tic categories, more sampled points will be distributed to
clear and simple instances, while challenging instances with
fewer points may be overlooked. Specifically, it can also be
inferred that when p; € c‘)?box and n; equals IV; for all
points, the sampling probability remains consistent across
all instances, which eliminates the imbalance.

Loss Function. KL divergence is a commonly used method
for measuring the loss between distributions (Kingma and
Welling 2013). However, our objective distribution W ex-
hibits a significant distribution imbalance, i.e., only a small
number of foreground points with high objective probabili-
ties while many background ones with extremely low prob-
abilities, especially in high-density large-scale point cloud
scenes with abundant background points. The gradient of the
KL divergence for any item w; in the model output proba-
bility distribution W can be calculated as:

OKL(W||W)  dd; (Indy; —Inw;) iy
8wi

where the gradient depends on the ratio of the objective

value w; to the predicted value w;. It could lead to the gra-

dient being dominated by numerous background points, ne-

glecting the crucial contribution of fewer foreground points.
Hence, we propose the Focal-KL divergence:

PRL (s w) = 300 (B oy o) i (22) 0
i

&)

671]1‘ w; ’

i

factor kl—diverg.

where 7 is a scaling parameter and Iy, .} is an indica-
tor function that evaluates whether the predicted value w; is
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less than the desired objective w;. Inspired by focal loss (Lin
et al. 2017b), which prioritizes hard samples by utilizing the
residual between the ground truth and the prediction, we in-
troduce a similar modulating factor. In the large-scale point
cloud mentioned above, the support set for W typically has
a large cardinality, causing each w; in W to tend towards
small values. Consequently, the residual between w; and w;
tends to be close to zero, leading to the original focal loss
failing to produce distinguishable factors for each item. It
is also noted that residuals from different items often have
magnitude differences. To address these issues, we utilize 7
to amplify the residuals significantly and then apply a log-
arithmic function to handle magnitude differences. This en-
sures clear differentiation between the factors of different
items without introducing substantial discrepancies. More-
over, our factor primarily emphasizes lower predictions as
they likely indicate false negatives of the foreground. FKL
reverts to a regular KL divergence when the prediction ex-
ceeds the objective. We employ FKL as the sampling prob-
ability distribution loss Lsampie-

Differentiable Sampling. It is not feasible to consider a
fully spontaneous learnable sampling strategy in 3D detec-
tion. On the one hand, downsampling is a series of discrete
selection operations. Sampling from the output of the model
blocks the backpropagation of the gradient, resulting in an
untrainable sampler. On the other hand, although there are
some techniques to solve the non-differentiability problem,
such as reparameterization, they perform poorly because of
the large decision space and limited data. However, our ob-
jective sampling distribution contains sufficient inductive
bias, which supports the introduction of the ST technique,
enabling AS to incorporate spontaneous learnable sampling.
ST approximates non-differentiable sampling with the iden-
tity function in the backpropagation, which has been proven
to approximate the gradient with first-order accuracy (Liu
et al. 2024b). Combining the exploratory nature of weighted
random sampling, Decider with ST can be directly super-
vised by the detection objective, thereby spontaneously min-
ing the optimal sampling rules end-to-end.

3.3 Multi-Scale Center Feature Aggregation

Mainstream sparse detectors utilize a center voting strategy
to predict accurate boxes (Qi et al. 2019; Yang et al. 2020;
Zhang et al. 2022; Fan et al. 2022). This strategy first pro-
poses center coordinates C = {ci,ca, -+ ,cy} € RV*3
of nearby instances from points, and then aggregates con-
textual features from these centers to predict instances O =
{01,092, -+ ,0n}. Based on this architecture, we introduce
multi-scale features where the center votes aggregate the
outputs of multiple layers of encoders. This approach has
two benefits: (a) it shortens the range between each AS layer
and the final instance prediction layer, which aids in better
optimizing Decider, and (b) it introduces more fine-grained
information, similar to the effect of the FPN (Lin et al.
2017a). The multi-scale lightweight aggregation achieves
better performance and maintains a similar inference speed
compared to existing single-scale aggregation methods with
wider and deeper networks. We utilize the smooth-/; func-



