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Abstract: Accurate and comprehensive 3D objects detection is important for perception systems
in autonomous driving. Nevertheless, contemporary mainstream methods tend to perform more
effectively on large objects in regions proximate to the LiDAR, leaving limited exploration of long-
range objects and small objects. The divergent point pattern of LIDAR, which results in a reduction
in point density as the distance increases, leads to a non-uniform point distribution that is ill-suited
to discretized volumetric feature extraction. To address this challenge, we propose the Foreground
Voxel Proposal (FVP) module, which effectively locates and generates voxels at the foreground of
objects. The outputs are subsequently merged to mitigating the difference in point cloud density and
completing the object shape. Furthermore, the susceptibility of small objects to occlusion results in
the loss of feature space. To overcome this, we propose the Multi-Scale Feature Integration Network
(MsFIN), which captures contextual information at different ranges. Subsequently, the outputs
of these features are integrated through a cascade framework based on transformers in order to
supplement the object features space. The extensive experimental results demonstrate that our
network achieves remarkable results. Remarkably, our approach demonstrated an improvement of
8.56% AP on the SECOND baseline for the Car detection task at a distance of more than 20 m, and
9.38% AP on the Cyclist detection task.

Keywords: 3D object detection; LiDAR; local aggregation operator; autonomous driving; 3D point cloud

1. Introduction

The development of autonomous driving technology has led to the burgeoning interest
in 3D object detection. LIDAR has become one of the most popular sensors due to its ability
to accurately capture 3D information in space with point clouds.

In contrast to 2D images, which utilize a pixel-based data structure, 3D detectors
typically employ point clouds as input data, the inherent disorder and irregularity of which
[1] bring challenges to the convolutional operation [2]. The majority of existing 3D detectors
can be categorized into raw point cloud methods [1,3-5] and volumetric methods [6-8].
Prior methods directly consumed points and maintained the spatial information of the
point clouds. For example, PointNet [1] and Part-A2 [5] employ multiple transform layers
constructed with Multi-layer Perceptron (MLP) to aggregate the input points into aggregate
point features, which are then output by a Feed Forward Network (FFN) to produce the k
class classification scores. However, the raw point cloud is computationally expensive due
to the 3D convolutions. In contrast to the aforementioned approaches, volumetric-based
methods, such as [7,8], discretize the unstructured point clouds into a volumetric 3D grid
of voxels, processing the voxel space similarly to the pixel space. However, the efficiency of
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the conversion from the point domain to the voxel domain exerts a strong influence on the
detector potency.

Although these approaches have demonstrated robust feature extraction capabilities
on point clouds, they largely disregard the fact that LIDAR scanning angle changes result
in the collected points naturally diverging as distance increases. Consequently, the number
of points returned by closer distances is considerably greater than those returned at farther
distances, resulting in a significant difference in point cloud density at different distance
ranges from the LiDAR (as seen in Figure 1), which means point features extracted from
sparse regions may generalize poorly to dense regions, and vice versa. As shown in
Figure 2, most current methods ignore this density variation, resulting in a higher detection
capability with Average Precision (AP) > 90% at near distance, far greater than than at far
distance (AP of 30—45%).In autonomous driving, the system has more time and choices to
make decisions when the effective detection range is greater and the detection categories are
more comprehensive. For safety reasons, it is necessary to improve the detection accuracy
of long-range objects.

distance:48.95m, number: 17 distancei'529.48m, nu;nber: 129

Figure 1. Illustration of the imbalanced point density on the KITTI dataset. (Top): The raw point
cloud with green 3D bounding boxes. (Bottom): The zoomed-in display of three different distance
objects with distance and point number information labeled. We use the line point from the center to
direction to specify the direction the object is heading.

Refs. [4,9] mitigate the issue of imbalance point density by Farthest Point Sampling
(FPS), which extends the point set by selecting the points that are furthest away from the
already selected point set to ensure that there is a uniform distribution of distances between
the sampled points. By employing this methodology, the discrepancy in point density
between dense and sparse regions can be mitigated by regulating the capacity of the point
set. However, this approach entails a trade-off between resolution loss and point density.
While it offers a more balanced spatial representation, it also results in a significant loss of
spatial information.

In fact, even for long-range objects with a more decentralized distribution of points,
strong representation capabilities still remain. Ref. [10] have demonstrated these repre-
sentation capabilities by completing the sparse shape of an object to a dense shape with
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LiDAR points only. In addition, most networks rely heavily on the surface features, as
the LiDAR beam has difficulty reaching the interior of the object, resulting in incomplete
object coverage, especially for larger objects. It can be demonstrated that the unbalanced
point density results in a learning bias towards the objects occupying the dense points
in the detection (as seen in Appendix A). To overcome this limitation, we introduce the
Foreground Voxel Proposal (FVP) module. Specifically, it aims firstly to voxelize the raw
point cloud, which serves to overcome the disorder and irregularity inherent in the data.
Subsequently, the FVP module employs the voxels of the foreground to generate proposal
points that lie within the ground truth box, thereby enriching the internal information on
objects and balancing the difference in point cloud density at different distances.
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Figure 2. Detection performance of state-of-the-art methods at different distances.

