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Abstract—Target-oriented approaches have been commonly 

used in robotics. In 3D space, movement of a robotic arm 

depends on the target position which can either follow a forward 

or inverse kinematics approach to reach the target. Predicting 

the movement of a robotic arm requires prior learning through 

methods such as transformation matrices or other machine 

learning techniques. In this paper, we built an online robotic 

arm to extract movement datasets and have used machine 

learning algorithms to predict robotic arm articulation. For 

efficient training, small training datasets were used for learning 

purpose. Classification is used as a scheme to replace prediction-

correction approach and to test whether the method can 

function as a replacement of usual forward kinematics schemes 

or predictor-corrector methods in directing a remotely 

controlled robotic articulator. This study reports significant 

classification accuracy and efficiency on real and synthetic 

datasets generated by the device. The study also suggests linear 

SVM and Naïve Bayes algorithms as alternatives for 

computational intensive learning schemes while predicting 

articulator movement in laboratory environments. 

Index Terms—Robotic Articulator, Movement, Machine 

Learning, experimental dataset, Naïve Bayes, SVM. 

I. INTRODUCTION 

Robotic interaction with the real world environment has 

gained prominent importance in recent years in various fields 

and applications [1]. Modern robotic manipulators are 

constructed using a set of joints which are combined together 

using rigid links [2]. These manipulators are developed to do 

specialized tasks like examining different parameters of an 

object [3], reaching the target with an optimal feedback 

control [4], etc. One of the main areas of research in humanoid 

robotics has been on the identification of objects based on 

spatial relationship [5]. Different robotic tasks related to object 

detection require large datasets to build good object classifiers 

[6]. Previous studies [7] have shown that the classifiers like 

support vector machine (SVM), Decision tree(C 4.5 

algorithm) and Naïve Bayes classifiers can be used to predict 

surface textures with the help of opto-tactile sensors. Here, in 

this paper, we used linear SVM, nonlinear SVM and Naïve 

Bayes classifiers on two datasets which were generated using 

an online virtual lab simulator [8, 9] for predicting movement 

of the articulator. Remotely-triggered experiments on robotic 

articulator are available online (http://amrita.edu/virtuallabs) 

and were used to generate the dataset on which these 

algorithms were tested.  

The goal of this study was to substitute a bio-inspired 

trajectory targeting approach (e.g. Kalman filter (KF) trained 

Multilayer Perceptron (MLP), unpublished data), which has 

been used as a trajectory-tracking model, using a classifier. 

The drawback of predictor-corrector methods is that the 

computational cost was high when the dataset was nonlinear 

[21]. To substitute and complement such predictor- corrector 

models with simpler methods, we suggest a linear hyperplane 

or probability-based stochastic classifier through this study. 

In order to test and validate the hypothesis of substituting 

with simpler classification schemes, two types of classifiers on 

the datasets: SVM with linear and non-linear kernels and 

Naïve Bayes classifier were used. Linear SVMs are popular 

for their ability to classify large datasets in simple and fast 

way [10, 11]. Naïve Bayes (NB) classifier has been widely 

used as a supervised learning technique and is well-known for 

its ability to perform better than non-probabilistic 
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classification approaches such as neural networks and decision 

trees [18, 19, 20]. NB classification assumes conditional 

independence and Bayes theorem to estimate probability 

values of success/failure of an event [12, 13].  

In this study, the robotic hardware was developed using a 

low-cost approach and calibrations were done to model the 

articulator as a simpler version of a prosthetic device. The 

classification algorithms were tested on the normalized dataset 

to classify a particular set of given attributes (motor values and 

end-effector coordinates) based on their ability to train the 

articulator to reach a ‘known’ target. Normalized dataset 

contains both training and test data wherein test data was a 

subset of the training data whose class label need to be 

predicted. A polynomial kernel in the non-linear SVM 

algorithm was also used. Alongside with the  datasets obtained 

by experimentation, the classifiers were pre-tested on standard 

datasets such as weather dataset [22] and compared it to other 

algorithmic methods.  

