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Abstract

To address the limitation of receptive fields caused by the use of local convolutions in cur-
rent point cloud object detection methods, this paper proposes a LiDAR point cloud object
detection algorithm that integrates global features. The proposed method employs a Voxel
Mapping Block (VMB) and a Global Feature Extraction Block (GFEB) to convert the point
cloud data into a one-dimensional long sequence. It then utilizes non-local convolutions
to model the entire voxelized point cloud and incorporate global contextual information,
thereby enhancing the network’s receptive field and its capability to extract and learn
global features. Furthermore, a Voxel Channel Feature Extraction (VCFE) module is de-
signed to capture local spatial information by associating features across different channels,
effectively mitigating the spatial information loss introduced during the one-dimensional
transformation. The experimental results demonstrate that, compared with state-of-the-art
methods, the proposed approach improves the average precision of vehicle, pedestrian,
and cyclist targets on the Waymo subset by 0.64%, 0.71%, and 0.66%, respectively. On
the nuScenes dataset, the detection accuracy for var targets increased by 0.7%, with NDS
and mAP improving by 0.3% and 0.5%, respectively. In particular, the method exhibits
outstanding performance in small object detection, significantly enhancing the overall
accuracy of point cloud object detection.

Keywords: laser point cloud; 3D; global feature; SSM

1. Introduction
The burgeoning field of autonomous driving technology has positioned LiDAR (Light

Detection and Ranging) point cloud object detection as a pivotal research domain within its
core perception stack. LiDAR sensors, by virtue of their capacity to directly acquire precise
spatial coordinates and geometric configurations of objects in three-dimensional space,
furnish autonomous driving systems with indispensable, high-fidelity environmental per-
ception inputs. However, in contrast to the structured and uniformly dense characteristics
of image data, point cloud data presents inherent challenges that stem from its sparsity,
irregular distribution, and unordered nature. These intrinsic properties render the direct ap-
plication of conventional 2D image processing and detection paradigms largely unsuitable
for point cloud object detection tasks. Consequently, the development of highly efficient
methodologies for extracting discriminative feature representations from high-dimensional,
non-Euclidean point cloud data, thereby enabling accurate and robust object detection,
represents a critical scientific challenge currently confronting the autonomous driving
perception community.
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Existing methodologies for point cloud object detection can be broadly categorized
into three principal types, differentiated by their data representation and feature extraction
strategies: point-based methods, voxel-based methods, and point–voxel fusion approaches.
Point-based methods operate directly on the raw, unordered point sets, thereby maximally
preserving the fine-grained geometric topology and intricate spatial details of the original
data. Nevertheless, these methods typically entail substantial computational complexity
and memory overhead and may encounter performance bottlenecks when confronted with
extremely sparse point clouds. Voxel-based methods, conversely, transform irregular point
clouds into uniform three-dimensional voxel grids, thereby facilitating the convenient
application of mature 3D convolutional neural networks for feature learning [1,2]. How-
ever, this transformation process invariably introduces quantization errors and can lead
to the loss of granular spatial information, particularly when coarser voxel resolutions
are employed. To judiciously leverage the strengths of both paradigms while mitigating
their respective limitations, point–voxel fusion methods have emerged, aiming to achieve
superior detection performance through the synergistic learning of multi-modal features.
While notable progress has been attained across these various methodologies, a preva-
lent characteristic is their reliance on local receptive field convolutional operations for
feature extraction. This inherent constraint on the receptive field impedes the network′s
ability to effectively capture global contextual information within point cloud data. This
limitation is particularly pronounced in the detection of physically smaller targets, such
as pedestrians and cyclists, where an insufficient receptive field severely compromises
detection efficacy [3]. Consequently, the development of mechanisms capable of effectively
expanding the network′s receptive field and extracting global features from point cloud
data is of paramount importance for elevating the overall performance of point cloud object
detection networks.

To surmount the aforementioned challenges inherent in localized feature extraction,
this study draws inspiration from the groundbreaking advancements in sequence model-
ing, particularly the state space model (SSM) and its sophisticated derivative, the Mamba
architecture [4]. The core strength of the Mamba model lies in its unique selective state
space model mechanism, which, through the introduction of an innovative discretization
process, enables the seamless integration of SSM into deep learning frameworks. This
mechanism endows the Mamba model with exceptional capabilities for processing long
sequence data, allowing it to efficiently capture global dependencies with approximately
linear computational complexity. Inspired by this cutting-edge paradigm, this paper pro-
poses a novel LiDAR point cloud object detection method that ingeniously integrates global
features. This approach transforms the raw point cloud data into a one-dimensional long
sequence and performs highly efficient global feature extraction on this sequence. This
strategy fundamentally aims to overcome the receptive field limitations of conventional
local convolutions, significantly augmenting the network′s global perception and mod-
eling capacities, thereby substantially improving the detection accuracy and robustness,
especially for small-sized targets within complex autonomous driving scenarios.

