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Abstract. The self-driving technology has been developed rapidly in the
past decades, due to new sensors, and car manufacturers have become
more open. However, fully self-driving vehicles for the public still has a
long way to go. Most studies try to focus on self-driving in special scenes,
such as park sightseeing car, express logistics vehicle, sweeper, indoor
service robot, and special vehicles in the mining area or seaport area. One
of the critical issues is that the cost of a self-driving vehicle should strictly
be controlled for commercial uses. This paper presents a low-cost LiDAR-
based moving obstacle detection and tracking for self-driving container
trucks in the low-speed seaport area. We build a CNN model for obstacle
detection with the bird’s eye view (BEV) map generated from two low
density LiDARs equipped at the head of a container truck. A boosting
tracker is used to achieve real-time processing speed on the embedded
module of Tx2. Simulation on the collected data shows that our Strided-
Yolo model can achieve the highest mAP on the BEV projection map
than other models.

Keywords: Obstacle detection and tracking · Autonomous truck ·
Multiple LiDAR · Deep learning · Seaport area

1 Introduction

In the past two decades, self-driving technologies have attracted interests from
both academic researchers and commercial capital, especially from some IT giants,
such as Waymo [32] from Google and Uber [1], who have published their self-
driving passenger vehicles. However, besides many technical problems, the legal
issues related also constrain the accessibility of self-driving vehicles to the pub-
lic. Recent researches [6,16,19,23,31,35] begins to explore the applications of
self-driving in specific scenarios, especially in the closed or semi-closed area with
low speed, such as self-driving mine vehicles, container trucks and agricultural
vehicles.
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Different from the research phase, a demo self-driving vehicle can be equipped
with the best sensors for different targets [2,8]. Considering the commercial usage,
the cost of the sensor solution is strictly constrained for large-scale deployment of
self-driving vehicle. Selection of related equipment and sensors is a big challenge
for container trucks. Moreover, different from normal vision-based detection tasks,
the decision system in self-driving relies highly on accurate sensing data of the
surrounding environment. Because the traditional camera-based front-view can-
not offer accurate location information of on-road obstacles, almost all self-driving
systems rely on the Light Detection And Ranging (LiDAR) data. Table 1 com-
pares several of the reported solutions, it can be seen that research projects, such
as KITTI, nuScenes and Argoverse use top mounting solutions for small vehicle.
For commercial solutions, Waymo uses four short-range LiDAR on each side of
the vehicle and a high resolution LiDAR on the top. Audi auto uses 5 Velodyne-16
on the top, and Tusimple highway solution uses two high resolution LiDAR on the
each side of the truck head, and one static front-view LiDAR on the top. The main-
stream solution is to install multiple LiDARs to ensure safety, but at the expense
of sensor costs. Especially for large trucks, the blind area of a single LiDAR top
installation scheme is too large.

Table 1. Comparison of the current reported LiDAR solutions.

Dataset/solution Vehicle Lidar Position

KITTI [8] VW Passat station wagon Velodyne 64E Top

nuScenes [2] Renault Zoe electric car Velodyne 32 Top

Waymo [15] Waymo 1 Mid-range & 4
short-range

Top+side

Argoverse [3] Ford Fusion Hybrids Velodyne 32 * 2 Top

A2D2 [9] Audi Car Velodyne16*5 Top

Tusimplea Truck 4 range LiDAR & 1 static
LiDAR static

Top+side

a https://www.tusimple.com/

Although the price of current LiDAR sensors dropped quickly in the past sev-
eral years, the cost for a redundant perception system still very high, especially
when some dense LiDAR (such as Velodyne HDL-64E or HDL-32E) is used.
Therefore, our system tries to reduce the cost by combining two low density
LiDAR (Velodyne VLP-16) as the basic sensor module in our fully self-driving
container truck.

