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Abstract- This paper presents a novel single-stage 3D object detection framework that addresses the
underdeveloped landscape of point-based networks. Current approaches in the point cloud domain often
overlook optimization, impeding the comprehensive exploration of relationships among adjacent point sets. The
proposed method integrates density clustering and graph neural networks (GNNs) to form an efficient single-
stage 3D object detection network. Employing a density clustering ball query optimizes the partitioned point
cloud space, emphasizing the inclusion of key point sets harboring detailed object features. Leveraging GNNs
facilitates the extraction of both local and global relationships inherent in the data. The approach showcases
rapid inference speeds and achieves a superior balance between detection performance and inference time, as
demonstrated through experiments on the KITTI dataset. Furthermore, our paper introduces Point-GNN, a
graph neural network designed for object detection in LIDAR point clouds. The approach efficiently encodes the
point cloud using a fixed-radius near-neighbors graph and leverages the proposed Point-GNN to predict object
categories and shapes for each graph vertex. Auto-registration mechanisms reduce translation variance, and a
box merging and scoring operation accurately combines detections from multiple vertices. Experimental results
on the KITTI benchmark reveal that Point-GNN surpasses fusion-based algorithms, showcasing the potential of
graph neural networks in the realm of 3D object detection. Additionally, the paper contributes to the field by
proposing an attention-based feature aggregation technique within a graph neural network for 3D object
detection in LiIDAR scans. The method employs a distance-aware down-sampling scheme to enhance algorithmic
performance while retaining maximum geometric features, even for objects distant from the sensor. Each GNN
layer incorporates per-node masked attention, considering the underlying neighborhood graph structure and
eliminating costly matrix operations. The proposed method achieves comparable results for 3D object detection,
demonstrating its robustness and accuracy on the KITTI dataset.
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LINTRODUCTION

The effective perception of the surrounding environment is imperative for ensuring the safe operation of autonomous
mobile robots or self-driving vehicles. In the context of road navigation, self-driving cars employ the Simultaneous
Localization and Mapping (SLAM) algorithm [ 1] to ascertain their spatial positioning concerning other entities such as
vehicles, pedestrians, and cyclists within proximity. This localization, coupled with an understanding of the scene's
objects, is critical for autonomous vehicles in making pivotal decisions related to braking, turning, and lane changing.
Object detection serves as a fundamental component supporting SLAM and scene-understanding algorithms in the realm
of autonomous driving. Given the real-time dynamics of driving scenarios and the inherent uncertainty associated with
object movements, object detection algorithms must exhibit a high degree of accuracy and robustness. Specifically,
these algorithms must yield minimal false detections, even in the face of fluctuating environmental conditions and
substantial occlusions.

Contemporary object detection systems, exemplified by successful deep learning models such as Faster R-CNN, SSD,
R-FCN, and YOLO, are proficient in classifying objects utilizing 2D bounding boxes. These models have demonstrated
efficacy for deployment in consumer products. However, limitations arise when seeking to capture comprehensive
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information, including depth and orientation, from the three-dimensional (3D) aspects of the surrounding environment.
The intrinsic inadequacy of 2D detectors in addressing the complexities introduced by the addition of a third dimension,
coupled with sparsity in input data and the degradation of data quality with increasing distance, collectively undermines
their performance in 3D object detection scenarios. This deficiency is notably apparent when applied to standard
benchmark datasets such as the KITTI object detection benchmark [2].

Graph-based approaches have recently gained traction in the realm of 3D applications using point clouds. Wang et al.
[3] introduce the EdgeConv operation, leveraging Graph Neural Networks (GCNN), to extract local features within a
graph structure. Bi et al. [4] employ GNNs for 3D object classification, while PointGNN [5] emerges as an early method
incorporating graph construction for 3D predictions. PointGNN utilizes a one-stage graph neural network, integrating
an auto-registration mechanism, to predict both the category and shape of objects.

Additionally, PointRGCN [6] adopts a graph representation for feature generation in the context of 3D object detection.
This method employs a two-stage approach, wherein R-GCN, a residual graph Convolutional Neural Network (CNN),
is responsible for classifying and regressing 3D proposals. Complementarily, C-GCN serves as a contextual Graph
Convolutional Network (GCN), refining proposals by sharing contextual information among multiple proposals.
Graph neural networks (GNNs) have demonstrated notable suitability in processing irregular and unstructured data,
particularly in their capacity to discern relationships among points and point sets [7]. GNNs, as a representation
framework, model data and associated relationships in graph structures, leveraging neural networks for feature
extraction. Given the inherent irregularity and lack of structure in point clouds, the application of GNNs is deemed more
appropriate for addressing the challenges posed by such datasets.

