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Abstract: LIDAR point cloud-based 3D object detection aims to sense the surrounding environment by anchoring objects with the Bounding Box (BBox). However, under the three-dimensional space of autonomous driving scenes, the previous object detection methods, due to the pre-processing of the original LIDAR point cloud into voxels or pillars, lose the coordinate information of the original point cloud, slow detection speed, and gain inaccurate bounding box positioning. To address the issues above, this study proposes a new two-stage network structure to extract point cloud features directly by PointNet++, which effectively preserves the original point cloud coordinate information. To improve the detection accuracy, a shell-based modeling method is proposed. It roughly determines which spherical shell the coordinates belong to. Then, the results are refined to ground truth, thereby narrowing the localization range and improving the detection accuracy. To improve the recall of 3D object detection with bounding boxes, this paper designs a self-attention module for 3D object detection with a skip connection structure. Some of these features are highlighted by weighting them on the feature dimensions. After training, it makes the feature weights that are favorable for object detection get larger. Thus, the extracted features are more adapted to the object detection task. Extensive comparison experiments and ablation experiments conducted on the KITTI dataset verify the effectiveness of our proposed method in improving recall and precision.
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1  Introduction

3D object detection technology based on LIDAR point cloud data is increasingly used in autonomous driving and mobile robotics. The large-scale implementation of artificial intelligence technology provides the potential for L2-L5 level autonomous driving. 3D object detection takes LIDAR point cloud data as input, which provides detailed geometric and semantic information about objects in 3D space. It is crucial to extract effective features and apply the extracted features for 3D object detection.

Early 3D object detection methods, such as VoxelNet [1], PV-RCNN [2], and PointPillar [3], predict object centers by regression calculation, which gradually approximates the ground truth of the extracted features. However, the challenges in autonomous driving scenes can be summarized as follows: due to the large distribution span of point clouds, taking the KITTI [4,5] dataset as an example, a single object is about 1 to 5 meters, the angular resolution is 0.09°, and the accuracy is 2 cm. While the object detection is based on LIDAR point cloud data with a wide search range, therefore, the stepwise approximation based on regression is relatively slow to calculate the true coordinates. It often takes many epochs of regression to obtain the geometric center, and it is also difficult to achieve high recall and accuracy [6]. In addition, effective features are crucial for object detection tasks. The 3D object detection methods, typically such as Voxelnet [1] and PointPillar [3], often require the original point cloud is firstly divided into structured forms such as voxels. For example, Voxelnet [1] divides the original point cloud into voxels firstly, and PointPillar seeks to repackage the original point cloud data into several pillars. They extracted features from processed voxels and pillars rather than from the original point cloud, thereby losing the coordinate information of the original point cloud. In addition to the manner of extracting features, the effective selection of the extracted features also affects the effectiveness of the 3D object detection. Self-attention assignment in feature dimensions allows feature selection and its application in 2D image segmentation, which effectively improves the precision of object detection [7] as well as the recall and precision of image recognition [8]. Although the self-attention mechanism has achieved impressive results in various 2D computer vision tasks, it is difficult to accommodate 3D point cloud object detection due to different modalities between 2D and 3D data.

To address the above issues, this study designs a shell-based modeling method. The localization range of the object is divided into several spherical shell intervals firstly, accordingly, the object detection task is formulated as a classification problem of which interval the object belongs to. Then a fine-grained regression is used to obtain the exact object coordinates after a suitable interval has been classified. To deal with the problem of geometric information loss of 3D object detection methods in extracting the original point cloud features, our proposed network framework uses PointNet++ [9] to extract the original point cloud features, in which a plug-and-play point self-attention module is designed to bridge the gap between the 2D vision algorithms and 3D object detection. Extensive experiments are conducted to illustrate the effectiveness of the self-attention module for 3D object detection in terms of recall and precision.

Our contributions can be summarized as follows.
•   Using the strategy of classification followed by regression, a shell-based loss model is designed for regression of the object parameters, which accurately and efficiently classifies the object centers into certain shells to narrow the regression range in the input original point cloud. Moreover, further regression is calculated to obtain the geometric centers.

•   The proposed method subtly adds a point-attention module for 3D object detection between the encoder and decoder. These features favorable for object detection are highlighted by assigning larger weights to them, thereby improving the recall rate of object detection.

