
GNN-based Point Cloud Maps Feature Extraction and Residual Feature
Fusion for 3D Object Detection

Wei-Hsiang Liao, Chieh-Chih Wang, and Wen-Chieh Lin

Abstract— LiDAR detection of long-range vehicles is chal-
lenging because very few and sparse points are measured
in long distances and vehicles with similar shapes of targets
could lead to false positives easily. To tackle these challenges,
taking the environment information (HD maps) into account
could be beneficial to predetermine where targets are more
or less likely to appear. Compared with semantic maps, HD
maps formed by point clouds provide much richer information
from surrounding static objects and scenes. In this work, we
construct a GNN-based feature extraction of point cloud maps
to increase the receptive fields of learning map features. Our
work is based on PVRCNN, the state-of-the-art LiDAR object
detection method. With point-wise and voxel-wise features
obtained from PVRCNN, residual feature fusion is proposed
to fuse the features from PVRCNN and the map features
from GNN. Our approach is evaluated on NuScenes dataset.
It achieves a 24.78% average precision improvement for long-
range objects at 40-50 meters, the farthest areas with ground
truth annotation. Our approach also has a 4.22% reduction of
false positives in the entire sensing areas.

Index Terms— LiDAR, Object Detection, Self-Driving Cars,
Point Cloud Maps.

I. INTRODUCTION

LiDAR object detection is a crucial task for self-driving
cars. Recently, many LiDAR object detection methods
have emerged [1]–[3]. However, there are still some prob-
lems. First, the point clouds become sparse as the dis-
tance increases due to the physical properties of LiDAR
sensing.Long-range vehicles usually only result in few
points. The lack of point clouds leads to the feature of the
vehicles being not enough and causes the vehicles to be not
easily detected (Fig. 1).

Second, LiDAR vehicle detection usually generates false
positives when the shapes of point clouds are similar to the
target object, such as building’s corner and shrubberies. Fig.
2(a) shows that there is an edge composed of point clouds
shown in the LiDAR measurements, caused by the building
located on the side of the road. The shape is similar to the
side of a car, usually leading to false positives.

As for the two problems we mentioned, consider that the
environment information is beneficial to distinguish whether
certain positions may appear vehicles. We propose a method
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(a) PVRCNN (b) Ours

Fig. 1: Long-range object detection improvement (a) There is very few
and sparse points are meatured in long distance. The vehicles are hard to
be detected. (b) We combine point cloud maps into detection model and
increase the recall on long-range.

(a) PVRCNN (b) Ours

Fig. 2: False positives reduction. (a) False positives are often caused by
background point clouds. The features are only extracted by PV-RCNN (b)
We reduce false positives by combining point cloud maps into the LiDAR
object detection model.

that combines maps with LiDAR object detection to prompt
the model to know where vehicles are located. Finally,
Increasing the recall on long-range vehicles detection and
reducing the false positives.

Point cloud maps are a result of multi-scans, which
provide a more accurate scene. For example, the point cloud
of the building’s corner is a shape of right angle (As shown
in Fig.4). This could help distinguish false positives from
true ones. On the other hand, point cloud maps provide static
scenes and objects in the long range. For example, the ground
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is a flat plane of point clouds, which can help to detect
long-range vehicle. There are some challenges in combining
point cloud maps with LiDAR object detection. Point cloud
maps provide many point clouds about the environment.
These additional point clouds may lead the model to generate
more false positives if the receptive field is not enough (see
Fig. 3(a)). Therefore, we construct a GNN-based feature
extraction to increase the receptive field of point cloud maps.
Based on the PVRCNN which provides point-wise features
and voxel-wise feature of LiDAR scan. Another challenge is
to fuse the map feature with other features. Because a general
MLP layer is not easy to fuse the huge disparity of different
features that contain a huge amount of information, we
propose a residual feature fusion to fuse point-wise features,
voxel-wise feature and map feature. First stage, the point-
wise features, voxel-wise features are fused. Here, we call the
fused feature PV-features. Second stage, learning a residual
feature to fuse the map feature and PV-features by adding a
skip connection. Therefore, the residual feature is capable of
fusion map feature to produce more representative features.

