Autoencoder with Differential Evolution
Approach for Sensor Fault Detection in Robotic
Manipulators

Dulce Ibarra-Montes, Francisco Gonzalez Barriga, Alma Y. Alanis,
Jesus Hernandez-Barragan, and Gabriel Martinez-Soltero

Centro Universitario de Ciencias Exactas e Ingenierias, Universidad de Guadalajara,
Guadalajara 44430, Mexico
erasmo.martinez@academicos.udg.mx

Abstract. Fault detection is a topic of great relevance due to its im-
portance in the control of various types of systems. In particular, the
most commmon faults usually occur in actuators or scnsors. This paper
proposes the use of autoencoders for the detection of faults in the joint
scnsors of a robotic manipulator during trajectory tracking tasks. The
proposced methodology addresses the identification of faults caused by
disconnections, noise and blockage in the sensors of all the joints of the
manipulator. In addition, a differential evolution optimization algorithm
was implemented to select the optimal threshold that determines whether
or not a fault occurs, which increases the accuracy of the system. The
applicability of this approach is demonstrated by detecting faults in the
sensors of a 5-degree-of-freedom (DOL") manipulator. The results ob-
tained show that autoencoders are a powerful and versatile tool for fault
detection in robotic manipulators, at least in most of their joints.
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1 Introduction

Robotics has transformed manufacturing, medicine and space exploration, driv-
ing the automation of complex, dangerous [19], [9] or repetitive tasks (such as
pick and place, painting or welding) |21]. The production lines or tasks where
they work often run for long periods of time, which means that both actuators
and sensors are prone to failures. Sensor failures often result in noise, loss of in-
formation, skew, shunting, etc. [10]. The detection and diagnosis of these faults
is crucial to avoid and prevent accidents, guaranteeing the safety of the processes
being carried out, as well as of the people around them|[18].

Traditional fault detection methods, based on threshold analysis and pre-
defined rules, are often insuflicient to detect subtle anomalies,; incipient faults
or intermittent faults [22], [16]. These methods can generate false positives or
negatives, which can lead to unnecessary shutdowns or [ailure to detect critical
faults.
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Autoencoders are unsupervised artificial neural networks that learn repre-
sentations of data by dimensionality reduction, encode and decode input data,
capturing latent representations of the information [2], they are also capable
of reconstructing missing signals using the remaining signals [8]. Their ability
to model the normal distribution of data allows them to detect deviations and
anomalics that may indicate the presence of sensor faults, in some cascs they can
eliminate noise [13], [1]. Some of the applications of autoencoders range from ap-
plication in heavy mechanical equipment |22] or escalator bearing [12] 5], wind
turbines [11], [23], hydraulic machinery [17] and maritime [7], improved Printed
Circuit Board (PCB) designs [15] They are even used in nunclear and thermal
power plants to detect single failures in multiple subsystems [14, 3] and in same
way industrial robots [4].

This work proposes a sensor fault detection method for robotic manipulators
using autoencoders. Unlike approaches based on Recurrent Neural Networks
(RNN) or Convolutional Neural Networks (CNN), autoencoders do not require
labeled data sets with and without faults, thus avoiding data imbalance problems
that hinder training. In addition, the differential evolution algorithm is employed
to optimize the threshold that determines the presence of faults, improving the
Fl-score, a particularly useful metric for unbalanced data sets. The effectiveness
of the method is validated by detecting faults in position sensors on a 5-degree-
of-freedom robotic manipulator during trajectory tracking tasks.

The article is structured as follows: Section 2 describes the differential evo-
lution algorithm; Section 3 details the autoencoder architecture and threshold
selection for fault detection; Section 4 presents the experimental results and
Section 5 concludes the work.

2 Differential Evolution

Differential Evolution (DE) is a stochastic, population-based algorithm designed
for global optimization. Each individual x; in the population represents a candi-
date solution, where i = 1,2,..., N and N is the population size. The algorithm
improves solutions across generations through three key operations: mutation,
crossover, and selection.

