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Transformer based Collision Detection Approach by Torque
Estimation using Joint Information
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Abstract: With the rising interaction between robots and humans, detecting collisions has become
increasingly vital for ensuring safety. In this paper, we propose a novel approach for detecting col-
lisions without using force torque sensors or tactile sensors, utilizing a Transformer-based neural
network architecture. The proposed collision detection approach comprises a torque estimator
network that predicts the joint torque in a free-motion state using Synchronous time-step encoding,
and a collision discriminator network that predicts collisions by leveraging the difference between
estimated and actual torques. The collision discriminator finally creates a binary tensor that predicts
collisions frame by frame. In simulations, the proposed network exhibited enhanced collision
detection performance relative to the other kinds of networks both in terms of prediction speed and
accuracy. This underscores the benefits of using Transformer networks for collision detection tasks,

where rapid decision-making is essential.
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1. Introduction

As robots increasingly collaborate with humans in dynamic
and unstructured environments, the importance of precise and
rapid collision detection has been more critical'’. The integration
of robots into shared spaces with humans requires solutions that
enables the detection of collisions, thereby facilitating the plan-
ning of subsequent actions to mitigate potential injuries.

Traditionally, collision detection strategies have relied on the
use of external sensors™!. In this conventional setup, tactile

arrays and Force/Torque sensors are integral in providing the
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sensory feedback necessary for robots to interpret interactions
with their environment. However, the implementation of such
external sensors entails considerable challenges™. Implementing
skin sensors of force sensors on robot surfaces or joints increases
the complexity and cost, while also reducing the robot’s opera-
tional flexibility. The vision sensor-based approach requires high
computing power due to the large amount of data to be processed
and has limitations in recognizing collisions occurring in blind
spots[s]. For these reasons, research has been conducted to detect
unexpected collisions using only internal sensor such as joint
encoder, without relying on external sensor’'?,

A classical method for detecting external collisions without
using sensors involves observing changes in the angular veloci-
ties of each joint®”!. This principle detects collisions by mode-
ling the dynamics of the robot manipulator and designing angular
velocity observers. However, this approach has a limitation in
that it requires accurate information about the model.

To overcome the limitations of these model-based methods,
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collision detection algorithms utilizing neural networks have
recently been actively researched®'?. These methods estimate
disturbances by using neural networks to learn uncertain dyna-
mics models. They also detect collisions by estimating difficult-
to-model friction or model errors through learning based on
momentum observers. Unlike fully connected layer networks
that estimate simple models, Recurrent Neural Network (RNN),
which are suitable for handling time-series data, are more
appropriate for observing the dynamics variations of robots.
Specifically, Long Short-Term Memory (LSTM) and Gated Recur-
rent Units (GRU), by overcoming the gradient vanishing problem
of traditional RNNs, are useful for processing long sequence
data. However, LSTM and RNN suffer from the disadvantage of
being difficult to parallelize due to their sequential input pro-
cessing. Transformer, on the other hand, overcomes this limitation
by processing sequences all at once, enabling parallel processing!™.
While Transformers are predominantly utilized in large language
models, this paper presents the potential applicability of Trans-
formers in the field of robotics control by applying them to
collision detection algorithms for robots.

To detect external collisions of robots without sensors using
Transformers, consideration of the robot dynamics system is
prerequisite. Based on a torque input-based controller and the
structure of the robot system, a network utilizing Transformers is
constructed to predict control inputs using information from each
joint. Subsequently, a collision discriminator is designed using
Transformers to compare the control input torque with the torque
predicted by the network in order to determine collisions.

The presented Transformer-based collision detection algorithm,
in this paper, introduces two potential contributions. Firstly, it
showcases the utilization of Transformers to estimate the dyna-
mics of robots and validates its efficacy through simulation.
Secondly, it directly estimates the control inputs of robots solely
relying on internal sensor information. This approach, being
independent of external sensors and information about observers,
controllers, and robot models, underscores the algorithm’s versa-
tility across diverse scenarios.