2. Materials and Methods
2.1. Point Cloud-Based Target Detection Methods

Point-based detection methods, which learn geometric features directly from irregu-
lar and disordered point clouds, have advanced through several key contributions. For
instance, Qi et al. [5] introduced PointNet++, a hierarchical neural network that captures
fine-grained geometric features through recursive multi-scale feature learning, enabling ro-
bust processing of unstructured 3D data. Choy et al. [6] proposed Minkowski convolutional
neural networks, extending convolutional operations to sparse, high-dimensional spatio-
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temporal point clouds for efficient 4D data processing in detection tasks. Deng et al. [7]
proposed PoIFusion, a multi-modal 3D object detection framework that fuses RGB im-
ages and LiDAR point clouds at points of interest (PoIs), achieving efficient and accurate
detection without relying on global attention mechanisms. Zhang et al. [8] introduced
3DGeoDet, a geometry-aware image-based 3D object detection method that leverages
explicit and implicit 3D geometric representations to enhance detection robustness and
generality. Hamilton [9] developed foundational state space models for time series analysis,
adaptable to sequential point cloud data, while Gu and Dao [4] proposed Mamba, a linear
time sequence modeling approach with selective state spaces for efficient point cloud
processing. These point-based approaches often leverage PointNet and its variants, such as
3DSSD by Yang et al. [10], which achieves efficient single-stage 3D object detection, or the
method by Zhang et al. [11], which prioritizes key points for highly efficient LiDAR-based
detectors. For example, Shi et al. [12] proposed segmenting foreground points to generate
and refine target proposals in a standard coordinate system for accurate detection.

In contrast, voxel-based methods convert irregular point clouds into regular voxel
representations to enhance network learning efficiency. Graham et al. [13,14] devel-
oped submanifold sparse convolutional networks, optimizing sparse 3D data process-
ing for semantic segmentation and detection. Lang et al. [15] introduced PointPillars,
a fast encoder transforming point clouds into 2D pseudo-images for efficient detection.
Yan et al. [16] proposed SECOND, a sparsely embedded convolutional method, while
Zheng et al. [17] presented CIA-SSD, a confident IoU-aware single-stage detector for en-
hanced precision. Wang et al. [18] introduced Voxel-RCNN-Complex for complex traffic
conditions, Liu et al. [19] proposed a point attention mechanism for voxel-based detection,
Chen et al. [20] developed VoxelNeXt for fully sparse end-to-end detection and tracking,
An et al. [21] introduced SP-Det using saliency prediction for sparse point clouds, and
Yin et al. [22] proposed a center-based approach to detection and tracking. Recent ad-
vancements in point–voxel fusion methods combine point and voxel features to improve
accuracy. Wang et al. [23] proposed DSVT, a dynamic sparse voxel Transformer using
rotated sets. Shi et al. [24] introduced PV-RCNN, employing Farthest Point Sampling for
feature extraction, with PV-RCNN++ [25] optimizing sampling and grid pooling for faster
processing. Sheng et al. [26] used a Transformer-based region of interest (ROI) approach,
though it was limited by receptive field constraints. Liu et al. [27] developed a point–voxel
fusion network, Yang et al. [28] proposed PVT-SSD with a point–voxel Transformer, and
Deng et al. [29] introduced PVC-SSD with dual-channel fusion. Tian et al. [30] applied
fusion for irrigation system identification, Liu et al. [31] developed PVA-GCN for 3D pose
estimation, Xu et al. [32] proposed self-supervised point cloud pre-training, and the authors
of [33] provided SpConv, a sparse convolution library for efficient voxel processing. Thus,
extending the network’s receptive field and enhancing global modeling remain critical for
effective point cloud target detection.

