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Abstract

Human-robot collaborative systems are being increasingly adopted in manufacturing environments due to their application
flexibility, adaptability, and cost-effectiveness. The majority of robotic systems use electrical current sensors to measure
joint torque in industrial robot arms and limit the robot’s impact in the event of an unanticipated acceleration/deceleration,
such as in the event of a collision with a human operator. However, these electrical current sensors are known to experience
sensor drift, which results in measurement inaccuracy that can result in improper joint-torque or end-effector force readings.
This paper provides a method to compensate for electrical current drift using a neural network-based controller to control
robot velocity. To evaluate the compensation method, an experimental setup was developed where a robot joint collided
with the biofidelic test device that mimics the deformation response of the human forearm while simultaneously measuring
deformation and contact force using an embedded soft force sensor. The proposed method was shown to compensate for
electrical current drift and therefore reduce resulting contact forces between the robot and the biofidelic test device. Hence,
this research provides a method to quantify the behavior of electrical current sensor drift on human—robot collision and

presents a data-driven methodology for compensation.
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1 Introduction

Collaborative robots are being increasingly adopted by
manufacturers due to their application flexibility, adapt-
ability, and cost-effectiveness. Many of these robot designs
use electrical current sensors housed in their joints as a
method to infer torques experienced by each joint. The
sensors can then be used for applications including end-
effector force estimation [1], payload gravity compensa-
tion [2], and compliant teach-point programming [3]. In
addition, one of the most critical applications of electrical
current sensors is force-limiting control in the event of col-
lisions with humans [4] where the safety stops triggered in
risk assessments and general operation of the robot rely on
the electrical current sensor measurements. Specifically, to
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ensure safe human-robot interaction, existing safety stand-
ards, such as ISO/TS15066, have specified biomechanical
force and pressure limits in the event of human-robot col-
lision [5] and require that risk assessments be performed
to identify worst-case human-robot collisions followed by
validation testing to verify that resulting forces and pres-
sures at the collision points do not exceed the biomechani-
cal limits as specified per body region. Pre-evaluation of
conditions that result in human-robot collision have been
noted in prior literature based on the ISO/TS15066 [6].
For instance, researchers have developed a finite element
model to calculate hazardous conditions in the event of
human-robot contact [7]. In addition, researchers have also
created experimental tests in human—robot collision where
the robot collided with a leather ball and plastic cylinder
for pre-evaluation purposes [8].

Repeated use of industrial robots results in perfor-
mance degradation and susceptibility to sensor drift [9].
Most industrial robot performance research is focused on
positional accuracy and repeatability involving the use of
physical detection systems [10] and machine vision [11].
For instance, in one study, sensors were placed on humans
and the robot was trained to use people’s positions and
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physiological reactions to change control strategies for
collision avoidance [12]. In addition, a vision-guided col-
lision avoidance system was proposed by monitoring both
the human and the worker to send adjusted control com-
mands in the event of a prediction collision [13]. However,
the study of robot performance relative to electrical current
sensor drift in industrial robots has not been examined as
thoroughly despite typical datasheets indicating electrical
current sensor drift as high as 5.7% [14], which could pos-
sibly be the result of temperature variations inherent to high-
power applications. Though researchers have demonstrated a
variety of techniques to study human—robot collision includ-
ing proposing operating procedures [15], alternate control
strategies [16], and using joint velocity and current meas-
urements to minimize impact [17], studies of the effects of
electrical current drift on human—robot collision control are
limited. Because electrical current sensors measurements
provide the fundamental data from which force-limiting
control is implemented, errors in the electrical current
sensor measurements due to drift can adversely influence
applications such as the impact in the event of human—robot
collision.