| Car 3D AP 4o Car BEV AP 4o
Method Reference ‘ easy moderate hard mean easy moderate hard mean
Voxel SECOND (Yan, Mao, and Li 2018) Sensors 2018 83.13 73.66 66.20 74.33 88.07 79.37 77.95 81.80
SA-SSD (He et al. 2020) CVPR 2020 88.75 79.79 74.16 80.90 95.03 91.03 85.96 90.67
PVGNet (Miao et al. 2021) CVPR 2021 89.94 81.81 77.09 82.95 94.36 91.26 86.63 90.75
RDIoU (Sheng et al. 2022) ECCV 2022 90.65 82.30 77.26 83.40 94.90 89.75 84.67 89.77
VoxSet (He et al. 2022) CVPR 2022 88.53 82.06 77.46 82.68 92.70 89.07 86.29 89.35
PVT-SSD (Yang et al. 2023) CVPR 2023 90.65 82.29 76.85 83.26 95.23 91.63 86.43 91.10
Point PointRCNN  (Shi, Wang, and Li 2019) CVPR 2019 86.96 75.64 70.70 77.77 92.13 87.39 82.72 87.41
Point-GNN (Shi and Rajkumar 2020) CVPR 2020 88.33 79.47 72.29 80.03 93.11 89.17 83.90 88.73
3DSSD (Yang et al. 2020) CVPR 2020 88.36 79.57 74.55 80.83 92.66 89.02 85.86 89.18
IA-SSD (Zhang et al. 2022) CVPR 2022 88.87 80.32 75.10 81.43 93.14 89.48 84.42 89.01
FARP-Net (Xie et al. 2023) IEEE TMM 2023 88.36 81.53 78.98 82.96 91.20 88.45 86.01 88.55
AS-Det (Ours) - ‘ 90.55 82.41 77.08 83.35 95.22 91.33 86.25 90.93

Table 1: Comparison among point-based and single-stage voxel-based methods on the KITTI fest split set with APgr4g. The
best results of point-based and voxel-based methods are shown in bold.

tion to measure residuals from points to their corresponding
instance centers as center voting 10ss Leenter- Finally, we use
simple MLPs to predict 3D bounding boxes with categories
from center votes. For boxes, we regress their center coor-
dinates, sizes, and rotation angles. For categories, we adopt
an approach similar to 3DSSD (Yang et al. 2020), using the
centerness as the objective. During inference, the output de-
tection result is obtained after regular post-processing.

3.4 Overall Loss

The detection 10ss Lyctection 1S the summary of box regres-
sion loss Ly,0x and category centerness 10sS Lcenterness. DUr-
ing training, an instance prediction o; generated from a cen-
ter vote ¢; is assigned to a ground truth 8; iff ¢; € 62"~
We only calculate Ly for assigned predictions, which fol-
lows IoU criteria (Sheng et al. 2022). The Lcenterness 1S @
Binary Cross Entropy (BCE) loss applied to all category pre-
dictions. We use a multi-task loss to train all modules in our
proposed AS-Det jointly:

L= Esample + Ecenter + Edetection . (7)

4 Experimental Analysis
4.1 Benchmarks

We conduct experiments on four autonomous driving
datasets across different patterns of point clouds, including
two LiDAR datasets and two 4D Radar datasets: (a) KITTI
(Geiger, Lenz, and Urtasun 2012) is a widely used LiDAR
benchmark and focuses on Car, Pedestrian, and Cyclist cat-
egories in the front view, which consists of 15k frames, with
a single frame valid point of about 20k. (b) nuScenes (Cae-
sar et al. 2019) is a 360-degree FOV LiDAR benchmark for
larger scenes, including 40k annotated frames. Due to the
introduction of temporal information, a single input is usu-
ally concatenated from 10 consecutive scans, totaling over
200k points. Meanwhile, it focuses on detecting 10 differ-
ent forms of traffic elements, further increasing the detec-
tion complexity. (c) VoD (Palffy et al. 2022) is a pioneering
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benchmark of 4D Radar, providing 8,693 frames of anno-
tated 4D Radar point clouds with Car, Pedestrian and Cyclist
categories. Each point cloud frame has a 180-degree forward
FOV, averaging nearly 2k points. (d) Self-collected dataset
includes 85,919 frames of 4D Radar point clouds with the
Car category and a 360-degree FOV collected by ourselves.