2.2. State Space Models

In recent years, state space models (SSMs) have gained significant attention for their
ability to model sequential data, leading to several impactful studies. Gu et al. [34] intro-
duced structured state spaces to efficiently model long sequences, providing a foundation
for scalable sequence processing. Gu et al. [35] combined recurrent, convolutional, and
continuous-time models with linear state space layers, enhancing sequence modeling
flexibility. Smith et al. [36] proposed simplified state space layers to streamline sequence
modeling with reduced computational complexity. Liang et al. [37] extended SSMs to the
vision domain with Vision Mamba, demonstrating their generality in visual representation
learning. Liu et al. [38] developed VMamba, incorporating a cross-scanning module to
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selectively scan 2D images, and they achieved notable results in image classification. The
unordered and sparse nature of point cloud data poses a significant challenge for global
feature extraction in 3D object detection. Traditional convolutional methods, constrained
by local receptive fields, struggle to effectively capture long-range spatial dependencies in
point clouds. In contrast, the selective state space model (SSM), particularly the Mamba
architecture, leverages its dynamic state update mechanism to process long sequences
with near-linear computational complexity (O(n)), making it particularly well-suited for
voxelized point cloud sequence representations. Mamba’s discretization process trans-
forms continuous states into deep learning-compatible representations, enabling adaptive
focus on critical spatial features and enhancing global context modeling. Compared to
Transformer-based models, Mamba avoids the quadratic complexity (O(n2)) of attention
mechanisms while retaining the ability to model long-range dependencies. This provides a
theoretical advantage in handling the high-dimensional, non-Euclidean structure of point
clouds, significantly improving network robustness and accuracy, especially for small
object detection (e.g., pedestrians and cyclists) in sparse point cloud scenarios. Yu et al. [39]
showed through extensive experiments that, while SSMs are not essential for image classifi-
cation, their ability to extract global features from long data sequences is highly valuable
for detection and segmentation tasks. Inspired by this, enhancing the network’s receptive
field through global feature extraction from point cloud data is critical for improving point
cloud target detection performance. To this end, this paper proposes a novel LiDAR point
cloud object detection with a global feature (LDGF) method, which processes point cloud
data through a Point Cloud Feature Extract Block (PFEB) to capture global features. Within
the PFEB, a Voxel Mapping Block (VMB) maps point cloud data into a one-dimensional
long sequence, followed by a Global Feature Extract Block (GFEB) that extracts global
features. Additionally, a Voxel Channel Feature Extract (VCFE) module is introduced to
enhance local feature extraction, mitigating the loss of spatial information due to data one-
dimensionalization. Experiments on the Waymo-mini and nuScenes datasets demonstrate
that LDGF achieves effective point cloud target detection and robust performance.

2.3. Network Architecture

The overall network architecture of LDGF is shown in Figure 1. The point cloud data
is first subjected to a Voxelization operation [40], which splits the 3D space into voxel blocks
of equal size Fvoxel.

LDGF then uses PFEB to extract global features of the point cloud data from the voxel
blocks. Specifically, the Fvoxel in PFEB will be mapped into a one-dimensional long data
sequence by the VMB, and the global features will be extracted by GFEB. The VCFE module
supplements the missing spatial information due to the one-dimensionalization of the point
cloud data by associating different channel features to enhance the network′s ability to
learn and detect point cloud targets. Finally, the network obtains the detection results with
the BEV Backbone and Detection Head.

2.4. Point Cloud Feature Extract Block

As shown in Figure 2, the VMB traverses the voxel blocks based on the coordinates,
and non-empty voxels are recorded during the traversal process and output as a mapped
point cloud data sequence after the traversal is completed.

Assuming that the voxel coordinates are (xm, ym, zm), where m ∈ [0,1,. . .,n], n
is the number of non-empty voxels, and the traversal starts from the voxel block with
the coordinates of (0, 0, 0), during the process, the VMB first traverses the voxel block
that is at the X-axis coordinate of 0 and traverses along the Y-axis positively in this two-
dimensional plane from the bottom (with small Z-axis coordinates) to the top (with large
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Z-axis coordinates) traversal (direction of the blue arrow in the scan orange voxel block
in Figure 2). Subsequently, the VMB continues to traverse the remaining voxel blocks in
the X-axis direction as described above (blue arrow direction in the upper left corner of the
scan in Figure 2). This traversal recording method not only maps the point cloud data into
a one-dimensional sequence but also maintains the spatial correlation between neighboring
voxels to some extent.

Figure 1. LDGF network architecture diagram.

 

Figure 2. The mapping method of voxels in the VMB.

To reduce the effect of traversal order on point cloud feature extraction, the sequence
Sq+ generated after VMB mapping is inverted and processed to obtain the sequence Sq−,
which is in the opposite direction of the original sequence.