Once the voxels have been constructed, the next challenge lies in effectively extracting
the features from the voxel space. However, the small objects within the autopilot scenario,
such as pedestrians and cyclists, are more susceptible to occlusion due to their small reflec-
tive area. Meanwhile, the design of the convolution kernel limits the acquisition of global
features, which is crucial for detecting small objects, such as cyclists and pedestrians. In
order to enhance environmental coverage, it is essential to direct attention towards smaller
objects, rather than solely focusing on larger ones. Current methods often overlook this
crucial aspect [7,11-13]. Inspired by the accomplishments of vision transformer (ViT) [14],
which regards the input features as patches and gains a global view by calculating the
correlation between different patches, many approaches have been successful in capturing
long-range information [12,15]. However the expending of the receptive fields imposes a
burgeoning computational burden. To capture the long-range information while preserving
local features, we propose a transformer-based cascade network named Multi-Scale Feature
Integration Network (MsFIN). The key idea involves dividing the voxel space into multiple
concentric 3D windows of varying sizes. By adopting self-attention with different rate of
sampling, each size of window focuses on a different granularity of information with a con-
trollable calculating burden. By cascading the concentric windows with cross-attention [14],
the communication between windows is established. In order to assess the efficacy of our
module, we conducted experiments on KITTI [16] dataset. Our results demonstrated that
our module exhibited remarkable performance, particularly in the context of long-range
and small objects. In summary, the main contributions of this paper are as follows:

1. A Foreground Voxel Proposal (FVP) module was designed to enhance point cloud
density by proposing voxels at the foreground of sparse objects, thereby circumventing
the bias that arises from an imbalanced point density. It improved the network’s
detection capabilities of distant objects.
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2. We present a Multi-scale Feature Integration Network (MsFIN) based on the cascading
attention framework, which progressively incorporates contextual information at
larger scales, supplementing the objects with surrounding voxel features. It improved
the network’s detection capabilities of small-reflective-area objects.

3. We combine the FVP module with MsFIN and propose the Multi-scale Foreground
Voxel Proposal (Ms-FVP) network, which balances the detection of long-range objects
with that of small-reflective-area objects. We compare a variety of other models and
demonstrate the effectiveness of our algorithm.

The structure of this paper is as follows: Section 2 reports the related research. Section 3
introduces the network structure and method in detail and Section 4 presents our work and
experimental results and compares them with related methods to verify the effectiveness of
our approach. Finally, Section 5 concludes the paper.

2. Related Work

This section reviews existing works on 3D object detection based on LiDAR point
clouds. Then, we review the methods to counter the issues of non-uniform point density
and occlusion in the 3D object detection of long-range objects and small-reflective-area
objects. Finally, we introduce the transformer in 3D objection detection.

2.1. 3D Object Detection on Point Clouds

Detecting 3D objects from point clouds typically involves point-based detec-
tors [4,17-19] and voxel-based detectors [5,6,8]. The point-based methods consume
the point clouds directly and aggregate the features of an object from neighboring
points. PointNet [1] extends the points” features with a shared feed-forward network
and uses the maximum function to aggregate the feature for the object. To better
represent the local structure, PointNet++ [3] adopts a hierarchical structure, which can
effectively extract local features in different areas based on different sensory field sizes.
The voxel-based methods usually voxelize a point cloud into 3D grids with a specially
designed local aggregation operators and then apply a Convolution Neural Network (CNN)
to extract the features from a series of voxels. The local aggregation layer usually adopt
the coordinates and features of points inside the grids as input, and outputs the combined
result as a feature representation of the whole voxel. VoxelNet [6] utilizes PointNet [1,20]
as the operator to aggregate features and then employ sparse 3D convolution to generate
the detection outcome. However, due to the sparsity of the point cloud, a large number
of convolutional computations are performed in a space with vacant feature, causing a
computational burden. SECOND [8] mainly focuses on improving the performance of
sparse convolutions to improve the computation efficiency. PointPillars [21] expends the
scale in the height axis to format the voxel into a pillar, which allows the use of 2D CNNs
to further increase efficiency. However, the loss of resolution in the height direction results
in a reduction in detection accuracy. Pillarnet [20] further improves the inference accuracy
of the pillar-based method by adding a neck network, while maintaining a high inference
speed. In this paper, we employed the voxel-based approach Region Proposal Network
(RPN) to ensure the efficiency.

2.2. Non-Uniform Density Point Cloud in 3D Detection

The distribution of 3D points across the distance range in a LIDAR point cloud for
autonomous driving is inhomogeneous [22,23]. This is primarily due to the fixed scanning
pattern of the LiDAR sensor and its limited beam resolution, which results in significant
differences in point density between objects at different distances from the sensor. Ref. [24]
put forward a density-adaptive sampling method that addresses the issue of point density
while maintaining the point object representation. The method involves oversampling to
balance the point density of the pre-mesh point cloud data, followed by empirical sampling
of points from the balanced mesh. PDV [23] addresses this issue from an architectural
standpoint by considering point density variations. The method employs a voxel point
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plasma to identify voxel features, thereby enabling their spatial localization. These features
are then aggregated through a kernel density estimation-based density-aware Region of
Interest (Rol) pooling module and self-attention mechanism. Refs. [10,25] viewed this
problem as a complementary problem for a mutilated point cloud. The encoding-decoding
module was designed to learn the complementation rule by using randomly sampled point
clouds with complete point clouds as training data. ImVoteNet [26] combines images and
point cloud for long-range object detection. Additional semantic information is provided
to the object by using visible light features as a complement. SPG [27] adopts a hide-and-
predict strategy, whereby a portion of the object’s points is deliberately concealed, while
the remainder is left unaltered. This is achieved by monitoring the network’s generation of
points on incomplete objects, thereby enhancing the network’s resilience. In this work, we
address the issue of low accuracy in long-range object recognition due to a non-uniform
point cloud distribution by upsampling the raw point cloud. However, to prevent the
significant increase in computing burden that would result from upsampling the whole
screen, we differentiate between the foreground and background of the point cloud. By
supervising the network to upsampling solely based on the foreground points, we can
efficiently enrich the point cloud without increasing the computational effort and improve
the network robustness.