This paper presents a deep learning-based CNN model for low-cost LiDAR 3D
point cloud vehicle detection. With a series of point cloud pre-processing, such
as distance filtering, frame accumulation, ground elimination and bird’s eye view
(BEV) projection, we can generate stable obstacle features for later detection
and tracking. We build a new dataset with dual-LiDAR and GPS-RTK collected
with our own self-driving container trucks in a seaport area in China. A well-
designed lightweight CNN model is then trained based on this dataset. Both

https://www.tusimple.com/
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off-line and on-road tests show that our tracking system can achieve reliable
results in real-time.

The contributions of this paper can be summarized as follows:

– A low-cost LiDAR-based obstacle detection and tracking system that uses
only two low density LiDAR and GPS-RTK is designed. The system combines
traditional point cloud process modules (ground removing and point cloud
BEV projection) and CNN model together to achieve high accuracy. The
total cost is also reduced.

– A lightweight CNN model is proposed to fulfill the real-time detection task
based on the refined BEV map of LiDAR point cloud.

– A new dual-LiDAR based point cloud dataset in the seaport area is also
presented based on a novel dataset collected from real seaport in Ningbo.

The rest of this paper is organized as follows. In Sect. 2, we review the LiDAR-
based detection and related CNN architectures. We present our sensor solution
and the low-cost LiDAR-based vehicle detection and tracking system in Sect. 3.
In Sect. 4, we evaluate our system with a real LiDAR dataset collected from a
seaport area in the east coast of China. Finally, we summarize the advantages
and disadvantages of our system in Sect. 5.

2 Related Work

LiDAR-based obstacle detection in the self-driving area can be divided into two
main categories: LiDAR 3D point cloud detection and LiDAR projection based
detection.

2.1 LiDAR 3D Point Cloud Detection

The LiDAR 3D point cloud detection model often uses raw LiDAR point cloud
or voxelized point cloud as the input to later deep learning models.

The 3D FCN [12] first changes the traditional 2D convolutional network
module into 3D full convolutional network module to process the raw 3D point
cloud from LiDAR. Therefore, the 3D FCN can use 3D bounding boxes as labels,
and predict the target in a 3D manner. Simulation on Kitti dataset [7] shows that
the 3D FCN can achieve better performance than traditional point cloud based
detection approaches. In this way, the whole training process can be completed
in an end-to-end way.

Due to the randomness of LiDAR point cloud, the representation of the same
object is much disordered than pixel based pictures. Voxelization is commonly
used to reduce this kind of randomness. The VoxelNet [40] first transfers raw
point cloud into equally spaced 3D voxels, but the down-sampling process also
reduces the features of the point cloud. A voxel feature encoding (VFE) [27] layer
that combines with the region proposal network architecture is then presented for
3D object detection. This model can achieve effective representation of vehicles
and human beings with a Velodyne HDL-64e.
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Due to the huge computation of high dimensionality of point cloud and voxel,
PIXOR [37] can achieve real-time 3D object detection through a proposal-free,
single-stage detector that outputs oriented 3D object estimates decoded from
pixel-wise neural network predictions. This model considers a series of optimiza-
tion including feature representation, network architecture, time consumption
and detection accuracy.

In [13], the authors present a 3D Backbone Network to solve the 3D feature
extraction task. With this backbone, it is much easier to extract rich 3D feature
maps by using sparse 3D CNN [34] operations, and benefit for later operation
such as detection or classification. This module can transfer raw 3D point cloud
into multiple 3D images efficiently way. Experiments on KITTI also show their
model can achieve a reliable result in detection tasks.

In PointGrid [11], a full CNN of classification network and a U-Net segmen-
tation network are presented for different tasks with raw point cloud input. Both
of the two networks begin with a pointgrid [11] input layer that can encode the
raw point cloud into multi-dimension matrix for later convolution. This model
can achieve state-of-the-art performance in related tasks.