The VMB adopts a coordinate-based traversal order (starting from X = 0, traversing
positively along the Y and Z axes) to ensure spatial continuity in the voxel serialization pro-
cess (see Algorithm 1 and Figure 2). This order mimics the spatial structure of point clouds,
facilitating the preservation of local correlations among neighboring voxels. However,
a unidirectional traversal order may introduce directional bias, where feature extraction
becomes dependent on the specific traversal path, leading to uneven modeling of the
point cloud’s spatial structure. For instance, in a unidirectional traversal, voxels near the
sequence’s starting point (e.g., near X = 0) may receive higher weights during feature aggre-
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gation, while those further along (e.g., at the end of the X-axis) may be underrepresented.
This bias could compromise the completeness of global feature extraction, particularly
in sparse point clouds, where certain regions may be suboptimally processed due to the
serialization order. To mitigate this potential impact, we introduce a bidirectional process-
ing mechanism using forward (Sq+) and reverse (Sq−) sequences (see Algorithm 1 and
Figure 2). Theoretically, bidirectional processing balances the directional bias by fusing fea-
ture representations from opposing traversal directions. Specifically, the forward sequence
prioritizes spatial relationships from the X-axis start to end, while the reverse sequence does
the opposite. The fusion of these features, facilitated by the SSM’s dynamic state update
mechanism, enhances the model’s robustness to the point cloud’s global structure. This
bidirectional strategy is theoretically equivalent to symmetrizing the spatial representation
of the serialized point cloud, thereby reducing feature loss or bias caused by unidirectional
traversal and ensuring the completeness and consistency of global feature extraction.

GFEB extracts the voxel features from the Sq+ and Sq− sequences using two dis-
cretized SSMs with the same structure. After fusing the two extracted features, they are
reduced to the same size as the input voxel feature size for output. This process enriches
the information of feature extraction, compensates for the deficiency of the traditional local
sensing field methods, ensures the point cloud global feature extraction completeness, and
improves the adaptability of the network to detect small targets.

Algorithm 1: Bidirectional Voxel Mapping Block (VMB)

Input:
Voxel feature tensor F_voxel ∈ R(X_max × Y_max × Z_max × C)

Output:
Serialized bidirectional feature sequence F_out
Initialize empty sequences Sq+← [], Sq−← []
# Forward traversal (Sq+)
for x = 0 to X_max−1 do

for y = 0 to Y_max−1 do
for z = 0 to Z_max−1 do

Sq+.append(F_voxel [x, y, z, :])
end for

end for
end for
# Reverse traversal (Sq−)
for x = X_max−1 downto 0 do

for y = Y_max−1 downto 0 do
for z = Z_max−1 downto 0 do

Sq−.append(F_voxel [x, y, z, :])
end for

end for
end for
# Feature extraction using two SSMs
F+← SSM(Sq+)
F−← SSM(Sq−)
# Fusion and dimensionality reduction
F_fused← Fuse(F+, F−)
F_out← Reduce(F_fused, target_dim = C)
return F_out
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2.5. Voxel Channel Feature Extract

The overall network architecture of LDGF is shown in Figure 1. The point cloud data
is first subjected to a voxelization operation, which splits the 3D space into voxel blocks of
equal size Fvoxel.

One-dimensionalization of point cloud data leads to the loss of local spatial feature
information. For this reason, this paper proposes the VCFE module to strengthen the
network′s ability to capture and extract local spatial features. Figure 3 shows the structure
of the VCFE module. For a given input feature FL, VCFE first divides the channels and
convolves each channel individually to ensure that the information from other channels will
not be mixed in. As a result, the network can effectively extract the local spatial information
of the input feature map.

Extracted 
BEV 

features

Extracted 
global 

features

Channel 
split Conv3d Concat Norm ActivateConv3d Conv3d

VCFE Block

Figure 3. Detailed views of the VCFE module.

For a given input feature FL, the VCFE module first applies a 3× 3 depthwise separable
convolution (DWConv3×3) to independently convolve each channel, followed by batch
normalization (BN) to generate the transition feature FL1.

FL1 = BN(DWConv3×3FL) (1)

Next, FL1 is first fused through a 1× 1 convolution for cross-channel information
integration and then processed with a nonlinear activation function Φ to maintain feature
distribution characteristics, enhancing the network′s ability to model complex features.
A second 1× 1 convolution achieves a nonlinear transformation of the feature channel
dimensions while keeping the spatial dimensions unchanged. Ultimately, the local spatial
features of the voxels are integrated through a residual connection (⊕) with the original
input FL, significantly improving the network′s robustness to dimensional changes. The
specific formula is as follows:

FLout = Conv1×1(Φ(Conv1×1(FL1)))⊕ FL (2)

where FLout is the output feature and Φ is the activation function. The VCFE module effec-
tively captures the local spatial information of the input feature map and, by fusing it with
the original input, reduces the impact of missing spatial information on detection results.

3. Results
3.1. Datasets

nuScenes [41] is an outdoor autopilot dataset that provides different annotations for
various tasks. In this study, Mean Average Precision (mAP) and nuScenes Detection Score
(NDS) are used as the main evaluation metrics.

