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บทคดัย่อ 
 

การวิจยัคร้ังน้ี มีวตัถุประสงคเ์พื่อคดัเลือกวิธีการหาลกัษณะเด่นของสัญญาณไฟฟ้ากลา้มเน้ือ ในการระบุ
ท่าทางการเคล่ือนไหวของมือ เพื่อน าไปประยกุตใ์ชส้ าหรับระบบจดจ าสัญญาณไฟฟ้ากลา้มเน้ือ เพื่อใชป้ระโยชน์
ในการน าไปควบคุมอุปกรณ์ภายนอก เช่น รถเข็นไฟฟ้า เคอร์เซอร์เมาส์คอมพิวเตอร์ หรืออุปกรณ์เคร่ืองใชไ้ฟฟ้า
ภายในบา้น เป็นตน้ รูปแบบการวิจยัในคร้ังน้ี เป็นการวิจยั โดยใช้การประมวลผล และท าการประเมินแบบ
ออฟไลน์ โดยในการประเมินหาวิธีการวดัลกัษณะเด่นของสัญญาณท่ีดีท่ีสุดนั้น ได้แบ่งการประเมินออกเป็น  
3 ประเด็น คือ 1. ความแม่นย  าในการระบุท่าทางการเคล่ือนไหว 2. ความสามารถในการทนต่อสัญญาณรบกวน  
3. เวลา และความซับซ้อนในการค านวณ ซ่ึงในทั้ง 3 ประเด็นนั้น จะมีการประเมินวิธีการวดัลกัษณะเด่นของ
สัญญาณ  ทั้งจากการประเมินวิธีการวดัลกัษณะเด่นของสัญญาณท่ีมีการใชง้านอยู่ในปัจจุบนั ทั้งจากวิธีการทาง
สถิติ และวิธีการใช้ตวัจ าแนก การปรับปรุงวิธีการวดัลกัษณะเด่นของสัญญาณท่ีมีอยู่เดิม ให้มีคุณสมบติับาง
ประการท่ีดีข้ึน รวมทั้งการหาวิธีการวดัลกัษณะเด่นของสัญญาณชนิดใหม่มาประยุกตใ์ชง้าน อยา่งไรก็ตามจาก
ขอ้จ ากดัท่ีวา่ ไม่มีวธีิการวดัลกัษณะเด่นของสัญญาณชนิดใดท่ีจะไดผ้ลดีท่ีสุดในทั้ง 3 ประเด็นนั้น ในขั้นของการ
ทดลอง และสรุปผลวิธีการวดัลกัษณะเด่นของสัญญาณท่ีดีท่ีสุด จึงแยกวิเคราะห์ในแต่ละประเด็น โดยในการ
น าไปประยกุตใ์ชง้านจริง มีความจ าเป็นตอ้งเลือกใชใ้หเ้หมาะสมกบังานต่อไป ส าหรับวิธีการวดัลกัษณะเด่นของ
สัญญาณท่ีน ามาประเมินในงานวิจยัท่ีไดจ้ากการทบทวนวรรณกรรมมีดว้ยกนั 16 วิธี มีการปรับปรุงวิธีการวดั
ลกัษณะเด่นของสัญญาณ 2 วิธี และน าเสนอวิธีการวดัลกัษณะเด่นของสัญญาณชนิดใหม่อีก 1 วิธี ซ่ึงสามารถ
สรุปผลของการวจิยั แบ่งตามประเด็นไดด้งัน้ี 