2.2 LiDAR Projection-Based Detection

Due to the huge computation needed for processing the 3D point cloud, reducing
the 3D point cloud into 2D projection is a common way. Moreover, this kind of
projection can be fused with camera images as multi-model-based algorithms.

Cristiano [21] proposed Bilateral Filter based upsampling to match the front-
view of point cloud projection with related images. Different filter parameters are
analyzed to match the field of view of both sensors (LiDAR and camera). Based
on this work, different multiview [14,18,20,22] CNN models are proposed for
related on-road obstacle detection, sense reconstruction [17,38] and segmentation
[5,36] tasks for self-driving.

Xiaozhi Chen et al. [4] also proposed a multiview 3D object detection net-
work that fused different fields of both the LiDAR projection maps and the
camera image as input. In their model, both LiDAR-based frontview and BEV
projections are used to generate region proposal along with the images.

Complex-YOLO [28] presented an Euler-Region-Proposal based on BEV pro-
jection of 3D LiDAR point cloud. This net can predict not only the bounding box
of the obstacle, but also the heading angle with the 3D bounding box reconver-
sion module. Simulation on the KITTI dataset shows that this model can achieve
real-time detection at 50 frames per second (FPS) on an NVidia Titan X.

Most of the current LiDAR-based detection models are designed based on
the dataset of KITTI and nuScenes with a single LiDAR mounted on the vehicle
roof, this kind of setup is only suitable for small size vehicles. However, the
container trucks are very large, the vehicle head and body will block most of the
laser beams, and lead to blind spot. The mounting of the sensors has a great
influence on the distribution of the point cloud; therefore, the deep learning
model constructed based on the data collected by different solutions cannot be
used on other systems. Moreover, the above mentioned models are only designed
for high-performance GPU server and do not tested on vehicle environments.
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3 Dual-LiDAR Perceptive System

However, as we mentioned above, most of current research works that utilize
deep learning model [25] to process 3D point cloud are based on the KITTI
dataset. This means that those works can only work with dense LiDAR such as
Velodyne HDL-64E. This LiDAR sensor can offer 360◦ of 64 scan lines of the
surrounding environment; however, the price of the sensor is too high. When
using low-dense LiDAR such as Velodyne VLP-16 that can only offer 16 laser
scan lines, the sampling information may drop to 1/4 of that of the Velodyne
HDL-64E. Figure 1 shows the difference between our system and KITTI dataset.
This means that we can get less stable sensing data for the later process. That
is a big challenge for on-road obstacle detection and tracking for self-driving.
Recent works rarely consider the sparse sampling of low-cost LiDAR and vehicle
environment deployment as we do.

Fig. 1. The left figure shows a BEV LiDAR point cloud projection based on our system,
and right one is based on the Velodyne HDL-64E of KITTI dataset.

Figure 2 shows the perception module of our sensor solution for the self-
driving container truck. It can be seen that the two low density LiDARs are
equipped on the corners of the vehicle head. Both of the two LiDARs’ laser scan
lines can reach the front area and can be combined as a 32 scan line. For the
side areas, each LiDAR covers one side. This sensor deployment simulates the
attention mechanism of human drivers.

Although our system has lower sensing performance than dense LiDAR, we
investigate several refined modules together to enhance the raw point cloud
feature. The vehicle has a maximum speed of 30 km/h in the seaport area. And
most vehicles are container trucks with huge size, making them easier to be
detected and tracked.
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Fig. 2. Two low density LiDARs are equipped on the opposite side of the container
truck head (left). The front sensing field (cross-coverage area) is covered by both
LiDARs and can achieve double density, and the side-coverage areas are covered by one
LiDAR (right). The bottom one is a full sensor scheme used in our self-driving truck.

