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Abstract. The advances in robotics allow a growing range of applications for robotic manipulators, such as the execution
of tasks in which the human and robot are sharing the same environment or that require the detection ability of the End-
effector for safety or performance issues, which encourages the application of control methods for contact detection. In
this paper, for the contact detection estimation, we divide the system states into two groups the free mode when the robot
is not in contact and the contact mode when it is. We consider contact as a control mode of the robotic manipulator.
Mode detection is achieved based on identifying the active states of the nonlinear switching system. Artificial Neural
Networks (ANNs) approach is applied to detect the estimated system states and then the system modes. This method
estimates an approximative function that describes a dataset by minimizing the error between predicted and expected
outputs. The dataset used to train the ANNSs results of the Moving-Horizon State Estimation (MHSE) implementation for
contact detection of a robotic manipulator. The main idea behind the MHSE approach is to estimate the system states
using past measurements and a moving horizon window to solve at each instant of time a constrained nonlinear
optimization problem. The implemented ANNs method can estimate the states and classify the mode effectively,
presenting low RMSE values, high values of R? above 0.9, and a reduction in the processing time of the estimation
algorithm when compared with the MHSE method.
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1. INTRODUCTION

Safety is an important topic of study in Robotics, mainly due to the increase of tasks that require Human-Robot
collaboration (HRC) or interaction (HRI), (Magrini et al., 2020; Zacharaki et al., 2020; Bi et al., 2020). The detection,
identification, and prevention of collisions are becoming more relevant and necessary topics to be developed and
consequently allow the integration between model-based methods and data-based methods to deal with this problem of
avoiding harmful collisions and guaranteeing efficient performance in task execution, (Dong et al., 2020; Briquet et al.,
2019; Sharkawy et al., 2019; Sharkawy et al., 2020).

Considering a switching behavior of a robotic dynamical model is possible to include the collision event as an internal
variation of the model and use a Model-based approach, such as the Moving-Horizon State Estimation (MHSE) that
allows the estimation of system dynamics through the solution of an optimization problem, to observe the behavior of the
system in terms of collision, (Baglietto et al., 2012; Alvim et al., 2022). On the other hand, Artificial Neural Networks
(ANN) which is a type of data-based approach, can also be designed to improve robotic system observability through
training with data generated by model-based methods (Jiang et al., 2017). In this context some contributions can be
highlighted, such as (Sharkawy et al., 2021, 2020, 2019), that propose applications of Neural Networks for detecting
human-manipulator collisions or collisions avoidance, using datasets with and without contact obtained by sensors or
dynamical model to training the NN and (Park et al., 2022) that use robot collision data for training the NN, obtained
through the dynamical model. Concerning the application of neural networks as an approximative filter of the MHSE
method, (Alessandri et al., 2011) and (Brunello et al., 2020) present results of approximate estimation and reduction of
computational requirements.

In this work, we advance the state of the art of Alvim et al., 2022 proposing a Feedforward Neural Network training
approach to obtain an approximate of the MHSE mode estimation for contact detection considering switching in the
manipulator dynamics. The remainder of this work is organized as follows. Section 2 describes the robotic manipulator
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used to simulate the proposed methodology. Section 3 presents the methodology and the formulation of the approximative
filter using NN. Section 4 presents the results. Lastly, section 5 gives the conclusions.

2. CASE STUDY

Considering both configurations for the 1-DOF robotic manipulator of this work presented in Figure 1 to represent
our mechanical system, on the left-hand side we have the Free Model, comprised of two inertial elements, the motor J,,
and the link J;, both connected by an axis with a flexible joint modeled as a spring k, representing the system working
under normal conditions with the link moving freely around the axis. And, on the right-hand side, we have the Contact
Model comprised of only the first inertial element J,,,, representing the system under faulty condition with the link unable
to move due to some type of contact.
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Figure 1. 1-DOF Robotic manipulator: Free Mode (Left), Contact Mode (Right)

The dynamical model of the 1-DOF robotic manipulator is defined by the ordinary differential equations in Eq. (1).