2.3. Small-Reflective-Area Object Detection in Point Cloud

In the context of 3D small-reflective-area object detection, the recognition accuracy
is often negatively impacted by occlusion and adverse weather conditions, which result
in the complete absence of object feature space. Refs. [28,29] improve the completeness
performance of the point cloud feature space by utilizing adversarial networks for the
purpose of complementing the feature space. Ref. [30] proposes a shape-completion method
based on adversarial network inversion, which circumvents the necessity for pairwise
real-data dependence by utilizing an adversarial network that has been pre-trained on
the complete shape. This is achieved by searching for latent codes that will provide
the complete shape that best reconstructs a given portion of the input. PillarNeXt [31]
enhances network contextual connectivity by integrating multi-scale feature fusion, which
aggregates features at different scales to provide more comprehensive information on
small objects. MsSVT [32] explicitly divides attention head into multiple groups, with each
group focusing on a specific range. This allows the system to gather both fine-grained and
long-range information, which it then uses to gather supplementary contextual information
from neighbouring groups to enrich the feature space of small objects. In this paper, we
employ the large receptive field strategy. The objective of expanding the receptive field is
to facilitate the acquisition of contextual information at different scales. The aggregation of
multi-scale contextual information enables the acquisition of supplementary information
for small-reflective-area objects.

2.4. Transformer-Based Network on Point Clouds

Since the Transform [14] model was proposed, it has made impressive achievements in
various fields. Refs. [33-37] conducted an exploration of the application of a transformer in
point clouds, demonstrating the potential of attentional mechanisms for capturing spatial
dependencies. VoTr [12] employs the attention mechanism for the purpose of backbone
construction. This is achieved through the utilization of self-attention for the extraction
of inter-voxel features within voxels. CT3D [38] introduces a two-stage channel-wise
transformer architecture for 3D object detection, which aggregates the features of all the
points output by the encoder module into a global feature that represents the features of
this proposal. In contrast, our method divides mixed windows and balanced sampling
to achieve the more efficient fusion of multi-scale features within each attention layer. By
specifically projecting different sizes of divided windows into query windows and applying
cross-attention, not only does the voxel better understand global features, it can also learn
the relationship between local and global features for multi-scale feature capture.
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Foreground
Voxel Proposal

3. Method

In this section, we introduced our network for 3D object detection from point clouds.
We begin by providing a detailed explanation of the Foreground Voxel Proposal module
(Section 3.1), which generates points at the foreground space of the object in order to
enhance the object’s features and achieve balanced point cloud density within the detection
space. Subsequently, we delve into the specifics of the Multi-Scale Feature Integration
Network (Section 3.2), which capture mixed-scale information for voxels. Lastly, we discuss
the region proposal network and training targets (Section 3.3).

The pipeline of our network is present at Figure 3. The raw point cloud is firstly
aggregated into voxels to counteracting disorder and irregularity. Then the foreground
voxels are utilized for the proposing points by the Foreground Voxel Proposal module. The
proposed points are then aggregated and merged to mitigate point density differences.

Classification
Conv <
Regression

Feature Map

Sparse
Convolutlon

Multi-Scale Feature
Integration Network

RPN
Figure 3. The overarching architecture of our detection framework.

In order for the model to more effectively capture the long-range information, the
Multi-Scale Feature Integration Network is adopted. Finally, we pass the multi-scale feature
voxels to the spare convolution layers [8] for the further extraction of higher level features,
which are then sent into the Region Proposal Network (RPN) to form the final result.

3.1. Foreground Voxel Proposal Module

The overall architecture of FVP module is depicted in Figure 4. Initially, we divide the
point space into grids and aggregate the point features in the same grid into voxels. For
each voxel, the network predicts the probability of being a foreground voxel. Subsequently,
the foreground voxels are required to proposal for the features of points located inside the
object bounding box. Finally, we voxelize the proposal points and merge them with the
raw voxels.
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Figure 4. Illustration of FVP module. In order to provide a more comprehensive illustration of the
processing flow, we simplify the three-dimensional space into two dimensions by compressing along
the height direction.
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3.1.1. Point Cloud Aggregation

Since the typical LiDAR sensors can capture more than 100k points per frame on
the streets [16,39,40], in order to avoid the high computation and memory requirements
of directly consuming the raw points, we aggregate the raw points into voxels. Let
¢ = {Xm, Ym, zm } be a voxel centroid with the arithmetic mean of all points in this voxel,
and P = {p1,p2, .-, PN} € R3*F be the set of raw points of location xyz with F properties
in the voxel. For each point p; within P, the point-wise enhancement is first performed:

pi = {£. £, F} (1)
where ¥ = {x;, Ax;;, } and Ax;,, is the distance to the voxel centroid at x dimension. Based
on this, a simplified PointNet [1] is applied in each voxel with a multilayer perception
(MLP) and a symmetry function to generate the voxel V:

V = MAX({MLP($;)|i = 1, ..., M}) )

where we use the MAX(-) as the symmetry function to make the model invariant to input
permutation. Since it is common for the coordinates of points to be negative in LIDAR
coordinate system, we also use LeakyReLU [41] instead of ReLU as the activation function
to avoid the gradient vanishing.