The field of computer vision has seen a pronounced emphasis on the significance of 3D object detection, particularly in
light of its rapid integration into various real-world applications such as autonomous driving [ 8], augmented reality [9],
and others. Point cloud data, acquired through LiDAR technology, has emerged as a prevalent form of 3D data
representation and finds extensive application in 3D object detection. In comparison to RGB-D images, point clouds
offer a distinct advantage by providing accurate depth information and substantial geometric details [10], thereby
enhancing the efficacy of feature extraction processes in deep-learning-based approaches to 3D object detection.
Nevertheless, the unordered, irregular, and unstructured nature of point clouds [11] presents inherent challenges in
effectively harnessing this data modality for accurate 3D object detection.

To tackle the challenge, the field of 3D object detection from point clouds is primarily bifurcated into two main
categories: voxel-based [12] and point-based [13]. Voxel-based methodologies involve an initial voxelization step,
followed by the application of convolutional neural networks to extract relevant features. However, these approaches
encounter substantial computational challenges, particularly as resolution increases, and are limited in their capacity to
glean detailed geometric information from point cloud data. In contrast, point-based strategies directly process the raw
point cloud data, typically utilizing backbone networks such as PointNet [ 14] or PointNet++ [15].

To augment algorithmic performance, this study introduces a novel distance-aware voxelization method aimed at down-
sampling LiDAR point cloud scans. The method is meticulously designed to mitigate information loss while facilitating
the generation of relevant graph structures. Extensive evaluations are conducted using the widely adopted KITTI
benchmark dataset. A multi-scale hierarchical single-stage 3D object detection network is devised in this study,
incorporating graph neural networks. Additionally, a novel point set optimization methodology, grounded in density
clustering, is introduced to enhance the capture of local features within grouped point sets.

Key contributions are delineated as follows:

(1) Attention-Based Feature Aggregation: The study proposes a single-stage Graph Neural Network (GNN) based
algorithm for object detection and localization. Feature aggregation is executed through a masked attention mechanism,
wherein distinct weights are assigned to neighboring nodes. This approach enhances the ability to discern relevant
features during the aggregation process.

(2) Down-sampling Algorithm: A distance-aware down-sampling algorithm is introduced, leveraging variable-sized
voxels based on the distance of points from the sensor origin. This approach optimizes the preservation of geometric
features of objects, particularly those situated at considerable distances from the sensor origin.

(3) Development of a backbone network incorporating graph neural networks, proficient in capturing both local
relationships within point sets and global relationships between point sets. The design encompasses a local GNN layer
and a global GNN layer dedicated to extracting local and global features of point sets, with feature fusion conducted
between these layers.

(4) Introduction of a novel optimization methodology for point cloud partitioning employing density clustering. The
approach leverages density clustering techniques to identify optimal centers within point sets and facilitates the
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movement of point sets toward these newly identified centers. Prudent execution of such movements enhances the point
sets' capacity to encapsulate point clouds, thereby fostering improved local feature extraction.

Fig | 1. Three-point cloud representations

The presented graph neural network, Point-GNN, is formulated to take a point graph as input and produce outputs
comprising object categories and corresponding bounding boxes for each vertex. Point-GNN operates as a one-stage
detection method, capable of detecting multiple objects in a single iteration. To mitigate translation variance within the
graph neural network, an auto-registration mechanism is introduced, enabling points to align their coordinates based on
their intrinsic features. Additionally, a box merging and scoring operation is meticulously designed to ensure an accurate
combination of detection results originating from multiple vertices.

The proposed method undergoes evaluation on the KITTI benchmark, where Point-GNN attains state-of-the-art
accuracy utilizing only point cloud data, even surpassing sensor fusion approaches. Point-GNN thus demonstrates the
potential of a novel 3D object detection approach employing a graph neural network, serving as a promising baseline
for future research endeavors. An extensive ablation study is conducted to scrutinize the efficacy of individual
components within Point-GNN.

In summary, the contributions of this paper encompass the introduction of Point-GNN, a graph neural network-based
one-stage detection method, along with the implementation and validation of key components such as the auto-
registration mechanism and the box merging/scoring operation. The empirical results, particularly on the KITTI
benchmark, showcase the effectiveness of Point-GNN, positioning it as a noteworthy advancement in the field of 3D
object detection.

