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Abstract

For safe last-mile autonomous robot delivery services in complex environ-
ments, rapid and accurate collision prediction and detection is vital. This study
proposes a suitable neural network model that relies on multiple navigation
sensors. A light detection and ranging technique is used to measure the rela-
tive distances to potential collision obstacles along the robot’s path of motion,
and an accelerometer is used to detect impacts. The proposed method tightly
couples relative distance and acceleration time-series data in a complementary
fashion to minimize errors. A long short-term memory, fully connected layer,
and SoftMax function are integrated to train and classify the rapidly changing
collision countermeasure state during robot motion. Simulation results show
that the proposed method effectively performs collision prediction and detec-
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1 | INTRODUCTION

With the development of robotic logistics services, the
demand for autonomous delivery services is increasing
[1]. Several process automation techniques have been
applied to indoor environments, such as inside facto-
ries and warehouses. For example, a robot palletization
method was recently proposed to simplify supply-chain
logistics and reduce initial robot setting times [2]. In
similar studies, robotic palletization sensing, control,
and operational techniques have been advanced [3, 4].
In-factory logistics have been actively pursued for
many practical applications, including an autonomous
mobile robot that transports boxes of materials to

tion for various obstacles.

autonomous delivery robot, classification, collision prediction and detection, light detection
and ranging, long short-term memory, neural network

workstations to reduce human workloads [5]. Other
studies have promoted frameworks for automating
logistics in other types of indoor environments [6, 7].
Recently, several studies have focused on the last-mile
delivery aspects of these technologies, in which customer
deliveries are the focus. These and similar capabilities
have received increased attention owing to COVID-19
pandemic restrictions. To ensure the safe operation of
robots, collision prevention technologies are needed
based on the recognition of obstacles, and rapid response
capabilities are needed for accidents when they occur.
Historically, disparity maps of depth cameras have been
used for robotic arm collision prevention in manufactur-
ing [8]. However, these are only good for simple,
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repetitive, and stationary robotic movements. The scope
of human-robot interactions has now expanded to mobile
transportation capabilities, and the need for expanded
safety measures has dramatically increased.

Contemporary intuitive collision detection methods
rely on tactile sensors that directly measure contact and
impact pressures [9]. However, stand-off methods are
urgently needed to sense collisions before they happen.
Thus, light detection and ranging (LiDAR), inertial mea-
surement unit (IMU), and Global Navigation Satellite
System (GNSS) devices have been used to assess proxim-
ities during motion, especially in autonomous driving
fields [10, 11]. Some studies [12-14] have proposed colli-
sion avoidance methods using these sensors and their
combinations. Additionally, machine-learning path-
planning techniques have been investigated for collision
avoidance [15]. Based on promising autonomous naviga-
tion results, effective collision avoidance has been dem-
onstrated. However, existing techniques rely on
localization results that are optimized for abnormality
detection. Unfortunately, this technique allows for signif-
icant blind spots in which hazardous obstacles are not
recognized as threats [16]. Hence, although -collision
detection can be performed quite effectively, its predic-
tion is not very mature.

Because the autonomous robots that are envisioned
for our logistical scenario will be required to traverse
non-roadway infrastructures (e.g., sidewalks, passage-
ways, alleys, trails), a new and more dynamic type of col-
lision recognition is needed. To move toward this goal,
we provide robot training that accounts for a wide variety
of operational scenarios using continuous time-
series data.

Our robust collision prediction and detection method
uses LiDAR to obtain the relative distances to obstacles
and an accelerometer to measure the impulse when a col-
lision occurs. The sensor data are tightly coupled and
input to a neural network model comprising a long short-
term memory (LSTM), fully connected layer, and appro-
priate SoftMax functions. Although gate recurrent units
(GRUgs) are often applied to help avoid vanishing gradi-
ent problems with a minimum number of gates, an LSTM
can cope with the vanishing gradient more effectively
using a larger number of gates [17], which is more appro-
priate for our dynamic needs. Additionally, when the fea-
tures and sequences of the input data are large, the
characteristics of the time series can be better reflected
using an LSTM in a cellular state.

The contributions of this study are as follows:

« A simultaneous collision prediction and detection sys-
tem that does not depend on navigation results, even
when navigation sensors are used.

« An optimized neural network that robustly classifies
collision states using tightly coupled real-time time-
series sensor data.

The remainder of this paper is organized as follows. In
Section 2, the concept of our approach is described, and
in Section 3, the collision prediction and detection
method is detailed. Section 4 presents simulation test
results, and we conclude in Section 5.