•   This method extracts features from the original 3D point cloud by PointNet++ and generates proposals directly without excessive processing for the original point cloud, which can retain the coordinate information of the original point cloud and obtain richer features.

The remainder of this paper is organized as follows: Section 2 presents the related work with attentional mechanism and object detection; Section 3 explains the principle of shell-based 3D object detection with attention and details the 3D self-attention mechanism; Section 4 describes the specific implementation of this method and extensive experiments; Section 5 discusses the effectiveness of the proposed method and concludes the work.

2  Related Work

In this section, we first review the work related to attention mechanisms in solving other challenges, such as Natural Language Processing (NLP), 2D image recognition, and object detection, which is a key module in our framework. Then, we review other modeling methods for 3D object detection, where we have made important innovations.

2.1 Attention Mechanism
 
Attention Mechanisms have been a hot topic in the field of machine learning for years and have achieved impressive results in the field of NLP and 2D image processing with improved accuracy and recall.

In June 2017, Vaswani et al. [10] gave a solution idea of using attention mechanism in NLP, and self-attention mechanism started to become a hot research topic of attention neural network. However, the attention mechanism is still only in the research of NLP.

In 2018, Tan et al. [11] from Xiamen University proposed a deep attentional neural network for semantic segmentation and semantic role labeling. In the same year, Woo et al. [12] proposed a Convolutional Block Attention Module for 2D image classification. In 2022, Yan et al. [13] proposed to capture the contextual information of 2D images from the sequence of facial features. These features are extracted by the backbone network using multi-headed attention to improve the classification performance of the network. All methods above significantly improved the accuracy of the baseline and achieved better results in terms of accuracy and recall. However, the above methods are only for the segmentation and classification of 2D images.

In 2020, Huang et al. [14] proposed an efficient and fine-grained attention mechanism to enhance the accuracy of a 2D object detector. In the same year, Cao et al. [15] designed the attention-guided module (AM). This module adaptively captures significant object dependencies using an attention mechanism. Many experiments on 2D object detection and instance segmentation showed that the accuracy of the existing AM-based model was significantly better than that of the model without AM. However, the above approaches with attention mechanisms only focus on the 2D object detection rather than on the 3D object detection.

Therefore, in this work, we design a point-attention module adapted to 3D object detection between the encoder and decoder and creatively introduce the skip connection structure [16], where the network is back-propagating if self-attention has no positive effect on the network. The skip connection structure becomes the back-propagation “shortcut”, thus blocking out such self-attention modules that have no positive incentive. This enables the network to robustly add deeper self-attention modules, avoiding the reduction of network adaptability due to too many network parameters and effectively extracting features that are more adapted to the 3D object detection.

2.2 Object Detection

The object detection task aims to locate objects [17–19]. As far as localization is concerned, 3D objects can be modeled in a variety of ways.

In 2018, Zhou et al. proposed VoxelNet [1], in 2021 Wang et al. proposed FCOS3D [20], and Deng et al. proposed Voxel R-CNN [21], which modeled the 3D BBox as a 7-dimensional vector representation. These methods use 7 variables to perform regression training by smooth L1 loss. However, these methods have disadvantages such as low prediction accuracy, slow convergence of the network, and too much GPU resource occupied.

In 2022, Shi et al. [22] proposed Center-based 3d object detection, in which objects are modeled as vertex coordinates and centroid coordinates, and direct regression is performed on the down-sampled offsets of every vertex. Vertex offsets are used in a direct regression on L1 loss.

In 2018, Yan et al. proposed SECOND, where the most important innovation is the re-modeling of the object orientation estimation [23]. In this work, this significant innovation in classifying the continuous orientation parameters inspired our shell-based modeling of classification followed by regression in this work.

The study adopts the idea of classification followed by regression and designs a shell-based model: firstly, the parameters of the object are classified as belonging to a shell, and then the residual is regressed in the obtained shell.

3  3D Object Detection with Attention Mechanism

In this section, we introduce the proposed framework for 3D object detection with attention mechanism. Specifically, we will introduce the feature extraction and semantic segmentation using PointNet++ in Section 3.1. Then describe the details of the point-wise semantic features obtained through the self-attention mechanism for 3D point cloud in Section 3.2, and the shell-based modeling to generate proposals and BBox in Section 3.3. The specific system framework is shown in Fig. 1. Using the strategy of classification first and then regression, the shell-based loss model is designed to replace the previous method.
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Figure 1: 3D object detection with attention mechanism

3.1 Feature Extraction and Semantic Segmentation

Input the original point cloud directly into the PointNet++ feature extractor. The proposed features are in one-to-one correspondence with the input points, called point-wise extraction. Point-wise extraction of point cloud features allows the original geometric information and semantic information to be preserved [24].

