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Abstract

In recent years, the application of LIDAR has become much more extensive, especially in object
detection. While laser researches have encouraging performance in detection, they are typically based
on a single modality, being unable to collect information from other modalities. In this paper, we
introduce a late fusion way to fuse data from LIDAR and RGB camera. For the disorder of laser, we
introduce polynomial functions into the 3D network, which enable the network to take higher-order
moments of a given shape into account. Considering the geometric and semantic consistency, we fuse
point clouds and images to generate more accurate 3D and 2D detection results. Finally, we address
the weaknesses of the intersection over union in the fusion network, employing a generalized version
as both a new loss and a new metric. The experimental evaluation of the challenging KITTT object
detection benchmark shows significant improvements, especially in the birds’ eye view, which shows
the feasibility and applicability of our work.
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1. Introduction

In recent years, object detection has become a widely concerned research topic due to its essential
role in autonomous driving and robot navigation, and LIDAR are commonly used in it. The principle of
LIDAR is to transmit the detection signal to the object, and then compare the received signal with the
transmitted signal. LIDAR points have the advantage of providing accurate depth information, while
images preserve much more detailed semantic information. A single sensor may lack RGB information
or depth information, so the fusion method may improve the accuracy of detection.

However, the different sensors have different data types. Fusion methods can be divided into three
categories: early fusion, deep fusion, and late fusion. Early and deep fusions, being complex computa-
tional, can easily be influenced by data error. In order to ensure the fusion efficiency and accuracy, we
chose the late fusion. The detectors are divided into one-stage and two-stage methods. Many one-stage
detectors like YOLOv7 [1] have high real time, but they have low detection accuracy. Many object
detectors are based on the two-stage R-CNN [2-4] framework, and detection are framed as a multitask
learning problem combining classification and bounding box regression. Different from traditional object
detection, an intersection over union (IoU) [11] threshold is required to define positives and negatives.
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However, the commonly used bounding box regression metric is used for single-modality networks. As
for the late fusion, if the same metric is used to filtrate the correct candidates, it may cause mismatched
results. So we import the generalized intersection over union (GIoU) [5] loss into the late fusion. For 2D
and 3D common candidates, GIoU can get outstanding performance.

Existing open-source detectors based on deep learning for LIDAR point processing have obvious
shortcomings, which lack more point information. As for the way to process raw point clouds, some
scholars have promoted feeding geometric features as input to deep neural networks, and the geometric
information of point clouds is classified by the deep neural network [6]. So we use geometric moments
for point cloud information expansion.

In this paper, we use a fusion network CLOCs [7] to contact information of the point cloud and camera.
To get better 3D candidates, we make improvements for coordinate information. The network can
supplement the point cloud coordinate information, using polynomial functions. The proposed network
implementation was based on a new version of the SECOND [15] architecture. For the difference between
traditional candidates and fusion candidates, we chose the GloU to achieve classification and bounding
box regression. We take 2D and 3D detections, without doing non-maximum suppression (NMS), as
some correct detections which may be suppressed because of limited information from a single sensor
modality. The network has achieved satisfactory results on the KITTTI data set and shows performance
improvement on standard object detection benchmarks.

2. Related Works

2.1. Different Fusion Ways

Fusion architectures can be classified according to the fusion method of multimodal data features.
Early fusion usually converts multimodal data to one coordinate system before training, and deep fusion
combines the intermedia representations of several base networks to serve as inputs for the rest of the
network. Vishwanath A. Sindagi et al. proposed a Multimodal VoxelNet [8] to augment LIDAR points
with semantic image features and learned to fuse image and LIDAR features at early stages for accurate
3D object detection. To fuse RGB and point cloud information, features are first extracted from the last
convolution layer of a 2D detection network. These image features encode semantic information that can
be used as prior knowledge to help infer the presence of an object, points or voxels [9]. These objects
are projected onto the image and further used in the 3D region proposal network (RPN) to produce 3D
bounding boxes.

Xiaozhi Chen et al. [10] proposed a Multi-View 3D object detection network (MV3D) that takes
multimodal data as input and predicts the full 3D extent of objects in the 3D space. The main idea of
using multimodal information is feature fusion based on region. The Multi-View fusion network extracts
regional features by projecting 3D proposals onto multi-view feature maps. They designed a deeply
converged approach to achieve information interaction in the middle layers from different views. This
network can accurately predict the position, size, and direction of objects in 3D space by directional box
regression. Yingwei Li et al. developed an effective multimodal 3D detector [23]; their research shows
that when the depth features are well aligned, the late depth feature fusion is more effective.