3.1.2. Foreground Voxel Confidence Prediction

To generate the points within the foreground object bounding box, only the foreground
voxels that contain the object information are considered to have the potential to make
the points proposals. We regard all the voxels within the bounding box as the foreground
voxels Vf, and consider the remaining voxels as background. Each voxel undergoes
processing through a shared FFN branch to encode features that contribute to determining
the probability confidence Pf. The probability confidence for each voxel is calculated as

P/ = o(FEN(V/)) 3

where the ¢ is the Sigmoid function to normalizing the predicted probabilities, and V is the
feature of the voxel. Restricting the foreground voxels from the proposal also keeps the
number of generated points from being excessive, so as to avoid imposing a computational
burden on the network.

To supervise Df, we use focal loss [42] to ensure a loss balance between foreground
and background classes:

Lygs = —p (1= p)"log(p)) — (1 — p/)(p/)" log(1 — ) (4)

where p/ is the ground truth prediction and p/ = 1 if the voxel belongs to the foreground
else p/ = 0.

3.1.3. Voxel Proposal

Given a set of foreground voxels V/ = {Vlf li=1,.., M}. We supervise the foreground
voxels to generate the proposal points p? € R3+P+F within the bounding box as

p! = MLP([V/; P/]) 5)

Specifically, the proposal process is realized with an MLP network with fully connected
layers, which is followed by batch normalization [43] and LeakyReLU. We additionally
appended the probability confidence P/ to generate the proposal points p”. The MLP takes
the foreground voxel features V and the foreground probability confidence of the voxel to
achieves the mapping RP — R3TP*F where the resulting vector consists of the proposal
point coordinates offset Ax; € R3, P values for foreground probability confidence and
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the F-dimensional feature vector. We choose the K proposal points with the highest P/ to
generate the proposal voxels V¥ as described in Section 3.1.1, and merge them with the
original voxels V to obtain the dense object representation.

We use Smooth-L1 loss for the regression of p?, which is calculated as

05(p —p)* iflp—pl <1
L = 6
Vproposal {p - P Otherwise ©)
where p is the ground truth of the point feature. It is pertinent to mention that, given that
the majority of the space in the foreground is devoid of points, we posit that the center of
each empty voxel serves as the object of the regression.

3.2. Multi-Scale Feature Integration Network

Global features can gather supplementary contextual information from neighboring
areas, which is beneficial for a more comprehensive understanding of the detect space,
particularly in the case of improving the detection performance on small-reflective-area
objects such as cyclists and pedestrians. As shown in lower part of Figure 5, the detect
space is initially divided into window clusters, each of which contains windows of different
scales. Subsequently, the obtained windows are inputted into self-attention blocks to
encode the visual word vector for each voxel. Lastly, we cascade the encoded windows
with cross-attention to facilitate the extraction of mixed-scale information.

LA

.~ I—Vlulti-ScaIe Feature Integration Network

Raw Voxels

..............

Details of Window

. Cluster Sampling

~
AY
1
1
1
1
. | | A
Window Cluster Cascade Attention !
Sampling Network T
1

Multi-sacle Feature Voxels

_______________________________________

[ Self Attention ]

[ Cross Attention ]

<]

[ Cross Attention ]

Self Attention ] [ Self Attention

__J Details of Cascade
Attention Network

_______________________________________________________________________

Figure 5. Pipeline of Multi-Scale Feature Integration Network.
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3.2.1. Window Cluster Sampling

We first divide the detect space into a series of non-overlapping 3D windows W
with size rg € Z? as initial windows. The windows will be mostly empty or include few
background points due to the sparsity of the point cloud. This sparsity is exploited by
imposing a limit on the number of voxels inside the window; only windows with voxels
greater than n in W are considered as valid windows. Consider {cj|¢; = (x,y,z) j}jL:O as
the center coordinates of Wy, where L denotes the total numbers of valid initial windows.
Then, centered on c, the space is divided into progressively larger windows of size r, where
r = {ri|li = 1,..., m}. Similarly, with operations as the initial windows, we save them only
for windows with voxels greater than n; and adopt the FPS strategy to sample voxels within
these windows to n;. We regard the set of windows with the same center ¢ as a window

cluster Wi = {W] , W{, W,]n ]-L:y where Wy, is the window with size r;,. By creating
window clusters, we obtain a set of windows that contains the feature information of the
same object at different scales. Also, the FPS step helps to reduce the memory consumption

and balance the distribution of voxels within different window clusters from LiDAR.