This paper is structured as follows: In Chapter 2, torque
estimator and collision discriminator using Transformers are
introduced. The torque estimator is designed to directly estimate
control inputs without any modeling, and the collision discri-
minator is designed to detect collisions using both recent torque
data. Chapter 3 demonstrates the effectiveness of the proposed

methods in a simulation environment, and Chapter 4 presents
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conclusions and discussions on the proposed methods and

results.

2. Methodology

2.1 Problem formulation

The motion of a robot manipulator is elicited in response to
the torque applied to each joint. When control input torque and
externally applied torque are exerted on the manipulator, the

dynamics of the robot are expressed by as
M(9)g + C(2.0) +8(9) = T,+ Toye- @

Where g, ¢, and gER™*! denote the joint angle vector, angular
velocity vector, and angular acceleration vector, respectively.
M(g) ER™™" is the inertia matrix, C(q,q) ER"*! represents
the centrifugal and Coriolis forces, g(g) ER"*! denotes the
gravity force, 7, and 7,,, €R""' denotes the control input

torque and external torque, respectively. The 7., encompasses

Xt
disturbances such as friction within its scope, but in this paper, it
is delimited to torque resulting from external impacts. Computed
torque control (CTC) is a method for controlling robots by
applying torque to each joint, considering dynamics, to enable
the robot to achieve motion as desired. CTC estimates the
dynamics of the robot system using dynamical models, thereby
inversely calculating the angles and angular velocities of each
joint to control or generate the desired force using Jacobian
Transpose. In the situation of controlling the robot using CTC, if
disturbances forces apply to the robot, its motion deviates from
the intended motion represented by the control torque. In this
paper, we present a collision detection approach using a Trans-
former network utilizing input torque and joint information in the
absence of external forces. Subsequently, we identify disparities
arising from the influence of external forces to ascertain collisions.

[Fig. 1] illustrates the structure of the proposed torque estimator
network and collision discriminator network operating within the
framework of a general robot control system. The controller
receives joint angle information from the robot systems and
computes torque input values for various robot control objec-

tives, such as the desired position of the end-effector z,&R**!,
desired joint angle g,, angular velocity Eld, and desired force

£,ER**! o be transmitted to the robot.



268 =3:5t5) =2 4199 A3 E (2024. 9)

4.4. 4
*d |
qd
a4 Controller Robot
& 440
Torque
Estimator
Collision
Discriminator

[Fig. 1] Overview of collision detection approach

The torque estimator shown in [Fig. 1] estimates the control
input torque for the next step using received joint information
from the robot. In this paper, to estimate the control input torque
using only the joint information of the manipulator, we use a
Transformer architecture based on the RNN to construct the
network. The collision discriminator discerns disturbances of the
robot by contrasting the control input torque values imposed by
the controller onto the robot with the torque values estimated by
the torque estimator. While the collision discriminator proposed
in this paper solely conducts basic collision detection, for future
research on external force estimation through external torque
estimation, the collision discriminator is also constructed with a
network architecture using a Transformer.

Ultimately, the proposed method consists of a torque esti-
mation network and a collision discriminator network utilizing
Transformer architecture. The torque estimator estimates the
joint-based input torque 7(g,g,q) in scenarios without the

influence of external forces (7.,,=0). The collision discriminator

Xt
detects situations where disturbances unexpectedly occur (7, =
0) by comparing the estimated input torque with the actual

control input torque.
2.2 System overview

[Fig. 2] illustrates the system overview of a data processing
pipeline for detecting collisions using a robot joint information
dataset. At each control step, joint angle data are collected and
used to estimate torque for the torque estimator network. The
torque estimator estimates the torque between (t—a/) and ¢
intervals by utilizing data from the (¢t —2a) to (¢t —a) interval.
This estimated torque is then compared with the actual torque
calculated from robot controller. The collision detection model
performs inference at time step ¢, using a data window from

(t—a) to t. The parameter o serves as a constant determining
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[Fig. 2] Timeline of the data pipeline for the collision discri-
minator

the amount of data utilized for collision detection.