1. ในประเด็นความแม่นย  าในการระบุท่าทางการเคล่ือนไหว คณะผูว้ิจยัได้ท าการเลือก และรวมกลุ่ม
วิธีการวดัลกัษณะเด่นของสัญญาณในแกนเวลา 3 ชนิด ซ่ึงประกอบดว้ย วิธี Waveform Length (WL) วิธี Root 
Mean Square (RMS) และวิธี Auto Regressive อนัดบัท่ี 4 (AR4) ซ่ึงให้ผลค่าความแม่นย  าในการจ าแนกท่าทาง 
ขณะไม่มีสัญญาณรบกวนสูงถึง 98-99% โดยการประเมินดว้ยตวัจ าแนกชนิด Linear Discriminant Analysis 
(LDA) หลงัจากนั้นคณะผูว้ิจยัได้ท าการประเมินวิธีการวดัลกัษณะเด่นของสัญญาณท่ีมีอยู่เดิมจากการทบทวน
วรรณกรรม 15 วิธี ทั้งบนแกนเวลาและแกนความถ่ี โดยการใช้วิธีการประเมินทางสถิติ ซ่ึงพบว่า วิธีการวดั
ลกัษณะเด่นของสัญญาณแบบ WL ให้ผลดีท่ีสุด ตามมาด้วยวิธี RMS และวิธี Willison Amplitude (WAMP) 
ดงันั้น ในแง่มุมของความแม่นย  าในการระบุท่าทาง สามารถสรุปไดว้า่วิธีการวดัลกัษณะเด่นของสัญญาณแบบ 
WL ใหผ้ลดีท่ีสุด ในประเด็นความแม่นย  าของการจ าแนกท่าทาง 

2. ในประเด็นความสามารถในการทนต่อสัญญาณรบกวน คณะผูว้ิจยัไดเ้ร่ิมศึกษาเพิ่มเติมในขั้นของการ
เตรียมสัญญาณ ก่อนน ามาค านวณหาวิธีการวดัลกัษณะเด่นของสัญญาณ โดยการใชก้ารลดสัญญาณรบกวนดว้ย
วิธีการแปลงเวฟเล็ต ซ่ึงท าให้ยงัคงค่าความแม่นย  าในการระบุท่าทางการเคล่ือนไหวอยูไ่ด ้แมข้ณะท่ีมีสัญญาณ
รบกวนเขา้มาในระบบ นอกจากน้ี ทางคณะผูว้ิจยัไดมี้การปรับปรุงวิธีการวดัลกัษณะเด่นของสัญญาณ ในแกน
ความถ่ี 2 วิธี คือ วิธี Modified Mean Frequency (MMNF) และวิธี Modified Median Frequency (MMDF) ซ่ึง
พบว่าสามารถเพิ่มประสิทธิภาพในการทนต่อสัญญาณรบกวนไดดี้ข้ึน เม่ือเทียบกบัวิธีการวดัลกัษณะเด่นของ
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สัญญาณแบบเดิม 16 วิธี นอกจากน้ีในการประเมินวิธีการวดัลกัษณะเด่นของสัญญาณชนิดเดิม 16 วิธีนั้น พบว่า
วิธีการวดัลกัษณะเด่นของสัญญาณแบบ WAMP และ Histogram of EMG (HIST) ให้ผลในการทนต่อสัญญาณ
รบกวนท่ีดี 

3. ในประเด็นเวลาและความซับซ้อนในการค านวณ พบว่าวิธีการวดัลักษณะเด่นของสัญญาณ แบบ 
Integrated EMG (IEMG) ใชเ้วลาในการค านวณนอ้ยท่ีสุด และพบวา่วิธีการวดัลกัษณะเด่นของสัญญาณบนแกน
เวลาจะใชเ้วลาในการค านวณนอ้ยกวา่บนแกนความถ่ี แต่ถึงอยา่งไรก็ตามวิธีการวดัลกัษณะเด่นของสัญญาณบน
แกนเวลา ซ่ึงสามารถค านวณไดท้นัเวลานั้นจะไม่สามารถเขา้ถึงคุณลกัษณะ Non-stationary ของสัญญาณได ้แต่
วิธีการวดัลกัษณะเด่นของสัญญาณแบบทั้งแกนเวลาและความถ่ี จะสามารถเขา้ถึง Non-stationary ของสัญญาณ
ได ้แต่ก็พบวา่จะใชเ้วลาในการค านวณสูงกวา่หลายร้อยเท่า ดงันั้นทางคณะผูว้จิยัจึงไดเ้ลือกท าการศึกษาวิธีการวดั
ลกัษณะเด่นของสัญญาณชนิดใหม่เพิ่มเติม คือ วิธี Detrended Fluctuation Analysis (DFA) ซ่ึงเป็นวิธีท่ีสามารถ
เขา้ถึงความเป็น Non-stationary ของสัญญาณได ้เหมือนกบัวิธีการวดัลกัษณะเด่นของสัญญาณบนแกนเวลาและ
ความถ่ี แต่ใชเ้วลาในการค านวณ และความซบัซอ้นท่ีนอ้ยกวา่วธีิบนแกนเวลาและความถ่ีมาก และใชเ้วลาในการ
ค านวณสูงกวา่วิธีบนแกนเวลา และวิธีบนแกนความถ่ีเพียงเล็กนอ้ย นอกจากน้ีวิธี DFA ยงัคงให้ความแม่นย  าใน
การระบุท่าทาง และความสามารถในการทนต่อสัญญาณรบกวนท่ีดีดว้ย 
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Abstract 
 