ILRELATED WORK

LiDAR-based methodologies for 3D object detection can be broadly classified into two principal categories: voxel-
based approaches and point-based approaches [16]. While alternative strategies such as projection-based approaches
[17] and frustum-based approaches [ 18] exist, their popularity has diminished relative to voxel-based and point-based
methodologies, primarily due to their inability to match the performance achieved by state-of-the-art methods. Voxel-
based approaches typically involve voxelization, employing 3D Convolutional Neural Networks (CNNs) or,
occasionally, 2D CNNs to extract features. On the other hand, point-based approaches directly process point clouds
without the intermediate step of converting them into structured representations. Generally, voxel-based approaches
demonstrate superior performance and speed, particularly at lower resolutions, compared to point-based approaches.
However, it is posited that thoroughly explored point-based approaches harbor untapped potential, given their intrinsic
capacity to directly process point clouds without relying on intermediate representations. This perspective suggests that
further exploration and optimization of point-based methodologies may reveal their latent advantages in the domain of
3D object detection.

Point-based approaches: Diverging from voxel-based 3D object detection methodologies, point-based approaches
engage in the direct processing of point clouds without transforming them into structured representations such as voxels
or pillars. Within the realm of point-based approaches, a dichotomy exists between two-stage and single-stage
methodologies. Two-stage approaches initially generate region proposals through a backbone network, followed by the
classification and refinement of these proposals to derive final classification scores and bounding boxes. Noteworthy
examples include PointRCNN [19], which employs PointNet++ as the backbone network and incorporates an anchor-
free mechanism for 3D proposal generation. PV-RCNN [20] integrates both voxel-based and point-based strategies,
sharing intermediate features in the first and second stages to enhance overall performance. It is worth noting that while
two-stage approaches deliver commendable accuracy, they are typically slower in execution and may not be suitable
for real-time applications.

Voxel-based approaches: Voxel-based methodologies represent the predominant paradigm in contemporary state-of-
the-art 3D object detection approaches. Pioneering this trend, VoxelNet introduced the Voxel Feature Encoding (VFE)
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layer and incorporated a region proposal network (RPN) to generate bounding boxes. PointPillars [21] innovatively
introduced pillar structures in the realm of 3D object detection, leveraging 2D convolutional neural networks (CNNs)
to achieve rapid inference speeds without compromising performance. SE-SSD [22] employed a voxel-based backbone
network and introduced a teacher-student network for the integration of 3D object detection, demonstrating superior
performance in both speed and accuracy compared to its predecessors. CenterPoint [23] adopts a two-stage network
architecture based on a center-based representation, simplifying the design of both 3D object detection networks and
tracking networks.

In contrast to the extensively explored two-stage methodologies, point-based single-stage approaches remain a
relatively nascent area of investigation. 3DSSD introduces F-FPS within its point-based object detection network,
eliminating the FP layers of the PointNet++ backbone. This innovation marks a significant stride as the first network
capable of achieving real-time point-based 3D object detection. PointRGCN [24] emerges as a pioneering endeavor by
incorporating graph neural networks in the domain of 3D object detection. Similarly, Point-GNN [25] employs graph
neural networks in the context of 3D object detection, presenting a single-stage network that attains notable performance
levels. SVGA-Net [26] deploys spherical voxelization in tandem with local and global graph neural networks to
facilitate feature extraction in the pursuit of enhanced performance.

HIL.METHODOLOGY

a: Graph Construction from a Point Cloud
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Fig | 2. The proposed framework. It has two main components: (a) graph construction from a point cloud, (b) a
graph neural network for object detection

DC-Sphere probe

Motivations: The rationale is grounded in the hypothesis that areas densely populated with points harbor a richer array
of features. This abundance of features, in turn, facilitates enhanced local feature extraction, thereby contributing to
improved detection outcomes. Moreover, posit that optimizing the completeness of points within an object's point set is
advantageous for refining detection results. In the context of a spherical point set exhibiting a considerable portion of
space, the repositioning of the sphere's center to a region containing a greater density of points becomes a feasible
strategy. This adjustment aims to enhance point occupancy, thereby promoting the inclusion of a more comprehensive
set of features and increasing the likelihood of capturing complete object representations.