The torque estimator network utilizes this window to estimate
the torque values based on the joint angle, angular velocity, and
angular acceleration. These estimated torque values are then
subtracted from the actual torque values to determine discre-
pancies indicative of abnormal behavior, such as collisions. The
collision discriminator module takes the discrepancy between
the estimated and actual torques and determines whether a
collision has occurred. The collision events are encoded as a
binary collision indicator, with a positive indication signaling a
collision at the respective time frame. The collision indicator is
represented as a binary sequence for each control step, where 0
denotes collision-free instances and 1 indicates collision events.
This system design enables real-time monitoring of robotic
operations to identify collision events, enhancing the safety and

reliability of automated processes.

2.3 Network architecture

In our proposed architecture, we use the Synchronous Time-
step Encoding (STE) for positional encoding, tailored for handling
time-series data involving joint angle, angular velocities, and
angular accelerations as shown in [Fig. 3]. This technique
addresses the challenge of preserving temporal coherence when
these sequences are concatenated, ensuring accurate temporal
interpretation of each data point. STE continuously discriminates
neighboring time-steps by applying temporal identifiers from a

single sinusoid, thereby maintaining the temporal relationship
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[Fig. 3] Diagram of Synchronous Time-step Encoding with
Transformer, tailored for time-series data of joint positions,
angular velocities, and angular accelerations, ensuring temporal
coherence

and sequence of movements, even when multiple features are
combined into a single vector. This aspect is crucial for tasks like
collision detection that demand an intricate understanding of
sequential dynamics. To ensure temporal consistency, STE applies
identical positional encoding at regular intervals within the con-
catenated sequences. This modification of the traditional sinu-
soidal embedding formula allows the model to understand that
data points from g, 1'1, and q at the same positions pertain to
synchronous time steps. Such an embedding strategy enhances
the model’s capability to interpret and predict complex time-
series patterns by leveraging the temporal coherence of sequen-
tial data, thereby improving its performance in tasks requiring

precise analysis of dynamic movements.

3. Simulative Verification

To verify the feasibility of the collision detection approach
proposed in this paper, simulations were conducted. The simu-
lation environment was constructed using the MuJoCo™¥ library,
chosen for its capability to consider collision stability between
the robot and its environment. The robot model utilized was a
7-degree-of-freedom manipulator developed by our research

group as shown in [Fig. 4].
3.1 Computed torque controller

Since the proposed method outlined in Chapter 2 focuses on
controllers managing the robot’s torque, the controller designed

for the data collection process, utilizing Jacobian transpose

-4:~JJ
link 6

[Fig. 4] Manipulator model utilized in simulation

control, is structured as

Te = JTf+ Tfric+Tg’ (2)
. Iﬁlwd*g “EE o —Kanhg). )

Where J ER®*" represents the basic Jacobian matrix for an
n-DOF manipulator, 7, denotes gravity compensation torque
vector. K,ER**’ and K;ER®*’ respectively denote the
virtual spring gain matrix and damping matrix of the end-effector
position in Cartesian space. z,, &, ER**', and d6=R*"!
represent the desired position, current position, and orientation
error of end-effector, respectively. The joint friction compen-
sation torque vector ;. serves to compensate for joint gear
friction by adding a constant torque of predetermined slope £ and
magnitude K,ER" ™" for each joint rotation direction. Since the
proposed collision detection method is independent of the
controller’s structure, intentional complexity is introduced by
designing the controller to deliberately incorporate trigonometric
functions and derivatives such as the hyperbolic tangent function

and Jacobian.
3.2 Data collection

Simulation was divided into two scenarios involving free
motion and collision situations, with details and the operational
range for both scenarios depicted in [Fig. 5]. For free motion, we
selected a workspace within the robot’s operational range where
the robot commonly operates. Desired points were randomly