(a) Without GNN (b) With GNN

Fig. 3: Compare the model without or with GNN when add the point
cloud maps.

Contributions. We propose to combine point cloud maps
which provide detailed information in the LiDAR object
detection model to improve the detection performance. To
learn the environment feature on point cloud maps, we
construct a GNN-based feature extraction to extract the map
feature and increase the receptive field by feature passing.
After the map features are extracted, we propose a residual
feature fusion to fuse point-wise features, voxel-wise features
and map features. Finally, we trained our approach on the
training data from the nuScenes dataset [4] and tested it on
the validation data. For long-range task, our proposal obtains
a 24.78% average precision improvement for the long-range
vehicles in 40-50 meters. For the reduction of false positives,
we have a 4.22% improvement for the overall areas.

II. RELATED WORK

A. LiDAR Object Detection
Zamanakos et al. [5] and Qian et al. [6] introduced a wide

variety of methods for LiDAR object detection. PVRCNN
[3] is a top LiDAR object detection model among numerous

Fig. 4: Compare two kinds of maps in self-driving car. The red line is
the semantic maps provided from the nuScenes dataset. White points are
the point clouds maps. There is a corner of the building in the cyan circle.
There is a tree in the green circle.

methods and achieved the first place in the KITTI dataset
[7]. Therefore, we adopt PVRCNN [3] as a baseline method
and verify the addition of the map to the model. Like
mostly voxel-based methods, PVRCNN [3] first voxelizes
point clouds and advances the convolutional neural network
(CNN) to extract voxel-wise features. However, voxelization
of these point clouds may lead to a loss of detailed features
of point clouds. To address this problem, PVRCNN [3]
proposes a fusion of voxel-wise features and point-wise
features. After extracting voxel-wise features, the model
will generate a certain number of rough bounding boxes.
These bounding boxes will be refined by raw point clouds
that are within the bounding boxes. The feature of point
clouds that are within the bounding boxes will be extracted
by Multilayer Perceptron (MLP) [8] and concatenated with
voxel-wise features. Finally, these features will be used to
refine the previous bounding boxes and generate more precise
bounding boxes. PVRCNN++ [9] is an advanced version of
PVRCNN [3], proposing an efficiency keypoints sampling
module and VectorPool to improve the efficiency problem.
Both PVRCNN and PVRCNN++ [9] exhibit comparable
performance, but our method outperforms PVRCNN [3].
Based on our findings, it is reasonable to infer that our
method will achieve better performance than PVRCNN++
[9].

Inspired by CenterNet [10], Yin et al. [11] propose a two-
stage object detection method. The target of the first stage
is to find the position of the target object in the LiDAR
scan. The model considers the center of the object as a
target and adopts a convolution as a feature extraction to
find the position of the target. Second stage, generate the
precise bounding box from first stage results. Inspired by
DETR [12], Bai et al. [13] adopted a convolution network
to extract features and generate object queries. Next, they
use a transformer architecture to find the global relationship
of the queries. Finally, the detection head produces the final
detection results. SE-SSD [14] propose a pair of teacher and
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Fig. 5: The architecture of the proposed approach. There are three feature extraction modules, a. Graph Neural Network is used to extract features from
point cloud maps, b. Convolution Neural Network is adopted to extract voxel-wise features, c. point-wise features are extracted by Multilayer Perceptron,
d. The ROI is a certain number of rough bounding boxes. They are generated by voxel-wise features. Three types of features will be fused and used to
refine ROI generated from voxel-wise features.

student detection model and design an effective IoU-based
matching strategy to filter soft targets from the teacher and
formulate a consistency loss to align student predictions with
them.
B. LiDAR Object Detection with Maps

In self-driving car, Maps can be divided into semantic
maps and point cloud maps. Both maps have different advan-
tages. Semantic maps provide high-level information but lack
detailed environment information. Point cloud maps provide
detailed point clouds of the environment, but usually come
with a higher computational cost. HDNET [15] proposes that
semantic maps provide strong priors that can improve the
performance of LiDAR object detection. First, it replaces the
z-axis of point clouds within drivable areas to zero. Second,
voxelize point clouds into discretized representations. Next,
transfer semantic maps into bird’s eye view as a binary
channel at the same resolution of voxelization of point clouds
and then concatenate semantic maps with voxelization of
point clouds. Finally, CNN will be used to extract the feature
of point clouds and semantic maps. We also implemented the
HDNet encoding method in PVRCNN. The performance is
shown below,