The extracted semantic features contain rich contextual information. The segmentation of the original point cloud into foreground points is beneficial to improve the accuracy of 3D BBox by adding semantic information before the prediction of 3D BBox. In this work, the semantic features serve two purposes. On the one hand, the semantic segmentation can divide the foreground points and the background points. In the 3D object detection dataset, the labels of semantic segmentation can be generated by Ground-truth. On the other hand, the network helps the understanding by adding semantic information, such as environmental information like car wheels.

Unlike 2D semantic segmentation, which tends to be ambiguous between object-critical pixels, 3D semantic segmentation can provide accurate semantic information more effectively due to the loose nature of point clouds discrete from each other. Hence, 3D semantic segmentation outperforms 2D semantic segmentation.

Specifically, the point cloud is fed to the backbone network, and point-wise features are obtained. Then, the foreground point probability score is obtained by sigmoid to separate the foreground points. In the point cloud distribution in outdoor scenes such as autonomous driving, the number of foreground points of interest and background points is often unbalanced, and to solve this problem, the focal loss function [25] is used in this paper, as shown in Eq. (1).


Llocal(P)=−α(1−P)γlog⁡(P)
(1)


P={P,PositivePoint1−P,NegativePoint

where 
α
and 
γ
denote hyperparameters. Multiplying by the hyperparameter 
α
can solve the imbalance between the foreground and the background point sample. The focal loss parameters of the sample balance retain the settings of 
α
 = 0.25 and 
γ
 = 2. P is the predicted probability of foreground or background points when semantically segmenting.

3.2 3D Point Cloud Self-Attention Mechanism

Original point cloud is encoded and decoded by PointNet++. Then the obtained vector X is a rich feature vectors, but these features have no focus, so they cannot be well applied to object detection, therefore, we designed the 3D point cloud self-attention module, as shown in Fig. 2. Using the 3D point cloud self-attention module, it is possible to continuously speculate on which local point should be focused on and to continuously increase the focus on the key region when extracting information. Prediction of the regions and channels that should be focused on makes the predicted proposal more accurate and more conducive to improving the accuracy of object detection.
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Figure 2: Self-attention with skip connection module

The vector X goes through three convolutional layers to obtain the query vector (
Q
), the key vector (
K
), and the content vector (
V
), respectively [10]. The skip connection structure keeps the vector X unchanged to compensate the output from the attention module. The stacking of attention modules will undoubtedly deepen the structure of the network, and the resulting possible gradient explosion problem is not conducive to the robustness of the network [26]. Therefore, in this paper, this skip connection is added to the design of the self-attention module [23]. The self-attentive mechanism with a skip connection structure proposed in this work can be expressed by Eq. (2).


Attention(Q,K,V,X)=softmax(QKTdK)V+X
(2)

where, Q, K, and V denote the query vector, the vector to be matched, and the content vector, respectively. 
dk
denotes the dimension of vector K, and vector X denotes the input vector of the module. 
KT
represents the transposition of K. The similarity score is calculated by SoftMax function, and then the similarity score is multiplied by the content vector to obtain the weighted value of the content vector. These three vectors are learned through their respective convolutional layers, and the Q, K, and V that best characterize the object are obtained by back-propagation to enhance the network’s capability [27].

3.3 Shell-Based Modeling

To solve the problem that the distribution of point cloud data is large, and the direct regression leads to low object detection accuracy, we propose shell-based modeling, which introduces the modeling process through spherical space division, transformation of spherical and polar coordinates, and shell-based loss definition respectively. For a regression problem, we first divide the true value range into several intervals, so that the regression problem becomes a classification problem of “which interval to belong to”, and then use one-hot encoding and cross-entropy loss function to regress to a correct interval, and then use smooth L1 loss parametrization to do fine-grained regression.

