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Abstract: The interaction between humans and computers has become more necessary and more 
specific, and the informatization of human hands has made the human-machine interaction based 
on gesture recognition more and more extensive. Thumb as the most important finger plays a 
decisive role in decoding the gesture, especially in controlling of the smart phones and many 
other smart devices, etc. As a result, this study aims to decode the different thumb gestures from 
sEMG signal and to improve the robustness of gesture recognition and decrease the influence of 
physiological conditions and the electrode displacement between different users. In this article, 
we use the Bluetooth wireless communication and focus on the relationship between the EMG 
signal and the electrode identifier number.  We change the electrode's number into a new feature 
and combining the traditional features with the new features to verify the electrode's number has 
a correlation with the thumb gesture. Experiments show that after adding new features, the 
gesture recognition rate has increased. 
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1 Introduction 
In the past ten years, many scholars have researched on 

gesture recognition, but there are not many researchers who 
focus on the thumb's movement. According to clinical 
statistics, more than 50% of the hand movements cannot be 



                                                                     

independent of the thumb, especially the grasping gesture. 
Above this, it can be inferred that the position of the thumb 
is very important when grabbing and the trajectory of the 
thumb can largely determine the quality of the grasping in 
hand. The muscles which control the thumb are divided into 
two groups, Intrinsic muscle, and Extrinsic Muscle. The 
Intrinsic muscle is distributed in the palms of the hand, and 
the Extrinsic Muscle is distributed in the forearms. Intrinsic 
muscle includes five muscles, which are Abductor Pollicis, 
Transversus (APT), Flexor Pollicis Brevis (FPB), Abductor 
Pollicis Brevis (APB), and First Dorsal Interosseus (FDI). 
And Extrinsic Muscle includes 4 muscles, namely Flexor 
Pollicis Longus (FPL), Abductor Pollicis Longus (APL), 
Extensor Pollicis Longus (EPL), and Extensor Pollicis 
Brevis (EPB) [1]. In contrast, the muscles on the palm are 
closer to the thumb, but its motility causes intrinsic muscles 
to be more prone to motion artifacts. And the extrinsic 
muscle is more fix than intrinsic muscle. it is convenient to 
distribution electrode. As showed in figure 1. 

 

 

 

 

 
Figure 1   Extrinsic Muscle [2] 

 

 
 

 
2 Relate Work 
During the last decade, a large amount of researchers 
studied EMG signal based hand motion recognition, but 
most of them focused on the whole hand and few of them 
focused on the fingers. Xun Chen, and Z. Jane Wang have 
investigated the recognition accuracy affected by the 
features and the classification algorithms. The experiment 
used four channels to collect forearm sEMG signals from 
ten Chinese hand gestures. By the combination of traditional 
feature and the proposed classification algorithms, the hand 
movement recognition accuracy improved to more than 
95% [3].  Jongin Kim, Dongrae Cho, Kwang Jin Lee and 
Boreom Lee used sEMG signals to recognize the pinch-to-
zoom gesture by distance [4]. Nor Anija Jalaludin, Abu 

Ubaidah Shamsudin, Shahrul Na’im Sidek et al designed a 
device to detect the sEMG and the force of the thumb to 
establish a sEMG model of the relation between thumb 
angle and force [5].  

The current research focused on the electrode selection from 
16 channels, and it aimed to find channels that are 
redundant for thumb motion classification across different 
subjects.  In the meanwhile, it is also focused on the feature 
which is concerned about the identifier number of the 
electrode, finally to improve the classification rate. 
 

3 Experiment Design and Implementation 
3.1 Experiment Design 

There are nine subjects in the experiment, seven males, and 
two females. All of them were about 25 years old and have 
no neural diseases. Subjects were asked to sit, and the hand 
relaxes hang in the air.  

During the collection process, try to move only with the 
thumb and relax the other fingers. We collect the gesture 
takes the turn in 5 sessions which in order of up, down, left, 
right, press. Each session repeats the gesture 10 times. Each 
gesture lasts 10 seconds, 1 to 5 seconds is the relaxation 
phase, and 6 to 10 seconds is the gesture acquisition phase. 
It can be concluded that every gesture had collected 50 
times, and there is total 2250 time of gesture in the database. 

 
Figure 2    Thumb Gesture   
 

 
 

3.2 Hardware selection 

EMG acquisition hardware is a 16-channel high temporal 
and spatial resolution sEMG collector with Bluetooth 
wireless communication and a sEMG sleeve with 18 dry 
electrodes. The EMG acquisition instrument is equipped 
with two main filters which are 50 Hz comb filters and 20 
Hz high pass filters. It used to filter out power frequency 
noise and motion artifacts, respectively [6]. There are18 dry 
electrode on the sleeve which is uniformly distributed on the 
forearm, and each electrode has a corresponding number. 
Number 1 to number 16 is the channel number, there are 
two electrodes which are number '0', represent the reference 
electrode and the ground electrode, respectively [7].  

 
Figure 3 Hardware in Experiment 
 



 

 
 

3.3 Signal processing 

The raw signal from the acquisition device is a matrix which 
has 18 columns and 10000 rows. Column 1 to column 16 
columns indicate the measured voltage values from 16 
electrodes, and the column 17 to column 18 columns are 
used to verify Bluetooth module's transmission. The rows of 
the matrix are related to the acquisition time, that each row 
represents one millisecond. It follows that the original 
matrix is a very large matrix and we need to do 
dimensionality reduction. 

3.4 Dimensionality reduction 

1) Active Segment 

Since each gesture consists of two parts which are 
relaxation and movement, and each part is 5 seconds. We 
remove the first 5 seconds of each gesture and keep the 
movement part. For ensuring the integrity of the whole 
motion signal, we set the start point at 4.8 second of each 
gesture. 