TABLE I: Recall

Drivable area Non-drivable
PVRCNN 0.845 0.817
PVRCNN w/ semantic maps 0.846 0.806

TABLE II: Precision

Drivable area Non-drivable
PVRCNN 0.750 0.592
PVRCNN w/ semantic maps 0.676 0.593
The recall in non-drivable areas decreases. This is because

if the object is located in non-drivable areas. The model tends
to distinguish the object as the background. But targets often
appear in non-drivable areas, and this will cause the recall
decrease. On the other hand, the precision in the drivable area
obviously decreases. This is because if the object is located
in drivable areas, the model usually distinguishes the object
as the target, regardless of whether the object is a true target
or not.

Instead of semantic maps that provide high-level informa-
tion, point cloud maps provide detailed point clouds of the
environment. We construct a Graph Neural Network(GNN)
to extract the geometric features of point cloud maps and
to expand the receptive field of the model. Because the
feature extracted from point cloud maps through GNN has
various details of point clouds, these extracted features have
various geometrical information about the environment. It
can better interpret the information of the environment. For
example, Fig.4 shown the comparison of semantic maps
and point cloud maps. There is a corner of the building
in the cyan circle. Point cloud maps extract the feature of
the building through GNN, but semantic maps only provide
”non-drivable areas” information. There is a tree in a green
circle. point cloud maps extract the feature of tree through
GNN, but semantic maps only provide ”non-drivable areas”
information. Point cloud maps provide detailed point clouds
of the environment. Therefore, we adopt point clouds maps
to improve the LiDAR object detection.

III. PROPOSED METHOD

In this section, we will first describe the feature extraction
of the baseline model and the region of interest (ROI)
generation module in Section III-A. We then describe how to
combine point cloud maps into the LiDAR object detection
model in Section III-B. The principle of GNN is described
in Section III-C. Finally, Section III-D presents the residual
feature fusion to produce the final detection results.
A. Voxel-wise and point-wise features Extraction and Re-
gion of Interest

We implement our proposal based on PVRCNN. PVR-
CNN deeply integrates voxel-wise features and point-wise
features to learn more discriminative point cloud features.
For voxel-wise features, PVRCNN adopt convolution as the
voxel-wise features extraction backbone. Specifically, the
input points P={p1, , pn} are first divided into small voxels
with a spatial resolution of L×W×H, where the features of
the voxels are directly calculated as the mean of all attributes
of the points within the voxel. The common point attribute
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uses 3D coordinates and reflectance intensities of each point.
Then the convolution network uses sparse convolution to
transform the input voxel into a feature map with 1×, 2×,
4×, 8× downsampled sizes (As shown in Fig. 5 (b)).

To extract point-wise features, PVRCNN first adopt the
Furthest-Point-Sampling (FPS) algorithm to sample a small
number of n keypoints K={k1, , kn} from the point clouds
P . The strategy is to obtain a uniform distribution of sam-
pling keypoints. Next, we search for most C raw points
within a radius r of each keypoints. Finally, Multilayer
Perceptron (MLP) is adopted to extract these neighboring
points features, i.e., point-wise features. Given a points set
P , the set of the neighboring points of the keypoints k ∈ K
is defined by

fp = max(f({pi ∈ P | ∥kj − pi∥ ≤ r})) (1)
where f(·) denotes the MLP layers, fp denotes the point-
wise features, max(·) is the maximum pooling function
adopted to aggregate the features (As shown in Fig. 5 (c))

The region of interest (ROI) represents a certain number
of roughly bounding boxes generated from the last layer of
the convolution feature map (As shown in Fig. 5 (d)). Each
grid of the last feature map will generate two bounding box,
which contain confidence scores and bounding boxes size.
Next, ROI will be refined by point-wise features and voxel-
wise features. To combine environment information, we add
point cloud maps into model and extract a map feature to
refine bounding boxes based on PV-RNN.
B. Point Cloud Maps