The paper aims to compensate for electrical current deg-
radation in collaborative robots using a neural network-based
controller for applications including force limiting control
during human-robot collisions. To conduct this study, an
experimental setup was developed to mimic a case study
where the joint of a collaborative robot collides with a sur-
rogate human forearm. A biofidelic test device incorporat-
ing a soft capacitive sensor with similar material properties
to that of the human forearm is used to measure the force
and deformation that would be experienced by an operator
[18]. Multiple collision experiments were conducted at vari-
ous joint velocities measured by the UR10 to train a neural
network to predict the approximate velocity based on cur-
rent, joint position, and time measurements. The predicted
velocity was then used to infer error in velocity, which was
used by a proportional-integral-derivative (PID) controller
to reduce the influence of electrical drift. It was shown that
electrical current drift of the sensors resulted in significant
changes in force during impacts with the biofidelic test
device and the neural network-based compensation method
reduced the effect of electrical current drift, thereby reduc-
ing contact forces.

2 Compensation methodology

To reduce the influence of electrical current drift, this paper
uses a neural network trained by robot collisions with the biofi-
delic device to infer the joint velocity errors for use in a PID
controller to control joint velocity. Note that the implementa-
tion of the controller can also be used in applications that are

subject to errors in electrical current measurements outside
of human-robot collision, such as force control and gravity
compensation.

Researchers primarily use electrical current to predict out-
puts including joint torque and end-effector forces. This work
attempts to predict the joint velocity errors based on electrical
current data, from which prior research is limited. Thus, we
use a neural network [19] to predict the assumed joint veloc-
ity based on time, joint position, and electrical current data
as inputs. Though other data-driven methods exist, neural
networks have been demonstrated to outperform naive Bayes
[20] and random forest [21] in prior literature. Furthermore, a
neural network was demonstrated to exhibit the fastest predic-
tion time compared to the aforementioned data-driven models
[22] and therefore is able to satisfying the timing requirements
for real-time control. In addition, neural networks have been
previously demonstrated in human—robot collision detection
applications [23]. The neural network in this work consists of
one hidden layer with 10 nodes and rectified linear unit activa-
tion functions. The aforementioned parameters were used as
inputs into the MATLAB function fitrnet(). While electrical
current can be used as the output of the neural network and
input into a PID controller, current sensor readings based on
velocity, position, and time are not unique, and therefore errors
in current readings can result nonlinear behavior that can influ-
ence stability and accuracy of a PID controller [24]. In addi-
tion, electrical current is not a stable output and can therefore
affect the stability of the PID controller.

To compensate for current drift, the neural network was
implemented in the controller shown in Fig. 1. The con-
troller operates by moving the robot at an initial fixed joint
velocity. As the joint position changes, electrical current
(filtered by a 40-point window median filter [25]) and time
data are collected and used as inputs to the neural network.
The median filter for electric current is intended to filter
a sudden increase in current in the event of a collision to
reduce possible harm to the human operator. If the electri-
cal current is incorrect (for instance, due to drift), then the
neural network will predict the corresponding velocity. The
difference between the instantaneous velocity and the pre-
dicted velocity is then inputted into a PID algorithm with the
result being added onto the instantaneous velocity. This new
command velocity is then inputted into the robot controller
to adjust the speed of the robot. By directly controlling the
joint velocity, this approach compensates for error in electri-
cal current drift.

3 Experimental setup

This section describes the design of biofidelic device and
the experimental setup for performing robot collisions as
shown in Fig. 2.
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Fig. 1 Diagram of proposed controller used in this work

Fig.2 Experimental setup for testing collisions between the robot and
biofidelic device

3.1 Robotic system

In this work, a collaborative robot (UR10 CB3-series, Uni-
versal Robots) was used to collide with a biofidelic device.
Robot communication was conducted using user datagram
protocol (UDP) with data being read by the computer and
commands being sent to the robot using the real-time data
exchange (RTDE) and the URScript formats, respectively,
with a cycle time of 10 ms.

The joint angles [0,...0,] were fixed to be
[—162.73°,55.77°,-166.63°, —90.00°,0.00°], while the
robot was driven to rotate about 6, at a fixed velocity in
the direction shown in Fig. 2. As the robot rotates about
0,, it will collide with the biofidelic device. At this point,
the current sensor measurements will sharply increase as
shown in Fig. 3. Note that the robot automatically halts
movement if the electrical current increases above a fac-
tory-set threshold or if the robot’s position significantly
deviates from its intended path. However, to minimize
safety hazards and avoid permanent damage to the robot,
the robot was configured to halt movement if the current in
Joint 1 exceeded 1.75 Amps. Thus, if the current drifts such
that measurements are inaccurately lower than the correct
values, the robot would take longer to exceed 1.75 Amps,
resulting in more force and deformation experienced by the
biofidelic device. Because studies of the current degrada-
tion of industrial robots are limited, the current drift is
simulated as a set rate during the operation. In addition, the
simulated drift is assumed to be the sole source of electri-
cal current degradation.