Fig. 3. Workflow of detection and tracking system for our dual-LiDAR container truck

Figure 3 illustrates the whole workflow of dual-LiDAR container truck detec-
tion and tracking system. We first calibrate the two LiDAR into the same vehicle
body coordinate (with the RTK-GPS as the origin point). For LiDAR BEV pro-
jection, two kinds of maps are generated. The H-Map only considers the Height
(z-axis) of each point, and the final H-Map contains only one channel (Gray).
The HDD-Map considers the Height (z-axis), Depth (y-axis), and Density [39]
values of point cloud as a three-channel-map. Equation 1 is the calculation of
Density value at each point of i, where Ci is the total points in the local cell.
And then, we merge each three successive frames according to the GPS into
one to enhance the point cloud features. As the LiDAR sample frequency 10 Hz
and installed as in Fig. 2, three-overlapped-frame for the side-view can achieve
48 scan lines, and for front-view can achieve 96 scan lines. We also propose a
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simple voxel-height-based algorithm to remove the scan lines on road surfaces.
This also leads to clearer obstacle features for later detection.

Dense(i) = min(1.0, log
Ci + 1

64
) (1)

With the above pre-processing, the final BEV map will be fed into a
lightweight CNN detection model and trained in an ‘end-to-end’ fashion with
carefully labeled bounding boxes. A boosting tracker [10] is used for tracking
the obstacles in each frame. We update the tracking items with the CNN detec-
tor each 0.5 s to reduce the time consumption of convolution.

3.1 Data Collection and BEV Map Projection

All the data used for model training and testing are collected from a seaport
area with our self-driving trucks. Totally, there are three long sequences collected
on both sunny and rainy days. The two Velodyne VLP-16 are equipped at the
vehicle head of 1.7 m height, therefore, we filter the raw LiDAR point cloud with
the following distances: x ∈ [−30 m, 30 m], y ∈ [−10 m, 50 m] and z ∈ [−1.7 m,
2.8 m]. In this way, each frame of the point cloud contains a 60 * 60 square with
4.5 m height. This height limitation can cover all the other trucks. Each frame of
point cloud generates a 480 * 480 pixel image; therefore, 1 m equals 8 pixels in
the image. Different from previous works that do not pay attention to the back
view of the vehicle, our ego vehicle is in the back center of the BEV map. For
safety reasons, about 10 m of the vehicle tailstock are also considered, because
the container truck is nearly 7 m long.

For each long sequence, only the frame that contains obstacles is selected
as the short sequence. Therefore, most of the short sequences contain 1 to 8
obstacles. And then, we label the BEV frames, and check the bounding boxes
with several different people. The final dataset contains similar sequences of 4647
(sunny), 4594 (cloudy and small rain) and 3973 (sunny) frames, with each having
two kinds of projection maps (based on BEV) and well labelled bounding boxes.

3.2 Lightweight CNN Detector

We combine a well designed lightweight convolutional neural network detector
with the commonly used multi-target tracker to solve the obstacle tracking task
for our self-driving vehicles. And the boosting tracker is used as the basic tracker
in the multi-target tracking framework.

Considering the detection performance highly affects the later tracking, the
key requirement is to detect all the obstacles efficiently. We combine a resized
StridedNet [30] front-bone with the Yolo detection layer as the Strided-Yolo
model. Figure 4 and Table 2 are the detailed CNN architecture of our detector
model. Large kernel size of 7 ∗ 7 convolutional layer is first used, followed by
small kernel of 3 ∗ 3 with a stride of 2 that can reduce the original image into
1/2 of the original size. Alternate stacking of 3 ∗ 3 and 1 ∗ 1 convolutional layers
with different filters at 3–17 layers are used to extract the rich features. At the
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second last layer, we up-sample the map and combine it with layer 8. In this
way, we use layers 18–23 to extract a two-layer-pyramid-feature at two different
scales for Yolo layer.

For tracking stage, we eliminates the point cloud beyond the bounding boxes
generated from the detection model. And then, the point cloud containing only
the targets uses the same BEV projection to generate the feature maps. At last,
the boosting tracker from Opencv is adopted for target matching of consecutive
frames.