 

II. METHODS 

A. Robotic Arm 

A robotic articulator was constructed using rigid links 

which have 5 degrees of freedom (DOF) and a grasper with 6-

DOF (see Figure 1A, online experiment freely available at 

http://amrita.vlab.co.in/index.php?sub=3&brch=257&sim=14

58&cnt=3171). Each link constitutes a servo motor with a 

torque of 17 kg-cm at 6 Volts. A microcontroller (Figure 1B) 

was programmed to generate PWM (Pulse Width Modulation) 

signals with a time period of 20ms and a duty cycle varying 

from 1ms to 2ms for controlling the motors of the articulator. 

Microcontroller was interfaced through a serial port (RS-232) 

to the PC from which the desired motor angles will be 

transferred to the controller (Figure 2). User may perform the 

experiment in two modes: firstly, forward kinematics: where 

the user provided motor angle and obtained the end-effector 

and secondly, inverse kinematics: where the user provided the 

end-effector and obtained the individual motor angles which 

were given as inputs to the microcontroller. With these motor 

angles, the microcontroller generated control signal for each 

motor.  

 

 
Fig. 1. Setup. A. Robotic Articulator with 11 DOF. B. 

Microcontroller Setup 

 
Fig. 2. Schematics of the control circuit 

 

       This setup (with a gripper instead of a grasper) can be 

remotely-triggered via Amrita virtual labs and is part of the 

National mission project on Education through ICT of the 

Government of India [17]. 

 

B. Generating Datasets 

The datasets were obtained by two methods, simulation 

(synthetic dataset) using a kinematics approach [23] while the 

other was from the online virtual lab robotic tool using 

Cartesian coordinate measurements (experimental dataset). 

Datasets containing the motor angles of the 6 motors and their 

corresponding end-effector co-ordinates were generated using 

the experimental setup shown in Figure 1. The class label (y) 

determined whether supplied values indicated if the arm 

reached the target object. If the target was reached given input 

pulses, class label was assigned as +1, otherwise the target 

was assigned as -1. The target was chosen by first simulating 

the motor values and estimating an end-effector coordinate 

which was cross-validated on the experimental setup. For 

classification purposes, the motor values of the arm alone (5+1 

motor values) were taken and values from the grasper were 

ignored. The mid-point of the grasper was taken as the end-

effector coordinates (generated by both methods) used for 

classification.  

Min-Max method [15] was used to normalize the dataset 

(see Eq. 1).  

 !"#$%&'& ( ) *+,+-./01*+,+2
.3451*+,+2-./051*+,+26(1) 

 

In Eq. 1, “data” refers to the element of an attribute being 

normalized. “min(data)” refers to the element which has least 

value in an attribute (motor values and end effector 

coordinates) for all instances and “max(data)” refers to the 

element which has high value of the same attribute. 

“Norm_data” contains the normalized value.  

For training and test purposes, both datasets were 

independently divided into training set and testing set using 

percentage-split method [16] with a split ratio of 66% (34% 
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was taken as test data). Training data included the class label. 

While test data does not include a class label and the class 

label was predicted by the algorithms. Both datasets consisted 

of 6 motor values and 3 end-effector coordinate values (9 

attributes, see Figure 3). A sample 3D plot with the attributes 

of 4 instances (in red) are shown in Table 1. Linear SVM 

(LSVM) and Naïve Bayes implementations were used on both 

datasets.  

 

 
Fig 3. 3D plot of the synthetic dataset 

 

C. Classification 

Along with linear kernel in SVM, polynomial kernel was 

used as non-linear kernel for the dataset. Formulation is as 

follows. A is normalized data obtained through Eq. 1, 

polynomial kernel (polyA) is represented as in Eq. 2.  

 7!89: ( 1::; < =2>  (2) 

 
Table 1. Attribute values of the selected instances from synthetic 

dataset 
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The obtained polynomial matrix (2) was substituted into 

the algorithm and thus predicted the class labels for the test 

data. Consider Bayesian approach, when joint probability 

distribution is considered for 3 random variables case (A1, A2 

and V) 

 71:?@ :ABC2 ( 71:?BC2 D 71:ABC2 (3) 

 71:?@ :A@ E @ :FBC2 ( GHI?F 71:HBC2 (4) 

 

In Naïve Bayes, each instance x is expressed as a 

conjugation of attribute values (A1, A2…An); x=<A1, 

A2…An)>. The target function f(x) € V like V= {+,-}. In our 

implementation, A1, A2, A6 are motor values, A7, A8, A9 are 

the XYZ coordinates of the end effector and V is the class 

label with +1 or -1. The Naïve Bayes classifier is of the form.  

