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the performance of surrounding vehicle pose estimation.

The remainder of this paper is organized as follows.
Section Il summarizes existing works for autonomous driving
perception. Section 11l analyzes the subsystems of a typical
perception system to help us better understand their purposes
and principles. Details of our proposed method is introduced
in section IV. Section V shows the experiments and results,
while section VI concludes the paper.

Il. RELATED WORK

It is crucial to perceive the environment and extract useful
information. This mainly includes vehicle detection, tracking,
localization and mapping.

A. Vehicle Detection

Vehicle detection refers to estimating the position, heading
and size of surrounding vehicles. There are three main sub-
classes: (1) Image-based vehicle detection generates bound-
ing boxes on front-view camera image [26], [27]; (2) Se-
mantic segmentation assigns each pixel of the image with a
class label. Pixels belonging to same objects have the same
label [14], [20]; and (3) 3D object detection obtains the 3D
poses (or bird-eye poses) of surrounding vehicles, which is
usually achieved with the help of lidar point cloud [10], [30].

B. Vehicle Tracking

Direct prediction from the vehicle detection system is
often insufficient, more accurate vehicle state needs to be
estimated given historical detection. Typical vehicle tracking
methods have two phases: (1) data association to connect
objects between frames [15], [23]; and (2) filtering methods
such as Kalman Filters and Particle Filters to smooth the
vehicle dynamics [12], [25].

C. Localization and Mapping

Localization is the task of estimating ego vehicle pose rel-
ative to a reference frame in a map, which can be either a raw
point cloud map or an annotated semantic map, depending
on the algorithm we choose. There are two main approaches:
(1) Simultaneous localization and mapping (SLAM) makes
map online and localize the ego vehicle in the map at the
same time [4]; and (2) A priori map-based localization that
estimate the ego vehicle pose by finding the best match to a
detailed a priori map [19].

I1l. PRELIMINARY

In this section, we will analyze the typical subsystems in
an autonomous driving perception system, including detec-
tion, tracking, localization and mapping. They are reformu-
lated into graphical models. This helps us better understand
their purposes and relationships to fuse them into a single
end-to-end framework.
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Fig. 2: Graphical model of typical detection and tracking
systems. The red block represents the detection system. The
green block represents the tracking system.

A. Typical Detection and Tracking Systems

The goal of the detection and tracking subsystems is to
accurately estimate the states of surrounding vehicles. This
includes their positions and heading angles relative to the ego
vehicle, as well as their length and width. Current detection
and tracking systems are divided into two subsystems. First,
the detection subsystem predicts the vehicles’ poses based
on single frame sensor inputs. Then, the tracking subsystem
smooths the results from the detection system based on its
historical outputs.

These processes can be interpreted as a graphical model,
as shown in Fig 2. The red block represents the detection
subsystem, which contains a detection model p d\tjxt that
maps the sensor inputs X¢ to an estimation of the surrounding
vehicles’ poses d;. This part is usually performed by fitting
a deep neural network model using supervised learning tech-
niques. The green block represents the tracking subsystem,
which estimates the true vehicles’ poses d¢ given historical
outputs of the detection system d\l;t and sometimes the
historical ego vehicle actions a;.¢. This estimation problem
can be formulated as a filter problem p dtjc’i\l;t; ai:¢ | which
is usually solved by Kalman filters with hard-coded transition

model p (de+1jd¢; a¢) and observation model p (d\tjdt).

B. Typical Localization and Mapping Systems

The localization and mapping system needs to accurately
estimate the pose of the ego vehicle in the coordinate of
a global map. Then a local semantic map indicating road
geometry, topology and traffics will be obtained, which
are used for downstream planning and control tasks. The
estimated global ego vehicle pose is also used for routing.

These processes can be interpreted as a graphical model,
as shown in Fig 3. The global ego vehicle pose I is estimated
based on historical sensor inputs and actions p (I¢jX1:t; @1:t)-
The global map m can be edited offline or constructed online,
depending on the methodology we use. After estimating the
ego vehicle pose, a local semantic map S}°° is obtained by
locating the ego vehicle on the global map, which requires

2000

Authorized licensed use limited to: Tsinghua University. Downloaded on April 19,2022 at 07:08:17 UTC from IEEE Xplore. Restrictions apply.



2001

Authorized licensed use limited to: Tsinghua University. Downloaded on April 19,2022 at 07:08:17 UTC from IEEE Xplore. Restrictions apply.



2002

Authorized licensed use limited to: Tsinghua University. Downloaded on April 19,2022 at 07:08:17 UTC from IEEE Xplore. Restrictions apply.



2003

Authorized licensed use limited to: Tsinghua University. Downloaded on April 19,2022 at 07:08:17 UTC from IEEE Xplore. Restrictions apply.



2004

Authorized licensed use limited to: Tsinghua University. Downloaded on April 19,2022 at 07:08:17 UTC from IEEE Xplore. Restrictions apply.



Fig. 9: Example results. The first row shows sensor inputs and ground truth, second row shows reconstructed outputs. Left
to right: camera image, lidar image, local semantic roadmap, surrounding vehicle bounding boxes. Note that only camera
and lidar inputs are given for the reconstruction, the ground truth semantic roadmap and bounding boxes are displayed here

only for comparison.

Precision Recall Curves @I0U=0.1:0.3:0.5:0.7

Fig. 10: Precision-Recall Curves for surrounding vehicles
bounding boxes prediction.

TABLE I: Average precision for surrounding vehicles bound-
ing boxes prediction.

APo:1 APgz APgis  APoz

Inputs and roadmap 794% 72.0% 56.5% 16.8%
No inputs reconstruction 784 744% 61.0% 22.1%
No roadmap reconstruction | 57.4% 453% 7.8% 03 %

This shows that fusing the information of map might improve
the performance of detection.

For ego vehicle global state, we calculate its average
prediction error. There are two values we care about, the
location error (in meter) and heading error (in rad). Table.ll
shows the evaluation results. We can see that we get an
average global location error of 7.1 meters, and heading error
of 0.17 rad. This is obtained purely from the raw camera and

TABLE II: Average error of ego vehicle global pose estima-
tion.

Location (m) Heading (rad)
Inputs and roadmap 114 0.33
No inputs reconstruction 8.6 0.17
No roadmap reconstruction 71 0.42

lidar sensor inputs, with no GPS or stored global map used.

V1. CONCLUSION AND FUTURE WORKS

In this paper, we proposed and implemented an end-to-end
autonomous driving perception system based on sequential
latent representation learning. The system was able to re-
place the functionalities of the typical detection, tracking,
localization and mapping subsytems with minimum human
engineering efforts and without online stored maps. The
method was evaluated in a realistic autonomous driving
simulator, taking camera RGB image and lidar point cloud
as sensor inputs. Evaluation results showed the learned
model can obtain accurate surrounding vehicles’ poses, local
semantic roadmaps, and global ego vehicle pose based purely
on historical raw sensor inputs.

Although the learned model performs reasonably well,
it has a large space for improvement. The neural network
architectures used in this paper are only the very basic
ones, such as shallow convolutional layers. The size of input
images is only 128 128, making it very hard to detect
objects that are small or far away. In the future, we will
deploy more advanced network architectures, and train the
model on images with higher definition. We will also test
this system with a downstream autonomous driving decision
making system.
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