Waymo-mini is a subset of the Waymo open dataset [42], which requires less compu-
tational resources than the full dataset and is more suitable for rapid model validation.
Based on the proportion of “day”, “night”, and “dawn” in the original data, Waymo-mini
maintains the consistency of scene distribution (as shown in Table 1). Figure 4 shows typical
samples of different time periods in this dataset.
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Table 1. The proportions of “day”, “night”, and “dawn” in the Waymo open and Waymo-mini datasets.

Datasets Day Night Dawn All

Waymo open dataset

Train 646 79 73 798
Percentage of training 80.95% 9.90% 9.15% 100%

Val 160 23 19 202
Percentage of evaluations 79.21% 11.39% 9.41% 100%

Waymo-mini

Train 113 14 13 140
Percentage of training 80.71% 10% 9.29% 100%

Val 28 4 3 35
Percentage of evaluations 80% 11.43% 8.57% 100%

(a) (b) 

(c) (d) 

Figure 4. Number of objects in the Waymo-mini dataset at different time points. (a) and (b) correspond
to “daytime”. (c) corresponds to “dawn”. (d) corresponds to “night”. Targets to be detected are
marked with red boxes.

Table 1 shows that the weights of “day”, “night”, and “dawn” scenes in Waymo-
mini are similar to the original Waymo data. Figure 4 visualizes some samples from the
Waymo-mini dataset, where each target to be detected is marked with a red box, and each
image contains multiple targets to be detected. Like the original dataset, the evaluation
protocol for the Waymo-mini dataset includes metrics such as average precision (AP) and
average precision weighted by heading (APH). The detection results for each category were
evaluated on two difficulty levels.

3.2. Experimental Details

In the nuScenes training scheme, the detection ranges along the X, Y, and Z axes were
(−54, 54) m, (−54, 54) m, and (−5, 3) m, respectively, with voxel sizes of 0.3 m, 0.3 m, and
0.2 m, and all models were trained using the Adam optimizer, with a weight decay of 0.05
and a learning rate of 0.005, with a batch size of 3 and 20 epochs. For the Waymo-mini
dataset, the detection ranges along the X, Y, and Z axes are (−74.88, 74.88) m, (−74.88,
74.88) m, and (−2, 4) m, and the voxel sizes are 0.32 m, 0.32 m, and 0.1875 m, respectively.
The model was optimized using the Adam optimizer with a fixed weight decay set to 0.01
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and a batch size set to 2 for 24 epochs. All experimental results were obtained on NVIDIA
GeForce RTX 4090D GPUs and relied on OpenPCDet [43].

3.3. Experimental Results

Table 2 shows the detection performance of LDGF and mainstream methods on
Waymo-mini. LDGF achieves leading accuracy on vehicle, pedestrian, and cyclist targets,
and especially excels in small target (pedestrian and cyclist) detection. At Level 1, the aver-
age accuracies of pedestrian and cyclist reach 80.46% and 74.98%, respectively, which are
0.71% and 0.66% better than the existing optimal method, DSVT. The detection accuracies
for vehicle targets reach 72.84% and 65.3% at Level 1 and Level 2, respectively, which are
0.66% and 0.71% higher than DSVT.

Table 2. The results on Waymo-mini have the optimal results of each column bolded.

Method

Vehicle Pedestrian Cyclist

Level1 Level2 Level1 Level2 Level1 Level2

AP APH AP APH AP APH AP APH AP APH AP APH

Pointpillar [15] 61.67 60.83 54.34 53.58 58.33 52.73 53.02 48.02 56.18 55.76 54.8 53.98

Second [16] 61.72 61.04 54.34 53.72 58.69 53.46 53.43 48.92 53.85 52.34 52.12 51.4

DSVT [23] 72.18 71.53 64.59 63.94 79.75 74.25 73.92 68.67 74.32 73.28 71.89 70.86

PVRCNN [24] 68.2 67.4 60.35 59.63 67.32 62.78 61.36 56.9 67.63 66.16 65.46 64.32

RDioU [44] 64.62 64 56.98 56.42 - - - - - - - -

GCioU [45] 64.68 64.29 57.18 56.67 - - - - - - - -

PartA2 [46] 66.72 66.09 58.93 58.36 65.67 60.4 59.72 54.28 64.08 63.83 62.02 61.62

M3DETR [47] 67.31 66.56 59.48 58.81 63.78 58.63 57.92 52.45 66.59 65.15 64.45 63.18

LDGF (ours) 72.84 72.29 65.3 64.79 80.46 75.15 74.75 69.69 74.98 74.08 72.58 71.7

Table 3 shows the detection times of different methods on the Waymo-mini dataset.
Although the detection time required by LDGF is not the shortest, when combined with
the accuracy of object detection, it demonstrates that LDGF has certain advantages.

Table 3. Detection time on the Waymo-mini dataset.