 

CJK ( LMN#&OCP Q C RS TU&HVWPXYHI? ZT1WP2 (5) 

 

The algorithmic implementation for SVM and NB is listed 

below.  

 

Algorithm for linear SVM [11]: 

1. Training data X={x1, x2…xn} with class label y € {-1, 

1} was provided as input.  

2. X along with a column vector (e) containing ones stored 

in a matrix V. V=[X, -e] 

3. V was then multiplied with diagonal matrix (D) 

containing class labels. H=D*V 

4. H was multiplied with its diagonal matrix (HT) and 

stored. Let this matrix be tranH=H*HT. 

5. Identity matrix (I) was generated with size of tranH and 

divided with v which has value of 0.1, let this matrix be M. 

[I/v] 

6. M was added with tranH matrix and stored in N. Inverse 

of N is taken. N=(I/v+tranH)-1 

7. Obtain the final matrix using the below equation.  

[ ( W D \] ^ _ D `]W < _;_a
-? D _;b D c 

8. Finally, w and   values were obtained. And used them in 

the equation wT*x- to classify the test dataset.  

 

Algorithm for Naïve Bayes [12]:  

1. Setting the data 

 a) Each instance consists of n attributes X: {x1, 

x2…xn). 

 b) Each of the instance was classified into different 

classes, Cj where j=1, 2…m.  

2. Train the dataset  

 a) Find the probabilities p(Cj).  

 b) Using conditional independence, calculate  

  7UdVePX ( GHI?F 7UOFVePX 
3. Predict test data 

 a) 7UePVdX ( f)dgeP6DfUhiX
f1j2  

 

 b) Maximize 7UePVdX ( 7UdVePX D 7UePX 
4. The error is estimated as follows 
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 a) error = (sum of misclassified data))/Total number 

of data_points *100 

 

D. Validation 

For validation of the algorithms implemented, the weather 

dataset [16] was used and obtained 78% accuracy for linear 

SVM, 65% for nonlinear SVM (NLSVM) and 60% for Naïve 

Bayes. These results were crosschecked with other 

implementations of same algorithms in WEKA (Waikato 

Environment for Knowledge Analysis) [16]. 

 

III. RESULTS 

The arm, developed with 5+6 joints, was able to grasp 

objects of around 100g (input voltage is 7.5V for each motor) 

at a given position and has been tested repeatedly to check if 

there were errors in ‘reaching’ a given position. If the object 

weight exceeded beyond 120g (given 7.5V as input voltage to 

motors), the arm started to stagger. Forward kinematics 

implementations allowed generating data which was similar to 

the experimental data recorded from the device.  

     The percentage-split based training and test datasets were 

tested on different algorithms using different percentages of 

split (see Figure 4A, 4B and 4C). Observations suggest that 

with increase in the percentage of split the training data 

efficiency decreases whereas test data efficiency increases. 

Nonlinear SVM showed significantly higher test data 

efficiency when compared to linear SVM and NB classifiers. 

We have used 66% split to compare the training and test data 

efficiency as well as error since the results for different 

percentages were almost similar (Figure 4). 

 

        

 

 
Fig. 4. Classification of robotic datasets. A. Naïve Bayes (NB) 

classifier efficiency over different percentages of split. B. 

Nonlinear SVM efficiency. C. Linear SVM efficiency. 

 

Table 2 shows the different efficiencies observed based on 

the methods used (LSVM, NLSVM or NB classifier) with 

66% split. Figure 5A shows the comparison of training and 

test efficiency with different methods. Figure 5B shows the 

comparison between training and test error. In both cases 

(training and test), SVM with polynomial kernel of degree 4 

showed very less error (Figure 5B) and gave reasonably higher 

correct classification (Figure 5A). Linear SVM showed a close 

accuracy to nonlinear SVM in both cases (training and test), 

NB classifier showed relatively less percentage of efficiency 

with training data, however the test data showed improved 

efficiency suggesting that it can be used as a good classifier. 