3.2.2. Cascade Attention Network

We aggregate the features across stages to increase object appearance to more accu-
rately and robustly detect distance. Initially, we compute word vectors for the voxels in the
window with a self-attention block and represent them as

X = {x0, X1,y Xn} (7)

where # is the total voxels in the window and x; € RP is voxel feature with attentional
weighting after passing through the self-attention mechanism. After that, we proceed
with the establishment of the cascade network by project X; and X]-H to Q € RN*D,
K € RNi+1XP and v € RNi+1%D with three learnable matrices, where X]- is the visual words
of the window with size r; and Xj+1 is the output of the previous attention stage. The
output voxels of each stage are computed by

o (QKT
X; = 0(%“) Vi ®)

where ¢ (-) is the softmax function and vk is a scaling factor to avoid gradient vanishing,
with reference to [14]. By calculating the attention matrix separately for windows of
different sizes r;, we can enrich the voxels with mixed-scale feature information.

3.2.3. Position Encoding

Position encoding has a crucial impact on the performance of a transformer-based
network. We add relative Position Encoding to the self-attention module by using the
absolute position and the relative position from the center of the window. The positional
encoding for each voxel feature is calculated as

PE(V;) = FEN([éy;, c]) ©)

where c is the center coordinates of a window and 5Vj =Xy, —cis the relative position of
voxel V from center of the window which it belongs. By simply concatenating the voxel
feature and corresponding Position Encoding, we finished the position embedding for
each voxel.

3.2.4. Sparse Accelerator

For the significant memory and computational burden in voxel transformer, a method
must be applied. We use the sparse accelerator to counter the sparsity of the voxel, fullfill
the positioning of center voxel and the collect voxels inside the windows. Sparse accelerator
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mapping of a sparse coordinate space to a dense voxels index is achieved by building a
hash table as discussed in [12]. The hash table contains two rows, preserving values and
keys separately, where values keep the features of voxels and keys are related to the voxel
coordinates, and each voxel corresponds to a unique key. For the query coordinates, the
accelerator decides whether the corresponding voxel exists based on the return of the
queried hash value. For example, we gather each feasible coordinate inside the window
when establishing the window cluster. These coordinates are then converted to the query
keys by a hash function, and only the values corresponding to valid keys are retained. We
followed the hash function discussed in [12] as

bxmax]/muxzmax + XYmaxZmax + YZmax + Z (10)

where Xyax, Yinax, Zmax represent the maximum range of detect space, and b, x, y, z denote the
batch index and the coordinates of a voxel. The hash function use the linear probing scheme
to resolve the collisions in the hash table. With the parallel capability of CUDA, coordinates
queries can be processed in parallel, which further accelerates the voxel searching process.
By leveraging the per-built hash table, we efficiently build the window clusters for the
following steps.

3.3. Region Proposal Network

We use the region proposal network similar to SECOND [8], which is composed of
several convolution layers with each followed with BatchNormal and ReLU layers. Finally,
the 1 x 1 convolutions are applied to generate classification vector, regression offsets and
direction vector. For the regression, we encode the box as

Yot — X Yst —Yp Zgt — Zp
X T Ay Tz y
l h
Al =log B Aw = log @,Ah = log e 4 (11)
ly Wy hp
A8 = sin(Bgt — 0))
where x¢; and x,, are, respectively, the ground truth and predictionand d = |/ (wp)? + (1,)?

is the distance between. The box regression loss is

Lreg = ) SmoothL1(Ab) (12)
be(x,y,z,1,wh,0)

We use the focal loss as the object classification loss:
Lys = —ag(1—p®)7log p” (13)

where p? is the class probability of the anchor and « is the weight of each class. We set
« = 0.25 and y = 2 as described in [8].

4. Experiments

We evaluate our algorithms by comparing them with existing algorithms on the KITTI
dataset, using both performance metrics and a qualitative perspective. Furthermore, the
detection capabilities of the algorithms are evaluated for objects at varying distances.
Finally, the contribution of each module to the network is analyzed.

4.1. Implementation Details

The size of the voxel used for the voxelization was (0.075 m, 0.075 m, 0.2 m). In the
MsFIN, each window cluster contains two scales of windows with sizes of (2 m, 2 m,
2m) and (5 m, 5m, 5 m), and the voxel centroid coordinates wrapped by the window are
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counted as an asset of the window. For the windows in the window cluster, the number of
preset voxels N; is 32 with the smaller window and 512 with the larger one.

Our model is trained end-to-end for 80 epochs using AdamW optimizer [44]. The
learning rate is initially set to 1 x 10~* and increases to 1 x 10~3 during the first 40% of
the epochs and decreases to 1 x 1072 in the last 20% of the epochs. We also augment the
dataset by dumping a 1% percentile of all points” heights to avoid the impact of ground
points on detection. All experiments are conducted using Python 3.8 on one machine with
8 RTX 3090 GPUs and 2.8 GHz AMD EPYC 7402.

4.2. Result on KITTI

In this section, a comparison is made between the ability to detect objects at different
distances in the KITTI dataset, as well as the ability to detect objects at different levels of
difficulty, with other existing methods.

4.2.1. Dataset Setups

All experiments use KITTI object detection benchmark dataset [16]. The KITTI dataset
contains 3712 training samples, 3769 validation samples [7] and 7518 test samples. Only
the points within the field of view are retained because these are the only regions that have
been labeled.

The evaluation metric we used is the Average Precision (AP) for 3D detection task and
Bird’s Eye View (BEV) detection task, with three difficulty levels based on the number of
points occupied by the object and the degree of truncation: Easy, Moderate, and Hard. We
also report the results on the validation set at different distance ranges.