3.2 Biofidelic device

To demonstrate an application for the proposed electrical
current compensation method used to reduce errors in elec-
trical current and therefore human-robot collision force, a
biofidelic device was used to mimic the human forearm.
To fabricate the biofidelic device, a soft capacitive sensor
was manufactured using conductive fabric as electrodes
and elastomer as a dielectric. Figure 4 shows the fabrica-
tion process for these sensors; it should be noted that the
fabrication procedure of the soft capacitive sensor in this
work follows prior work by the authors [18]. The sensor
fabrication involves a two-step molding process utilizing
acrylic molds and conductive fabric (Nora Dell, Shieldex)
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Fig.3 Example raw current reading during robot-biofidelic device
collision

that were cut using a laser cutter (universal laser system)
alongside the dielectric elastomer (EcoFlex 00—10, Smooth-
On, Inc.). The initial mold has the conductive fabric elec-
trodes patterned between the pieces of acrylic with all parts
being held in place with sewing pins. With the conductive
fabric electrodes separated, the dielectric elastomer was
poured into the mold and then cured for at least 24 h. After
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Fig.4 Mold based fabrication process of soft capacitive sensor

curing, the mold was disassembled, the excess elastomer
was removed from the sensor, and the conductive fabric was
trimmed to create alternating tabs. A second mold was cre-
ated to fully encapsulate the conductive fabric to prevent
delamination. The sensor was placed in the mold and held
in place with a 3D-printed part. Additional EcoFlex 00-10
elastomer was poured around the sensor and allowed to cure
for at least 24 h. After disassembling the second mold and
removing excess elastomer, conductive thread (Stainless
Thin Conductive Thread, Adafruit, Inc.) was sewn through
either side of the sensor to connect the alternating layers
of conductive fabric completing the capacitive sensor. For
this paper, the sensor consisted of seven electrodes and,
therefore, six dielectric layers. The active area of the sen-
sor is 1 cm X 1 cm with the overall sensor dimensions of
1.8 cmx1cmx1.2 cm.

To complete the biofidelic device (shown in Fig. 5), the
sensor was embedded into bulk elastomer (P-10, Silicones,
Inc.) with a foam sheet (Soma Foama 15, Smooth-On, Inc.)
acting as a soft skin on top of the elastomer and sensor.
This design replicates force—displacement characteristics of
the human forearm. The bulk elastomer has a diameter of
14.25 cm with a hole in the center for the sensor and is 1.12-
cm thick, and the foam sheet is also 1.12-cm thick.

Because of the design of the sensors, each of the elec-
trodes can be treated as parallel plates spaced by dielec-
trics with initial thicknesses; thus, the sensor can be treated
as a stacked parallel plate capacitor [26]. In the case of
human-robot collision, the capacitance will change as the
sensor is compressed and the thickness of the dielectric

elastomer ‘
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Fig.5 Opened setup of biofi-
delic device
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decreases. In this work, the capacitance is assumed to
change linearly with the applied force and deformation. A
circuit was built to measure the capacitance where a capac-
itance-to-digital converter (FDC2214, Texas Instruments)
was used to measure the capacitance of the sensor at a rate
of 250 Hz. In addition, a 1 nF capacitor was wired in series
with the sensor to protect the circuit against electrical shorts
between the conductive fabric.