designated within this workspace, and the robot was program-
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med to repetitively move to these points. In collision scenarios,
the robot moved within specific areas, but rectangular obstacles
were randomly placed to induce collisions. These obstacles were
essential in creating collision events, offering crucial oppor-
tunities for the model to detect and learn from the variations in
torque patterns resulting from unforeseen physical contacts.
Time-series data for each joint, including joint positions and
computed torques, were recorded at a frequency of 500 Hz. For
collisions, occurrences were logged in a binary format, frame by
frame at the same frequency. Angular velocities were derived by
differentiating joint positions, and angular accelerations were
obtained by further differentiation. All collected data were min-
max normalized before being inputted into the model. The
dataset for these experiments consisted of a total length of
11,585,405 data points per each joint. The size of recent data «
as presented in [Fig. 2] was set to 1,000. [Fig. 6] shows the
distribution of collision occurrences per link during the data
collection process. For the following reasons, biased distri-
butions appeared: Links 1 and 2, which rotate only and are closer
to the base, experienced minimal collisions, while Link 5, charac-
terized by its longer length, exhibited relatively higher collision
rates. Links 6 and 7 exhibited relatively fewer occurrences of

collisions due to their smaller size and volume compared to links

[Fig. 5] Snapshots of the data collection process in the
simulation environment: (a) Free random motion scenario, (b)
Collision scenario caused by a random box

80k
40k
60k
20k

Collision count

Link number

[Fig. 6] Distribution of collisions about each link

3, 4, and 5. [Table 1] lists the accuracy of collision detection
based on the collision link. It confirms that biased collision data

does not affect the collision detection algorithm.

3.3 Performance of torque estimator network

[Fig. 7] depicts the actual input torque and the torque

estimated by the network for each joint in free motion scenarios.

[Table 1] Accuracy of collision detection by link

Link 1 2 3 4 5 6 7
Accuracy | - - 86.4 | 96.5 | 923 89 | 95.1
——- Estimated = —— Desired
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[Fig. 7] Graphs of estimated and control torque for each joint in
free motion
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[Fig. 8] Graphs of joint angle, angular velocity, both torque, and
collision detection during collision scenarios



[Fig. 8] illustrates the joint information, specifically for the 5th
link, during collision situations. Due to the collision, there are
changes in the trends of the desired torque and angular velocity.
The discrepancy between the torque estimated by the network
and the trend seems to serve as the basis for collision detection
judgments.

To evaluate the performance of network architectures for the
collision detection problem, we first examined the performance
of the torque estimator network. KL divergence is used to
measure how closely the probability distribution of the predic-
tions made by our model matches the actual distribution obser-
ved in the training data. After training for 100 epochs, the
estimated torque values on the validation set were compared to
the target torque values using KL-divergence loss as

1 v .
Lyg, = ]_VZf::lZiTni. (log T, —log Tn,i,) . “)

Where N represents the batch size. i denotes the class index.

[Table 2] lists the results using RNN architecture, while [Table
3] lists the outcomes with the Transformer architecture. Despite
having a generally higher number of network parameters, the
Transformer architecture offers shorter inference times than
RNNs.

This efficiency stems primarily from parallel processing capa-
bilities, which are made possible by its self-attention mechanism

that allows for the simultaneous processing of all input data

[Table 2] Performance of RNN-based torque estimator

Network information Inference

Batch - . Ly

size | Layers Hidden Parameters time (1.0E-7)
size (ms)

64 20 50 49907 54.48 40.1
128 20 50 49907 55.31 4972
128 20 100 100907 107.23 2.25
128 40 100 800807 474.15 3.991

[Table 3] Performance of Transformer-based torque estimator
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elements. In contrast, RNNs process data sequentially, necessi-
tating the completion of one element’s before proceeding to the
next. In the context of online collision detection, where rapid
detection and response to collisions are crucial, the shorted
inference time of the Transformer represents the advantage. This
analysis underscores the Transformer’s efficacy in tasks requi-
ring quick and efficient processing, marking it as a superior

choice for real-time collision detection applications.