Mutation for each individual 7, a mutant vector v; is generated using:

v = Zp1 + F(xr2 — 2r3), (1)

where 2,1, %2, Tr3 are randomly selected individuals (r1,72,r3 € [1, V]) distinet
from each other and from i. The parameter F' € [0, 2], known as the amplification
factor, scales the difference between x5 and 3.
Crossover a trial vector u; is created by combining components of the mutant
vector v; and the original individual x;:
gy = {UU ?f Py g CRorj = i @)
x;j ifr; > CR and j # 7y,
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where CR € [0,1] is the crossover constant, 5 = 1,2,...,D (with D as the
problem dimension), and r;,r; are random numbers.

Selection the trial vector u; is compared to the original vector x; using an ob-
jective function f. If f(u;) performs better than f(x;), u; replaces z;; otherwise,
x; is retained for the next generation.

For further details on DE and its variants, refer to 6], |20].

3 Methodology

Autoencoders arc trained similarly to traditional Neural Networks, where the
input and output are identical. The network learns to reconstruct the input as
accurately as possible. The input is defined as X = {xq, w9, x3,..., 24}, where d
is the vector size, and the output is = {21,209, 83,..., 24}

The proposed autoencoder architecture, illustrated in Fig. 1, consists of an
encoder and a decoder. The encoder comprises four layers, starting with 128
neurons and halving the number in each subsequent layer. The decoder also
has four layers, beginning with 16 ncurons and doubling the number in cach
layer, followed by the output layer. All neurons use hyperbolic tangent activation
functions, except for the output layer.

Input Output
Delayed Delayed
Vector Vector
Xt—7 5‘?—7
Xt=2 Xi-2
Xi—1 371— 1
X; %
\ J

Encoder Decoder

Fig. 1: Arquitecture of the autoencoder with size d = 8 for the delayed vector.

For sensor fault detection in a 5-degree-of-freedom (DOF) robotic manipula-
tor, the input vector for the autoencoder is constructed using the current joint
measurement at time ¢ and the (d — 1) previous joint measurements. The input
vector for the i-th joint is defined as:

Xi={qt,a! Vg2, .., (3)

where i = 1,2,3,4,5 represents each joint. A separate autoencoder is used for
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Fig. 2: The sensor measurements for each joint in the 5-degree-of-freedom (DOF)
manipulator are represented as ¢;, where ¢; denotes the position measurement
of the i-th joint (¢ = 1,2,3,4,5).
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each joint, all sharing the same architecture as shown in Fig. 1. During a suc-
cessful trajectory tracking task, a dataset was created containing measurements
from all 5 joint position sensors are illustrated in Fig. 2.

The autoencoders were trained using 6276 samples collected over sixty sce-
onds of trajectory tracking, as shown in Fig. 2. The Mean Absolute Error (MAE)
was uscd as the loss function, and the Adam optimizer was employed for training
over 50 epochs. Several versions of the autoencoder were trained with varying
input sizes (d = 4,8,16,32) to determine the optimal configuration. The loss
function values during training for each epoch are presented in Fig. 3.

To identify the best input size d, four configurations (d = 4,8, 16, 32) were
tested, aiming to determine which size yields the best performance.

Fault detection is performed by calculating the reconstruction error e between
the input X and the output X:

d
e= Y |2y —2y). (4)
j=1
A fault is detected when e > «, where « is a predefined threshold. This threshold
determines whether the reconstruction error e is classified as a fault or not.
To select the optimal threshold value ¢, the Differential Evolution (DE)
algorithm is employed. The objective function f for this optimization is the
F1-score, which is defined as:

precision - recall
F1-score = 2 -

()

where precision (positive predictive value) and recall (true positive rate) are
calculated as:

precision + recall’

L. TP TP

precision = 7 TP recall = TP N (6)

Here, TP represents the number of correctly identified fault samples, FP de-

notes the number of non-fault samples incorrectly classified as faults, and FN

corresponds to the number of fault samples incorrectly classified as non-faults.

The Fl-score ranges from 0 to 1, where 1 indicates perfeet precision and

recall, and 0 indicates a complete failure in either precision or recall. The opti-
mization problem is formulated as:

arg max [(«) = Fl-score. (7)

To solve this optimization problem, the DE algorithm is applied with the fol-
lowing parameters: 100 iterations, a population size of N = 30, an amplification
factor F' = 0.5, and a crossover constant CR = 0.3.