 The objective of this research is a selection of an optimal Electromyography (EMG) feature extraction in 
order to determine the different kinds of hand movement for applying with EMG recognition and control 
system i.e. electric powered wheelchair, mouse cursor, and electric equipment. The evaluation process in this 
study is an offline test. In order to find an optimal EMG feature, three criterions should be addressed including 
class separability, robustness, and computational complexity. Firstly, we evaluated the existed EMG features 
from the literatures. In addition, the modification of the existed EMG features and a novel EMG feature are 
presented. However, from the limitation that it does not have the best feature in the whole criterions. In this 
study, discussion and summary are presented for each criterion. In practice, we should select the optimal EMG 
features depending on the interested application. In summary, we evaluated sixteen existed EMG features, 
modified two existed EMG feature, and introduced a novel feature. The discussion and summary are presented 
in each criterion of the following: 
  1. In class separability view point, we selected and grouped three well-known EMG features in time 
domain including Root Mean Square (RMS), Waveform Length (WL), and the forth order of Auto Regressive 
(AR4). In addition, classification task is evaluated by Linear Discriminant Analysis (LDA). The accuracy of 
recognition is about 98-99% with free noise environment. After that we evaluated fifteen EMG features from 
the previous literatures in both of time domain and frequency domain by using statistic criterion method. From 
the experimental results, WL is the best feature comparing with the other features. RMS and Willison 
Amplitude (WAMP) are useful augmenting features for a more powerful feature vector. In conclusion, for a 
single feature, WL is the best feature in class separability point of view. 
 2. In robustness viewpoint, we firstly used pre-processing stage based on denoising method using 
wavelet transform. The results show the improving of hand movement recognition accuracy among the noisy 
environment. Furthermore, we also modified two types of feature extraction based on frequency domain, 
namely Modified Mean Frequency (MMNF) and Modified Median Frequency (MMDF). From the 
experimental results, it is shown that MMNF and MMDF can be used for the new robust feature extraction. Its 
robustness performance is better than the other existing features. In addition, WAMP and Histogram of EMG 
(HIST) are the existed features that are better in robustness point of view. 
 3. In computational complexity and time, Integrated EMG (IEMG) uses less computational cost. In 
addition, we found that time domain features have low computational complexity compared to features in 
frequency domain. Moreover, we introduced a novel feature based on non-linear analysis, namely Detrended 
Fluctuation Analysis (DFA). DFA is suitable for analyzing the non-stationary (EMG) signals same as time-
frequency features that features in time domain and frequency domain are not suitable. However, DFA takes 
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less CPU time than feature in frequency domain and time-frequency features and a few more CPU time than 
feature in time domain.   
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กติติกรรมประกาศ 
 
 ขอขอบพระคุณ คณะวิศวกรรมศาสตร์ มหาวิทยาลัยสงขลานครินทร์ วิทยาเขตหาดใหญ่ ท่ีให้การ
สนับสนุนทุนอุดหนุนในการทาวิจัย ตลอดจนบุคลากร นักศึกษาระดับปริญญาเอก และปริญญาตรีของ
หอ้งปฏิบติัการวศิวกรรมฟ้ืนฟู ภาควชิาวศิวกรรมไฟฟ้า คณะวศิวกรรมศาสตร์ 
 รายงานฉบบัน้ี เกิดข้ึนไดจ้ากการสนบัสนุนช่วยเหลือจากบุคคลต่างๆ ดงักล่าวขา้งตน้ อยา่งไรก็ตาม หากมี
บุคคลอ่ืนใดท่ีขา้พเจา้มิไดก้ล่าวไว ้ณ ท่ีน้ี ขา้พเจา้ตอ้งขออภยัและขอขอบคุณไว ้ณ โอกาสน้ี 
 