]mém + bmém + k(em - 0[) = Tm (13)

1,6, + k(0,, — 0,) + mglsinf, =0 (1b)

where, T, is the motor torque, b,, is the motor viscous friction coefficient, b, is the link viscous friction coefficient, 6,
is the angular position of the motor, 6, is the angular position of the link, m is the link mass, g is gravity acceleration,
and [ is the link length. Suitable values for the system parameters are given to (Zhang et al., 2010) and (Fan and Arcak,
2003). Considering that the model behaves as a switched system, in addition to the gravity that behaves as a nonlinearity
of the model, the switching between the free model and the contact model also behaves as a nonlinearity, therefore the
dynamical model can be represented in the nonlinear space state representation, as present in Eq. (2).

x = f(x,u) )

where x = (x; % X3 X4) = (6 O 6, él)T is the vector of the continuous state variables, x is the derivative of the state
variables, u = (u,) = (T3;,) isthe input, and f is a nonlinear function. Beyond the continuous states, the switched system
has two discrete states represented by the system models, also called here mode, and represented by o, € {1,2}, where
o, = 1isthe (Free Mode) and g, = 2 is the (Contact Mode). Therefore, considering that the function varies in each mode
the system equation is given in the form x = f; (x,u) and may be represented by Eq. (3).
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3. METHODOLOGY

This section briefly describes the case study as well as the nonlinear dynamic model which is used in the Moving-
Horizon Estimator.

3.1  Moving-Horizon State Estimation for switching systems

The dynamics of hybrid systems incorporate continuous and discrete states of a system, and to understand the behavior
of these systems it is necessary to consider the variability of the subsystems or modes. For this, it is possible to isolate the
discrete states of the system in switched events and consider that we have a switching system (Liberzon, 2003).

Mode observability is one of the capabilities of the MHSE method that can be used to evaluate switching systems, as
it allows understanding the condition or internal state of a system based on external outputs and verifying the possibility
of identifying and differentiating the outputs (Baglietto et al., 2012). MHSE consists of obtaining the current state of the
system based on a finite window of past measurements N, also called observation window, by solving an optimization
problem that is recalculated at each instant of time within the window until the current instant.

Considering a system in the type of Eq. (4), where the function f and h are nonlinear functions varying according to
each mode o € M over time, t € Z, ={0,1, ..., } is the time instant, x, € X’ € R™ is the state vector, u, € R™ is the
control vector, €, € R™ is the vector of additive disturbance affecting the system dynamics, y, € RP is the observation
vector and 7, € RP is the vector of measurements noises, the MHSE problem for switching systems is determine whether
o can be identified within a fixed estimation window, from the output y;_ ; .

Xee1 = folxe, u) + & (43)
Ye = hs(x) + 1 (4b)

The state estimates [X._yy¢, ... X¢¢] varies within a window [t — N, t] and the mode estimate 6, remain constant. Both

are calculated at time ¢ = N,N + 1, ..., on basis of an information vector I, = [y,_y, ..., Y&, Ur—p»---> U] and of a
prediction x,_, in the beginning of the window [t — N] . The estimates at the current time can be obtained through the
estimation procedure in Eq. (5),

G, X,y € argmin J (Qt—Nltl XN, Oy, It) (5)
s.t. it_Mtex ,0tEM

by minimizing a least-squares cost function in the form of Eq. (6).

t
] (’x\t—Nlt' X¢—n) Oy, It) =pl ’x\t—Nlt —X;_n 12+ z ly;— ha‘(fnt ,ui) 1 (6)

i=t-N

where the coefficient p is a positive scalar that serves as a penalty parameter that influences the fit of the estimated and
predicted continuous state estimation at the beginning of the window. In this work, the function h does not depend on wu;.

The set of estimates is calculated according to Eq. (7) without noise, in the form of Eq. (4a) and the prediction is
propagated to the next iteration as in Eq. (8)

Rir1)e = fo,Ruppe) k=t—N, ...t —1 @)

%e-ni1 = fory(Re-mp Ue-ny) t=N,N+1,.. (8)

The methodology can be summarized in three main steps: (1) Perform m optimization procedures with the cost
function J (Xt Xe—n, 6¢,1¢), (2) Define the optimal estimates (i) of the discrete (6) and continuous states (X) finding
the smallest cost function ](fti-mp X._y, 6,1,), and (3) Propagate the prediction x,_y., . A more detailed description
of this methodology and the implementation results are given in our previous work (Alvim et al., 2022).