4.2.2. Main Results

Since point clouds of different densities can introduce data density imbalance prob-
lems, as discussed before, the capability of FPV for objects at different distance ranges
was first evaluated. We split the validation set into three copies based on the distance of
the object, containing three different distances, i.e., 0-20 m, 20-40 m and over 40 m. As
shown in the fifth and the last columns in Table 1, the mean Average Precision (mAP)
results of all three distances in our work outperforms previous methods, with 0.83% on
the 3D detection task and 0.8% on the BEV detection task. For rear objects less than 20 m
away, the performance obtained is comparable to the most effective algorithms, while as
the distance increases, our method shows better performance, leading SIENet by 0.73% AP
in the BEV detection task at distances of 0-20 m, and by 2.15% AP at distances over 40 m.
A similar trend can be also observed in the 3D detection task, with our method leading
SIENet by 0.87% AP at distances of 2040 m and by 1.89% AP in comparison to MVP at
distances exceeding 40 m. It is noted that our method has a slightly lower performance
in the under 20 m range. Given that the AP baseline for close objects is sufficiently high
(>95%), and the ability to detect mid-range and long-range objects in autonomous driving is
of greater importance for the safety during driving, we consider such an inconsistency to be
acceptable. These results provide compelling evidence of the efficacy of our methodology.

Additionally, Table 2 presents the detection result on the Car, Pedestrian and Cyclist
categories. Our network outperforms other models at the Hard and Moderate level, which
are mainly composed of sparse point set objects and obscured objects. We outperformed
VoxelRCNN on 3D Car detection by 1.04% and 0.31% on Moderate AP and Hard AP,
respectively. Moreover, our model exhibits excellent performance in the detection of of
small objects, achieving 6.86% AP over VoxelNet [6] in the Pedestrian category at the Hard
level and a striking 26.6% AP in the Cyclist category at the Hard level. To compare it with
the second best result, our Pedestrian result outperformed VoxelRCNN by 1.47% on Hard
AP and 0.18% on Moderate AP. The same trend is also shown in the detection of cyclists, as
shown in the ninth and tenth columns.
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Table 1. Average Precision (%) comparison of Car detection task at different distance ranges. The
result is reported on the R40. We mark the best result in bold and second best in underline.

3D Detection BEV Detection
Method
0-20 m 20-40 m >40 m Mean 0-20 m 20-40 m >40 m Mean

SECOND [8] 95.32 77.08 35.97 69.46 96.14 88.89 54.31 79.78
PointPillars [21] 94.15 76.41 31.24 67.26 95.63 87.66 50.66 77.98
Part-A2 [45] 96.30 80.03 38.01 71.45 96.69 88.59 54.65 79.97
PV-RCNN [9] 96.02 80.10 39.80 71.97 96.36 88.85 55.47 80.23
MVP [46] 96.35 79.83 44.62 73.60 96.96 89.22 58.83 81.67
SIENet [10] 96.23 82.78 44.59 74.53 96.67 89.70 60.37 82.25
Ms-FVP (Ours) 95.93 83.65 46.51 75.36 96.22 90.43 62.52 83.05

Table 2. Average Precision (%) comparison on KITTI val and test set. We use R40 recall for the AP in

the Car, Pedestrian and Cyclist categories. The best result is marked in bold and the second best is

marked with an underline.

Validation Test

Method Param 3D Car (IoU = 0.7) 3D Ped. (IoU = 0.5) 3D Cyc. (IoU = 0.5) 3D Car (IoU = 0.7)

Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard
VoxelNet [6] 6.4M 81.97 65.46 62.85 57.86 53.42 48.87 67.17 47.65 45.11 77 47 65.11 57.73
SECOND [8] 53M 86.46 77.28 74.65 61.63 56.27 52.60 80.10 62.69 59.71 84.65 75.96 68.71
PointPillars [5] 48M 88.61 78.62 77.22 56.55 52.98 47.73 80.59 67.16 53.11 82.58 7431 68.99
3DSSD [19] 28M 88.55 78.45 77.30 58.18 54.32 49.56 86.25 70.49 65.32 88.36 79.57 74.55
VoTr-SS [36] 48M 87.86 78.27 76.93 - - - - - - 88.36 79.57 74.55
VoxelSet [35] 31M 88.45 78.48 77.07 60.62 54.74 50.39 84.07 68.11 65.14 88.53 82.06 77.46
PointRCNN [4] 41M 89.03 78.78 77.86 62.50 55.18 50.15 87.49 72.55 66.01 86.96 75.64 70.70
PV-RCNN [9] 13.1M 89.35 83.69 78.70 63.12 54.84 51.78 86.06 69.48 64.50 90.25 81.43 76.82
VoTr-TS [36] 12.6 M 89.04 84.04 78.68 - - - - - - 89.90 82.09 79.14
PV-RCNN++ [47] 141 M - - - - - - - - - 90.14 81.88 77.15
MsSVT [32] - 89.08 78.75 77.35 63.59 57.33 53.12 88.57 71.70 66.29 90.04 82.10 78.25
VoxelRCNN [7] 7.6 M 89.41 84.52 78.93 - - - - - - 90.90 81.62 77.06
Ms-FVP (Ours) 9.8M 89.21 85.56 79.24 62.81 57.51 54.59 87.64 74.25 68.75 89.86 83.47 79.46