3.3.1 Spherical Space Division

As shown in Fig. 3, the shell-based model for shell classification shows a spherical shape overall. The closer the object is to the center coordinates of the sphere, the smaller the classification shell is. Therefore, the regression range of the shell is smaller, and the regression is finer. Conversely, the farther the object is from the center coordinates of the sphere, the larger the classification shell is. Therefore, the regression range of the shell is larger, and the regression is coarser.
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Figure 3: Shell-based classification regression

So, the division is as follows, the former point cloud O is the center of the spherical space, and the spherical space is divided equally along the radius R of the regression with 
r^
as the smallest unit, at which time the spherical space is presented as 
R
/
r^
shells. The zenith angle of the spherical space is uniformly distributed with 
φ^
as the smallest unit. The direction angle of the spherical space is uniformly distributed with 
ω^
as the smallest unit.

3.3.2 Coordinate System Conversion

Our shell-based spherical modeling is easier in the spherical coordinate system. However, the labels of the original KITTI dataset are collected in the Cartesian coordinate system, so the original dataset needs to be pre-processed and converted to spherical coordinates before performing network training. Before drawing the bounding box by getting the prediction results, we also need to convert the spherical coordinates to Cartesian coordinates since the regression is obtained in spherical coordinates. The mapping relations are shown in Eqs. (3) and (4).

In the spherical coordinate system, the spherical coordinates of any foreground point P 
(xO,yO,zO)
are denoted as P 
(rO,ωO,φO)
, and the mapping relationship between them is denoted as 
F
, which is expressed by Eq. (3).


{xO=rOsin⁡ωOcos⁡φOyO=rOsin⁡ωOsin⁡φOzO=rOcos⁡ωO
(3)

The mapping relationship from Cartesian to the spherical coordinate system is denoted as 
F→
and is expressed through the following Eq. (4).


{rO=xO2+yO2+zO2ωO=arccoszOrOφO=arctanyOxO
(4)

where 
φO
denotes the orientation angle of the foreground point cloud O in spherical coordinates, 
ωO
denotes the zenith angle of the foreground point cloud O in the spherical coordinate system, and 
rO
denotes the radius of the foreground point cloud O in spherical coordinates. 
xO
, 
yO
, and 
zO
represent the coordinates of point O in the cartesian coordinate system. As shown in Fig. 3, For the divided spherical regression space, as different classification categories, in the designed deep neural network, after calculation, back propagation, classify which divided shell the geometric center 
O′
is belonged to. Next, through the regression method, r, 
φ
, 
ω
are calculated. Then, through the mapping relation 
F
, the x, y, z coordinates of the corresponding geometric center 
O′
under the Cartesian coordinate system are calculated 
(xO′,yO′,zO′)
.

3.3.3 Shell-Based Loss

The shell-based loss is designed as follows: optimize the regression problem of the original regression center coordinates. We optimize it as a classification problem of “which interval to belong to”. Then, fine-grained regression is performed to obtain the centroid coordinates. Therefore, the shell-based loss consists of two parts, the first part is the shell interval classification loss, and the second part is the coordinate fine regression loss. This can solve the problem of using direct regression modeling in a 3D space, which leads to low accuracy due to the large span of data distribution.

The first part is the classification loss, through the constraint of the classification loss, which shell the center coordinates belong to can be obtained, and the classification 
Shellu(O′)u∈{x,y,z}
of the shell to which the geometric center 
O′
belongs, as shown in Eq. (5).


Shellu(O′)u∈{x,y,z},σ∈{r^,φ^,ω^}=⌊F→uO′−F→u(O′)+D^σ⌋
(5)

where 
r^
is the radius gain unit size of shell, 
φ^
is the directional angle gain unit size of shell, 
ω^
is the zenith angle directional gain unit size of shell, 
F→uO′
is the result after mapping the predicted value of its corresponding object’s geometric center 
O′
coordinates, 
F→u(O′)
is the result after mapping the true value of the 
O′
coordinate of the geometric center of its corresponding object, 
D^
denotes the corresponding search range search domain so that regression around the domain, u generalizes the x, y and z coordinates, and 
σ
generalizes 
r^
, 
φ^
, and 
ω^
.

