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ABSTRACT 
This paper presents a novel arm gesture recognition approach that 
is capable of recognizing seven commonly used sequential arm 
gestures based upon the outputs from Inertial Measurement Unit 
(IMU) integrated with 3-D accelerometer and 3-D gyroscope.
Unlike the traditional gesture recognition methods where the 
states in the gesture sequence are irrelevant, our proposed 
recognition system is intentionally designed to recognize the 
meaningful gesture sequence where each gesture state relates to 
the contiguous states which is applicable in the specific occasions 
such as the police directing the traffic and the arm-injured patients 
performing a set of arm gestures for effective rehabilitation. In the 
proposed arm gesture recognition system, the waveforms of the 
inertial outputs, i.e., 3-D accelerations and 3-D angular rates are 
automatically segmented for each arm gesture trace at first. Then 
we employ the Principal Component Analysis (PCA) - a 
computationally efficient feature selection method characteristic 
of compressing the inertial data and minimizing the influences of 
gesture variations. These selected features from PCA are 
compared with those standard features stored in pattern templates 
to acquire the gesture observation sequence that satisfy the 
Markov property. Finally, the Hidden Markov Model is applied in 
deducing the most likely arm gesture sequence. The experimental 
results show that our arm gesture classifier achieves up to 93%
accuracy. By comparing with the other published recognition 
methods, our approach verifies the robustness and feasibility in 
arm gesture recognition using wearable MEMS sensors.  
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1. INTRODUCTION 
Gesture recognition is an important application and pertains to 
recognizing the meaningful expressions of motion by a human, 
involving the hands, arm, face and body [1]. As the proliferation 
of low-cost, light-weight and compact MEMS has motivated the 
researches on wearable computing, multiple gesture recognition 
techniques using wearable devices like Apple Iphone, Wiimote 
controller, IMU, contribute to its pervasive use in our daily life.
Among the human gesture recognition categories, the arm gesture 
recognition plays an indispensable role. The arm gestures 
(especially the semantic arm gestures) inherently include an 
underlying characteristic that the contiguous gesture states are 
largely relevant, i.e., the current gesture state is dependent on the 
previous state proportionally which satisfies the Markov property. 
Yet, quite a few researchers on gesture recognition fail to take that 
aspect into consideration. Apart from that, arm gesture recognition 
could be applied to a variety of occasions. For example, it would 
be helpful for traffic police mounting the wearable MEMS sensors 
for recognizing the meaningful arm gestures in directing the 
traffic [2] as well as for the wheelchair-propulsion upper-limb 
kinetic researches [3]. Another example of arm gesture 
recognition is for arm-injured patients in rehabilitation, which will 
obviously shorten their recovery time. However, the researches on 
arm gesture recognition are still limited, and there is still potential 
for exploration.  
There are two major challenges in developing an arm gesture 
recognition system. The fact that the collected IMU traces from 
the same gesture are discrepant and it causes the ambiguity in 
gesture trace comparison with the stored gesture template, poses 
the first major challenge. The second challenge in arm gesture 
recognition, however, is the effectiveness and robustness of the 
recognition algorithm. To be specific, how to develop a 
universally applicable algorithm which is computationally 
efficient and suitable for most users is still imperfectly resolved.  
In gesture segmentation, Xu Zhang et al. [4] combine the 
accelerometer signals and EMG signals to automatically 
distinguish the valid gestures. But the EMG signals are easily 
affected by the soft tissue artifacts which contribute to the false 
gesture segmentation. Thomas et al. [5] use Wiimote buttons to 
determine the gesture trace. This method is efficient, yet requires 



the user to manually press the controller buttons, which is not 
suitable for daily activity recognition. In the stage of feature 
extraction, traditional data analysis methods such as FFT, wavelet 
transform [6] in frequency domain and the familiar statistical 
parameters such as max, mean, variance are usually taken as the 
inherent features. However, these feature selection methods are 
either improper for the large sum of data like the inertial output 
waveforms or unable to sufficiently represent the collected data 
features. By comparison, (Principal Component Analysis) PCA 
and (Linear Discriminant Analysis) LDA [7] are well known for 
their elegant dimensionality reduction and computationally 
efficient property in feature extraction. In classification, k-means 
and k nearest neighbor (KNN) [8] are usually applied due to their 
simplicity in practice. However, these approaches fail to take the 
intrinsic contiguous states existed in data waveforms into account. 
Conversely, HMM and Dynamic time warping [9] are useful and 
robust in solving time-varying co-related signals. 
With respect to the above problems, we propose an arm gesture 
recognition system that characterizes the computationally efficient 
feature selection and inherently co-related gesture identification. 
To be specific, “scale invariant” features corresponding to each 
gesture trace are selected using PCA. And we apply the HMM to 
deduce the arm gesture sequence as the arm movements satisfy 
the Markov property that the current gesture state is merely 
associated with that of the previous gesture and observation 
outputs are dependent on arm gesture states with a probability 
distribution. 
 