4.2 Results on LiDAR Benchmarks

KITTI. Comparison between our AS-Det and existing state-
of-the-art (SoTA) point-based and single-stage voxel-based
detectors on the KITTI test set is shown in Table 1. On the
most compelling Car category of the KITTI dataset, our AS-
Det broadly outperforms SoTA point-based methods across
various types of metrics. We achieve 82.41% AP on the most
important 3D moderate level, surpassing FARP-Net (Xie
et al. 2023) and IA-SSD (Zhang et al. 2022) by +0.88% AP
and +2.09% AP. Note that FARP-Net is a two-stage method
that spends more time refining object proposals, and we
achieve an average improvement of 0.39% and 2.38% over
it for all difficulty levels of 3D and BEV. Meanwhile, AS-Det
makes extensive improvements on other metrics to be on par
with the SoTA voxel-based method PVT-SSD (Yang et al.
2023), advancing the point-based method to be comparable
to voxel-based methods in the LiDAR point cloud. Overall,
The experimental results demonstrate the contribution of our
AS-Det to point-based methods.

nuScenes. NuScenes with larger-scale LiIDAR point clouds
has consistently posed a great challenge to point-based de-
tectors. To highlight the contribution of our AS strategy in
advancing point-based detectors for such challenging sce-
narios, we compare AS-Det with two other point-based de-
tectors using different sampling strategies as shown in Ta-
ble 2. We apply the best training strategy to all methods
for a fair comparison. Our AS-Det achieves substantial im-
provement across multiple categories, outperforming others
by more than 10% mAP and leading in most categories, in-
cluding the important Car category. Our AS-Det also makes
multi-fold improvements in difficult small objects such as



Method mAP NDS Car Truck Bus Trailer C.V. Ped Mot Byc T.C. Bar

3DSSD (Yang et al. 2020) 29.29 46.25 71.33 32.49 47.69 22.13 8.59 53.93 17.35 0.00 10.27 29.19
3DSSD" 35.49 53.77 72.40 37.13 56.05 32.34 17.29 57.73 25.75 435 10.91 41.00

IA-SSD (Zhang et al. 2022) 31.85 51.61 66.59 40.06 63.07 22.62 11.64 53.92 25.38 6.21 11.48 17.54
IA-SSD" 37.01 54.95 70.11 41.38 60.67 26.23 16.81 61.51 31.97 491 17.87 38.61

AS-Det (Ours) ‘ 51.92 61.80 ‘ 75.58 43.28 58.58 24.70 10.31 81.66 56.44 43.51 63.89 61.24

Table 2: Comparison on the nuScenes (LiDAR point cloud) val split set. The best results are shown in bold. * indicates the
method is trained using the best practice strategy on nuScenes recommended by Zhu et al. (2019); Chen et al. (2023).

Entire Annotated Area Driving Corridor

Method Reference ‘ Car Pedestrian Cyclist Mean Car Pedestrian Cyclist Mean

Voxel PointPillars (Lang et al. 2019) CVPR 2019 37.06 35.04 63.44 45.18 70.15 4722 85.07 67.48
CenterPoint (Yin, Zhou, and Krahenbuhl 2021) CVPR 2021 32.74 38.00 65.51 45.42 62.01 48.18 84.98 65.06
PillarNeXt (Li, Luo, and Yang 2023) CVPR 2023 30.81 33.11 62.78 42.23 66.72 39.03 85.08 63.61

RCFusion (Zheng et al. 2023) IEEE TIM 2023 39.30 35.10 63.63 46.01 71.65 42.80 83.14 65.86

LXL (Xiong et al. 2024) IEEE TIV 2024 32.75 39.65 68.13 46.84 70.26 47.34 87.93 68.51

SMURF (Liu et al. 2024a) IEEE TIV 2024 4231 39.09 71.50 50.97 71.74 50.54 86.87 69.72

Point 3DSSD (Yang et al. 2020) CVPR 2020 37.98 36.78 69.82 48.19 71.14 46.67 86.19 68.00
TIA-SSD (Zhang et al. 2022) CVPR 2022 34.18 44.09 74.19 50.82 69.54 52.78 86.07 69.46

AS-Det (Ours) - ‘ 42.46 49.02 78.03 56.50 77.45 59.41 96.32 77.73

Table 3: Comparison on the VoD (4D Radar point cloud) val split set with AP 4. The best results are shown in bold.