Point cloud maps are established by stacking each Li-
DAR scan according to the ego-pose of each timestamp.
Point cloud maps contain rich environment features, such
as buildings, ground, and trees (As shown in Fig. 4). The
static environment information is beneficial for distinguish-
ing whether an object may appear in a certain position or not.
We first combine point cloud maps with LiDAR scan as input
into the model. Although the recall increases, there are also
a lot of false positives increase too. Because the receptive
field of the model is not enough to learn the surrounding
environment features, the main distinguishing features still
depend on local point clouds. To expand the receptive field
from point cloud maps and extract the detailed geometry
features, we propose to employ the GNN to extract features
from point cloud maps and merge the map features with
point-wise and voxel-wise features.
C. Graph Neural Network

Graph Neural Network [16] [17] is a classical feature
extraction and aggregate model. The core concept is that
passing features from neighboring vertices and updating each
vertex. The receptive field enhances as the iterations of the
feature passing increase. Wang et al. [18] and Zhang et al.
[19] construct a GNN to extract the features of point clouds
and focus on the classification and segmentation. Inspired
by them, we construct a GNN to extract the feature of static
environment scenes and objects from point cloud maps.

To construct a GNN (As shown in Fig. 6), the number
of Nv vertices will be selected by using Furthest-Point-
Sampling [20] to choose the uniform distribution points in

Fig. 6: Graph neural network visualization The red line represents the
edges and the green point represents the vertex.

all raw points. The vertices are connected to the vertices of
its neighbors within a fixed radius rg . The connection of two
vertices indicates an edge of the graph, i.e.

E = {(ki, kj) | ∥ki − kj∥ ≤ rg} (2)
where E denotes the set of edges, ki is the source point of
the edge and kj is the destination point of the edge. Each
edge is composed of two components. The first component is
the vector generated by the source point and each destination
point. The second component is the feature of vertices. Each
edge can be defined as,

etij = {(ki − kj , v
t
j) | (i, j) ∈ E} (3)

where vtj denotes the feature of the vertices, the feature of the
vertices will be updated by iterations of feature propagation,
i.e. vt+1

i = {gt(max(f t(etij | (i, j) ∈ E)))} (4)
where f(·) denotes edge feature extraction. max(·) is
adopted to aggregate features. g(·) takes the aggregated edge
features to update the vertices features. The initial feature of
vertices is produced by aggregating neighboring point clouds
within radius r from point cloud maps to represent the local
environment features,

v0i = {q(max(p({pi ∈ P
′
| ∥kj − pi∥ ≤ r})))} (5)

where P
′

denotes the points in the point cloud maps.
p(·) denotes points feature extraction. max(·) is adopted to
aggregate features. p(·) denotes a layer for the embedding
feature of points. The features of vertices will be passed
to neighboring vertices. When the number of iterations of
feature propagation increases, the receptive field of each
vertex becomes larger. After the GNN is constructed, map
features are extracted by GNN. So far, we have three types
of features: voxel- wise features, point-wise features, and
map features. Three features are fused to refine bounding
boxes and generate the final bounding boxes. Because of
the different properties between three types of features, we
propose a residual feature fusion to fuse three types of
features.
D. Residual Feature Fusion and Bounding Box Refine-
ment

In this section, we will describe how to fuse features
and use it to refine the bounding boxes generated from
convolution. So far, we have three types of features: voxel-
wise features, point-wise features, and map features. As
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Fig. 7: The residual feature fusion

described in the PVRCNN [3], Multilayer Perceptron is
used to fusion voxel-wise features and point-wise features to
refine the roughly bounding boxes produced by convolution.
We first concatenated the map features with the point-wise
features and voxel-wise features,then adopted the MLP layer
to fuse three types of feature.

fall = MLP (fp, fv, fm) (6)
where fall denotes the fusion feature, fp denotes the point-
wise features, fv denotes the voxel-wise features, and fm
denotes the maps features. There is no obvious improvement.
We are conscious that the fusion of different features only
depending on a MLP layers is not enough, so we adopt
residual feature fusion into feature fusion. We consider two
possible reasons and modify the strategy of feature fusion.
First, because we want to extract the feature of environment
information, the receptive field of map features is larger than
point-wise features and voxel-wise feature. Second, point-
wise features and voxel-wise features are extracted from
LiDAR scan, and map features are extracted from point cloud
maps through GNN. The feature of LiDAR scan is closer
to the target object, leading to a model that can converge to
results only with point-wise features and voxel-wise features.