Approaches: The initial step involves executing the original ball query utilizing centers sampled from Farthest Point
Sampling (FPS). Following the acquisition of each spherical point set along with its corresponding center, density
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clustering is employed to delineate multiple point clusters within the sphere. Subsequently, in instances where multiple
clusters exist, the cluster with the highest point density is selected, and its center of gravity is calculated.
Ultimately, the repositioning of the sphere's center to the calculated center of gravity of the identified cluster is executed,
followed by a repetition of the original ball query to obtain the updated point sets. After this second ball query, scrutiny
of points that have transitioned out of the revised point set is conducted. In cases where the count of such points
surpasses a predefined threshold (denoted as mi), the original center and point set are retained to avert the potential loss
of crucial detail information present in the initial point set. A detailed procedural elucidation is provided in Algorithm
1.
To capture the local structure of objects and dynamically adapt the weights of edges to the similar neighbours, we
defined e, as:
eyy = a(6xu,‘,’ Osyyv )V € N(u) (1)
where 8x,y = X, — Xy, the difference between relative coordinates of vertex and 8s,, = M(sv) — M(su), where
M is a feature mapping function, i.e, multi-layer neural network. The relative coordinate difference between vertices
learns the spatial relationship between u and neighbour v. The feature difference between vertex pairs, assigns more
weight to the similar neighbors.
Regression Loss Function: For regression loss A, we parameterize a 3D ground truth value of a bounding box in
seven degrees-of freedom, such that by = (xgt, ygt, zgt, 1gt, wgt, hgt, gt). Similarly, the prior anchor box coordinates
are encoded as ba = (xa,ya,za, la, wa, ha, 8a). Therefore, the residual difference between the predicted bounding
boxes and ground truth boxes is given by:

gt wgt
ox = xgt — xa/déd, 6y = ygt — ya/dd, 6z = zgt — za/béd, 6, = log (—),SW = log ( ” ), op =

la a

log (%) 86 = sin(Bg: — 64) )

ALGORITHM 1: DC SPHERE PROBE with Box Merging and Scoring

<> Input: D={dl....dn}th, B={bl....bn}, C, V
Parameter: m;

M<-{}, Z<-{}

Output: S4, Cq

S <- sphere_probe (C, V)

foreach S;, Ci,in S, C

Py, Ps,.....Px<- Density Clustering from S; to n clusters
while B!=empty do

P, <- Find cluster with the most points

i< argmax D

P<- average X, y ,z(Pm)

L<{}

for bjin B do

if iou(bi,bj) > Ththen

B«<B — bj,D<D-dj

Cai<-p

S4i <- sphere_probe(Cai, V) // perform sphere probe using the new center
Ri <- points in S; but not in Sg;

m < median(L)

0 « occlusion(m)

z « (o + 1)PbkL IoU(m, bk)dk

If count(R;)>=m; then

Sai<- Si, Cai <- C;

MM UMZ<ZUz

return M, Z

end

end
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In Algorithm 1, the input parameters comprise C and V, where C denotes the centers sampled through Farthest Point
Sampling (FPS), and V represents the entire point cloud set. The algorithm yields two outputs, namely Sq4, representing
the new point sets categorized through density clustering (DC)-sphere_probe, and Cq, signifying the newly determined
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centers. The variable mi functions as a conditional parameter, representing the point number limit for points transitioning
out of the initial point set. This parameter is instrumental in mitigating the risk of forfeiting crucial detailed information
inherent in the original grouping.

Classification Loss Function: The total loss consists of classification loss, residual loss, and shifting loss,

1 - 1 1
L=EZLC(SI,UI)+ llN—pZ[ui>0] Ly + )\ZN_ELS 3)

where Nc and Np are the numbers of total center points and positive center points in objects. In the classification loss
Lc, si and ui represent the predicted classification score and the center-ness label, respectively, and we use cross-entropy
loss for Lc.

Local GNN Layer: A graph neural network to extract local point-wise features in grouped point sets is designed in this
research. A graph is a pair G = (V, E), where V is a set of vertices and E is a set of edges. In our case, we construct N
complete graphs for R1 and R2 respectively. In ju (j € 1 ... N) grouped point set of scale Ri (k € 1, 2, 3), graph G j is
constructed, where V; consists of all points in a grouped point set, and E; is generated

Ej = {(u' V)lu,V € V]} 4)

The proposed methodology undergoes evaluation on the KITTI Object Detection Benchmark [27], comprising 8590
training samples and 8609 testing samples classified into three difficulty levels: easy, moderate, and hard. The dataset
encompasses three distinct classes: car, pedestrian, and cyclist. Our assessment focuses on the car category due to the
intricacy of scenes and the substantial volume of associated data. Notably, this alignment allows for an objective
comparison with existing studies, as many prior works similarly evaluate their networks on cars.

The training samples are partitioned into a training set (4803 scenes) and a validation set (4870 scenes) at a ratio of
approximately 1:1, consistent with established practices in the field. An ablation study is conducted on the 1:1-split
train-validation set. Additionally, a 4:1-split train-validation set is employed to train DCGNN for submission to the
KITTI official benchmark. In line with PV RCNN, a 30% local validation set is utilized to derive an approximate
indication of our model's performance for submission to the KITTI official benchmark.