2 | CONCEPTUAL APPROACH

Because delivery robots are generally quite smaller than
autonomous vehicles, which can be equipped with many
sensors (e.g., GNSS, LiDAR, and IMUs), delivery robots
are normally equipped with only the most essential sen-
sors. Hence, because our robot must predict and detect
collisions by rapidly recognizing obstacles along the
robot’s movement path, we employ LiDAR for accurate
relative distance measurements. We also use an acceler-
ometer to rapidly detect collisions that will inevitably
occur. Because rapid changes in acceleration can be
caused by events other than collisions, the proposed
method provides complementary services that use tightly
coupled measurements. As a result, fixed-threshold coun-
termeasures are neither appropriate nor effective. Hence,
we apply a novel neural network model for dynamic, uni-
versal prediction and detection.

3 | COLLISION PREDICTION AND
DETECTION METHOD

3.1 | System overview

The proposed method is illustrated in Figure 1. The algo-
rithm is divided into three parts: LiDAR distance extrac-
tion, LSTM model training, and collision detection. First,
three-dimensional (3D) point-cloud data (PCD) are con-
verted to the relative distance measurement to the front
obstacle along the robot’s movement path using LiDAR
distance extractions. The relative distance measurements
are then combined with three-axis acceleration measure-
ments before being fed to the LSTM model. The accelera-
tion measurements are processed using a low-pass
filtering method to alleviate sensor noise. The model is
then trained by updating the changes in relative distance
and acceleration. Finally, the training results are pro-
vided to a SoftMax function for collision state classifica-
tion via the fully connected layer. By adopting various
obstacle types, the proposed network optimizes training
and classification performance.
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FIGURE 1 Proposed collision prediction and detection

algorithm.

3.2 | LiDAR distance extraction
LiDAR provides PCD that reflects the objects in the
environment around the robot. We first voxelize the
PCD. Then, by considering the lateral size of the
robot, only the front objects along the trajectory are
extracted [18] using the front-area filter. The voxelized
PCD contains the relative 3D position information of
each point measured around the origin of the LiDAR
sensor axis. These 3D positions are then projected onto
a plane comprising the two horizontal LiDAR axes
(Figure 2). The projected points are divided into con-
secutive sections based on their lateral positions.

Using two-dimensional (2D) PCD data, the relative
distance, p}', between the robot and the objects along the
path can be calculated as

pE= () + 1) (n=12,...N), 1)

where N denotes the total number of projected frontal
2D PCDs, t represents time, and (x, y) denotes the
relative positions of each point in the sensor frame.
Then, the closest relative distance, p{mn,t, in each lateral
section is selected as the set of relative distances
between the obstacle and the robot, as represented
in (2).

Phins :argl?qin({pﬂk eEN;}) (j=12..7), (2

where J denotes the number of lateral sections and N;
represents the number of points in the jth section. The
sum of the lengths of the lateral sections is determined
by considering the lateral size of the robot.
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FIGURE 2 LiDAR point cloud of the front obstacle. Yellow
points indicate a greater height than the z-axis. Gray points indicate
a lower height than the z-axis. Red points represent projected two-
dimensional points in each lateral section.

3.3 | LSTM model training

Before training the neural network, the measurements
obtained by each sensor are concatenated to generate
input data for the LSTM. The concatenated measure-
ment, M;, at each time step is continuously stored in
chronological order and used for time-series model
training:

T 2 7 x YV oz
M= [pmin,t’pmin,t"' "pmin,t’at’at’at] ’ (3)

M = [Mg, My, M{, MY+, (4)

where (a¥, a], a?) denotes the acceleration of each accel-
erometer axis and T represents the transposition. All
measurements are normalized before input to the LSTM
so that it can be trained to determine how M changes
over time as the robot approaches an obstacle.

Figure 3 presents a time-series raw measurement
example of the three-axis acceleration and minimum rel-
ative distance measurements in J sections. When moving
without obstacles, acceleration measurement is affected
by the movement of the robot in terms of rotation, accel-
eration, or road surface conditions. When an obstacle is
detected, the acceleration trend persists, but the relative
distance decreases. As the robot gradually approaches
and collides with the obstacle, the acceleration increases
dramatically between 120 and 330 time steps. Thereafter,
the acceleration is similar to that of the normal state,
but the relative distance between the vehicle and the
object remains near zero. Owing to the continuity of
these measurements, the LSTM model can achieve robust
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performance against instantaneous errors from the
LiDAR and accelerometer. For example, if the relative
distance is suddenly detected erroneously and shows a
value near zero while the robot is driving normally, the
error can be safely filtered using the previous state infor-
mation. Unlike traditional methods that use a fixed spe-
cific collision threshold [9], the LSTM model learns the
changes in acceleration and relative distance that occur
during collisions in a variety of cases, enabling the model
to be more versatile.