Method ‘ Entire Annotated Area Driving Corridor
3DSSD (Yang et al. 2020) 26.68 57.11
IA-SSD (Zhang et al. 2022) 27.11 51.23
AS-Det (Ours) ‘ 3347 57.99

Table 4: Comparison on self-collected data (4D Radar point
cloud) for Car with APr49. The best results are bolded.

bicycles, motorcycles, and traffic cones, demonstrating its
ability to extract details from large-scale scenes.

4.3 Results on 4D Radar Benchmarks

VoD. We compare AS-Det with SOTA methods designed
specifically for 4D Radar (RCFusion (Zheng et al. 2023),
LXL (Xiong et al. 2024), SMURF (Liu et al. 2024a)) and mi-
grated from LiDAR on the VoD benchmark. AS-Det signif-
icantly outperforms other methods as shown in Table 3. We
achieve improvements in all metrics (+5.53% mAP in “En-
tire Annotated Area” and +8.01% mAP in “Driving Corri-
dor””) compared to the SOTA method SMURE. Our method
also remarkably surpasses others on small objects, deliver-
ing around 10% improvement for pedestrians and cyclists.
These enhancements demonstrate the better exploitation of
fine-grained features by our AS-Det. Voxel-based methods
no longer dominate 4D Radar point clouds since our single-
stage point-based AS-Det obviously widens the gap com-
pared to all voxel-based methods. These results illustrate
that our method is more adaptable to different range sensors.

Self-collected Dataset. To verify the adaptability of our
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method further, we collected 4D Radar point clouds with
a 360-degree FOV ourselves. We employ four 4D Radars
placed in different vehicle orientations and align data with
the same coordinate system. Similar to the previous setup,
we reproduce two point-based detectors with different sam-
pling strategies and refer to the evaluation metric of VoD
as shown in Table 4. our AS-Det outperforms IA-SSD with
Seg-based sampling and 3DSSD with FS sampling in both
“Entire Annotated Area” and “Driving Corridor”. We find
that many false objects are caused by artifacts in 4D Radar,
and using the Seg-based strategy supervised by BCE results
in excessive penalties for predicting false positives due to
artifacts. In contrast, KL-alike divergence and weighted ran-
dom sampling encourage the exploration of more sampling
distributions and have a higher tolerance for false positives,
making it more adaptable to the negative impact of artifacts.

4.4 Ablation Studies

Different Sampling Strategies. We evaluate the effective-
ness and adaptability of our AS with commonly used sam-
pling strategies in both LiDAR and 4D Radar point clouds
as shown in Table 5. The model with four D-FPS serves as
the baseline. Since all sampling strategies (except D-FPS)
rely on point-wise deep features, we replace the last two or
three D-FPS with other sampling strategies to observe per-
formance changes. All configs are trained with three-class.
For LiDAR point clouds, D-FPS usually performs the
worst due to the lack of special treatment for the foreground.
By focusing on feature space, FS achieves appreciable im-
provement compared to D-FPS, while Seg-based improves
even further. However, our AS widely achieves better perfor-



Encoder Layer Stack Speed LiDAR (KITTI) 4D Radar (VoD)
#1 #2 #3 #4 ‘ #2 #3 #4 ‘ Car Pedestrian Cyclist Mean Car Pedestrian Cyclist Mean
D D D D ‘ 9.57 ms 3.74 ms 0.87 ms ‘ 82.69 61.45 64.36 69.50 71.61 52.69 86.69 70.33
D D F F 9.57 ms 431 ms 2.13 ms 82.86 59.73 71.59 71.39 71.49 52.24 86.68 70.14
D D S S 9.57 ms 0.28 ms 0.28 ms 83.73 61.87 70.60 72.06 66.83 49.12 79.06 65.01
D D A A 9.57 ms 0.26 ms 0.26 ms 84.69 64.55 72.24 73.83 75.71 59.66 95.53 76.97
D F F F 19.04 ms 4.31 ms 2.13 ms 83.15 60.62 70.10 71.29
D S S S 0.28 ms 0.28 ms 0.28 ms 73.83 53.70 62.05 63.19
D A A A 0.26 ms 0.26 ms 0.26 ms 84.79 65.40 75.57 75.25