Different properties of the feature may lead to using a
MLP to fuse three types of feature that are not easy to
converge to a better loss. Therefore, we adopt the two-stage
feature fusion (Fig. 7). In the first stage of fusion, we merge
point-wise features and voxel-wise features. The input data
of both features contain LiDAR scan. Here, we call the fusion
feature PV-features.

fpv = h(fp, fv) (7)
where fpv denotes the fusion features of the point-wise
features, fp, and the voxel-wise features, fv . h(·) is a MLP
layer to fusion fv and fp.

In the second stage, referring to the advantages of ResNet
[21], we consider combining residual learning into the fea-
ture fusion module. The core concept of residual learning
is that using a ”shortcut” to prompt the model learning the
residual feature and to let the model converge to a better
loss. y = F (x) + x (8)
where F (x) denotes the residual feature, F is a weight layer,
and x denotes an input feature.

Consider the characteristic of three types of feature and
residual learning, we bring in a residual learning into net-
work and use map features learning a residual features and
combine with PV-features to generate better results.

The target of the second stage is to use the map features
to learn residual features and fuse environment information.

We concatenate the PV features fpv and the map features
fm, then transform them into a MLP layer, and the residual
results will be added to the features fpv .

fall = l(fpv, fm) + fpv (9)
where l(·) denotes a layer that learns a residual feature.

Finally, after fusion of the features, these features will be
used to refine the bounding boxes generated from convo-
lution. So far, the keypoints chosen from the raw points
contain all the features that are extracted from the data. To
refine the bounding boxes, for each rough bounding box, we
choose keypoints that are inside the bounding boxes. These
keypoints potentially contain the feature of the surrounding
data of the bounding boxes, including the feature of the
LiDAR scan and point cloud maps. We transform these
features into another feature space by the MLP layer and use
the detection head, which can be divided into a classification
head and a regression head to finish the final detection step
that generates the final bounding boxes.

For the loss function, we follow PVRCNN [3] to adopt
focal loss as a classification loss and adopt smooth-L1 loss
as regression loss.

IV. EXPERIMENTS

We first describe the implementation details in Section IV-
A and then the experimental results in Section IV-B.
A. Implementation Detail

We implement our method on nuScenes [4] dataset and
use the AP (Average Precision), precision, and recall as
evaluation metric.

1) Point Cloud Maps: We construct point cloud maps
using LiDAR scans, ego-poses, semantic segmentation an-
notations. There are two steps to construct a point cloud
maps. First, point cloud maps are static pre-built data, so
we need to remove the moving objects of the LiDAR scan.
NuScenes dataset provides a precise semantic segmentation
annotation that contains 32 types of class, and we keep the
point clouds that belong to the static objects and remove
the point clouds that belong to the moving objects. Second,
nuScenes provides a precise ego-pose. we stack the LiDAR
scan according to ego-pose to construct point cloud maps.
Finally, point cloud maps are constructed. Second, nuScenes
provides a precise ego-pose. we stack the LiDAR scan
according to ego-pose to construct point cloud maps. Finally,
point cloud maps are constructed.

2) Construct Graph Neural Network: To construct a
graph, the number of vertices must be determined. We use
Nv = 4096 as the number of vertices. Such a strategy
encourages that the vertices are uniformly distributed around
LiDAR scan. After the vertices are determined, we choose
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the neighboring points within a radius rg = 5m of vertices.
The center is a vertex that is regarded as a source point.
Neighboring points are regarded as destination points. Each
vertices have a initial feature. The initial feature of vertices
is produced by aggregating neighboring raw points within
radius (0.8, 1.6m) through the two MLP layers of units (32,
32) and maximum aggregation. The feature of vertices will
be updated by aggregating neighboring edges through the
MLP layers of units (64, 128, 256) and another MLP layers
of units (256, 256) after maximum aggregation. When the
feature of vertices is updated, the receptive field of features
will be expanded. We choose the number of iteration t = 3
in our method to update the feature of vertices.