            ชูศกัด์ิ ล่ิมสกุล 
          หวัหนา้โครงการ 
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ค าน า 
 

รายงานการวจิยั เร่ือง การคดัเลือกลกัษณะเด่นของสัญญาณไฟฟ้ากลา้มเน้ือ เพื่อระบุท่าทางการเคล่ือนไหว
ของมือเล่มน้ี จดัท าข้ึนเพื่อรายงานการคดัเลือกวิธีการหาลกัษณะเด่นของสัญญาณไฟฟ้ากลา้มเน้ือ ในการระบุ
ท่าทางการเคล่ือนไหวของมือ ซ่ึงประกอบไปด้วย ข้อมูลเบ้ืองต้นของโครงการวิจยั หลักการและเหตุผล 
ประโยชน์ท่ีคาดวา่จะไดรั้บ การทบทวนวรรณกรรมและโครงการวิจยัท่ีเก่ียวขอ้ง ระเบียบวิธีการวิจยั ผลการวิจยั
และวเิคราะห์ผลการวจิยั และสรุปผลการวจิยั 

ผลจากการคดัเลือกวิธีการหาลกัษณะเด่นของสัญญาณไฟฟ้ากลา้มเน้ือ ไดท้  าการประเมินและปรับปรุง
วธีิการวดัลกัษณะเด่นของสัญญาณท่ีเหมาะสม ในการน าไประบุท่าทางการเคล่ือนไหวของมือ ซ่ึงสามารถน าไป
ประยกุตใ์ชส้ าหรับระบบจดจ าสัญญาณไฟฟ้ากลา้มเน้ือต่อไปได ้ซ่ึงในระบบจดจ าสัญญาณไฟฟ้ากลา้มเน้ือนั้น ถา้
เลือกวธีิการวดัลกัษณะเด่นของสัญญาณท่ีเหมาะสมแลว้จะท าใหป้ระสิทธิภาพของระบบจดจ าถูกปรับปรุงข้ึน ทั้ง
ในแง่มุมของความแม่นย  าในการจ าแนก ความทนต่อสัญญาณรบกวนชนิดต่างๆ รวมถึงเวลาและความซบัซ้อนใน
การประมวลผลของระบบ นอกจากน้ีในรายงานฉบบัน้ี ยงัไดร้วบรวมวิธีการหาลกัษณะเด่นของสัญญาณไฟฟ้า
กล้ามเน้ือแต่ละวิธีท่ีมีใช้อยู่ในงานวิจยัในปัจจุบนั ซ่ึงสามารถใช้เป็นแหล่งส าหรับอา้งอิง และศึกษาเพิ่มเติม
เก่ียวกบัวธีิการวดัลกัษณะเด่นของสัญญาณไฟฟ้ากลา้มเน้ือไดต่้อไป 
 
            ชูศกัด์ิ ล่ิมสกุล 
          หวัหนา้โครงการ 
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1. บทน า 

1.1 ประเภทของงานวจัิย  ประยกุต ์

1.2 ค าหลกั (Keywords)  EMG, Electromyography, Feature Extraction, Hand Movement 

1.3 หลกัการและเหตุผล (Importance and motivation of this research) 

ในผูป่้วยหรือผูพ้ิการหรือผูสู้งอาย ุพบวา่มีความยากล าบากในการใชง้านอุปกรณ์ช่วยเหลือภายนอก ซ่ึงเป็น
อุปกรณ์ท่ีใชก้ารควบคุมดว้ยมือ เช่น แป้นพิมพ ์หรือคนับงัคบั ดงันั้น จึงมีความพยายามในการพฒันาส่วนในการ
ควบคุมอุปกรณ์ภายนอกท่ีไม่ตอ้งใชมื้อควบคุม (Hand-free) ข้ึนมา โดยใชส้ัญญาณทางชีวการแพทย ์ซ่ึงสัญญาณ
ท่ีส าคญัสัญญาณหน่ึง คือ สัญญาณไฟฟ้ากลา้มเน้ือ (Electromyography (EMG) signal หรือ Myoelectric signal) 
ซ่ึงเป็นสัญญาณท่ีสามารถวดัได้จากอิเล็กโทรดชนิดพื้นผิว (Surface electrode) โดยประกอบดว้ยขอ้มูลของ
สัญญาณจ านวนมาก ดงันั้น ในการจะน าสัญญาณเหล่าน้ีมาใช้งานในการจ าแนกท่าทางของผูใ้ช้งาน จึงตอ้งใช้
ระเบียบวธีิในการค านวณ (Algorithm) ต่างๆ 