The second part is the regression loss, in the shell obtained by classification, further position refinement in the residuals along the x, y and z axes with the true values 
resu(O′)u∈{x,y,z}
, as shown in Eq. (6).


resu(O′)u∈{x,y,z},σ∈{r^,φ^,ω^}=F→uO′−F→u(O′)+D^−(Shellu(O′)∗σ+σ2)
(6)

where 
Shellx(O′)
, 
Shelly(O′)
and 
Shellz(O′)
are the conversion values of the true values of the geometric center 
O′
coordinates 
(x,y,z)
in the shell division, and R denotes the regression radius of the spherical regression space.

From the above two components of losses, the total loss 
LShell
for shell-based modeling can be calculated as shown in Eq. (7).


LShell=∑u∈{x,y,z}⁡(Fcls(shellu(O′)∧,shellu(O′))+Freg(resu(O′)∧,resu(O′)))
(7)

where 
Fcls
is the binary cross-entropy loss, 
shellu(O′)∧
denotes the true value of which shell the 
O′
coordinate of the geometric center belongs to, 
shellu(O′)
is the predicted value of which shell the 
O′
coordinate of the geometric center belongs to, 
Freg
denotes the smooth L1 loss, 
resu(O′)∧
denotes the true value of the residual part, and 
resu(O′)
denotes the predicted value of the residual part.

4  Experiments and Discussion

We evaluate the performance of the different modules on the KITTI dataset, a realistic autonomous driving scenario using LIDAR and camera acquisition.

In Section 4.1, the experimental details are presented; in Section 4.2, a comparison experiment with existing 3D object detection methods is launched; and in Section 4.3, an ablation experiment is conducted to demonstrate the impact of the attention module on the object detection accuracy.

4.1 Experimental Details

Dataset: The KITTI dataset is an important dataset for evaluating computer vision algorithms in autonomous driving scenarios. In this dataset, there are 7,481 training images and 7,518 test images and the corresponding point cloud data, where the easy sample accounts for 15%, the moderate sample accounts for 30%, and the hard sample accounts for 50% [4,5]. According to the camera parameters provided, the data from one LIDAR point cloud acquisition, the color images from two RGB color cameras, and the grayscale images from one grayscale camera are synchronized under the same coordinate system.

Experimental platform: The implementations were implemented on a tower server with Intel(R) Xeon(R) Gold 6126 CPU @ 2.60 GHz CPU, 256G RAM, 3.6 TB SATA, and four NVIDIA GeForce 3090 GPUs. The implementations were implemented in a software environment with CentOS Linux release 7.9.2009 (Core), CUDA 11.4, Pytorch 1.9.0, and Python 3.7, all using the same hardware and software platform.

Specific training parameter settings: A total of 200 training epochs, a batch size of 16, and an initial learning rate of 0.02 were used. 7481 training samples were input, and 7518 test samples were used for evaluation according to the default configuration of the KITTI dataset.

Evaluation metrics: Using only LIDAR point cloud data as input, we tested the average precision (AP) and recall for the category of cars, pedestrians with differentiation, and the overall metrics of average mean precision (mAP) and average recall (AR). Accuracy can algorithmically detect accuracy and recall can evaluate the mining ability of the proposal, which is shown in more detail in Eqs. (8) and (9) [28].


Pre=TPTP+FP×100%
(8)


Rec=TPTP+FN×100%
(9)

where P (positive) and N (negative) denote the results of the model, and T (True) and F (False) denote to evaluate whether the results of the model are correct or not. Precision denotes the proportion of the number of true case samples to the samples predicted by the model as positive cases (retrieved positive case samples). Recall denotes the number of true case samples and represents the number of positive cases in the original data set.

4.2 Comparison Experiments

For the sub-network in the first stage, all points within the 3D ground-truth box are considered foreground points, and other points are considered as background points. During the training process, we ignore the background points near the object bounding by appropriately zooming the 3D ground-truth box by 0.1 m on every side of the object for robust segmentation, since the 3D ground-truth box may have small variations. For shell-based proposal generation, the hyperparameters are set as follows: search domain 
D^
 = 3 m, shell size δ = 0.5 m.

To train the sub-network in the second stage, we randomly add 3D proposals with small variations to increase the diversity of proposals. For the training of the proposal, if the maximum 3D IoU (with ground truth box) of the proposal is higher than 0.6, the proposal is considered a positive proposal, and if the maximum 3D IoU of a proposal is lower than 0.45, the proposal is considered as negative. We use 3D IoU = 0.55 as the minimum threshold for training proposals with BBox regression head. For shell-based proposal refinement, the search range search domain 
D^
 = 1.5 m, the radius gain size of the shell is 
Δr
 = 0.5 m, the directional angle gain unit size is 
φ
 = 30°, and the zenith angle directional gain size is ω = 30◦. The focal loss parameters of the sample balance retain the default settings of 
α
 = 0.25 and 
γ
 = 2.