2. Methodology 
The proposed method contains three steps. In the first step, we set 
three threshold pairs to segment the gesture traces. In the second 
step, a computationally efficient method: Principal Component 
Analysis is applied to reduce the dataset dimensionality and 
extract the inertial features inherently existed in IMU waveforms. 
Then the arm gesture observation sequence is derived by 
comparing the gesture features with the standard template pattern 
features. Lastly, we take advantage of HMM to deduce the hidden 
arm gesture state sequence. Figure1. shows the overview of our 
arm gesture recognition approach.  
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Figure1.  

General overview of the arm gesture recognition approach 

2.1 Inertial data segmentation 
The outputs from the 3-D accelerometer fixed on forearm include 
the instantaneous meaningful gestures. However, the acceleration 
waveforms corresponding to the same movement conducted by the 
specific subject can differ drastically with time, not to mention the 
diverse accelerometer outputs related to the same movement 
conducted by different subjects. Thus, it’s challenging to select a 
general window size in segmenting the 3-D accelerometer 
waveforms in time domain. It would be helpful in designing a 
general system that enables the automatic segmentation for the 
acceleration waveforms. 
In our recognition approach, the participant is asked to perform the 
sequential arm gestures with short time intervals during which arm 
is being extended forward parallel to the ground such that the 
waveforms from the 3-D accelerometer vary subtly during the 
short time and the variance of the samples from the three-axis 
accelerations maintains relatively low. Afterwards, we adopt a 
sliding window to determine the starting point and ending point for 
each gesture. As the sliding window moves ahead from the starting 
points, we deduce the triple acceleration variances (Var( ), 
Var( ), Var( )) within the window which are then compared 
with the triple threshold pairs:  

to check whether the selected window represents the 
gesture starting point or ending point. We set the rules as follows: 
Gesture starting point conditions: 

 Var( )  or Var( )  or Var( )  
Gesture ending point conditions:   

Var( )  and Var( )  and Var( )  
The workflow of the gesture trace segmentation is shown in 
Figure2 
 

3-D acceleration 
waveforms  

Segmentation Started

 Choose suitable sliding 
window size 

Sliding window move ahead in detecting the 
start points of gestures

Vari(Ax)>delta(Axs) or Vari(Ay)>delta(Ays) or 
Vari(Az)>delta(Azs)

Sliding window move ahead in detecting the 
end points of gestures

Vari(Ax)<delta(Axe) and Vari(Ay)<delta(Aye) 
and Vari(Az)<delta(Aze)

Check if window moves to the 
end of 3-D  waveforms 

Output:3-D segmented 
accelerometer waveforms  

 
 

Figure2. Workflow of gesture trace segmentation 

 

2.2 PCA for feature selection 
Recall that the traditional Euclidean distance directly on the 
gesture traces is not applicable as a similarity measure for arm 
gesture traces suffer from inherent temporal variations. In our 



gesture recognition systems, we resort to PCA to reduce the 
dataset dimensionality and compute the waveform similarities by 
comparing the gesture eigenvalues and eigenvectors. 
Jollifle [7] proved that PCA determines the direction along which 
the variability of the data is maximal. This orthogonal linear 
transformation method maps the original data into the eigenspace 
which characterizes the transformed data uncorrelated with each 
other. We apply PCA on the set of matrix I = 
( ), where ( ) and ( ) 
symbolize the outputs from triaxial accelerometer and triaxial 
gyroscope respectively. As covariance among variables only 
makes sense if they are measured in the same units, we standardize 
each variable to zero mean and unit variance before PCA feature 
selection. After subtracting the means from each vector and 
conducting nondimensionalizing, we acquire the matrix . Then we 
obtain the six by six covariance matrix as shown in formula 1.  

T

AGC I I                                        (1) 

The eigenvalues  and the associated eigenvector  are 
computed by  

(i = 1,2,…,6)                                 (2) 
Before conducting the PCA for feature extraction, we need to 
obtain the eigenvalues and eigenvectors for each gesture template. 
There are seven commonly used distinct gestures conducted in our 
experiments, namely, arm waving up and down, arm waving left 
and right, forearm flexion and extension, pronation and supination, 
ticking, crossing and circling. Each gesture is associated with six 
eigenvectors  and the corresponding 
eigenvalues  after principal component analysis. 
These seven gestures are performed before gesture feature 
matching and each gesture features are stored in the template 
pattern. 
After threshold segmentation, we obtain the starting point and 
ending point for each gesture. Then the waveforms are 
transformed into the segmented sample matrix 

, where j( ) means the jth 
conducted gesture; m represents the mth segmented gestures. After 
PCA, we obtain the corresponding eigenvalues and eigenvectors. 
Eigenvalues:  
Eigenvectors: ( ) 
For matching the similarity between specified segmented gesture 
and the original template gesture, we convert it into comparing the 
difference between the eigenvectors and eigenvalues, using the 
formula below: 

 ( )      
            (3) 

 denotes the ith eigenvector associated with the kth template 
 denotes the ith eigenvector associated with the jth segmented 

waveforms 
 denotes the ith eigenvalue associated with the kth template 
 denotes the ith eigenvalue associated with the jth segmented 
waveforms 

Assuming that   is the minimum among the set { }, then 
we label the jth inertial waveform segment as  for the further 
HMM decoding. 