การประยกุตใ์ชง้านสัญญาณกลา้มเน้ือถูกพฒันามาอยา่งต่อเน่ืองตลอดช่วงเวลา 50 ปี โดยในช่วงแรก เป็น
เพียงการน าสัญญาณไฟฟ้ากลา้มเน้ือจากเพียงหน่ึงจุดกลา้มเน้ือ เพื่อควบคุมการท างานฟังก์ชนัหน่ึงอยา่ง เช่น การ
เปิดหรือปิด โดยมีอตัราเร็วค่าหน่ึง ต่อมามีการน าสัญญาณไฟฟ้ากลา้มเน้ือจากหลายจุดกลา้มเน้ือ เพื่อใช้ในการ
ควบคุมการท างานไดห้ลายฟังก์ชนั (Multifunction control) เช่น การควบคุมอวยัวะเทียมทั้งมือเทียม แขนเทียม 
และขาเทียม (Prostheses)  การควบคุมหุ่นยนต์ท่ีสามารถสวมใส่ไดเ้พื่อใช้ผ่อนแรงผูใ้ช้ (Exoskeleton robot 
control) ซ่ึงล้วนแลว้แต่ตอ้งการความแม่นย  าสูงในการควบคุม การน าวิธีการทางคณิตศาสตร์มาช่วยในการ
จ าแนกสัญญาณต่างๆ จึงถูกน ามาใช ้เพื่อใหมี้ความแม่นย  าสูง ทนต่อสัญญาณรบกวนไดดี้ และสามารถตอบสนอง
ต่อการท างานอย่างรวดเร็วได้ ดงันั้นจึงมีแนวคิดในการคดัเลือกวิธีการวดัลักษณะเด่นของสัญญาณ (Feature 
extraction) ท่ีเหมาะสมในการระบุท่าทางการเคล่ือนไหวของมือ เพื่อน าไปประยุกต์ใช้ในการควบคุมอุปกรณ์
ภายนอกท่ีมีประสิทธิภาพต่อไป 

1.4  ประโยชน์ทีค่าดว่าจะได้รับ (Expected benefits)  

1. ได้วิธีการวดัลักษณะเด่นของสัญญาณไฟฟ้ากล้ามเน้ือท่ีเหมาะสมท่ีจะใช้ในการระบุท่าทางการ
เคล่ือนไหวของมือ 
 2. สามารถน าการระบุท่าทางการเคล่ือนไหวของมือ เพื่อน าไปสู่การสร้างระบบเช่ือมต่อระหว่างผูใ้ช้กบั
อุปกรณ์ภายนอกส าหรับผูพ้ิการ และผูสู้งอายไุด ้

1.5  การทบทวนวรรณกรรม และโครงการวจัิยทีเ่กี่ยวข้อง (Literature review)  