Figure 4 shows the structure of the LSTM model [19],
whose principal processes are represented in (5)
through (10).

Collision
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FIGURE 3
robot approaches an obstacle, the minimum relative distance

Example of the concatenated measurement. As the

decreases. During a collision, the acceleration changes abruptly,
and the minimum relative distance approaches zero.

fe=o(W-[Hi 1, X+ by), (5)
ii=0(W;-[Hi_1,X/] + b)), (6)

C; = tanh(W¢- [H;_1,X/] +bc), (7)
Ci=f,*Ci_1 +i*Cy, (8)
o=0(Wo-[Hi—1,X/] + bo), (9)

Y;=o0;* tanh(C}), (10)
where W represents the weight of the neuron in each
layer and b represents a bias of the same neuron. A
key element of LSTM is the cell state, C;, which can
store prior training results and reflect them on the
current results. First, the forget-gate layer, f,, determines
the trained information of the previous stage that
must be excluded from the current training cycle.
Second, input gate layer i, decides which of the new
data must be stored in C;. Third, the tanh layer
generates a new candidate value, ét, for application in
C;. Finally, the output of the current stage is generated
through the input from the sigmoid layer, o;, and tanh
layers with C.

3.4 | Collision classification

The output of the LSTM model at each time step is input
to the SoftMax function at the end of the fully connected
layer, producing three outputs corresponding to normal,
collision prediction, and detection states in order.
Figure 5 depicts the collision classification process. The

FNN FNN FNN
t t t
Y Y; Y
Cia X + i Cia x + l G X + i Cin
tanh tanh tanh
fe Gy X ¢ fi it X J, fen it X ¢
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FIGURE 4 Structure of the long short-term memory (LSTM) model. The concatenated measurements are input during each stage. The
training result at the current stage influence the training of the next stage based on the LSTM cell.
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FIGURE 5 Collision classification algorithm. In the fully
connected layer, the long short-term training results are organized
into three outputs that are provided to a SoftMax function to
provide probabilities with respect to normal, prediction and
collision states.

LSTM training results are organized into three outputs
using the fully connected layer. The outputs are then fed
into the SoftMax function, which generates three proba-
bility values with the sum of probabilities equaling one.
For precise classification, the labels are encoded using a
one-hot vector.

4 | SIMULATION TEST

4.1 | Testing environment

A test was conducted to evaluate model performance
when employed by an autonomous delivery robot in a
complex simulated apartment complex environment
(Figure 6). Velodyne’s VLP-16 LiDAR model was used
with a Bosch BMI0O55 IMU accelerometer. The latter
comprised a built-in Intel D435i camera. The simulator
used the Unity physics engine [20] equipped with
Nvidia’s Physx engine to ensure that the physical
properties of the surrounding objects well-reflected
real-world sensor data.

Figure 7 presents examples of several collision oppor-
tunities. We created scenarios for each and collected
data that were serially fused to train the time-series
LSTM. Table 1 lists the specifications of the collected
data. From a total of 11 671 time steps, the data con-
tained 24 feature columns, including the three-axis
acceleration and minimum relative distance measure-
ments of 21 lateral sections. Data from 8169 time steps
were used for training, and the remaining 3502 were
used for validation. Additionally, three labels for output
were generated for normal, collision prediction, and
detection states in the form of one-hot vectors. We
trained the LSTM via post-processing and used the pre-
trained model for validation.
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FIGURE 6 Simulation environment for collecting collision
data: (A) referenced real driving environment and (B) simulation
environment.

The model was configured in a many-to-many format
to confirm sequential training at each time step, as noted
in Table 2. Fully connected layer outputs were reduced to
three for SoftMax operation. Overall, the activations were
not used to reflect the characteristics of time-series input
in the first three layers.

4.2 | Testresults

Using the simulator, data were acquired for various
obstacles, and collision predictions and detections were
performed. Each input batch data sequence was 100 time
steps long, corresponding to 10 s, and 10 randomly
selected sequences were repeated at each iteration.
Figure 8 shows the training and validation losses. The
training loss was initially large, but it decreased to ~0.1
as the number of iterations increased. Conversely, the
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validation loss initially showed a low value, but it con-
verged near the 15th iteration. These findings suggest
that the model was slightly overfitted to the training data.