The comparison of DCGNN's KITTTI official benchmark results with state-of-the-art models is conducted using the
average precision (AP) metric, with evaluation specific to the car category employing an IoU threshold of 0.8.

IV.RESULTS & DISCUSSION
Table 1: Performance comparison on KITTI 3D object detection
Approaches Stage Modality Easy Moderate Hard
PointRCN 2 Point net ++ 86.97 75.66 70.72
based
Point-GNN 1 GNN based 88.35 79.67 72.49
SVGA-Net 1 GNN based 87.36 80.67 75.99
Proposed 1 Dyanmic 89.67 80.67 74.56
GNN DC
based

Table 1 illustrates the results for 50 recall points based on the KITTI online benchmark. Selected for comparison are
prominent single-stage point-based models, including Point-GNN, and SVGA-Net, alongside the proposed.
Additionally, two-stage models such as PointRCNN recognized as the pioneering point-based 3D object detection
network, a graph neural network (GNN)-based model, are included.

Fig | 3. Evaluation of LiDAR-based object detection under sparsity conditions
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Evaluation of LIDAR-based object detection under sparsity conditions is essential for assessing robustness. The KITTI
dataset, which captures point cloud data using a 64-scanning-line LiDAR, represents a high-density LiDAR
configuration with associated cost implications. Consequently, there is interest in understanding object detection
performance under conditions of reduced LiDAR point cloud density. To emulate a LiDAR system with fewer scanning
lines, we undertake down sampling on the KITTI validation dataset. Given that KITTI provides point cloud data without
explicit scanning line information, we employ k-means clustering to categorize the elevation angles of points into 64
clusters, each representing a LiDAR scanning line. Subsequently, down sampling is performed to create datasets with
32, 16, and 8 scanning lines by selectively omitting scanning lines in between. Notably, accuracy experiences a rapid
decline for moderate and hard levels as the data is down sampled. Conversely, detection accuracy for easy-level data
remains reasonably consistent until down sampling to 8 scanning lines. This observation is attributed to the fact that
easy-level objects are predominantly located near the LiDAR, resulting in a dense point cloud even as the number of
scanning lines decreases.

\
L
W :,““
i
e

2

Fig | 4. Qualitative 3D detection results of our architecture on the KITTI validation set.
Inference Time:
The evaluation of inference time for DC-sphere probe and Graph Neural Networks (GNNs) within a single batch serves
to substantiate the rapid inference speed of the network, as depicted in Table 2. The results indicate that, despite the
perceived time-consuming nature of the DC-sphere probe and GNNs, our finely optimized implementation yields
notable efficiency, achieving a fast inference speed.
Table 2 Inference time of DC-sphere probe and GNNs in a single batch

Module Inference time (s)

DC sphere_probe 0.024

GNN’s 0.014

Overall 0.105
V.CONCLUSION

This paper introduces a single-stage 3D object detection network, denoted as Dynamic Edge, Density Clustering, Point
Clouds, and Graph Network. A novel optimization technique for point set partitioning referred to as a DC-sphere probe,
is proposed and validated through comprehensive experiments, demonstrating its efficacy. Leveraging the construction
of local and global graphs, along with the utilization of graph neural networks, facilitates the capture of both local and
global relationships within point clouds. Comparative analyses against state-of-the-art networks showcase the
commendable performance of in terms of both inference speed and detection accuracy. In this study, two distinct graph
neural network (GNN) architectures, namely PointGNN and the dynamic edge weight-based GNN, were proposed for
3D object detection in the context of autonomous driving applications. PointGNN leverages a graph representation of
point cloud data, offering a compact encoding without resorting to grid mapping or repetitive sampling and grouping.
The auto-registration mechanism introduced in PointGNN successfully mitigates transition variance, and the box
merging and scoring operation contribute to improved detection accuracy, leading to superior performance in both 3D
and Bird's Eye View object detection on the KITTI benchmark. The dynamic edge weight-based GNN, on the other
hand, diverges from the state-of-the-art by utilizing a graph representation of point cloud data as opposed to volumetric-
based approaches. Its architecture incorporates an attention technique for feature extraction based on relative
coordinates and feature similarity between vertices, yielding accurate bounding box positions in road scenes. The
experimental results on the KITTI dataset benchmark demonstrate satisfactory performance in 3D classification,
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bounding box location estimation, and category classification on the Bird's Eye View benchmark, all achieved with low
inference times. Future endeavors will focus on refining prediction results and optimizing code for enhanced inference
speeds.
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