การวดัลกัษณะเด่นของสัญญาณ (Feature extraction) ในการระบุท่าทางการเคล่ือนไหวของมือ ถือเป็น
ส่วนส าคญัในการท่ีจะประสบความส าเร็จในการควบคุมอุปกรณ์ภายนอก [1, 3] ดงันั้น จึงมีนกัวิจยัจ  านวนมากท่ี
ไดท้  าการพฒันาวธีิการวดัลกัษณะเด่นของสัญญาณ โดยในยุคเร่ิมแรกนั้น [4] วิธีการวดัลกัษณะเด่นของสัญญาณ 
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จะมีการวิเคราะห์บนแกนเวลา (Time domain) เป็นส่วนใหญ่ เน่ืองจากมีความง่ายในการเขียนโปรแกรม ในการ
ท าความเขา้ใจ และใช้เวลาในการประมวลผลท่ีน้อย ซ่ึงเหมาะสมกบัอุปกรณ์ทางฮาร์ดแวร์ แต่ด้วยเน่ืองจาก
ขอ้จ ากดัของสัญญาณไฟฟ้ากลา้มเน้ือท่ีมีความแปรปรวนสูง โดยเฉพาะเม่ือตอ้งอา้งอิงในเชิงเวลา ดงันั้นจึงมีการ
น าการวิเคราะห์สัญญาณบนแกนความถ่ี (Frequency domain) เขา้มาใชง้าน แต่ก็จะพบวา่ วิธีการวดัลกัษณะเด่น
ของสัญญาณในแกนความถ่ี จะท าให้เสียขอ้มูลในแกนเวลาไป [5] นักวิจยัในยุดต่อมาจึงได้มีการพฒันาการ
วเิคราะห์สัญญาณบนทั้งแกนเวลาและความถ่ีเขา้มาใชง้าน ซ่ึงท าให้ผลการระบุการท่าทางการเคล่ือนไหวของมือ 
สามารถระบุไดแ้ม่นย  ามากข้ึน แต่ขอ้จ ากดัท่ีมีก็คือ เร่ืองของเวลาในการค านวณท่ีมีมากข้ึนตามไปดว้ย [6] 

ดงันั้น ในการจะเลือกวา่วธีิการวดัลกัษณะเด่นของสัญญาณชนิดใดจะเหมาะสมนั้น จึงไม่สามารถใชเ้ฉพาะ
เกณฑ์ความแม่นย  าในการจ าแนกเพียงอยา่งเดียวได ้ จึงมีคณะผูว้ิจยัทีมหน่ึง [7] ไดร้ะบุเกณฑ์ในการท่ีจะระบุวา่
วิธีการวดัลกัษณะเด่นของสัญญาณชนิดใดมีความเหมาะสมท่ีสุด โดยใช้เกณฑ์ท่ีส าคญั 3 อย่าง ไดแ้ก่ 1. ความ
แม่นย  าในการระบุท่าทางการเคล่ือนไหว (Class separability) 2. ความสามารถทนต่อสัญญาณรบกวน 
(Robustness)  
3. เวลา และความซบัซ้อนในการค านวณ (Computational complexity) ซ่ึงในปัจจุบนัพบวา่วิธีการวดัลกัษณะเด่น
ของสัญญาณมีการพฒันามากข้ึนเป็นจ านวนมาก ซ่ึงขอ้จ ากดัในปัจจุบนัคือ นกัวิจยัไดท้  าการน าเสนอวิธีการวดั
ลกัษณะเด่นของสัญญาณชนิดใหม่ โดยใช้ขอ้มูลสัญญาณไฟฟ้ากล้ามเน้ือท่ีแตกต่างกนัออกไป และไม่ได้ใช้
เกณฑ์ในการเปรียบเทียบด้วยหลกัเกณฑ์เดียวกนั ท าให้เราไม่สามารถเปรียบเทียบกนัไดโ้ดยตรงว่าวิธีการวดั
ลกัษณะเด่นของสัญญาณชนิดใดให้ผลท่ีดีกวา่กนั ตวัอยา่งเช่น ในเร่ืองของความแม่นย  าในการจ าแนกท่าทาง ค่า
ของความแม่นย  าเอง นอกจากจะข้ึนกบัชนิดของวิธีการวดัลกัษณะเด่นของสัญญาณแลว้ ยงัข้ึนอยู่กบัชนิดของ
วิธีการจ าแนก (Classifier) ด้วย ซ่ึงปัจจุบนัยงัมีการใช้การเปรียบเทียบจากวิธีการจ าแนกคนละแบบกนั ซ่ึงไม่
ยติุธรรมในการเปรียบเทียบ หรือนกัวจิยับางกลุ่มท่ีใชห้ลกัเกณฑ์เดียวกนั แต่ก็ท  าการเปรียบเทียบกลุ่มของวิธีการ
วดัลกัษณะเด่นของสัญญาณท่ีไม่มากนกั [8] เม่ือเทียบกบัจ านวนของวิธีการวดัลกัษณะเด่นของสัญญาณท่ีมีใชใ้น
ปัจจุบนั นอกจากน้ีการประเมินวิธีการวดัลกัษณะเด่นของสัญญาณ ในมุมของการทนต่อสัญญาณรบกวน ยงัไม่มี
การทดสอบท่ีเป็นรูปธรรม ดังนั้ น ในงานวิจัยน้ีจะท าการสรรหาวิธีการคดัเลือกวิธีการวดัลักษณะเด่นของ
สัญญาณท่ีเหมาะสมจากทั้งใน 3 เกณฑ์ โดยใชฐ้านขอ้มูลเดียวกนั โดยท าการทดสอบกบัวิธีการวดัลกัษณะเด่น
ของสัญญาณท่ีครอบคลุมมากท่ีสุด จนถึงการส ารวจบทความวิชาการในปัจจุบนั 