We examine the effect of the 3D object detection algorithm on the same experimental platform and conduct comparative experiments on the current mainstream 3D object detection framework, and the experimental results are shown in Table 1.
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Table 1 shows the performance comparison on the KITTI test set. The method compares the optimal results under all conditions in the table. The font of the optimal results is bold. The result is evaluated by the mAP with 40 recall positions. From the experimental results, our detection results are more accurate than previous advanced algorithms, and for the hard sample of pedestrians, our detection framework is more advantageous with a 1.54% improvement.

The performance of this 3D object detection is compared with previous methods on the same experimental platform using KITTI’s validation set, as shown in Table 2. The evaluation metric is the average accuracy (AP) with an IoU threshold of 0.7 for cars and 0.5 for pedestrians/bicycles. From the experimental results, the object detection using a shell-based model has higher recall than previous methods based on regression alone. The superiority of our method was proved by comparative experiments.

[image: images]

4.3 Ablation Experiments

The impact of the attention module on the mAP and recall of the object detection framework is verified separately compared to the baseline without any attention module added.

Table 3 shows the performance of skip connection structure in self-attention. The result is evaluated by the mAP on the KITTI test set. From the experimental results, self-attention with the added skip connection structure can be added more when the corresponding module of the attention mechanism is added, making the network pay more attention to the desired features and further improving the object detection accuracy. However, when the self-attention module of the skip connection structure is not added, the object detection accuracy decreases as expected when the number is increased to a certain number.

[image: images]

Table 4 shows the effect of self-attention on recall, counting the recall at epochs 50, 150, and 200 for the cars tested. The experiment shows that the recall result of adding three self-attentions at epoch 50 is already close to the recall of epoch 200. However, the baseline comparison experimental group continues to converge until epoch 150, and recall has room for improvement. This shows that the self-attention module can accelerate the convergence of the network; in addition, the recall of the comparison group with the addition of self-attention module achieves the optimal results when the IoU is 0.1, 0.3, and 0.5 corresponding to 95.4%, 93.8%, and 92.0%, respectively. The effectiveness of our proposed method was proved by ablation experiments.

[image: images]

The green box indicates the labeled information, and the red box indicates the test result. As shown in Fig. 4, this network uses the 3D raw point cloud as input, and for the heavily occluded region, this object detection framework can still detect accurately, and the discrete shape of the 3D point cloud in the depth direction is incomparable to the 2D image detection. In addition, many hard-to-detect objects are not labeled in the KITTI dataset because of the long distances. Thanks to the self-attention module, our detection framework can detect these unlabeled samples, showing the superiority of the present object detection framework.

[image: images]

Figure 4: Visualization results on the KITTI test set

5  Conclusion

We propose a 3D object detection framework with attention mechanism, which is a new 3D object detector from the original point cloud. The stage-one sub-network uses PointNet++ to extract the original point cloud features directly from the point cloud to generate 3D proposals. After adding the attention mechanism, it makes the network learn more beneficial features for object detection, resulting in higher recall rates. The second stage network refines the proposal in the spherical coordinate system by combining semantic features and local spatial features. In addition, the proposed shell-based model first roughly classifies which shell the coordinates belong to, and then refines the regression localization coordinates, narrows the localization range, and improves the detection accuracy, proving its effects for 3D bounding box regression. The effectiveness of this model for 3D bounding box regression is demonstrated. Experiments show that the performance of the framework proposed in this work outperforms a group of previous state-of-the-art methods by a significant margin on the challenging 3D detection baseline of the KITTI dataset.

