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Abstract: Discrimination of surface textures using tactile sensors has attracted increasing attention. 
Intelligent robotics with the ability to recognize and discriminate the surface textures of grasped 
objects are crucial. In this paper, a novel method for surface texture classification based on tactile 
signals is proposed. For the proposed method, first, the tactile signals of each channel (X, Y, Z, and S) 
are decomposed based on empirical mode decomposition (EMD). Then, the intrinsic mode functions 
(IMFs) are obtained. Second, based on the multiple IMFs, the sample entropy is calculated for each 
IMF. Therefore, the multi-IMF sample entropy (MISE) features are obtained. Last but not least, based 
on the two public datasets, a variety of machine learning algorithms are used to recognize different 
textures. The results show that the SVM classification method, with the proposed MISE features, 
achieves the highest classification accuracy. Undeniably, the MISE features with the SVM method, 
proposed in this paper, provide a novel idea for the recognition of surface texture based on tactile 
perception. 

Keywords: Robot tactile signals; Surface textures recognition; Machine learning; Multi-IMFs sample 
entropy. 
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1. Introduction  

At present, many robots are equipped with vision sensors. However, visual perception 
is limited in practice, such as lighting conditions and obstacles to block. Tactile perception 
is a type of feedback method that is widely used in intelligent robots. Unlike visual 
perception, tactile sensors can directly sense the physical properties of an object (e.g., 
softness/hardness, texture, temperature) [1,2]. Tactile feedback is also an important means 
for human beings to perceive and interact with the environment. Equipped with tactile 
perception on robots, it not only simulates the mechanism of human perception and 
cognition, but also meets the strong demand for robot applications [2,4]. If the robot has, 
like a human, the ability to recognize and distinguish the surface texture of an object, it 
can improve the robot's working performance. During a robot crawl task, the ability to 
recognize the surface texture of an object allows the robot to analyze the crawl process. In 
addition, it is able to evaluate the contact status between the crawl object and the robot, 
which is conducive to the decision-making analysis of a suitable crawl strategy with 
minimal damage to the crawl target [5,6]. 

Texture information usually belongs to the surface characteristics of the material, 
which reflects the distribution of microstructures on the surface of the object. The tactile 
sensor reacts to finger texture feature information by scraping, sliding, shaking, and 
rubbing to obtain tactile signals [7]. The use of tactile sensors to identify and distinguish 
the surface texture of objects has a certain research history. The identification and analysis 
of the collected tactile sensor signal can be divided into classical signal processing methods 
and strong machine learning (deep learning) methods. The classical signal processing 
method divides the identification and classification of tactile signals into feature extraction 
and feature recognition.  

In [8], a method for identifying and classifying surface textures, by humanoid robots, 
using tactile perception was proposed. The robot's artificial nails were equipped with a 
three-axis accelerometer sensor. The robot interacts with 20 different surface textures by 
performing five different exploration behaviors. The time-frequency characteristics of 
vibration signals, detected by accelerometers, are extracted and different surfaces are 
identified and classified by machine learning algorithms such as support vector machines 
(SVM) and K-nearest neighbor (KNN). The results show that the accuracy is 80.0%. In 
addition, applying multiple types of scratching behavior on a test surface resulted in higher 
recognition rates than with any single behavior alone. In [9], after obtaining data using 
complex tactile sensors, the features are extracted using principal component analysis 
(PCA) from original data. These features are used to train artificial neural networks (ANN) 
and then classify six materials, which can achieve a classification accuracy of 79.05%. In 
[10], a new type of finger tactile sensor for surface material recognition was designed. The 
sensor was used to measure the vibration signal during sliding of different textured surfaces. 
Then, the power spectrum characteristics of the signal are extracted and five similar, but 
less varied texture surfaces, are classified by the extreme learning machine (ELM) 
algorithm, with an average classification accuracy of 93%. In [11], using sound 
information and acceleration sensor data as tactile feedback information, a surface texture 



 

 

classification method based on multimodal data fusion is proposed. In this method, a 
dictionary-learning model is proposed. The performance of the proposed method is 
verified on the publicly available dataset, and the average accuracy is 82.33%. In [12], an 
extreme learning machine-based neuromorphic tactile sensing system for texture 
recognition was proposed. The system consists of a piezoresistive fabric material as the 
sensor to emulate skin, an interface that produces spike patterns to mimic neural signals 
from mechanoreceptors, and an ELM chip to analyze spiking activity. It achieves a 
classification accuracy of 92% for the categorization of ten graded textures.  