 การวดัลกัษณะเด่นของสัญญาณ (Feature Extraction) 
การวดัลักษณะเด่นของสัญญาณ คือ กระบวนการวดัคุณสมบติัของวตัถุ โดยคุณสมบติัท่ีกล่าวถึงน้ี 

หมายถึง ลกัษณะเฉพาะตวัของวตัถุ (Feature) นั้นๆ ซ่ึงจะตอ้งเป็นปริมาณท่ีสามารถวดัค่าได ้และมีค่าเป็นตวัเลข 
และเน่ืองจากการจ าแนกท่าทางหลายท่า อาจมีท่าทางบางท่าท่ีมีลกัษณะเฉพาะตวับางอยา่งคลา้ยคลึงกนั ดงันั้น จึง
มีความจ าเป็นตอ้งใชคุ้ณสมบติัหลายๆ ประการ มาจ าแนกท่าทางหลายชนิดออกจากกนั ดงันั้น จึงจ าเป็นตอ้งท า
การเลือกลกัษณะเด่น (Salient features) เพียงไม่ก่ีชนิดท่ีสามารถใช้จ  าแนกลกัษณะท่าทางต่างๆ ออกจากกนัได้
อย่างชัดเจน แทนท่ีจะท าการวดัคุณสมบัติทุกอย่าง เพื่อลดความส้ินเปลืองดังกล่าว และเม่ือในกรณีของ
สัญญาณไฟฟ้ากลา้มเน้ือ คือ แรงดนัไฟฟ้าท่ีวดัไดภ้ายในช่วงระยะเวลาหน่ึง จะพบวา่สัญญาณไฟฟ้ากลา้มเน้ือมี
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ลกัษณะเฉพาะตวัหลายๆ ชนิด เช่น ขนาดของแรงดนัสูงสุด ขนาดของแรงดนัเฉล่ียในหน่ึงหน่วยเวลา ขนาดของ
องคป์ระกอบสัญญาณท่ีไดจ้ากการแปลงฟูเรียร์อยา่งรวดเร็ว เป็นตน้ 

กระบวนการวดัคุณสมบติัของวตัถุ หรือ Feature extraction ผลท่ีไดจ้ากกระบวนการน้ี คือ ค่าคุณสมบติั
ต่างๆ ของวตัถุ ซ่ึงหากน ามาจดัวางในรูปแบบเวกเตอร์ก็จะได ้Feature vector ซ่ึงเป็นการแสดงค่าคุณสมบติั
ทั้งหมดท่ีวดัจากวตัถุนั้นๆ ท่ีอยูใ่นรูปของเวกเตอร์ เช่น 
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การค านวณทางคณิตศาสตร์ เพื่อหาลกัษณะต่างๆ ของสัญญาณแรงดนัไฟฟ้าซ่ึงถูกสุ่มเขา้มาสู่คอมพิวเตอร์
ดว้ยค่าความถ่ีในการสุ่มคงท่ี มีหลายรูปแบบ โดยสามารถแบ่งออกไดเ้ป็น 3 กลุ่ม คือ การวิเคราะห์บนแกนเวลา 
(Time domain), การวิเคราะห์บนแกนความถ่ี (Frequency domain) และการวิเคราะห์บนทั้งแกนเวลาและความถ่ี 
(Time-Frequency representation) 