4.2.3. Visualization

Qualitative Results. The results on the KITTI dataset demonstrate the excellent
detection capability of our method, especially for long-range objects and small objects.
We also present the qualitative results in Figure 6. Notably, our method demonstrates
the capability of accurately detecting an object at a distance of more than 50 m with an
extremely sparse distribution of points, as shown in the upper portion of Figure 6. This
remarkable capability proves the effectiveness of our work in balancing the bias of point
clouds, as well as complementing the shape of the object. The result also provides a
comprehensive detection of multiple-sized objects, as shown in the middle part of Figure 6,
which includes pedestrian, cyclist and car objects at different distances. The crowd was
still well detected despite the long distance (left front of the LIDAR). Nevertheless, when
confronted with exceedingly sparse and isolated objects, the limited local features with
the isolated location make it difficult for the window of the Cascade Attention Network to
capture more global information for it. The lower section of Figure 6 exhibits the excellent
detection in scenarios involving a large number of objects in close proximity to one another.
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ey s

Figure 6. Qualitative result of FVPNet on KITTI dataset. We use the line point from the center to
specify the direction in which the object is heading.

Visualization of Proposed Voxels. To gain a better understanding of the Foreground
Voxel Proposal module, we visualize the intermediate results produced during the propos-
ing of foreground voxels. The number of points on a object at long distances is typically
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fewer and more dispersed. As depicted in the upper part of Figure 7, the FVP module
generates voxels at both the surface edge and inner of the object, which effectively guides
the network to regress on objects with insufficient features. The lower part of Figure 7
presents the street screen prediction results with and without the FVP module, which shows
two common misjudgments in the case of point sparsity, i.e., positional errors and missed
detection. The introduction of the FVP module has been shown to significantly enhance
the detection ability in the case of long-range objects and those with occluded parts. This
observation serves to illustrate the capacity of the FVP module to generate voxels, thereby
enhancing the object information and reducing the bias impact of imbalanced point density,
which in turn leads to an increased probability of identifying the object.
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Figure 7. The visualization of proposed voxel. (a) The RGB image of detect screen and object. (b) The
voxel space of object. (c) The proposed voxels (Green) merged with origin voxels (Black). (d,e) The
predicted result with and without the Foreground Voxel Proposal module. where the Blue boxes and
Purple boxes are the generated and predicted objects.

Visualization of Cascade Attention. In order to analyze the impact of a larger re-
ceptive field for small-reflective-area object recognition, we visualized the results of the
Cascade Attention Network. As depicted in Figure 8a, the loss of feature information in
objects due to occlusion is significant, which leads to less attention given to the object area
due to the inability for the local receptive field to extract more valid information, resulting
in missed detection. After switching to a larger sensory field (Figure 8b), we found that
the network could still assign higher weights to the object region. At the same time, more
additional information is captured by the network due to the expanded receptive field.
Finally we cascade the results from the different receptive fields as described in Section 3.2,
and find that the network increased the weight to the objects in (a). This is due to the fact
that a larger receptive field allows for the acquisition of more feature information from
nearby objects, which in turn enables the detection of objects that are not feature-rich with
greater accuracy. Figure 8d,e illustrate that even in cases where the feature set is incomplete,
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our Multi-Scale Feature Integration Network can be utilized to improve the efficacy of
identifying objects that are devoid of features.

| |Pred Object GT Object

Figure 8. The visualization of cascade attention effect. (a) The attention map of the small-size window.
(b) The attention map of the large-size window. (c) The attention map of the cascade network.

(d,e) are the predicted result.

4.3. Ablation Studies

In this section, the efficacy of the proposed method was evaluated through ablation
experiments, which involved the validating of the components and parameter settings.

4.3.1. Effect of Key Components

We examine the impact of the crucial components, namely the Voxel Proposal, Cascade
Attention Network, Window Cluster Sampling and Position Encoding. The network was
incrementally augmented with these modules in order to facilitate the analysis of each
structure, as depicted in Table 3.

Table 3. Ablations on key components. The results are presented in AP (%) of moderate level.
VP: Voxel Proposal. CAN: Cascade Attention Network. WCS: Window Cluster Sampling. PE:
Position Encoding.

VP CAN WCS PE Car Ped. Cyc.
- - - - 78.46 55.23 69.73
v - - - 80.98 56.01 70.01
v v - - 83.53 56.31 70.86
v v v - 85.10 57.35 73.34
v v v v 85.56 57.51 74.25

Voxel Proposal. First, the Voxel Proposal strategy is assessed. As shown in the first
row, we used a base model that is only composed of the point cloud aggregate followed by
the convolution layers and detection head. To investigate the impact of our Voxel Proposal
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strategy, we insert our module before the convolution layers of the base model and combine
the proposed voxels with the origins. As shown in the first and second row of Table 3, by
limiting the number of participating voxels to those in the foreground and suppressing
the proposing results of those in the background through the confidence of foreground
prediction, we significantly improved the performance in all three categories, with the most
significant AP improvement being in the car objects: from 78.46% to 80.98%.