4 Results

To test the autoencoders three different types of faults are introduced via soft-
ware (disconnection, loss of accuracy, and freeze). For ¢l a freeze fault from the
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instant 1000 to 1500, in ¢2 the data goes to zero [rom instant 1500 to 2000, ¢3
has a freeze from instant 4000 to 4500, g4 and ¢5 have noise (loss of accuracy)
from instant 5500 to 6000 as is shown in Fig. 3.
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Fig. 3: Signals with fault

The results of applying DE and varying the size of the delayed vector to select
the optimal threshold and size of the input are shown in Table 1 getting that for
q1 the size selected is eight and the best threshold a is 0.0136 to get a precision,
recall and Fl-score of 0.9861, 1 and 0.993 respectively for the classification of
the fault which can be confirmed with the confusion matrix presented in Fig.
4a. For the joint ¢2 the threshold « value is 0.2229 and the input size is equal
to 4, obtaining metrics of precision = 0.994, recall = 1, and Fl-score of 0.997
according to Fig. 4b. For these two joints as the recall shows all the faults were
correctly detected.



Autocoder with Differential Evolution Approach for Sensor Fanlt Detection. .. | 551

Table 1: Results of the threshold « obtained with DE and their Fl-score. Bold
letters indicate the best results.

Delayed Vector Size d
4 8 16 32
1 « 0.0234 |10.0136|0.0918 [0.1751
9% Flscorc| 0.570 [0.9930]0.7725 [0.7751
9 « 0.2229| 0.2229 | 0.2229 |0.2409
7% F1score|0.9970| 0.0930 | 0.9852 |0.0354
03 o 0.0367 | 0.0830 |0.1446|0.3692
1T score| 0.7339 | 0.3153 |0.9183(0.3133
il o 0.0440 | 0.0622 |0.1307|0.2377
1#1-score| 0.5601 | 0.9630 |0.9810|0.9701
5 o 0.0014 10.0037| 0.0109 {0.0279
9°FTscore| 0.9711 [0.9929] 0.9890 [0.0777
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Fig.4: Confusion Matrix for gl and ¢2

Not fault

For the signals of ¢3 and ¢4 the size of the input chosen is 16 having an F1-
score of 0.918 and 0.981 with a threshold of 0.1446 and 0.1307 respectively. As
is shown in Table 1 ¢3 got the lowest scores among all the joints, even when de
Fl-score is up to 0.9 the recall is 0.888 according to results shown in the Fig. 5a
which could be due to the fact that it is the signal that does not have a noticeable
trend or periodicity, and the size of the input could lead to a larger error without
actually having a failure. In the case of g4 there is no such a problem as with ¢3
just that not all the faults were detected as faults as can be seen in Fig. 5b.

For ¢5 the selected threshold value is 0.0037 being the lowest of all the joints.
This threshold gets the metrics of recall an precision of 0.992 and 0.993 respec-
tively according to the confusion matrix in Fig. 6,which represents that less than
1% of the samples with failures were not detected, at the same time less than
1% of the samples without failure were considered failures,
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Fig. 5: Confusion matrix for g3 and ¢4
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Fig. 6: Confusion matrix for ¢5

5 Conclusion

The fault detection is a significant topic of interest in broad real-world applica-
tions. Neural networks prove to be a powerful tool able to obtain characteristics
of the observed data to recognize healthy samples and samples with fault. The
proposed approach implements a neural network architecture called autoencoder
to get a model that can get the characteristics of the signal and with the part
of the decoder reconstruct it with minimal error. In this case to reconstruct
the signal of five joints rotation of a robot manipulator. It is noticeable all the
autoencoders have the same quantity of inner layers with different input and
output layers, since some sizes could not have enough values to be representa-
tive of the signal. With the addition of the optimal threshold selection made by
the Differential Evolution algorithm for all the joints and sizes of the delayed
vector lead to achieving the distinction of faults with Fl-scores of at least 90%
for all the joints of the robot.
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