Methods
Time Indicator

Latency FPS

PointPillars [15] 41.12 24.32
SECOND [16] 58.83 17

DSVT [23] 213 3.69
PV-RCNN [24] 408.83 2.45

RDIoU [44] 71.45 14
GCIoU [45] 64.93 15.4
PartA2 [46] 141.3 7.08

M3DETR [47] 895.15 1.07
LDGF (ours) 152.2 6.57

In Figure 5a–c, all of the images demonstrate pedestrians that can be detected nor-
mally, even when partially occluded or disproportionately small. Figure 5d, however,
shows detection failure due to the pedestrian being too small in the frame. The green
box in Figure 5d marks the actual target location, while the red box indicates the detected
bounding box.
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(a) (b) 

(c) (d) 

Figure 5. Detection images for small objects or pedestrians being blocked: images (a–c) indicate
successful detection; image (d) indicates detection failure.

As shown in Table 4, on the nuScenes dataset, LDGF slightly outperforms the current
optimal method, DSVT, in both NDS and mAP metrics. In particular, LDGF achieves
88.1% and 77.7% detection accuracy in typical traffic scene targets, such as car and bus,
respectively, indicating that the proposed global modeling and channel enhancement
strategy has good generalization ability. For motor, bicycle, and barrier targets, due to
their low percentage in the nuScenes dataset, LDGF does not have sufficient learning
ability for these targets, leading to detection results that are not the best. However, Table 5
further presents a performance comparison between LDGF and multi-modal 3D object
detection methods that fuse camera and radar data. The results demonstrate that LDGF’s
mAP (66.9) and NDS (71.4) outperform most multi-modal methods, including CRN [48]
(mAP 57.5, NDS 62.4), CRAFT [49] (mAP 41.1, NDS 52.3), RCBEVDet [50] (mAP 55.0,
NDS 63.9), and RCBEVDet++ [51] (ResNet50) (mAP 51.9, NDS 60.4). Only RCBEVDet++
(ViT-Large) (mAP 67.3, NDS 72.7) slightly surpasses LDGF. Nevertheless, as a single-
modality method, LDGF avoids the complexities of sensor calibration and sensitivity to
radar sparsity inherent in multi-modal approaches, while maintaining lower computational
complexity and efficient small object detection. This indicates that, except when using the
ViT-Large backbone, camera radar-based multi-modal methods struggle to outperform
LDGF. Overall, the LDGF constructed in this paper achieves robust detection results on the
nuScenes dataset, highlighting its competitiveness and simplicity in autonomous driving
perception tasks.

In Waymo-mini and nuScenes, two datasets with high real-world perceptual complex-
ity, the LDGF achieves stable detection results under multiple targets, different weather,
illumination, and density environments. In particular, the detection accuracy for small
targets shows certain advantages, which, side by side, confirms the modeling robustness of
the structure in this paper when facing perceptual uncertainties.
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Table 4. The results of the nuScenes dataset show that the optimal results of each column are bolded.

NDS mAP Car Truck Bus Trailer C.V Ped. Motor Bicycle T.C. Barrier

3DSSD [10] 56.4 42.7 81.2 47.2 61.4 30.5 12.6 70.2 36.0 8.6 31.1 47.9

Pointpillar [15] 44.9 29.5 70.5 25.0 34.4 20.0 4.5 59.9 16.7 1.6 29.6 33.2

Second [16] - 27.1 75.5 21.9 29.0 13.0 0.4 59.9 16.9 0 22.5 32.2

DSVT [23] 71.1 66.4 87.4 62.6 75.9 42.1 25.3 88.2 74.8 58.7 77.8 70.9

SASA [52] 61.0 45.0 76.8 45.0 66.2 36.5 16.1 69.1 39.6 16.9 29.9 53.6

TransFusion-L [53] 70.1 65.5 86.9 60.8 73.1 43.4 25.2 87.5 72.9 57.3 77.2 70.3

FCOS-LiDAR [54] 57.1 63.2 82.1 52.3 65.2 33.6 18.3 84.1 58.5 35.3 73.4 67.9

PVT-SSD [28] 65.0 53.6 79.4 43.48 62.1 34.2 21.7 79.8 53.4 38.2 56.6 67.1

LDGF (ours) 71.4 66.9 88.1 63.8 77.7 45.0 28.6 88.2 74.1 58.2 78.7 66.6

Table 5. Comparison of LDGF with multi-modal methods on nuScenes.