To correlate the force and deformation to measured
capacitance, the biofidelic device was mounted in a material

Fig.6 Calibration setup of
biofidelic device

R
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testing machine (eXpert 5600, Admet Solutions) as shown
in Fig. 6. The indenter of the materials testing machine was
adapted to mimic a joint collision by mounting the elbow
cap of the UR10 onto a 3D-printed mount. The indenter
was driven into the biofidelic device at a speed of 100 mm/
min until numerous predetermined force thresholds were
measured by the materials testing machine. The nominal
forces for these experiments were 20 N, 30 N, 40 N, 50 N,
and 60 N. At each stop, the deformation, steady-state force,
and the raw 28-bit integer value output by the FDC2214
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Fig. 7 Calibration curves of the biofidelic sensor for a force and b
displacement and corresponding linear fits

were measured by a Data Acquisition System (USB-6363,
National Instruments) at 1000 Hz for 2 s. Note that the dif-
ference between the sensor readings at the beginning of the
test and the steady-state compressed state was used for cali-
bration and computation to remove the influences of plas-
tic deformation and viscoelastic behavior of the biofidelic
device and the weight of the foam sheet on the sensor.

Figure 7 shows the force and deformation calibration
curves for the biofidelic sensor. Note that as the applied force
increases, the spacing between the electrodes in the sensor
decreases. This decrease in spacing corresponds to an increase
in change in capacitance which results in an increase in the
raw bit count values. The error in the force and deformation
linear fits are shown to be correlated with coefficient of deter-
mination (Rz) values of 0.98 and 0.92, respectively, demon-
strating that the assumption of linearity holds for both force
and deformation. The linear fits for the force and deforma-
tion behaviors of the sensor are 0.00052sensor 4+ 20.56 and
3.67 % 103 sensor + 11.13, respectively. It should be noted
that nonlinear behavior is expected to occur in the lower force
range of approximately < 10 N due to the deformation of the
foam. However, the forces measured in this paper are expected
to be well above that range, and therefore linear behavior was
observed at the maximum impact force ranges.

4 Results

To train the neural network, tests were conducted by driv-
ing the robot to collide with the biofidelic device and stop
motion after 1.75 Amps. Using the biofidelic device, joint
speeds at 1°/sec, 3°/sec, 5°/sec, and 7°/sec, with three rep-
lications each, were tested with no simulated drift to record
data for neural network calibration. Replications were con-
ducted to account for possible noise errors in the electrical
current measurements. In this work, fivefold cross-validation
was conducted to evaluate the model, thus resulting in an

(o)}
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Fig.8 Mean squared error plot from cross validation
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80% to 20% training-to-testing points partition. The plot of
mean squared error from the cross validation is plotted in
Fig. 8, and the mean squared error is shown to converge to
0.0027 (°/sec)? as iterations increase, demonstrating appro-
priate selection of the activation function and layer param-
eters. Also, the R? was calculated to be 0.97, which means
that the error is uncorrelated, and the model captures the
majority of known trends in the data. Hence, the neural net-
work and the training data used in this work were sufficient
for accurate joint velocity calculations.

To examine the performance of the compensation meth-
odology, the robot was used to conduct the same experimen-
tal procedure as the neural network calibration with a speed
of 4°/sec. Varying degrees of simulated drift rate (0 mA/
sec, 30 mA/sec, 60 mA/sec, and 90 mA/sec) were tested.
Note that the tested amount of simulated drift in this work
is expected to be significantly more than expected in normal
operation in a production facility and that this severity of the
drift is chosen to efficiently evaluate the influence of current
drift and the performance of the compensation method.

Figure 9 shows representative time series data for filtered cur-
rent (top row) and sensor measurements (bottom). When there
is no drift (0 mA/sec), then the compensation method appears
to result in similar time series for the filtered current measure-
ments in addition to the sensor readings settling at similar points
after collision. When the drift rate increases to 30 mA/sec, then
the compensation method reduces the drift in the current sensor
mildly, which is reflected in a minor decrease in the sensor read-
ing. In addition, without compensation, the sensor reading at a