3.2 Moving Horizon State Estimation for Contact Detection with Neural Networks

Artificial Neural Networks (ANNs) are part of the set of supervised learning methods that seek to approximate a
function to a dataset by minimizing the error between predicted and estimated outputs during the training process of a
network (Ray,2019). For this, it is necessary to provide a set of observations data for the development of estimates that
approximate the unknown function, also known as the target function.
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The Neural Networks that approximate the Moving-Horizon States and Mode Estimations, called NNMHSE in this
work, can be defined as

Xvvmuse = NN(Xypse, It) 9)

Onvmuse = NN(@ypse 1) (10)

where the input of such a network is the information vector I, and the estimations vectors of £ and & along the receding
horizon. Among the various neural network architectures, this work uses a Feedforward Neural Network, due to its
simplicity and applicability. The solution of the NNMHE may be performed through software toolboxes, therefore the
training algorithm used was the Levenberg-Marquardt (LMA), available on MATLAB®. Figure 2 schematizes the
NNMHE problem.

Feedforward Neural Networks

Figure 2. NNMHE Problem

Although it is a metric for linear regression, the coefficient of determination R2 is often used as a validation metric for
neural network models, due to the ease of visualization of the model fit, however, according to (Spiess and Neumeyer,
2010) for some models this metric may be inappropriate, therefore, it should be analyzed along with other non-linear
regression metrics. For this reason, in this work, the evaluation metrics for validation of the fit between the real and the
estimated data are the coefficient of determination (R2) and the Root Mean Squared Error (RMSE) calculated as Eq. (11)
and Eq. (12).

n _ =2
Rzzl_m (11)

(g — %)’

RMSE = (12)

For the R2 metric, the results range from 0 to 1. R2=0 indicates that the model does not predict the output, and R2=1
that the model predicts the output perfectly. Regarding the RMSE, the smaller the error value, the better the fit of the
model to the data set.

4. RESULTS

This section describes the implementation results of the approximative filter with ANNs for the Moving-Horizon State
Estimation Method. The data acquisition was done by the implementation of the MHSE method by (Alvim et al., 2022),
and was obtained through the simulation of a dataset of 24,000 samples, collected with a sampling period of 100 ms and
a Horizon length N = 10.

Two NN were created, a regression NN for state estimation and a classification NN for Mode Estimation. The NN
input parameters were the set of inputs U of the estimation window, the set of measured outputs Y within the estimation
window, the states X, and modes & estimated in the final of the window. Both NN training were performed offline with
the MATLAB® Neural Networks toolbox.

The NN architecture is composed of 2 hidden layers and 10 neurons, and the tests were performed for different
amounts of epochs. The purpose of varying the epochs is to spend more time training a network that can estimate the
parameters well and can be tested later with noisy signals. Figures 3 and 4 present the input signal used for the MHSE
simulation and the input Mode used to train the NN.
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Figure 3. MHSE Input signal. Figure 4. NNMHSE Input Mode

To verify the accuracy of the adjustment of the Network to the estimation method, the coefficient of determination
(R?) and the Root Mean Squared Error (RMSE) is calculated. Table 2 presents the NN training time for each epoch and
the RMSE values for each of the states numbered (1-4), being: 1 and 3 — Angular position and 2 and 4 — angular velocity,
for the motor and link, respectively.

Table 1. RMSE for the States Approximation

Epochs Time(s) RMSE1 RMSE?2 RMSE3 RMSE4
10 23.1589 4.53E-04 2.22E-03 9.74E-04 1.57E-03
20 34.3695 1.13E-03 1.24E-03 6.85E-04 1.08E-03
30 49.9881 5.23E-04 4.99E-04 5.32E-04 5.72E-04
40 63.7439 5.48E-04 6.21E-04 5.65E-04 5.78E-04
50 82.0597 2.16E-03 1.88E-03 1.93E-03 2.30E-03
60 105.3591 2.15E-04 2.32E-04 2.01E-04 3.27E-04
70 120.5277 5.37E-04 5.65E-04 5.35E-04 6.22E-04
80 130.2284 1.30E-03 1.35E-03 1.03E-03 1.26E-03
90 147.3986 4.03E-05 3.57E-05 4.35E-05 | 4.43E-05
100 202.9350 3.16E-04 2.35E-04 2.90E-04 3.53E-04

The low RMSE values for state estimation indicate a good model fit of the network to the data set. However, as the
training and validation data belong to the same simulation and are in the same operating range, it is necessary to validate
the network with other data sets.