The crop and resize operations used in the above algorithms to fuse feature vectors from different
modalities may destroy the feature structure of each sensor. However, the disadvantages mentioned above
will not occur in late fusion. In order to ensure the features are not destroyed, different modality features
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are entered into different detectors, and the predicted values of the output are spliced together to predict
the final result. So we chose the late fusion due to the stability.

2.2. Intersection over Union

The intersection over union (IoU) [11] calculates the ratio of the intersection and union of “predicted
anchors” and “real anchors.” During training, it is used to distinguish true positives and negatives in
a set of predictions. There is an inevitable relationship between the calculation of the non-maximum
suppression (NMS) and the score of classification. The maximum score is used as the ground truth,
and then the rest is compared with this ground truth by IoU. All performance measures are used to
evaluate segmentation, object detection, and tracking rely on this metric. During the evaluation, average
precision (AP) calculation needs the threshold of IoU. Therefore, the calculation method and assignment
of IoU are crucial for object detection.

2.3. Deep Learning of Geometric Structures

The input of 3D detection is point cloud or voxel in traditional networks, which generally contain
coordinates in the point cloud space and the corresponding reflection intensity. There are some methods
to raise each point cloud to a high-dimensional space for learning. Qi et al. [21] designed a network to
learn the high-dimensional information of the point cloud; they also proved that the network can learn any
continuous function. The geometric moment is an important characteristic for judging objects, and every
surface can be represented by a finite set of moments [22]. Two surfaces can be considered identical,
if their geometric moments are the same. The same theory can be applied to different point clouds.
Joseph Rivlin et al. [6] added polynomial functions to the coordinates of the point cloud, leveraging the
ability of the network to learn polynomial function information.

3. GIoU-CLOCs

3.1. Polynomial Functions

For the 2D detector, we choose the detection results of Cascad R-CNN [14] as the input, while the 3D
detectors use the SECOND [15] to train the LIDAR points. Most 3D detectors are based on Voxelnet [9],
and they take the mean of multiple random points within a voxel to represent the voxel information.
This will make information of many points incomplete. So we leverage the network ability to operate
voxels by adding polynomial functions to their coordinates. Such a design can allow the network to
account for higher-order moments and improve classification accuracy to a certain extent. According
to the different spatial characteristics of the point cloud, there are many ways to describe point cloud
information. The first-order moments represent the non-intrinsic centroid. The second-order moments is
used to measure the covariance and can also be viewed as the moments of inertia. Different classes have
different applications. Second-order moments of a set of points can be compactly expressed in a voxel,
where X; defines a point given as a vector of its coordinates X ; = (z;,y;, Zj)T . Adding these moments
to the input helps the network to learn more geometric information on point clouds.

We followed the method of [6], using the relation between point clouds by learning their moments
implicitly correlated. Explicitly, the functions (22,42, 22, 2y, yz, x2) of each point are given to a neural
network as input features to obtain better accuracy. In traditional fusion detection networks, those
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methods focus more on the part of data fusion and ignore the difference between the sparsity of the
point cloud and the richness of the image semantic information. Increasing the point cloud geometric
moments, we obtain more credible information of our 3D detections, so that they can better integrate
with 2D detections.

3.2. GIoU

Intersection over union (IoU) is the ratio of intersection and union for candidates. But if there is no
intersection between two candidates: |[A N B| =0 and IoU (A, B) = 0, IoU does not reflect if two shapes
are in the vicinity of each other or very far from each other. Most fusion networks currently use IoU as
the metric for classification and bounding box regression. If they are ignored, there are fewer candidates
on the input to the fusion network compared with the 2D detection network, and if a part of information
about intersections is lost, it may affect both convergence rate and training quality. To address this issue,
we use a general extension to IoU, named Generalized Intersection over Union (GIoU).

As for classification and bounding box regression [13], GIoU, P e e,
as a metric for any two arbitrary shapes, can get the gradient 'E/Bi
in any case. According to [5], the first finding is the smallest U i/j’{’-’-‘.’,—-?,j ,"I
convex shape C, which contains A and B: C C § € R". As A :
we can see in Fig. 1, the grey line (the biggest rectangle) is the B :L___'_____',,"__'/

definition of the smallest convex shape C. Then we calculate
a ratio between the volume (area) occupied by C' excluding A
and B, next use the last step calculated values to divide by the
total volume (area) occupied C'. Finally, GIoU is defined by the ratio minus the IoU.