2) Delete Redundant Channels 

Not all muscles located in the forearm are associated with 
the thumb. It leads some of the electrodes are redundancy. 
We need to delete these redundant channels, thereby 
increasing the speed of calculating [8]. 
 

                        (1) 

We removed one subject respectively and accumulated the 
remaining eight subjects' coefficients by channel. Every 
channel has their own corresponding coefficient value. It 
can be assumed that the channel with the larger value is the 
more redundant, whereas the channel with the smaller value 
is the more useful [9]. 

Arrange the value into 16 levels in order. Separate 
evaluating the channel values for each subject set and assign 
the level label. The label in this experiment is 16 different 
colors. Then choose their common redundant channel as the 
redundant channel. Depending on Figure 4, the most 
redundant channel is number 13.  

 

Figure 4  Most Redundant 10 Channels of Each Subject 
 

 
Figure 4 shows that for the different subject, there are three 
same redundancy channels which are No. 13, No. 14 and No. 
12, respectively, and the most ten redundant channels are 
number 2 to number 6 and number 10 to number 14. 

According to the above figures, there are three types of 
common redundant channels which are removing one 
channel, removing three channels, and removing ten 
channels [10]. According to tests, removing one redundant 
channel and removing three redundant channels has no 
effect on the classification result. When removing 10 
redundant channels, the classification effect is significantly 
decreased. In concluding, we chose to remove three 
redundant channels. 

3.5 Feature Extraction 

The experiment combines traditional features with new 
features. The traditional features use four kinds of time-
frequency characteristics, which are the number of slope 
sign changes feature (SSC), Window Length feature (WL), 
The number of zero crossings feature (ZC) and the Mean 
Absolute Value features(MAV).  

The new feature is based on the MAV feature matrix, and 
the matrix converts the MAV voltage value to the 
corresponding color. Each element in the matrix 
corresponds to a color match the color blocks form a 
rectangular color map. We intuitively find the relationship 
between the electrode and muscle activity from the figure, 
thus classifying the gestures. 

For each time of gesture, the strength is different, and it will 
result in a different intensity of the EMG signal. Therefore, 
the MAV matrix needs to be normalized. Dividing each 
element of the matrix by the maximum value in the matrix. 
After processing the MAV matrix, the maximum value of 
the element is 1. 

3.6 Matrix Interpolation 

Since we chose a 16-channel sleeve, it leads the MAV 
matrix has only 16-rows. In the 16-rows MAV matrix, the 
color block is large, it makes the graphics formed by each 
gesture are unclear. We do an interpolation operation on this 
matrix, which can improve the resolution of the graphics, 
and will not increase the computing [11]. 

 
Figure 5  MAV-features matrix of the UP gesture 
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Figure 6 Matrix after interpolation of the UP gesture 
 

  
3.7 Edge extraction 

The contour lines characterized the signal distribution in the 
same intensity from all intensities. Using contour lines, find 
the corresponding graph for each value from 0 to 1. The test 
shows that when the layer height is 0.4, the amount of 
information in the graph is the largest. 

 
Figure 7  the UP gestures at different heights 

 

 
 

For the different subject, they will generate the different 
EMG signal when making the same gesture in different 
times, but the muscle which is relative motion is consistent. 
It can be inferred that the relatively active electrodes in it 
have a certain correlation with the gesture. In the meanwhile, 
there is a certain correlation between the outline information 
and the gesture [12]. 

We make a rectangle tangent to the outline and take the 
ordinate of the tangent as the feature element [13]. Similarly, 
we also extract the other element as the feature elements, 
such as the geometric center of gravity of the contour, the 
coordinates of the extreme points in the image, the 
coordinates of the redundant channel sitting, etc. 

 
Figure 8 the UP gestures at the height of 0.4 

 

 
 

4 Evaluation 
We use the intra-session method to train 9/10 of the data in 
each session and test the remaining 1/10 of the data. Test 
results as showed in figure 9. After adding the new features, 
the classification effect of some groups has been improved 
to some extent, while other groups have not changed. The 
total recognition rate has increased. The final recognition 
rate can reach 94.2223%. 

 
Figure 9  the recognition rate of traditional features and new 
features 

 

 
 

There were total 9 subjects in the experiment. For each 
subject, there was divided into five sessions. Every session 
is divided into five gestures, and each gesture repeated ten 
times, total 2250 time of gestures in the database. We 
counted the results of data which classified by the SVM 
method and made a table of the results of each gesture 
prediction. The horizontal row is the data which actual test 
gesture, and the vertical row is the data which predicted by 
SVM method. 

 
Figure 10  SVM Classification Results Statistics  
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5 Result 
The new feature is the contour ordinate coefficient of the 
MAV matrix transformation, and the dimensions of the new 
feature are much smaller than the dimensions of the 
traditional feature. There is a certain mapping relationship 
between the ordinate coefficient and the electrode identifier 
number. Although different samples wear sleeves will 
produce different degrees of displacement phenomenon, and 
each sample to do the same gesture is also different [14]. 
The new features are used in the process of gesture 
recognition to increase the recognition rate. This shows that 
there is a certain link between the thumb gesture and the 
electrode identifier number. 

6 Discussion and conclusion 
In this experiment, we had confirmed the position where the 
forearm did not produce the electrical signal of the thumb 
by recognition of the movement of the thumb, and we also 
confirmed the number of the electrode has a certain 
correlation with the thumb's gesture [15]. But the sleeve 
used in this experiment had only 16 channels, the limitation 
of the electrodes resulted in redundant locations and active 
locations were not specific enough.  It is obvious that 
further research will focus on high-density electrode sleeve 
to find more redundant areas locations and more active 
areas locations in the forearm, further to invent the high-
precision and low-cost sEMG device.   
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