drift rate of 30 mA/sec appears to settle at a larger value than at
0 mA/sec. As the drift rate increases dramatically to 90 mA/sec,
the compensation method can reduce the drift more significantly
with a more dramatic reduction in sensor readings. Note that
for all cases when drift is introduced, the compensation method
does not completely remove current drift. This can be mitigated
by tuning the PID gains (specifically, the P gain) at the cost of
more sensitivity to noise when there is no drift. In addition, note
that production environments are expected to experience less
electrical current drift and the compensation effort is expected
to be much less than the 60 mA/sec and 90 mA/sec cases.
Figure 10 shows the final steady-state (a) force and (b) defor-
mation experienced by the biofidelic device. As expected, when
not using compensation, the collision force increases as the cur-
rent drift increases. In addition, the deformation of the biofidelic
device without compensation is also shown to increase, though
only from 8.47 mm to 10.03 mm. While this seems like a small
change in deformation, as flesh deforms, at some point, small
changes in deformation result in significant changes in force.
However, when using compensation, the collision force is shown
to be constant with respect to the drift rate, thus demonstrating
the compensation method’s capability to reduce the collision
force in the event of an impact. In addition, the compensation
method is demonstrated to ensure that the deformation remains
similar for differing severities of electrical current drift. Also,
the standard deviations of the trials appear to be more consist-
ent when using the compensation as opposed to without using
compensation. Thus, the results show that electrical current drift
can increase the collision force and deformation experienced in
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Fig.9 Representative time series data for filtered current (top row) and sensor measurements (bottom row)



2790 The International Journal of Advanced Manufacturing Technology (2022) 123:2783-2791

human-robot collision and therefore should be considered when
designing collaborative robots. In addition, the results also show
that the compensation process used in this work is a plausible
methodology to compensate for electrical current drift.

For this specific experimental setup, the required electri-
cal current levels to exceed the biomechanical limits speci-
fied by ISO/TS15066 were calculated. Referring to ISO/
TS15066, the maximum force limit for a human forearm is
160 N. A linear fit between the experienced force (Fig. 10)
and steady-state electrical current (Fig. 9) without compen-
sation was determined to be —0.0296 * force + 2.604 with
an R? of 0.95. Hence, the steady-state electrical current in 6,
required to breach the biomechanical limit was calculated to
be —2.13 Amps. Thus, the corresponding cumulative elec-
trical current drift starting from a 0 mA/sec drift value of
1.21 Amps (Fig. 9) was determined to be 3.34 Amps. Note
that the electrical current sensor drifting 3.34 Amps, and
thus breach the biomechanical limit, would be considered
unrealistic. However, the drift threshold would also depend
on the experimental setup. Hence, this paper also provides
a method to determine the acceptable electrical current drift
for a given application based on biomechanical limits.

5 Conclusion

This paper provides the use of a biofidelic device with an
embedded capacitive sensor to train a neural network imple-
mented in a PID controller to compensate for the influence of
electrical current drift. The results showed that the proposed
controller method led to reduced collision force and deformation
by compensating for simulated electrical current drift. Further-
more, by demonstrating that the compensation method resulted
in noticeable impacts on the biofidelic device, the results showed
that electrical current drift experienced by industrial robots
can significantly influence collision forces and deformation.
Hence, this research demonstrates a compensation method for
human-robot collision in the event of electrical current drift in
addition to presenting an offline system for training and evaluat-
ing methods in human—robot collision. Specifically, this research
also addressed the limitations of offline experimental setups for
evaluating human—robot collision by utilizing a biofidelic sensor
to measure force and deformation.

Note that the human response will vary significantly depend-
ing on human size and location of impact. Thus, a limitation
of this work is the analysis on a single human setup. Further-
more, multiple points of the robot can collide with a human, and
therefore more analysis must be conducted for the future robot
points of contact as well. In addition, redundant electrical cur-
rent sensors are highly recommended for future work to detect
and compensate for drift at the measurement stage. The internal
electrical current sensors in industrial robots are designed to

a) I No Compensation
Il ith Compensation
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Current Drift Rate (mA/sec)

m)
o

Deformation (m
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Fig. 10 Resulting a force and b deformation experienced by the biofi-
delic device. Error bars are + 1 standard deviation

be cost-effective, and therefore more electrical current sensors
are critical for verifying the accuracy of the internal electrical
current sensors themselves. Note that electrical current drift is a
general condition that can occur in fields of robotics not exclu-
sive to human—robot collision. Thus, the compensation method
in this work can apply to general inaccuracies in electrical cur-
rent sensors in industrial robots for further studies, including
force and gravity compensation or teach-point programming.
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