Method Modalities Drawbacks mAP NDS

CRN [48] Camera + Radar Complex sensor calibration, moderate
computational overhead 57.5 62.4

CRAFT [49] Camera + Radar High training data demand, sensitive to
radar sparsity 41.1 52.3

RCBEVDet [50] Camera + Radar
Real-time performance is

hardware-dependent, lower depth precision
vs. LiDAR

55.0 63.9

RCBEVDet++ [51]
(ResNet50) Camera + Radar Increased computational complexity,

sensitive to radar point sparsity 51.9 60.4

RCBEVDet++
(ViT-Large) Camera + Radar 67.3 72.7

LDGF (ours) LiDAR (only) Limited to single modality, no multi-modal
gains 66.9 71.4

3.4. Ablation Experiments

To verify the effectiveness of the PFEB and VCFE modules, Table 6 demonstrates the
detection effectiveness of each module on Waymo-mini for car and pedestrian targets. After
adding PFEB, the detection accuracy of the network for the car class at Level 1 and Level 2
is improved by 0.15% and 0.2%, respectively; the detection accuracy of the network for the
pedestrian class at both levels is improved by 0.41% and 0.45%, respectively, which indicates
that PFEB effectively extends the network sensing field. VCFE is a further optimization of
the performance of PFEB, and after joining its network, it improves the detection accuracies
for car class targets by 0.51% and 0.47% and for pedestrian class targets by 0.3% and 0.38%,
respectively, which verifies the importance of local spatial complementation for point cloud
target detection, especially for small targets.

As shown in Table 7, adopting a unidirectional sequence (Sq+) yields comparable or
slightly improved performance over the baseline across both car and pedestrian categories.
In contrast, the bidirectional sequence (Sq+ + Sq−) consistently achieves further gains,
particularly on pedestrian detection, where Level 1 AP improves from 79.75 to 80.16, and
Level 2 AP improves from 73.92 to 74.37. These results validate that the bidirectional
traversal effectively alleviates directional bias in voxel serialization and enhances global
feature completeness, leading to more robust detection of small and occluded objects.
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Table 6. The effect of each module of LDGF, and the optimal result of each column is bolded.

Ablation

Car Pedestrian

Level 1 Level 2 Level 1 Level 2

AP APH AP APH AP APH AP APH

Baseline 72.18 71.53 64.59 63.94 79.75 74.25 73.92 68.67
+PFEB 72.33 71.82 64.79 64.32 80.16 74.47 74.37 68.97
+VCFE 72.84 72.29 65.53 64.79 80.46 75.15 74.75 69.69

Table 7. Ablation study of unidirectional (Sq+) and bidirectional (Sq+ + Sq−) sequences on car and
pedestrian detection.

Ablation

Car Pedestrian

Level 1 Level 2 Level 1 Level 2

AP APH AP APH AP APH AP APH

Baseline 72.18 71.53 64.59 63.94 79.75 74.25 73.92 68.67
Sq+ 72.21 71.68 65.33 64.23 79.81 74.27 74.15 68.58

Sq+ Sq− 72.33 71.82 64.79 64.32 80.16 74.47 74.37 68.97

The VMB is merely a mapping module designed to transform point cloud data into
long data sequences for subsequent GFEB extraction of global features. Essentially, the
VMB and GFEB together form PFEB, which cannot be separated and must operate as an
integrated unit.

Table 8 presents the detection performance of the network under various channel
division strategies of the VCFE (Voxel-based Channel Feature Enhancement) module,
evaluated using a laser point cloud with a data channel dimension of 128. Due to this
dimension, the channel size for division must be an exponential multiple of 2 (i.e., 1, 2, 4,
or 8). Additionally, the PFEB (Point Feature Enhancement Block) module is incorporated
when the channel size is set to 1, serving as the baseline configuration for comparison.
The table reports the average precision (AP) and Average Precision with Heading (APH)
metrics for two object classes—car and pedestrian—across two difficulty levels (Level 1
and Level 2).

Table 8. The detection results under different channel divisions of VCFE, and the optimal results of
each column are bolded.

Channel Size

Car Pedestrian

Level1 Level2 Level1 Level2

AP APH AP APH AP APH AP APH

1 72.33 71.82 64.79 64.32 80.16 74.47 74.37 68.97
2 72.67 72.15 65.09 64.61 80.20 74.55 74.33 68.97
4 72.84 72.29 65.53 64.79 80.46 75.15 74.75 69.69
8 72.58 72.06 64.99 64.5 79.72 74.19 73.93 68.68

From the results in Table 8, it is evident that the detection performance is significantly
influenced by the choice of channel size. The optimal performance across all metrics
is achieved when the channel size is set to 4, as indicated by the bolded values in the
table. Specifically, for the car class, the AP and APH scores at Level 1 are 72.84 and 72.29,
respectively, while at Level 2, they are 65.53 and 64.79. For the pedestrian class, the AP
and APH scores at Level 1 are 80.46 and 75.15, and at Level 2, they are 74.75 and 69.69,
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respectively. These results consistently outperform other channel sizes, demonstrating that
a channel size of 4 strikes an optimal balance in capturing and modeling spatial information
for enhanced detection accuracy.