Unlike classical signal processing methods, strong machine learning (such as deep 
learning methods) treats tactile signals as a whole, providing end-to-end signal recognition. 
Recent research results have also been collected. In [13], a material classification based on 
a convolutional deep learning network architecture is proposed. It is based on the raw 
spatio-temporal signal of a flexible tactile skin as the input and reaches a classification 
accuracy of up to 97.3%. In [14], a model takes advantage of recent advances in deep 
neural networks for physical interaction. The model achieves better results than methods 
based on hand-designed features. In [15], they built a robot system that can autonomously 
perceive object properties through touch. Convolutional neural networks (CNNs) on tactile 
data for recognizing clothing properties are applied. It could recognize the 11 properties of 
the clothing according to the tactile data. These algorithms have appeared in surface texture 
recognition based on tactile signals in recent years, although they have strong recognition 
ability, they require a large amount of digital learning data to converge. The calculations 
are usually relatively large, and the recognition results are poorly interpreted. Therefore, 
hindering its usefulness. Based on this, this paper still uses the classical signal processing 
method to characterize and classify the tactile signal for surface texture recognition. 

In this study, the tactile signals collected by the acceleration sensor and microphone 
show different fluctuation characteristics according to different texture surfaces. The 
acceleration signal and sound signal are typical nonstable and nonlinear signals. Extracting 
the features of different types of surface textures from the tactile signal is the key to 
distinguishing between different surface textures. The current analysis of tactile signals is 
mainly concentrated on extracting features from the raw tactile signal directly. This ignores 
the coupling relationship among the different frequency components. Inspired by this, in 
this study, the tactile signal is decomposed first. Then, features are extracted from each 
signal component. It is well known that empirical mode decomposition (EMD) is a suitable 
method for analyzing nonstable and nonlinear signals, and has been widely used in the 
field of signal analysis and processing. The EMD algorithm decomposes the input signal 
adaptive from high to low frequencies into several intrinsic mode functions (IMFs) based 
on the inherent fluctuation characteristics of the signal. Compared to Fourier transform and 
wave transform, it is not necessary to pre-set the base function. Therefore, in this study, 
we first use the EMD algorithm to decompose the tactile signal. Then, each IMF is 
analyzed. As IMFs contain rich nonlinear information, the sample entropy analysis method 
is a widely used nonlinear analysis method. Therefore, this study uses sample entropy to 
measure the fluctuation of each IMF. 



 

 

The contribution of this paper is that a novel features extraction method for surface 
texture recognition based on tactile perception signal is proposed, which is based on the 
multi-IMF sample entropy (MISE) features. First, EMD is used to decompose the tactile 
perception signal, according to the fluctuation characteristics of the signal. Then, the IMFs, 
with different frequency components, are obtained. Subsequently, the sample entropy is 
used to measure the complicacy of each IMF, and the entropy of each IMF constitutes the 
feature vector. 

The proposed framework for surface texture recognition is illustrated in Fig. 1. The 
remainder of this paper is organized as follows. Section 2 introduces the database and the 
preprocessing method of the data. Section 3 provides a detailed description of the proposed 
MISE feature extraction method. The results and a discussion of the results are presented 
in Section 4. The concluding remarks are presented in Section 5. 

 

Fig. 1. Proposed framework for surface texture recognition. 

 

2. Tactile Data Acquirement 

To ensure the validity and repeatability of the method proposed in this paper, two open 
tactile perception data sets are used to identify and analyze the surface texture of the object.  

