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Abstract 

The detection of faults during the actions performed by robotic manipulators can be of 
great importance. A timely detection and appropriate stopping of robotic manipulator can 
prevent damage to the robotic manipulator itself, as well as surrounding equipment [1]. 
In the presented research the author uses a publicly available dataset to train a model of 
fault detection. The dataset consists of 463 datapoints – each containing 15 time series of 
measurements of directional forces (FX, FY and FZ) and torques (TX, TY and TZ); measured 
on the robot end effector [2]. Each of the measurement has one of fifteen different classes 
assigned to it. Out of these fifteen classes two represent normal operation, while thirteen 
represent a failure [3]. As the sort of the failure is not important in the control and stopping 
of robotic manipulator operation those classes are grouped in a class “0” – normal 
operation, and “1” – fault [4]. With these a binary classification model can be developed, 
with the goal of detecting a fault based on force and torque measurement. Machine 
learning (ML) models can have a fast classification performance [5], which is of great 
importance in preventing any damage caused and have previously been widely used in 
robotics. Support Vector Machines (SVM) are ML algorithms, which allow for 
classification by determining a separation between the instances in the feature space of 
the given problem, through the creation of support vectors [6]. The idea of support vectors 
is presenting the shortest possible distance between the hypersurface separating the 
classes and class instances [7]. Hyperparameters are values which define the properties of 
the machine learning algorithm, and have large influence on the algorithm performance, 
which is why the adjustment and testing of values is necessary [8]. The training is 
performed on a total of 120 hyperparameter combinations, with 10-fold K-fold cross 
validation being performed [9-11]. The quality of the solution is evaluated using Area 
Under Receiver Operating Curve (AUC) metric. The best solution achieved reaching 
mean AUC 0.95718±0.16233 (N=10) with hyperparameters {'C': 1.0, 'degree': 3, 
'gamma': 'auto', 'kernel': 'poly'}. Mean time of detection is 10.000389±1.031651 [µs] 
(N=100). 
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