When the channel size is increased to 8, there is a slight degradation in performance
compared to the channel size of 4. For instance, the AP for the car class at Level 1 drops to
72.58, and for the pedestrian class at Level 1, it decreases to 79.72. Despite this decline, the
performance with a channel size of 8 still surpasses the baseline configuration (channel size
of 1, with the PFEB module), where the AP for car at Level 1 is 72.33, and for pedestrian at
Level 1, it is 80.16. This comparison highlights the effectiveness of the VCFE module in
improving the modeling of spatial information, even when the channel size is not optimal.

The superior performance at a channel size of 4 can be attributed to its ability to
effectively balance the granularity of feature extraction and the computational complexity
of the network. Smaller channel sizes (e.g., 1 or 2) may lead to overly coarse feature
representations, while a larger channel size (e.g., 8) may introduce redundancy or dilute
the feature focus, resulting in suboptimal detection performance. Consequently, the LDGF
(Laser-based Detection and Grounding Framework) adopts a channel size of 4 for the VCFE
module to maximize detection accuracy while maintaining computational efficiency.

In conclusion, Table 8 underscores the critical role of the VCFE module in enhancing
the network’s ability to model spatial information from laser point cloud data. The choice of
a channel size of 4 optimizes detection performance across both car and pedestrian classes,
validating the design of the VCFE module and its integration into the LDGF framework.

4. Conclusions
In this paper, we introduce a novel LiDAR point cloud object detection algorithm,

termed the Laser-based Detection and Grounding Framework (LDGF), which innova-
tively incorporates global feature extraction to address the limitations of traditional local
convolution-based methods. The LDGF framework leverages a Voxel Mapping Block (VMB)
to transform three-dimensional point cloud data into a one-dimensional long sequence,
enabling efficient processing and global feature modeling. Subsequently, the Global Feature
Extraction Block (GFEB), inspired by the selective state space model (SSM) and the Mamba
architecture, extracts comprehensive global contextual features with approximately linear
computational complexity. This approach significantly enhances the network’s receptive
field, allowing it to capture long-range dependencies and improve detection performance,
particularly for small targets such as pedestrians and cyclists in complex autonomous
driving scenarios.

To mitigate the loss of local spatial information caused by the one-dimensional trans-
formation, we propose the Voxel Channel Feature Extraction (VCFE) module. This module
divides and correlates point cloud features across different channels, effectively capturing
local spatial information and compensating for the spatial degradation introduced during
data transformation. The VCFE module’s ability to balance local and global feature extrac-
tion ensures robust detection performance, as demonstrated by the experimental results on
the Waymo-mini and nuScenes datasets. Specifically, LDGF achieves superior detection
accuracy compared to state-of-the-art methods, with improvements of 0.64%, 0.71%, and
0.66% in average precision for vehicle, pedestrian, and cyclist targets, respectively, on the
Waymo-mini dataset. On the nuScenes dataset, LDGF improves car detection accuracy
by 0.7%, with NDS and mAP increasing by 0.3% and 0.5%, respectively. The ablation
studies further validate the contributions of the PFEB and VCFE modules, with the optimal
channel size of 4 in the VCFE module striking a balance between feature granularity and
computational efficiency, leading to enhanced detection performance.
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The LDGF framework demonstrates remarkable generalization and robustness across
diverse environmental conditions, including varying weather, illumination, and point
cloud densities. Its standout performance in small target detection underscores its potential
to address critical challenges in autonomous driving perception systems, where detecting
smaller objects like pedestrians and cyclists is often hindered by limited receptive fields in
traditional methods. By integrating global feature modeling with local spatial enhancement,
LDGF not only pushes the boundaries of point cloud object detection but also sets a
foundation for future research in scalable and efficient 3D perception systems.

Looking ahead, the proposed approach opens several avenues for further exploration.
Potential improvements include optimizing the computational efficiency of the VMB and
GFEB modules for real-time applications, exploring adaptive channel division strategies in
the VCFE module to handle varying point cloud densities, and extending the framework
to multi-modal perception systems that integrate LiDAR with other sensor data, such
as cameras or radar. Additionally, further investigations could focus on enhancing the
robustness of LDGF in extreme scenarios, such as dense urban environments or adverse
weather conditions, to ensure its reliability in real-world autonomous driving applications.
In conclusion, LDGF represents a significant advancement in LiDAR-based object detection,
offering a robust, efficient, and scalable solution that enhances the safety and reliability of
autonomous driving systems.
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