3) Residual Feature Fusion: We first merge point-wise
features and voxel-wise features using MLP layers of units
(128, 128) which result here we call PV-features, then
we concatenate PV-features with map features and learn a
residual feature through MLP layers of units (256, 256, 128).
The residual features will add to the PV-features.
B. Experimental Results

1) Performance: We adopt several object detection strate-
gies to evaluate the performance in the above situation. First,
to evaluate performance on long-range, we compute the AP
(Average Precision) by distance (Table III). For results, there
is a higher improvement rate as the distance increases. There
is a 24.776% improvement rate for the range of 40m to 50m
(Fig. 8).

TABLE III: Average Precision for different range of distance
0-10m 10-20m 20-30m 30-40m 40-50m Overall

PVRCNN 0.964 0.907 0.773 0.537 0.335 0.742
PVRCNN w/ semantic maps 0.960 0.903 0.751 0.503 0.302 0.728
Ours 0.960 0.916 0.801 0.605 0.418 0.781

(a) Average Precision compute by distance

(b) Improvement rate

Fig. 8: Average Precision for different range of distance. The numbers
in parentheses represent the number of ground truth

Second, we evaluate the performance on false positives
reduction. False positives often appear on the shape of point
clouds similar to the target object which are located in non-
drivable areas, so we specifically compute the precision of
non-drivable areas. For overall precision performance, there
is a 4.22% improvement. For non-drivable areas, there is a
8.11% improvement (Table IV).

TABLE IV: Precision improvement
Overall Non-drivable (Building etc.)

PVRCNN 0.616 0.592
PVRCNN w/ semantic maps 0.565 0.563
Ours 0.642 (4.22%↑) 0.640 (8.11%↑)

It is noteworthy that point cloud maps bring in a richer
information and prompt the improvement of the performance
but also company by higher computational complexity. The
inference time of our model is double that of the baseline
model.

2) Ablation Study: In this work, the model can be divided
into three modules. First, we only add point cloud maps to
the baseline model and are aware that there are more false
positives that appear because of the shape of local point
clouds of map that are similar to the target object. Second,
we consider building a GNN to expand the receptive field
and extract the detailed geometry feature from point cloud
maps. Third, we are conscious that the fusion of different
features only depending on a MLP layers is not enough,
so we adopt residual feature fusion into feature fusion. The
features we extract from point cloud maps will prompt the
model weighting convergence to a better solution.

We use PVRCNN [3] as a baseline to validate our pro-
posal. The performance and each experiment setting are
shown below:
TABLE V: The ablation study of our proposal. Four experiments are verified
in the nuScenes dataset.

Baseline Point Cloud Graph Neural Residual Feature AP
Map Network Fusion

✓ 0.741
✓ ✓ 0.769
✓ ✓ ✓ 0.772
✓ ✓ ✓ ✓ 0.781

3) Localization error: The point cloud maps provide
static environment information in the real world. If local-
ization errors appear, there is a negligible effect. We give
a control variable for the localization error. The results are
shown below, In fact, the localization precision rarely occurs

TABLE VI: Average Precision for localization error
Shift 0m 0.5m 1m 1.5m 2m 2.5m 3m 3.5m 4m
AP 0.781 0.778 0.768 0.759 0.749 0.746 0.739 0.737 0.735

with an error greater than 0.5m in the real world. In general,
our method can work and is not affected by a localization
error. V. CONCLUSION

We propose to combine point cloud maps which provide
rich environment information into the LiDAR object de-
tection model to extract static environment features. Static
environmental information is beneficial for distinguishing
whether an vehicle may appear in a certain position or not,
and finally achieving two goals. First, the model can detect
vehicles through the LiDAR scan and environment infor-
mation and improve the performance of long-range vehicle
detection. Second, we construct a Graph Neural Network
to extract the features of point cloud maps and expand the
receptive field of the model to reduce false positives. To
fuse different features, we propose a residual feature fusion
to merge point- and voxel-wise features with map features
and make lower confidence scores on non-drivable areas.
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