2.3 Hmm recognition 
HMM is a doubly stochastic process, in which the observable state 
sequence is generated from a hidden Markov state sequence [11]. 
In our arm gesture recognition system, there are 9 observation 

symbols (two observation symbols for arm waving Up and Down, 
two observation symbols for arm waving Left and Right, one for 
Pronation and Supination, one for forearm flexion and extension, 
one for ticking, one for crossing , one for circling). Thus, HMM is 
modeled as a triplet  , where  represents 
the State transition probability matrix;  represents the 
observation probability matrix;  represents the initial probability 
distribution. In our recognition system,  
In HMM modeling, there are two classical methods, i.e., the 
Baum-Welch algorithm and supervised learning algorithm. Baum-
Welch algorithm is a pervasively used unsupervised learning 
method but it suffers from the local maxima and is vulnerable to 
the ill-suited initial values. In contrast, the supervised learning 
method is independent of the initial estimation as well as 
independent of the local maximum. Thus we adopt the supervised 
learning to model the HMM. 
The step in determining is as follows: 
1. State transition probability matrix A=   

aij =                                      (4) 

where Aij is the number of times that the hidden state transits 
from state Si to Sj 

2. Observation probability matrix B=  
bij =                                    (5) 

where  is the number of times that the observation symbol 
is k and the hidden state is Sj 

3. Initial probability distribution =[  
                              (6) 

Given the HMM model  and the gesture sequence after PCA 
feature selection, we take advantage of the Viterbi algorithm to 
find out the best hidden state sequence.  
 

3. EXPERIMENTS 
In our arm gesture recognition system, we design an IMU board 
that includes a module MPU6500 integrated with a MEMS three-
axis accelerometer (full scale range: ), three-axis gyroscope 
(full scale range: ±2000°/sec) and three-axis magnetometer. An 
embedded processor MSP4300 and a Bluetooth module are also 
designed on this IMU board. The board size is 35mm

. The sensor signals are sampled at 40HZ and interfaced to 
the computer by Bluetooth.  
As is shown in Figure3, the collected inertial data corresponding 
to these seven gestures (i.e., arm waving arm up and down, arm 
waving left and right, pronation and supination, forearm flexion 
and extension, circling, ticking, crossing) is collected using IMU 
which is mounted on forearm. Each gesture trace is segmented 
using the triplet threshold pairs corresponding to x-, y- and z- 
acceleration In the 
experiment, we set

 , the sliding window size . These parameters 
are chosen specifically for the user in reference to the 
experimental outcome. Seven template features are created and 
stored in the database that totally consists of 42 eigenvectors and 
42 eigenvalues for the typical seven arm gestures. 
In our experiment, the subject performed nine groups of arm 
movements and each group contains 130-160 gestures. We split 
the data into two parts. The former three are for the standard 
template features and Hidden Markov Modeling, the other six are 
for gesture testing. After PCA method, the features in the testing 



part for each gesture are compared with the template gestures. 
Then each gesture will be labeled with a specified number which 
represents the template with the highest similarity.  

 
Figure3. Arm Gesture Sequence & IMU Board 

The experimental results of our arm gesture recognition approach 
are listed in Table I. As is shown in the table, the recognition 
accuracy obviously gets better with the model size mounts up.  
The average recognition accuracy among the best three testing 
gesture models achieves up to 91%.  
Sometimes, due to the unintended arm motions or the 
environmental vibrations, the system may recognize a gesture 
which is not an intended gesture input. These fake gestures are not 
taken into account as they never appear in the recognition process. 

Table 1  
Gesture Recognition Accuracy of Best Three Models 

Model Size Average Accuracy 
Model 1 130 88% 
Model 2 150 92% 
Model 3 160 93% 

 
Table 2 

Comparison of different Gesture Recognition Accuracy 

Algorithm No. of 
Gestures 

Average 
Accuracy (%) 

Proposed Approach 7 91% 
Discrete HMM [5] 5 89.7 

DCT & Discrete Wavelet 
Transform [6] 

7 79% 

 
Comparing the proposed recognition approach with another two 
methods [5] [6], shown in Table 2, we can see that the recognition 
algorithm based on PCA feature extraction and HMM 
classification is accurate in recognizing the arm gesture outputs 
from MEMS 3-D accelerometer and 3-D gyroscope. 

 

4. CONCLUSION 
In this paper, we present an implementation of arm gesture 
recognition approach using IMU that has a three-axis 
accelerometer and three-axis gyroscope. Unlike the traditional 
gesture recognition methods, our recognition system is 
intentionally designed to recognize the meaningful gesture 
sequence where each gesture state relates to the contiguous states 
with a proportional distribution. This recognition system is low 
cost and energy efficient which can be applied to the occasions 
like the traffic officers directing the traffic, wheelchair-propulsion 
upper-limb kinetic researches and the arm-injured patients in 
rehabilitation. It’s noticeable that the segmentation algorithm is 

the critical issue in improving the performance of arm gesture 
system, and the other effective and robust segmentation methods 
will be investigated in the future work. 
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