3.4 Performance of collision discriminator network

For the collision discriminator network, which predicts a
binary tensor indicating the presence of a collision on a frame-
by-frame basis, we conducted the following experiments to
compare the performance across different architectures. Collisions
are generated randomly in the workspace and the collision
information is recorded for each joint. To determine whether the
Transformer architecture is advantageous for the problem of
collision detection, comparisons were made among a Multi-layer
Perceptron (MLP), an RNN network, and a Transformer network.
All three networks were trained for 100 epochs with a batch size
of 16. The MLP consisted of three fully connected layers, the
RNN had a hidden size of 100, and the Transformer used a
hidden size of 100, with 8 heads and 6 encoder layers. Con-
sidering the potential imbalance in the class distribution between
collision and no-collision instances, the F1 score is selected for

its ability to balance both precision and recall of the model,

[Table 4] Performance of collision discriminator according to
network architectures

Ir'lference Accuracy Detection F1
Time (ms) Delay (ms) | score
hs;t;;zir 0.16 0.563 - 0.512
RNN 59.83 0.967 300 0.750
Transformer 10.96 0.999 98 0.812

[Table 5] Ablation study on torque estimator

Network information Inference I
Head Encoder | Hidden P . time a 0]1;%7) Ablation settings Ly, of Torque Estimator
S4B layers size | AN (ms) ' STE Decoder (1.0E-7)
4 6 256 977863 7.65 4762 (6] O 0.992
4 6 512 21489159 7.67 3.585 X O 1.043
8 6 512 21489159 9.09 3.16 (6] X 3.585
8 12 512 43890293 12.39 4.093 X X 4.629
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offering a more nuanced evaluation of its performance in
effectively handling both positive and negative classes. The
proportion of collision in the total data is 21%. As listed in [Table
4], the Transformer demonstrates higher accuracy compared to
other architectures and, when compared with the similarly

performing RNN, it exhibits faster inference time.

3.5 Ablation studies

To enhance the learning performance of the Transformer
network, STE and decoder are naturally utilized; however, an
ablation study was conducted to assess their respective impacts.
Simulations were carried out to examine the effects of applying
STE and attaching a decoder to the Transformer-based torque
estimator network. This study aimed to explore two main aspects.
The first aspect was the application of STE to enhance the
network’s capability in handling time-series data with inherent
temporal relationships. The second aspect involved attaching a
decoder to the network with the hypothesis that it would improve
the network’s ability to reconstruct and predict torque values
more accurately. The findings from these experiments are
systematically presented in [Table 5]. The results demonstrate
that both the application of STE and the attachment of a decoder
to the Transformer-based torque estimator network contributed

to its improved performance.

4. Conclusion

In this study, we present a Transformer-based approach for
detecting collisions in a robot manipulator. This approach
identifies external collisions of a robot using only the joint values
measured by internal encoder sensors, without the need for
external sensors like force-torque sensors. This system comprises
a torque estimator network, which estimates torque in a free
motion state using joint positions and a computed torque, and a
collision discriminator, which recognizes collisions based on the
difference between estimated and actual torque. The effectiveness
of this approach has been demonstrated through simulations. For
both networks, the performance of the Transformer-based network
was superior, particularly in terms of inference time, demons-
trating the Transformer’s advantage. This suggests that the
Transformer is well-suited for the task of the collision discri-

minator, where quick decision-making is crucial. The collision

[Fig. 9] Robros manipulator for future works

detection method proposed in this paper was designed without
considering the controller and motion planner, aiming to induce
generality in the control system. However, the proposed approach
is deemed to have limitations in its validity as it has been verified
through simulation for a single control system. In the future, we
aim to improve the collision detector by verifying it with various
controllers, dymanic motion, and diverse motion planners using
an actual robot manipulator in [Fig. 9]. Furthermore, we aim to
enhance the algorithm not only for simple collision detection but
also for estimating the direction of force or inferring collision

links.
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