Table 5: Comparison w.r.t. different sampling strategies on the LIDAR and 4D Radar dataset with AP 4. Speed represents the
sampling runtime per frame of the corresponding layer. D: D-FPS, conventional FPS based on Euclidean distance, F: Fusion
Sampling (FS) proposed by Yang et al. (2020) that fuses D-FPS and feature-based FPS, S: Seg-based, a segmentation-based
strategy proposed by Zhang et al. (2022), and A: active sampling (ours).

| KITTI nuScenes
ﬁsample ‘ mAP mAP NDS
KL 74.10 48.03 59.09
FKL | 7525(+1.15)  51.92(+3.89)  61.80 (+2.71)

Table 6: Effect of FKL in point clouds of different scales.

mance by balanced foreground sampling and consideration
of contextual information. In addition, when more D-FPS
are replaced, the performance of Seg-based significantly de-
grades, delivering the worst AP. The reason is that input
points of the earlier layer are more density-imbalanced. Easy
objects with more points usually possess the highest fore-
ground scores, dominating the sampled subset, resulting in
the points on other objects not being selected. Our AS ad-
dresses it by utilizing weighted random sampling and con-
sidering point density, yielding the best results.

For 4D Radar point clouds, we remove the first layer and
only experiment with replacing the last two layers. The issue
discussed above that the sampled points are concentrated on
a few easy objects, also reappears on Seg-based. However,
AS still notably outperforms other strategies, demonstrating
higher AP for all categories, showcasing its adaptability and
robustness across LiDAR and 4D Radar data.

In terms of time consumption, our AS consumes less than
1ms, which is obviously faster than FPS-based methods and
ensures efficiency under any sampling scale. The overhead
of AS with linear complexity in the detector is negligible.

Effect of FKL divergence. The performance of AS-Det ap-
plying KL and FKL in point clouds of different scales is
shown in Table 6. For KITTI, FKL provides an improve-
ment of 1.15% mAP compared to KL. For nuScenes, which
involves much larger-scale point clouds with more than 4 x
KITTI points, FKL is crucial in addressing the strong imbal-
ance, bringing a 3.89% mAP and 2.71 NDS gain.

Center Feature Aggregation. The effect of using differ-
ent detection heads on the performance of AS-Det is shown
in Table 7. Vanilla directly predicts objects from the output
of the backbone and shows the worst performance. We con-
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Head \ mAP Speed(batch=1) Speed(batch=16)
Vanilla 62.65 47 ms 7.2 ms
VoteHead 72.26 50 ms 8.8 ms
Ours (S=2) 73.06 50 ms 8.2 ms
Ours (S=3) 75.25 52 ms 8.9 ms

Table 7: Comparison w.r.t. different heads on the KITTI val
split set with APr4o. Speed represents the inference runtime
per frame of AS-Det combined with the corresponding head.

struct VoteHead according to 3DSSD and IA-SSD, which
applies deep and wide aggregation networks on the single-
scale feature and effectively improves mAP. Our center fea-
ture aggregation module utilizes a lightweight network to
aggregate center features at two scales (S=2), improving AP
and accelerating speed over VoteHead. By introducing more
fine-grained features, our head with three scales aggregation
(S=3) performs best and adds a limited burden. We observe
that most of the time consumption occurs by ball query with
poor parallelism. Through batch processing with a batch size
of 16, our speed is only slightly down (4-0.1ms), but it gets
around a 3% mAP increase compared to VoteHead.

S Conclusion

In this paper, we propose a highly adaptive point-based
single-stage detector AS-Det. By introducing a novel active
sampling strategy, we improve the adaptability of the detec-
tor to various point clouds. The proposed multi-scale center
feature aggregation module can also efficiently utilize multi-
scale features to obtain fine-grained bounding boxes. Exper-
imental results indicate that our AS-Det achieves state-of-
the-art performance on multiple point cloud data, including
LiDAR and 4D Radar with different scales and FOVs.

Limitations. Although our AS-Det advances the perfor-
mance of point-based detectors on large-scale point clouds,
this scenario still remains highly challenging for point-based
methods and is currently dominated by voxel-based meth-
ods. We attribute this to underlying reasons, including model
architecture and representation capability. In future work,
we will focus on these limitations and explore solutions.
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