Fig. 1. GIoU defines 2D anchors and 3D
anchors.

Choosing two arbitrary convex shapes: A,B C S € R"™. For A and B, find the smallest enclosing
convex object C', where C C S € R",
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In conclusion, GIoU can be a proper substitute for IoU in all performance measures used in 2D and
3D computer vision tasks.

3.3. Network Structure

As we can see in Fig. 2, we complete the 3D detection by adding geometric moments in the VFE
layer of SECOND detector. Then import k& 2D detections and n 3D detections into the CLOCs network.
The camera and LIDAR have been calibrated, so an object correctly detected by both the 2D and 3D
detectors will have an identical bounding box in the image plane, while negatives are unlikely to have
the same bounding boxes.

In CLOCs network, 2D and 3D detection candidates are transformed into a set of consistent joint
detection candidates. Then use a 2D CNN to process the nonempty elements in the sparse tensor. Finally,
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Fig. 2. GIoU-CLOCs Fusion Network Architecture. First, add a polynomial function to the point cloud as input
in the SECOND detector. Then put k& 2D detections and n 3D detections into the fusion network. Finally, import
GIoU as a metric to filtrate candidates.

the probability score map is calculated by max-pooling using the processed tensors, as follows:

PED = [|Ii1a$i2ayi17yi2|a S?D] ) )
P'3D = [|hi)wi7l’ial‘i)yiuzi)ai‘?S?D] : (4)

(2

According to [7], PZ-2D is the set of all k detection candidates in one image, while PZ-3D is the set of all

n detection candidates in one LIDAR scan. PZ-QD and Pf’D are confidence scores generated from 2D and
3D bounding boxes in the fusion network. As for our training and testing data set, using the calibration
parameters of the camera and LIDAR, the 3D bounding box in LIDAR coordinates can be accurately
projected onto the image plane. After obtaining the candidates through the fusion network, we import

GIoU to filter the correct overlapped bounding boxes.

4. Experimental Results

4.1. Data Set

We evaluated the trained model on the KITTI data set [12]. The data set is used to evaluate the
performance of computer vision techniques, and the 3D data are collected by the Velodyne HDL-64E
Laser scanner. These data are from cities, villages, and streets. It is very similar to the common medical
transportation environment. Data of each frame contains pedestrians and vehicles in different scenes,
as well as various degrees of occlusion and truncation. There are 7,481 training samples, 7,518 testing
samples, and 80,256 tagged objects.

4.2. Analysis of the Detection Results

Average precision (AP) is one of the important indices in the object detection. According to [5], we set
the GIOU threshold to 0.5. Calculating the value of the predicted bounding box and ground-truth under
the GIOU definition; then, if the value is bigger than 0.5, then regard it as a true positive, otherwise,
it is a false positive. The percentage of the number of true positives in all predicted bounding boxes is
defined as recall, and the percentage of the number of true positives in all ground truth is defined as
precision. Finally, calculating all precision of average in the different recalls we can obtain AP.
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Fig. 3. The results of 2D detection, 3D detection, and BEV detection by GIoU-CLOCs, where green and blue
boxes represent detections, and red boxes represent the ground truth.

Table 1. The Results of Most Open-Source and Well-Known Single Sensor Detection Networks Based
on KITTI.

Detector 2D AP (%) 3D AP(%) BEV AP (%)

easy moderate hard | easy moderate hard | easy moderate hard

point pillars | 94.00 91.19 88.17 | 84.69 74.04 68.64 | 90.07 86.56 82.81

Voxel R-CNN | 96.49 95.11 92.45 | 90.90 81.62 77.06 | 94.85 88.83 86.13
SECOND 96.44 95.79 90.55 | 87.44 79.46 73.97 | 92.01 88.98 83.67

GIoU-CLOGCs | 99.15 95.29 92.64 | 92.13 82.63 77.53 | 95.96 91.99 89.04

Object detection experiment: We test our models on KITTI testing samples. Some samples
are either visible, semi-occluded, fully occluded, or truncated; according to this, the KITTI authorities
divided the samples into three situations: easy, moderate, and hard. Different situations have different
average precision (AP). In the KITTI data set, some smaller or less obvious targets may not be labeled
by the KITTI authorities. As shown in Fig. 3, our network is able to detect unmarked vehicles. As we
can see in Table 1, our network achieves superior performance in 2D, 3D, and BEV compared with the
single sensor detection networks [15, 16, 20], our network achieves superior performance on the 2D, 3D,
and bird’s eye view (BEV) AP in three situations. In the easy situation, it was higher by about 3%
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to 8%, while getting some improvements in the moderate and hard situations. Compared with fusion
networks [7,17-19] in Table 2, our network gets the highest accuracy in almost every situation.