Strided Conv

Strided-Yolo Architecture

Result

Pyramid Features

Common Conv

Fig. 4. The architecture of Strided-Yolo model.

Table 2. The detail architecture of Strided-Yolo model.

# Layer Parameter Other OP

1 Conv 7 * 7 * 64/2 Maxpool (2 * 2/1)

2 Conv 3 * 3 * 128/2 Maxpool (2 * 2/1)

3 Conv 1 * 1 * 128/1 Maxpool (2 * 2/1)

4 Conv 3 * 3 * 256/2 Maxpool (2 * 2/1)

5 Conv 1 * 1 * 128/1 Maxpool (2 * 2/1)

6 Conv 3 * 3 * 256/1 Maxpool (2 * 2/1)

7 Conv 1 * 1 * 128/1 Maxpool (2 * 2/1)

8 Conv 3 * 3 * 512/2 Maxpool(2 * 2/1)

9 Conv 1 * 1 * 256/1 *4

10 Conv 3 * 3 * 512/1

11 Conv 1 * 1 * 256/1

18 Conv 3 * 3 * 1024/2

19 Yolo

20 Combine 8 + 18

21 Yolo
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4 Experimental Study

4.1 Data Augmentation

Different from version-based image detection, the projection of LiDAR point
cloud has more stable features than images. The commonly use projection algo-
rithms mentioned in Sect. 3 use the distance values for sampling. And this kind of
data will not be affected by the lighting conditions of the environment. Moreover,
the commonly used data augmentation methods, such scale, flip and Gaussian
Noise, also have very tiny effects during training. Therefore, we first test our
dataset on the benchmark model the, tiny version of Yolo and Yolo-3l [26], on
two kinds of projection maps (H-map and HDD-Map). Sequences 1 and 2 are
used for training, and Sequence 3 is used for testing. For the random mode, we
deployed the above mentioned augmentation methods on the dataset and use
only the raw dataset for the non-random mode.

Table 3. Comparison of the training process with and without randomize for LiDAR
projection data.

Model Yolov3-tiny Yolov3-tiny Yolov3-tiny-3l Yolov3-tiny-3l

Modality H-Map HDD-Map H-Map HDD-Map

FPS 90.3 84.5 79.5 75.0

BFLOPs 7.12 7.25 9.32 9.45

Random RPs/Img 20.15 20.63 14.7 15.84

IOU 60.17% 59.53% 59.61% 63.52%

Recall 77.85% 77.26% 79.32% 85.68%

Non-random RPs/Img 16.66 16.08 13.56 13.19

IOU 60.27% 61.60% 62.83% 64.22%

Recall 80.43% 82.5% 84.85% 85.96%

Table 3 illustrates the RPs per image, IOU and Recall of the two models
trained and tested on our dataset. For H-Map based models, each frame con-
tains only one channel of LiDAR BEV map, the FPS (Frame Per Second) and
model sizes (Billion Float Operations Per Second, BFLOP) are slightly faster
and smaller than the HDD-Map (three channels) based models, respectively. It
can be seen easy that, the models achieve larger IOU and Recall when train-
ing without data augmentation methods. The Recall of Yolov3-tiny trained on
H-Map increases by nearly 10% when shut down the random mode in training
phase. However, this kind of difference is not so significant for Yolov3-tiny-3l
models trained on HDD-Map. The RPs/image is the region proposal detected
by the model per image, lower value means the model can reach similar or higher
detection accuracy by generating less proposals. This means that when dealing
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with LiDAR point cloud projection maps, there is no need to use the tradi-
tional data augmentation method. The later training also shuts down the data
augmentation function.

The H-Map contains only one channel of the LiDAR point cloud projection,
and the models trained on the HDD-Map performs slightly better than the H-
Map based models. However, the improvement of HDD-Map is still not very
remarkable for it has triple scales of information. This also means that there is
much redundant information in the HDD-Map.