The first publicly tactile perception, TUM-108, data set was originally developed in [11]. 
It is collected by a free-to-wield object with a stainless-steel tool tip (diameter 5.6 mm). 
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This custom device contains a three-axis (X, Y, and Z channel) acceleration sensor 
(LIS344ALH from ST Electronics) and a microphone (CMP-MIC8 form Koenig 
Electronics) to capture acceleration signals and sound waves generated during the surface-
tool interaction. The sampling rates of the acceleration sensor and microphone are 10kHz 
and 44.1KHz, respectively. The collected tactile data set contained 108 physically distinct 
surface materials. Each of the 108 surface materials in the dataset belongs to one of the 
nine categories.  

The second publicly tactile perception dataset is collected using a set of low-cost 
embedded platforms. The system selected a 3-axis (X, Y, and Z channel) accelerometer 
sensor (MMA-7660 from NXP Company [18]) and an electret condenser microphone 
(CMA-4544PF-W from CUI Company [19]) as the record source (S channel) for the tactile 
data set. In addition, the sampling rate of the data collection system was 200 Hz, for the 
accelerometer to collect the motion data, and 8 kHz for the microphone to collect the sound 
data. The collected tactile data set has 12 texture classes, and Fig.2 shows an exemplary 
subset of texture strips used for the experiments. Textures include sandpapers of various 
grits, Velcro strips with various thicknesses, aluminum foil, and rubber bands of various 
stickiness. Using a 256-size window, each accelerometer channel (X, Y, and Z) is split into 
different segments. Using a 10240-size window, the sound channel (S) is split into different 
segments. Each segment includes 256 sampling points and 10240 sampling points. 
Therefore, there are 3754 segments for each channel that participated in the experiment.  

 

(a) The surface textures in the first data set. 

 



 

 

(b) The surface textures in the second data set. 

Fig.2. The surface textures in the data set. 

3. The Multi-IMFs Sample Entropy (MISE) Features Extraction Algorithm 

3.1 Empirical Mode Decomposition (EMD) of Tactile Signals 

EMD is a novel nonlinear signal decomposition algorithm [20,21]. The algorithm 
decomposes the signal according to the time-frequency scale characteristics of the 
signal. Moreover, compared with Fourier transformation and wave transformation, 
there is no need to pre-set any base functions. It has good applicability and strong 
analytical ability in processing nonstable and nonlinear data. Essentially, the EMD 
algorithm decomposes a signal into multiple IMFs. The IMF needs to meet two 
conditions as follows: (a) the number of extrema (maximum and minimum) and the 
number of zero-crossings must be equal or differ at most by one; (b) the local mean, 
defined as the mean of the upper and lower envelopes, must be zero. 

In this study, the tactile signal consists of three channels (X, Y, and Z) of the 
acceleration sensor and one channel sound signal (S). They are defined as ,

 and , where . Each of these four signals is decomposed by EMD, 

taking  as an example. The specific decomposition steps are as 
follows:  

Step 1: Firstly, set , and set  for initialization. 

Step 2: Second, find all the local extreme points of , then interpolate between 
minima of to obtain the lower envelope , similarly interpolate between the 
maxima of to obtain the upper envelope . 

Step 3: Compute the mean of envelope by the minima and maxima of envelope 
; 

Step 4: Based on the mean of envelope and , compute the IMF candidate 
. 

Step 5: Then, determine whether  meets the IMF's criteria. 

If  meets the IMF's criteria, then set  and compute the residue.  

                    (1) 

set , and treat as input data in step 2. 
If  does not meet the IMF criteria, treat  as input data in step 2. 
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Step 6: Continue until the final residue  satisfies some stopping criterion.  

The refinement process (steps 2 to 5), required to extract every mode, requires a 
certain number of iterations, and is called the sifting process. The IMF number in this 
study was set to 5. Therefore, the IMFs of  are defined as,

, and , , ,  and  
represent the IMFs in different bands from high to low.  

In addition,  is defined as . Similarly, 
the IMFs of, ,  and  are defined as, ,  and . 