The R2 graph was generated for each of the states of the systems, that is, the motor angular position of the (6,,) and
link angular position (8,), the motor angular velocity (6,,) and link angular velocity (8;), and for each one of the epoch
variations (10 - 100). The left-hand side of Figure 5 presents the regression for the 10-epochs network that showed the
worst R2 values. For the networks of 20 to 100 epochs, the R2 values are equal to 1, and the regression graphs present
slight variations in the estimated values. Therefore, the right-hand side of Figure 5 presents the adjustment between the
predicted values and those estimated by the network only for one of the cases in which the network has 20 epochs. After
analyzing the adjustment validation metrics, the NN with 10 neurons and 20 epochs is chosen to demonstrate state
estimation.
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Figure 5. R2 metric for the (a) Motor Position, (b) Motor Velocity, (c) Link Position, (d) Link Velocity.
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Figures 6 and 7 present the comparison of the results between the MHSE method and the NNMHSE filter for the
state’s estimation. The graph shows only 12 seconds of the 120 seconds of simulation for better data visualization,
considering that are many samples for training the network. It is possible to observe that the NNMHSE effectively
estimates the states. The variations that occur in the signal every 2s represent the change in the manipulator's operation
modes, always starting in the free operation mode and then passing to the contact operation mode.
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Figure 6. Comparison between the MHSE and the Figure 7. Comparison between the MHSE and the
NNMHSE methods for the Position Estimation. NNMHSE methods for the Velocity Estimation.

Table 2 presents the network training time for estimating the mode with 10 neurons and 2 hidden layers. To verify the
network adjustment for mode estimation R? value and the RMSE are also calculated for different epoch values. It is
possible to observe that all estimates have a high R? value, above 0.9.

Table 2 — Rz and RMSE for the Mode Approximation

Epochs Time(s) R? RMSE
10 5.9454 0.9468 | 1.09E-01
20 10.8720 0.9798 |  6.84E-02
30 13.3603 0.9935 | 3.99E-02
40 17.0577 0.9995 | 1.07E-02
50 20.4367 0.9998 |  7.30E-03
60 24.4084 0.9986 | 1.89E-02
70 28.3328 0.9990 | 157E-02
80 31.4428 1.0000 |  2.80E-03
90 34.6771 1.0000 |  3.90E-03
100 38.5203 1.0000 | 1.30E-03

Figures 8 and 9 present the R?2 and RMSE value variation curve for each classification NN for mode estimation.
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From 80 epochs upwards, the NN presents an almost constant adjustment for the value of R2 with a value equal to 1.
The results of the mode classification with NN compared with the MHSE estimation is presented in Figure 10, for the
NN of 100 Epochs. Mode 1 is equivalent to the manipulator in free movement, and mode 2 represents the manipulator in
contact. Because it is an approximation, it is possible to observe that the mode estimation presents classification failures,
that is, instead of the network finding only two values (1 and 2) referring to the system modes the network finds
approximate values, nevertheless, the network efficiently infers the modes.

Mode
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Figure 10. Comparison between the estimation with the MHSE and the NNMHSE

However, the main gain of applying the network is the reduction in the processing time of the estimation. Figure 11
compares the processing time per sample of the MHSE and the NNMHSE and shows that NNMHSE is almost four times
faster on average than the MHSE.
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Figure 11. Comparison between the MHSE and NNMHSE processing time.

5. CONCLUSION

This paper proposes the application of a switching approximative filter for the MHSE method based on a feedforward
NN trained by the Levenberg-Marquardt algorithm on MATLAB® for contact detection in a 1-DOF robotic manipulator.
Two NN architectures were trained, one for state regression and another for operating mode classification. Both NN
approximates the estimation model presenting good results for the states and mode estimation, with low estimation error
values, an average fit above 90% for the R2, and a reduction in the average processing time to four times faster than the
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MHSE processing time. Despite the promising results presented, the NNs need further investigations by implementing
different types of NN and datasets. So, in the future, we expect to evaluate the effectiveness of the proposed approach by
testing estimation with noise, with fewer outputs, comparing the method with other filters and estimators, and for
manipulators with more degrees of freedom.
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