4.2 Comparison of Models

We evaluate our model and compared with several state-of-the-arts CNN archi-
tectures. Three different kinds of enhanced LiDAR projection map are used: 1)
c1f3g1: H-Map with the combination of three successive frames and elimination
of the ground; 2) c3f3g0: HDD-Map with the combination of three successive
frames and without elimination of the ground; 3) c3f3g1: HDD-Map with the
combination of three successive frames and elimination of the ground. Figure 5
illustrates the related projection maps. It can be seen from Fig. 5(b) that simply
combining three successive frames can increase the features of the obstacle; how-
ever, the scan lines on the ground also lead to noise. In Fig. 5(a) and Fig. 5(c), an
H-Map and an HDD-Map with elimination of the ground are generated. With-
out the ground, the vehicle features are clearer and may help improve the later
detection.

(a) c1f3g1 (b) c3f3g0 (c) c3f3g1

Fig. 5. Difference between three different projection maps with a combination of three
frames and elimination of the ground. (c = channels, f = frames, g = ground. PS.
c1f3g1 = 1 channel of the projection map)

Along with the Strided-Yolo model, we also train 4 different detection mod-
els (i.e., Yolov3-tiny, Yolov3-tiny-3l, XNor [24], and HetConv [29]) on the three
enhanced LiDAR projection maps (i.e., c1f3g1, c3f3g0, and c3f3g1) for compar-
ison. Figure 6 illustrates the Precision-Recall curves of the five models on the
three kinds of projection maps. The point where the line meets the curve is the



Low-Cost LiDAR-Based Vehicle Detection 461

break event point (BEP), where precision = recall. It can be seen easily that
the PR curve of Strided-Yolo can cover all the other curves in Fig. 6(a) and
Fig. 6(c). This means that our Strided-Yolo preforms the best on the two kinds
of LiDAR projection maps. In Fig. 6(b), the Strided-Yolo and Yolov3-tiny show
very similar values at the BEP. The XNor model performs the worst in all the
cases, and cannot even converge when dealing with stacked point cloud.
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Fig. 6. Precision-Recall Curves of different CNN models with the three projection
maps.

Figure 7 shows the PR curves of Strided-Yolo trained on the three stacked
projection maps (i.e., c1f3g1, c3f3g0, and c3f3g1) and single frame maps (c1f1g0
and c3f1g0). It can be seen that with more frames, the model can achieve better
performance. By eliminating the ground, the models (c1f3g1 and c3f3g1) can
achieve higher performance. The models trained on HDD-Map (c3f3g1) and H-
Map (c1f3g1) show very similar RP curves.

Table 4. Mean average precision (mAP) of the compared models under different IOU
thresholds.

Map IOU Model

Yolov3-Tiny Yolov3-Tiny 3l XNor HetConv Strided-Yolo

c1f3g1 0.35 67.85% 71.21% 44.57% 46.90% 73.20%

0.5 55.96% 60.70% 35.35% 40.14% 66.87%

0.75 10.81% 10.97% 9.30% 5.17% 31.01%

c3f3g0 0.35 66.98% 62.64% 1.62% 44.45% 64.37%

0.5 52.75% 41.78% 1.22% 37.37% 57.10%

0.75 3.75% 6.06% 0.76% 4.91% 19.89%

c3f3g1 0.35 68.03% 71.16% 0.02% 46.06% 70.16%

0.5 54.50% 61.50% 0.00% 39.60% 66.37%

0.75 11.48% 9.37% 0.00% 5.02% 29.88%
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Fig. 7. PR curves of Strided-Yolo on the three projection maps vs. single frame maps.