This proposed framework only uses the original point cloud collected by LIDAR as input, even though the original point cloud has many excellent features, it also naturally lacks texture and color information. In future, we will further explore the integration of image features into the object detection framework. The introduction of multimodal inputs, including LiDAR and image data, can enrich the perceptual features. It is the direction of our efforts to study efficient algorithms that integrate two-dimensional and three-dimensional features. It will make up for the lack of texture information in the LiDAR point cloud data.
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Table 1: Performance comparison on the KITTI test set

Method Modality Cars Pedestrians Cyclists
Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard
F-ConvNet [29] RGB + LIDAR 87.36 76.39 66.69 52.16 43.38 38.80 81.98 65.07 56.54
F-PointNet [30] RGB + LIDAR 82.19 69.79 60.59 50.53 42.15 38.08 72.27 56.12 49.01
AVOD-FPN [31] RGB + LIDAR 83.07 71.76 65.73 50.46 42.27 39.04 63.76 50.55 49.93
MV3D [32] RGB + LIDAR 74.97 63.63 54.00 - - - - - -
PointPainting [33] RGB + LIDAR 82.11 71.70 67.08 50.32 40.97 37.87 77.63 63.78 55.89
ContFuse [34] RGB + LIDAR 83.68 68.78 61.67 - - - - - -
3D IoU Loss [35] LIDAR only 81.16 75.50 71.39 - - - - - -
STD [36] LIDAR only  87.95 79.71 75.09 53.29 42.47 38.55 78.69 61.59 55.30
PointPillars [3] LIDAR only  82.58 74.31 68.99 51.45 41.92 38.89 77.10 58.65 51.92
Fast Point RCNN [37] LIDAR only 85.29 77.40 70.24 - - - - - -
PointRCNN [24] LIDAR only 86.96 75.64 70.70 47.98 39.37 36.01 74.96 58.82 52.53
3D SSD [3§] LIDAR only 88.36 79.57 74.55 54.64 44.27 40.23 82.48 64.10 56.90
Ours LIDAR only 88.72 79.66 74.63 55.47 45.23 41.77 83.02 65.51 56.26
Improvement - 0.36 - 0.08 0.83 096 154 054 044 -
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Table 3: Performance of skip connection structure in self-attention

Method Num. Cars Pedestrians Cyclists
Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard
Self-attention 1 87.36 76.39 66.69 52.16 4338 3880 8198 6507 56.54
2 87.68 78.78 66.67 50.53 42.15 38.08 7227 56.12 49.01
4 87.07 77.76 6573 5046 4227 39.04 63.76 50.55 4993

8 83.07 71.76 65.73 - - - - - -
16 82.11 71.70 67.08 50.32 4097 3787 77.63 63.78 55.89

32 77.68 68.78 61.67 - - - - - -

Self-attention with 1 81.16 75.50 7139 - - - - - -
skip connection 87.95 79.71 7509 5329 4247 3855 78.69 61.59 55.30
4 82.58 74.31 6899 5145 4192 3889 77.10 58.65 51.92

8 8529 77.40 7024 - - - - - -
16 86.96 75.64 70.70 4798 3937 3601 7496 58.82 52.53
32 88.72 79.26 72.63 54.64 4427 4023 8248 64.10 5690
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Table 4: Effect of attention mechanism on recall

Network Epoch50 Recall (%) Epoch150 Recall (%) Epoch200 Recall (%)
IoU threshold 0.1 0.3 0.5 0.1 0.3 0.5 0.1 0.3 0.5
Baseline 90.2 85.7 624  93.2 92.5 90.2 94.2 93.1 91.2

Baseline + attention 91.1 90.6 83.5 942 93.3 91.4 95.1 93.5 91.8
Baseline + attention®*2  92.5 91.6 89.3 94.7 93.6 91.7 95.3 93.7 91.8
Baseline + attention®*3  93.7 922 905  95.2 93.9 91.8 95.4 93.8 92.0
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Table 2: Recall comparison

Network Car (IoU =0.7) recall (%) Pedestrian (IoU =0.5) recall (%) Cyclists (IoU=0.5) recall (%)
Easy Moderate Hard Easy Moderate = Hard Easy @ Moderate Hard
VoxelNet  77.47 65.11 57.73 3948  33.69 31.51 6122 48.36 44.37
SECOND 83.13 73.66 66.20 51.07  42.56 37.29  70.51 53.85 46.90
PointRCNN 85.94 75.76 68.32 4943  41.78 38.63  73.93 59.60 53.59
Ours 86.55 76.23 67.86 52.07 42.85 39.29 7546 61.78 54.59






OEBPS/Images/copy.png





OEBPS/Images/CSSE_34230-fig-4.png