 
Table 2. Efficiency in percentages for the dataset with different 

algorithms 

 Testing  Training 

LSV

M 

 

NL 

SVM 

 

NB LSV

M 

NL 

SVM 

NB 

Efficiency of 

the data (%) 

62.2 82 56.8 72.1 86 72.1 

  

 

  
Fig.5. A. Comparison of Training (gray) vs Test (black) 

efficiencies.  B. Comparison of Training vs Test error. 
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Fig. 6. Comparison of test data efficiency between synthetic 

and experimental datasets.  

Test data efficiency was compared between synthetic and 

experimental datasets. Classifiers on experimetal dataset 

showed higher performance in case of linear and nonlinear 

SVM when compared to the same on synthetic dataset (Figure 

6). However the efficiency of NB classifier showed higher 

perfomance in case of synthetic dataset than on experimental 

dataset (Figure 6). 

The results suggest that linear SVM and NB classifiers can 

be used to classify small articulator movement datasets with 

reasonable efficiency with reduced computational cost unlike 

nonlinear kernels. The simulation time required for the 

training of synthetic dataset was as follows, 0.741883s for 

linear SVM, 0.766669s for nonlinear SVM and 0.136662s for 

NB classifier. Experimental dataset training showed the 

simulation time as follows, 0.880s for linear SVM, 1.13s for 

nonlinear SVM and 0.17 s for NB classifier. All simulations 

were done on Dell T3500 workstation with Ubuntu Linux 

13.04 (SMP x86_64 kernel 3.8.0-19-generic) operating system 

on a Intel Xeon W3670 CPU (frequency of 3.20 GHz) with 8 

GB RAM. These observations indicate linear and NB 

classifiers take less computational time when compared to 

Kalman filter trained MLP (KF-MLP, data not shown). 

 

IV. DISCUSSION 

We have attempted using a machine learning approach 

rather than detailed bio-inspired approach wherein a linear 

classifier was used to define the movement prediction in a 

robotic articulator. The robotic arm was constructed with an 

idea of achieving generalization over accuracy to reach a 

given target. We used 70 point dataset in this study and 

showed significant (82%) classification accuracy. In the 

experimental dataset, the Denavit-Hartenberg (DH) 

parameters (D) [23] were generated from the kinematics 

model on which the forward kinematics was applied to obtain 

transformation matrix (a combination of rotational and 

translation matrix (end effector co-ordinates)).In the current 

approach of classification, the matrix has been replaced with a 

weight matrix (W) of dimension 9x1 in the linear hyper-plane 

classifier. The generated datasets were validated through 

repeatability allowing the robotic online articulator to be used 

for extracting the datasets related to movement classification 

studies. The intentional lack of precision in some data points 

was due to design restrictions of allowing the consideration of 

the robotic arm as a low cost prosthetic device. For 

classification purpose, linear SVM proved to be a promising 

approach rather than nonlinear SVM since nonlinear SVM has 

higher computational cost. While on the other hand, NB 

showed higher percentage of error, however the test dataset 

after training showed relatively less error. Over-learning was 

prevented by decreasing number of training instances and 

found that the classification levels did not vary drastically (test 

efficiency was 87.5% with 40 data points, probably due to 

overlearning).  

Classification results indicated that certain linear classifiers 

perform with comparable efficiency as nonlinear classifiers 

thereby allowing us to use simpler implementations without 

any other kernel methods. Alternative implementation in 

MATLAB provided similar results indicating that 

computational cost may be overcome by introducing the 

appropriate modelling techniques. The intention in keeping the 

dataset small was to verify whether the classifier could 

identify the generalization properties exhibited by the 

kinematics model. Efficiency of the classifier is strongly 

dependent on the number of training vectors since the size of 

the training data taken was significantly small (n=70), there 

will be no overlearning 

V. CONCLUSION AND FUTURE WORK 

With this efficiency, we find that typical predictive-

correction model such as KF-trained MLP algorithms which 

are computationally expensive may be replaced using simpler 

linear SVM classifiers. We are currently extending this work 

with an alternative approach of using a spiking neuron 

network model (CIS-NN, unpublished data) substituting firing 

rate as a metric to measure trajectory patterns. 
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