In Table 4, the mean average precision (mAP) of each model at different
intersections over the union (IOU) and LiDAR projection maps is listed. Three
kinds of IOU (i.e., 0.35, 0.5 and 0.75) are calculated, and it can be seen that
the Strided-Yolo model can achieve the highest mAP in most occasions. Even
for IOU = 0.75, the Strided-Yolo can still remain about 30% of mAP when
training with c1f3g1 and c3f3g1 projection maps, and the value is much higher
than the rest of other models. This also means that our model is robust enough
for real road conditions. For small IOU (0.35), the Strided-Yolo only performs
slightly worse than Yolov3-Tiny and Yolov3-Tiny-3l when using c3f3g0 and
c3f3g1, respectively.

Traditional LiDAR detection methods, such as the commonly used DBSCAN
clustering [33], are not considered, because they are highly depend on manual
tuning, and the robustness of the parameters is very poor. As we tested, the
DBScan cannot learn the point cloud distribution of the target, and only relies
on the point cloud distance features, which will introduce a large number of
false detection results (such as stockade, container, portal crane, etc.), or detect
the car head and body as two independent targets. Another disadvantage of the
point cloud clustering algorithms is that they cannot provide an accurate target
contour, and therefore cannot be used to predict the target size. This makes the
quantitative evaluation of traditional algorithms very difficult.

Table 5. Time complexity of the final model with different input projection maps on
Tx2.

Map Preprocess Detection Tracking Total

c1f3g1 0.105 s 0.008 s 0.0046 s 0.1176 s

c3f3g0 0.162 s 0.009 s 0.0046 s 0.1756 s

c3f3g1 0.108 s 0.009 s 0.0046 s 0.1216 s
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4.3 Tracking Test

Although the stacked point cloud projection map of c1f3g1 has only one channel
of the feature (with the elimination of the ground), it can achieve the highest
mAP for Strided-Yolo. Therefore, we use it as our BEV projection map.

The detection and tracking are based CUDA and CNN model, and the pro-
cessing speed is obtained based on the mean value of the point cloud for 500 con-
secutive frames, hence the speed. Therefore, the speed is an order of magnitude
higher than Arm cpu-based preprocessing. Moreover, the number of dynamic
targets in a single frame in the port area is generally about ten, and the match-
ing speed of the boosting tracker is almost negligible. We stack each 3 successive
frames of point cloud, and the average processing time for stacking and eliminat-
ing the round on Nvidia Jetson Tx2 is listed in Table 5. Most time consumption
spends on pre-processing, and the detection and tracking time can be ignored.
Moreover, as the Strided-Yolo can achieve very similar performance on the HDD-
Map of c3f3g1 and H-Map of c1f3g1, their computational delays are also very
close. We choose the c1f3g1 as our final projection map for it has better mAP
on all IOU, as shown in Table 4. As the pre-processing module consume a large
processing time of 0.1 s, we try to update the detection results for the tracker
each 0.5 s. And the tracker will keep tracking for the next 5 frames (i.e., 0.5 s).
This means that we stack each 3 continuous point cloud frames for detection,
and use the next 5 single frames for tracking.

We also conduct an on-road test with our dual-LiDAR perceptive system on
the Nvidia Jetson Tx2 along with other systems on a fully self-driving container
truck. The total tracking accuracy can achieve about 87% (with IOU threshold as
0.35), and errors occur mostly when other trucks are driving out of the predefined
sensing field of the ego-vehicle.

5 Conclusion

This paper has presented a novel deep learning-based vehicle detection system
with two low-cost LiDAR for container trucks in the seaport area. Compare to
other commercial solutions presented in Table 1, our sensor cost for low-speed
truck is more than half lower than Tusimple. We employ the traditional LiDAR
point cloud method to enhance the point cloud by merging continuous frames
and eliminating the ground. This will help to maintain clearer vehicle features
in BEV projection maps. Different kinds of projection maps are trained with
a well-designed CNN model. A comparison with state-of-the-art models shows
that our model can achieve the best performance on most occasions. We also
test our system on the low-power embedded module of Tx2 with our self-driving
system.
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