3.2 Calculate Sample Entropy of IMFs as Features 

Entropy quantitatively depicts the fluctuation characteristics contained in signals, 
and there are many types of entropy definitions, such as sample entropy, approximate 
entropy, and information entropy [22,23]. Sample entropy is widely used in human 
physiological signal analysis, speech signal analysis, vibration signal analysis, and so 
on, because of its good consistency, good noise suppression performance, and 
suitability for short data analysis. 

The calculation of the sample entropy is as follows. Taking 
 as an example, and each is defined as 

. 

Step 1: The  is reconstructed into a phase 
space and embedded into an m-dimensional space. 

    (2) 

It represents a continuous  value of starting from , where 
, . 

Step 2: Define the distance (Chebyshev distance) between  and 
 as follows : 

      (3) 

Step 3: For a given , the number of  is 

defined as . For ,r is the tolerance value. The probability that 

any template  matches  is defined as . 
The probability that two sequences match m points under tolerance r is defined as 
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                  (4) 

Step 4: By increasing the dimension to  and repeating the previous steps to 
find: 

                 (5) 

In conclusion, the sample entropy is defined as  

                 (6) 

When  is limited, the sample entropy can be estimated using the following 
formula: 

                  (7) 

It is clear, from the definition, that  always has a value smaller or equal to 
. Therefore, it will always be either 0 or positive. A smaller value of sample 

entropy indicates more self-similarity in the dataset or less noise. In this study, the 
value of  is set to , and the tolerance  is set to , where std 
represents the standard deviation of the input data. 

Therefore, the MISE features proposed in this paper of , ,  and  

are , ,

 and , respectively. where 

, ,  and ,  are the sample entropies of each IMF. The MISE 

features for surface texture are . 

4. Experimental Results and Discussion 

To evaluate the proposed MISF features for tactile classification, a wide range of 
experiments have been performed. Owing to space limitations, the experimental results are 
only presented on dataset 2, while all experimental results of Dataset 1 and Dataset 2 are 
used in the comparison section. 

4.1 EMD decomposition for tactile signal 

In this subsection, the decomposition of signal segments in different channels is shown. 
The decomposition of the class2 and class6 tactile signals is shown in Fig.3. Among them, 
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Fig.3(a) is class2 of the X channel, Fig.3(b) is the class6 of the X channel, Fig.3(c) is the 
class2 of the Y channel, Fig.3(d) is the class6 of the Y channel, Fig.3(e) is the class2 of the 
Z channel, Fig.3(f) is the class6 of the Z channel, Fig.3(g) is the class2 of the S channel, 
and Fig.3(h) is the class6 of the S channel. It should be noted that, for the sake of 
calculation convenience, the signal of the S channel was sampled from 8000Hz to 200Hz.  

As can be seen from Fig.3, as class2 and class6 have different surface textures, the 
signals of the X, Y, Z, and S channels exhibit different frequency characteristics and 
fluctuations between class2 and class6. The signals of the X, Y, Z, and S channels are 
decomposed by EMD separately. Because the number of IMFs is set to five, each channel 
has five different IMFs, IMF1, IMF2, IMF3, IMF4, and IMF5, respectively. Each IMF 
contains different frequency components and fluctuation characters. In addition, the 
frequency components range from high to low (IMF1-IMF5).         

  

  



 

 

          

 



 

 

 

Fig.3. The EMD decomposition of class2 and class6 X, Y, Z and S channel tactile feedback signal. 

4.2 Multi-IMFs sample entropy for tactile signal of different surface texture 

In this subsection, the MISE features of 12 surface textures are extracted through the three-
dimensional diagram for display analysis. The MISE features of the 10 segments selected 
for each channel are shown in Fig.4. Among them, (a) is the MISE features of the X 
channel, (b) is the MISE features of the Y channel, (c) is the MISE features of the Z channel, 
and (d) is the MISE features of the S channel. In Fig.4, the X-axis represents the different 
signal segments, each segment contains five IMFs, the Y-axis represents the different class 
of surface textures, and the color value represents the value of the multi-IMFs sample 
entropy. 