©)

FIGURE 7 Various types of obstacles: (A) car, (B), barrier,
(C) wooden box.

TABLE 1 Input data specifications.

Input data Description

Acceleration X-axis acceleration
y-axis acceleration
z-axis acceleration

Distance 1st section

21th section

However, the targeted training loss and classification per-
formance were satisfactory. Consequently, the trained
model was suitable for use with the remaining analyses.

Figure 9 shows the collision prediction and detection
classification results obtained using the proposed
method. The true values represent one-hot vector labels
in Figure 9A-C, and the classified values represent the
model output. Overall, the classified values correspond to
the true values. However, classification was not per-
formed nominally in certain areas.

Figure 10 shows the test results from 4100 to 4500
time steps. At steps 4312 and 4330, the collision recogni-
tion state labels were positive based on relative distances
and acceleration values. However, these events were
deemed as cases in which the LiDAR raw measurements
were incorrectly provided during normal driving. How-
ever, from the classification results, we confirmed that,
although there was a change in probability caused by
incorrect labels, each state was effectively maintained.

For the one-hot encoding labels, it was difficult to
intuitively assess success or failure as each case was alter-
nately expressed as a zero or one. Figure 11 presents a
comparison of true and classified values, as represented
in Figures 9 and 10, respectively, which were converted
to integer encodings. Each label and classification state
was encoded as one, two, or three for normal, collision
prediction, and detection states, respectively, as integers.
The zero value in Figure 11 indicates that the label and
classification results were the same. A value of one indi-
cates a classification delay as the state changes. More-
over, a value of two indicates that the proposed method
failed to classify the collision state. In reality, these

TABLE 2 Layer specifications.

NN model Layer Activation  No. of output
LSTM LSTM None 64
Fully connected  Dense-1 tanh 32
Dropout None 32
Dense-2 tanh 8
Dense-3 Softmax 3
Time step(100 ms) Column order
11 671 1
11 671 2
11 671 3
11 671 4
11 671 '
11 671 24
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FIGURE 9 Collision state classification results: (A) normal
state, (B) collision prediction state, and (C) detection state. True
values represent one-hot vector labels, and classified values
represent neural network model output.

situations most commonly occurred when there was no
actual collision; however, there was a sudden accelera-
tion change related to other factors. For example, small
and thin obstacles, such as plastic lane markers, may not
be detected at long distances by LiDAR; however, they
are registered at close positions. To address this short-
coming, more training data are needed. However, as
shown in Figure 11, the classification success rate was
approximately 96%, confirming that the proposed method
achieves very high performance. The delivery robot tar-
geted in the proposed method moved at a maximum
speed of 6 km/h with a response speed of less than 1 ms
from the control command. Additionally, the proposed
method uses a pretrained classification model; hence, the
classification results can be output within 10 ms, includ-
ing the LiDAR sensor processing time, for actual
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FIGURE 10 Enlarged collision state classification results:
(A) normal state, (B) collision prediction state, and (C) detection
state.
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FIGURE 11 Error state based on integer encodings of labels
and classification results. 0, 1, and 2 represent successful, delayed,
and misclassified results, respectively.

applications. When the classification results are output at
10 Hz, the relative distance to an obstacle can be distin-
guished with a high resolution of approximately 16 cm.

In conclusion, we confirmed that the proposed
method adequately handles instantaneous misclassifica-
tions when applied to an autonomous delivery robot that
primarily moves at slow speeds.

5 | CONCLUSION

Because a delivery robot operates in a complex mobility
environment with a variety of obstacles, a method for
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predicting and detecting collisions is vital. In this study,
we proposed a robust collision prediction and detection
method based on a time-series classification LSTM model.
With the proposed method, navigation sensors were used
without the need for additional sensors, and tightly
coupled sensor measurements were processed by the fully
connected layer and SoftMax function to achieve robust
and precise collision state classification performance.
Furthermore, because the relative distance was used for
measurement, the method could be utilized universally
without restrictions with static and dynamic obstacles.
The performance of the proposed algorithm could be
improved by learning about various surrounding environ-
ments and obstacle shapes using additional machine-
learning options. Our future studies will focus on acquir-
ing and applying various measurements to a wider range
of obstacles so that we can improve our algorithm.
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