Cascade Attention Network. We explore the effects of the Cascade Attention Network.
We employed a base windows-based attention [48] and use the single size window of
(5,5,5) with the random sampling. As a comparison, we use a two level cascade network
to apply attention to the same window. As shown in the second and third row of Table 3,
the AP performance improved from 56.01% to 56.31% for the Pedestrian category and from
70.01% to 70.86% for the Cyclist category, suggesting that the cascade attention mechanism
has the ability to be made aware of different aspects of the features, and collects additional
feature information from the neighborhood to complement the object features.

Window Cluster Sampling. The effect of Window Cluster Sampling is presented in
the third and fourth row of Table 3. The use of different sampling rates for different window
sizes ensures that the network can efficiently acquire both fine-grained local features and
long-range information simultaneously. The adoption of the Window Cluster Sampling
significantly increases the AP by 1.04% and 2.48% in the Pedestrian and Cyclist categories,
respectively. Furthermore, the data also indicates an improvement in the detection of the
Car category from 83.53% AP to 85.10% AP.

Position Encoding. The effect of Position Encoding presented in the final two rows
of Table 3 demonstrates that incorporating Position Encoding improves the performance
compared to the base model without a Position Encoding strategy. The results indicate a
improvement on all three categories.

4.3.2. Impact of Foreground Voxel Confidence Prediction Settings

We further explored the impact of different prediction settings on network perfor-
mance. As illustrated in the first and second row of Table 3, the network exhibits enhanced
performance when foreground prediction constraints are imposed, in comparison to the
scenario where confidence is not constrained. To illustrate the effect of the confidence
prediction strategy, we change the setting of the confidence threshold, and present the
results of the comparison in Table 4. As shown in the first three rows, the exclusion of
background voxels from all proposing voxels resulted in an improvement in the detection
performance. In our test, the best detection performance could be obtained by using 0.5
as the threshold. After that, as the threshold rises, the performance starts to decrease and
eventually fluctuates within an interval. To explain this, we further analyzed the proposed
quality. As shown in the second column, which presents the best proposal out of all pro-
posals, we see that foreground voxels are more likely to be proposed in the foreground
space and the background voxels are more inclined to introduce unwanted noise due to the
lack of structural information. It is important to note that as the threshold increases, the
number of voxels generated begins to decline and eventually becomes insufficient to have
a significant impact on the prediction results.

Table 4. Ablations in the foreground confidence settings. mAP (%) is the mean AP across three levels
of 3D car detection.

Confidence Settings Positive Propose Rate mAP (%)
Threshold = 0.0 12.1% 76.25
Threshold = 0.3 47.5% 79.25
Threshold = 0.5 71.2% 83.91
Threshold = 0.7 79.2% 80.21

Threshold = 0.9 85.2% 79.62
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4.3.3. Impact of Window Cluster Sampling Settings

We examine the impact of varying window sizes on performance. As shown in Table 5,
we used a combination of three different window sizes. As seen in the first row in the
table, the application of two relatively larger-sized windows was the least effective on all
three categories. We attribute these results to the larger windows introducing a loss of local
information during the sampling step. Furthermore, we used a small and a large window
for pairing as shown in the final two rows. Significant performance gains were achieved
after replacing a larger window with a small window, especially for the small-reflective-area
objects. It is notable that the performance gain from further replacement with the larger
window is not significant, as the size of (5 m, 5 m, 5 m) is already able to accommodate the
majority of the categories in our test.

Table 5. Ablations in the size of window cluster. The results are presented as the mAP (%) of all three

difficulty levels.

Window Size Car Ped. Cyc.
(5,5,5)+ (7,7,7) 80.80 55.37 72.05
(2,2,2)+(7,7,7) 84.36 57.73 75.91
(2,2,2) + (5,5,5) 84.67 58.09 76.88

5. Conclusions

In this paper, we propose a LIDAR-based 3D object detection network that focus on im-
proving the detection performance of long-range objects and small-reflective-area objects in
an urban autonomous driving scenario. In the case of long-range objects with an extremely
sparse point distribution, the proposed detector employs a foreground Voxel Proposal
strategy that enables the generation of voxels within foreground objects. This mitigates the
imbalance of point cloud density bias and enhances spatial information. Furthermore, for
small objects that are prone to feature loss due to occlusion, a cascade attention structure is
proposed to capture voxels with both local and long-range information, effectively gather-
ing supplementary contextual information from neighbouring voxels. The efficacy of our
method has been demonstrated through extensive experimental evaluations. We evaluated
our method using KITTI and it outperforms the previous work in the detection tasks of
long-range objects and small-reflective-area objects. However, a slight lower detection
accuracy occurred with near objects compared to the current state-of-the-art algorithms.
We speculate that this is due to the fact that we did not improve the detection head to a
significant extent, as we focused our efforts on the processing of the point cloud of the
long-range objects and the small-reflective-area objects. In future work, we will investi-
gate the potential for enhancing the detection process to achieve further improvements
in performance.
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Appendix A

We assume that the non-uniform distribution of the point cloud introduces a bias as
a factor in the lower detection accuracy of long-range objects. To test our hypothesis, we
randomly sampled point clouds at near distances and then trained the processed dataset
with PointPillars [21]. The result in Figure Al exhibits an improved performance on
long-range objects.
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Figure A1. mAP for PointPillars [21]detector evaluated on KITTI validation dataset. The result on
PointPillars trained on KITTI point clouds with and without 50% random sampling at a distance
range of (0, 10) m are represented with a red bar and yellow bar, separately.
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