Table 2. The Results of Most Open-Source and Well-Known Fusion Networks Based on KITTTI.

Detector 2D AP, % 3D AP, % BEV AP, %
easy moderate hard | easy moderate hard | easy moderate hard
Point painting | 98.39 92.58 89.71 | 82.11 71.70 67.08 | 92.45 88.11 83.36

MV3D 96.47 90.83 78.63 | 74.97 63.63 54.00 | 86.62 78.93 69.80
EPNet 96.15 96.44 89.99 | 89.81 79.28 74.59 | 94.22 88.47 83.69
CLOCs 96.77 96.07 91.11 | 89.16 82.28 77.23 | 92.91 89.48 86.42

GIoU-CLOGCs | 99.15 95.29 92.64 | 92.13 82.63 77.53 | 95.96 91.99 89.04

Ablation study: In order to verify the effect of each module, in this study, we conducted ablation
experiments on KITTI. As we can see in Table 3, removing geometric moments has little effect on the 2D
detection, but the 3D and BEV detections are significantly improved. Proving this module is necessary
to increase geometric moments. When we only imported GIloU, there were some improvements in the
three models, but the improvements were not significant. From the ablation experiment, we can see that
each module plays an important role and complements each other to achieve the best detection effect of
the network.

Table 3. The Results of Ablation Study Based on KITTI.

Import methods applied

geometric moments | GloU 2D AP, % | 3D AP, % | BEV AP, %
— — 96.77 89.16 92.91
vV — 96.74 91.89 94.92
— Vv 98.94 90.24 93.28
V vV 99.15 92.13 95.96

Different from normal 2D detection, the autonomous driving system has higher requirements for
accuracy. It needs not only to quickly identify objects in the surrounding environment, but also make
precise positioning of objects in three-dimensional space. So we should pay more attention to 3D and BEV
AP. Compared with CLOCs and SECOND detector, as shown in Fig 4, our network reaches the highest
AP among the three networks, especially in the BEV detection. However, in 2D and 3D detections, the
results of the moderate and hard situations were almost equal to CLOCs. Due to the type differences of
the samples, they are either fully occluded or truncated. When using GIoU to filter the correct candidates,
the smallest enclosing convex object C' may be bigger than the truth value.

As we can see in Fig. 5, the graphs demonstrate BEV AP in three situations. The AP in GloU-
CLOC:s falls from 95.96% to 89.04%, while CLOCs is down about 6.5%, and SECOND is down about
8%. Other detectors drop about 7.5% to 16%, the AP of GIoU-CLOCs has high values and tends to be
more stable in all situations. This proves that our network has excellent robustness.
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Fig. 4. Histograms of three detection networks in 3D and BEV. We set results of the SECOND as the benchmark
to compare with the results of CLOCs and our GIoU-CLOC:s.

© ®

5. Conclusions

100 ' '
In this paper, we proposed a new fu-

sion network: GIoU-CLOCs, which expanded 95--

3D coordinates by increasing geometric mo-

ments, and used GIloU as a metric for bound-

ing box regression. It is an architectural net- o~

work designed to improve the capability of n”

selecting 2D and 3D candidates and append <
>
L
m

©
o
T

the informative features to 3D coordinates. 80F --©-Point painting .
The experimental results show the effective- _E'_'\C"I\_/ggs

ness and generality of the proposed approach. 75¢ —&— EPNet 1
The AP increased by about 3% compared -4 pointpillars

with CLOGCs in BEV. Compared with SE- 70F i\s/fgl)g%m 1
COND, the accuracy of 3D and BEV AP is ——Ours

significantly increased by about 4%. These 65 ealsy modtlerate hard
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obtain high detection accuracy. For some orks in the BEV AP in different situations.
situations, our network got insufficient im-

provements. We will consider to use new metrics for bounding box regression in future work. We
hope these novel viewpoints to provide insights into future work on the object detection field.
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