As can be seen from Fig.4, in the same category, the sample entropy values of five 
different IMFs, within the same segment, show color differences; however, the same IMF 
in different segments shows similarities. In addition, in the different categories, the same 
IMFs show similarities. 

 



 

 

(a) MISE features of X channel for each class of surface texture. 

 

(b) MISE features of Y channel for each class of surface texture. 

 

(c) MISE features of Z channel for each class of surface texture. 

 

(d) MISE features of S channel for each class of surface texture. 

Fig.4. MISE features of X, Y, Z and S channel for each class of surface texture. 

 



 

 

4.3 Classification of different textures based on Multi-IMFs entropy sample features 

In this subsection, various classifiers, focused on the texture classification task, using the 
proposed MISE features are implemented and tested. The following three classifiers were 
used. These classifiers are K-nearest neighbor (KNN), support vector machine (SVM), and 
decision tree (DT), and they select the default parameters in MATLAB2020a. 

In order to obtain more reliable and stable results, 10-fold cross-validation was used to 
divide the objects into testing sets and training sets, and the average value of the 10-fold 
cross-validation is calculated as the classification result. The results are reported in terms 
of recognition accuracy.  

.
 

The surface texture type is classified by the acceleration sensor signal and the sound 
signal, respectively, and then the surface texture is classified by two signals at the same 
time. The classification results are shown in Fig.5. Fig.5(a) is the result of classifying with 
acceleration sensor signals alone, and it can be seen from the figure that the SVM classifier 
shows the highest classification accuracy, regardless of which category is classified, with 
more than 95% accuracy in each category (except class3). In addition, KNN showed the 
second highest classification accuracy, and DT had the worst classification accuracy. 
Fig.5(b) is the result of the separate classification using sound signals, and as can be seen 
from the figure, the SVM classifier has the best classification accuracy, with classification 
accuracy of more than 95% (except class6). As can be seen from Fig.5(c), SVM, KNN, 
and DT classifiers all achieved good classification results using both acceleration sensor 
signals and sound signals, with an overall average classification accuracy of 99.60%, 
98.94%, and 97.92%, respectively. 

 

(a) Classification accuracy based on X, Y, and Z channels. 
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(b) Classification accuracy based on S channel. 

 

(c) Classification accuracy based on X, Y, Z, and S channels. 

Fig.5. The classification accuracy based on MISE features from different channels with SVM, KNN and DT 

classifier. 

4.4 Discussion 

4.4.1 Complexity analysis 

The algorithm proposed in this paper includes two parts: feature extraction and texture 
surface recognition. The process of feature extraction consists of EMD decomposition and 
multi-IMF entropy sample calculation. In the process of texture surface recognition, three 
classification methods, SVM, KNN, and DT, are used. The time complexity of EMD 
decomposition and the sample entropy calculation are  and . Therefore, 
the time complexity of feature extraction is , where  represents the 
length of the input signal. The training time complexity of SVM and DT are  

( )nnO log ( )2nO
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and , respectively, where  represents the number of training samples and  
represents the number of features. The testing time complexity of SVM, DT, and KNN are, 

,  and , respectively, where  represents the number of support 
vectors. The surface texture recognition method proposed in this paper has the possibility 
of online recognition because of its low time complexity. However, as we know, deep 
learning algorithms have higher time complexity than traditional machine learning 
algorithms, both in the training and testing processes. Therefore, when a deep learning 
model is used, special hardware is usually required to support it. If these algorithms are 
implemented on a robot, not only will the calculation consume large amounts of energy, 
but also the additional hardware will also increase the energy consumption. 

4.4.2 Advantage analysis 

The surface texture classification method proposed in this paper is compared with other 
existing methods. The results are shown in Table 1.  

Table 1. Comparison results 

 

Acc (%) 

(Sound 
signal) 

Acc (%) 

(Acceleration 
signal) 

Acc (%) 

(Sound and 
Acceleration) 

Reference [11]. 65.22 59.00 82.33 
Our method with Reference 

[11] data set. 56.84 70.15 84.21 

Reference [16]. 97.69 86.25 98.60 
Our method with Reference 

[16] data set. 98.20 96.77 99.60 

In [11], a public data set is used, and a fusion method for acceleration sensor signals and 
sound signals is proposed to identify and classify different surface textures. A classification 
average accuracy rate of 65.22% was obtained when only the sound signal was used as 
input, and a classification average accuracy rate of 59.00% was obtained when only the 
accelerometer signal was used as input. When the sound signal and accelerometer signal 
are input signals, the classification accuracy rate is 82.33%. In this paper, based on the data 
set in [11], the proposed MISE features with an SVM classifier achieved a better 
classification effect. Among them, we obtained a classification accuracy rate of 56.84% 
when only the sound signal was used as input. This is lower than the accuracy in [11]. 
However, the classification accuracy rate of the accelerometer signal as input alone is 
70.15%, which is higher than the accuracy in [11]. Additionally, the classification accuracy 
rate of the sound signal and the accelerometer signal simultaneously as input signals is 
84.21%, which is higher than the accuracy in [11].  

In [16], another public data set was used, and a new feature extraction algorithm was 
proposed to classify surface texture features. In [16], with the RBF-SVM classifier and the 
sound signal as the input, an average accuracy of 97.69% was achieved. When the 

( )pmO 2 m p
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accelerometer signal is used as input, the average accuracy is 86.25%. When the 
accelerometer and sound signal data are simultaneously input, a 98.60% classification 
accuracy is achieved. However, the proposed MISE method with an SVM classifier has a 
higher classification accuracy compared to the method mentioned in [16]. When the sound 
signal is the input of the proposed MISE method, an average classification accuracy of 
98.20% is achieved. When the acceleration signal is the input of the proposed MISE 
method, an average classification accuracy of 96.77% is achieved. When the sound signal 
and accelerometer signal are simultaneously used as the input signals of the proposed 
MISE method and SVM as the classifier, an average classification accuracy of 99.60% was 
achieved.  

The EMD decomposition algorithm used in this paper has certain advantages for 
analyzing nonlinear signals and combines sample entropy analysis methods. Entropy 
analysis is a nonlinear analysis method that can measure the fluctuation characteristics of 
signals. The combination of these two methods can measure the tactile signal very well 
and provides a novel way of thinking for using tactile signals to identify the surface texture.  

5. Conclusions 

In this paper, a novel surface texture recognition method is proposed. In this method, first, 
the three-channel acceleration signal and one-channel sound signal are decomposed based 
on EMD, respectively. Then, different IMFs are obtained. Second, based on the multiple 
IMFs, the sample entropy is calculated for each IMF. Therefore, MISE features are 
obtained. At least, based on two public datasets with 12 and 9 types of textures, a variety 
of machine learning algorithms (SVM, KNN, DT) are used to recognize different textures. 
The results show that, in the case of using the first data set, the SVM classifier achieved 
the best classification effect. Among them, we obtained a classification accuracy rate of 
56.84% when only the sound signal was used as input, and a classification accuracy rate 
of 70.15% when only the accelerometer signal was used as input. While the sound signal 
and accelerometer signal are input signals, the classification accuracy rate is 84.21%. For 
the second dataset, the SVM classifier achieved the best classification effect. The accuracy 
of textures classified was 98.20%, 96.77%, and 99.60%, respectively, while the input data 
are sound and accelerometer signals. Based on the above experimental results, undeniably, 
the MISE features with the SVM method proposed in this paper provide a novel idea for 
the recognition of surface texture based on tactile perception. However, this study also has 
limitations. An example of the limitation of the method proposed in this paper is that only 
two public datasets were evaluated, and no actual experimental validation is performed. In 
the future, we will conduct research in developing haptic signal acquisition equipment, and 
use the algorithm proposed in this paper for practical verification. 
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