สมมุติให้ xn คือ ค่าแรงดนัไฟฟ้าท่ีคอมพิวเตอร์ท าการสุ่มเขา้มาคร้ังท่ี n ดงันั้นสัญญาณท่ีสุ่มเขา้มาภายใน
ช่วงเวลาหน่ึงจ านวน N ค่า จะสามารถแทนดว้ยชุดแรงดนัไฟฟ้า [x1, x2, …, xn] ซ่ึงเราจะสามารถค านวณลกัษณะ
ต่างๆ ของสัญญาณไดด้งัน้ี 

 

1.5.1  ตัวอย่างวธีิการวดัลกัษณะเด่นของสัญญาณบนแกนเวลา (Time domain) 
1. Root Mean Square (RMS) เป็นการหาค่ารากของค่าเฉล่ียของก าลงัสองของสัญญาณไฟฟ้ากลา้มเน้ือ ได้

ผลลพัธ์ 1 feature vector 
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2. Mean Absolute Value (MAV) เป็นการหาค่าเฉล่ียของค่าสัมบูรณ์ของสัญญาณไฟฟ้ากลา้มเน้ือ หรืออาจ
เรียกเป็นอยา่งอ่ืน เช่น Integral of absolute value (IAV) ไดผ้ลลพัธ์ 1 feature vector 
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โดยท่ีวิธีการวดัลักษณะเด่นของสัญญาณแบบได้เพิ่มเติมมาจากการหาค่าผลรวมของค่าสัมบูรณ์ของ
สัญญาณไฟฟ้ากลา้มเน้ือ ซ่ึงมีช่ือเรียกวธีิการวดัลกัษณะเด่นของสัญญาณวธีิดงักล่าววา่ Integrated EMG (IEMG) 

 

1

IEMG
N

n

n

x


  

 

นอกจากน้ียงัมีการพฒันาการหาค่าเฉล่ียของค่าสัมบูรณ์ของสัญญาณไฟฟ้ากลา้มเน้ือ โดยการให้ค่าน ้ าหนกั 
(Modified Mean Absolute Value: MMAV1 and MMAV2) อีก 2 วธีิ ซ่ึงนิยามของการค านวณ แสดงไดด้งัน้ี 
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3. Mean Absolute Value Slope (MAVS) เป็นการหาค่าผลต่างระหวา่งค่าของวิธีการวดัลกัษณะเด่นของ
สัญญาณแบบ MAV ของค่าในต าแหน่งปัจจุบนักบัค่าในต าแหน่งถดัไป โดยความละเอียดของวิธีการวดัลกัษณะ
เด่นของสัญญาณชนิดน้ี จะข้ึนกบัจ านวนของ Segment ท่ีก าหนด ไดผ้ลลพัธ์เท่ากบัจ านวนของ Segment – 1 
feature vectors 

+1MAVS =MAV -MAV ;   1,..., 1.i i i i I   
 

เม่ือ i = Segment ตวัท่ี i  
4. Simple Square Integral (SSI) เป็นการหาค่าพลงังานของสัญญาณไฟฟ้ากลา้มเน้ือ เพื่อใชแ้ทนลกัษณะ

เด่นของสัญญาณ ไดผ้ลลพัธ์ 1 feature vector 
2

1

SSI
N

n

n

x


  
 

5. Variance (VAR) ใช้วดัความหนาแน่นของพลงังานของสัญญาณไฟฟ้ากลา้มเน้ือ ถา้ค่าสูง แสดงว่า
สัญญาณไฟฟ้ากลา้มเน้ือมีความเปล่ียนแปลงมาก และบ่งช้ีว่ามีความหนาแน่นของพลงังานมาก ไดผ้ลลพัธ์ 1 
feature vector 

2

1

1
VAR

1

N

n

n

x
N 



  

 

6. Waveform Length (WL) เป็นการหาค่าสะสมของผลต่างระหวา่งแรงดนัปัจจุบนักบัค่าก่อนหนา้ เป็น
ค่าท่ีบ่งช้ีวา่สัญญาณไฟฟ้ากลา้มเน้ือมีการเปล่ียนแปลงไปมากนอ้ยเพียงใด ไดผ้ลลพัธ์ 1 feature vector 
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1

1
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n n

n

x x






   
 

7. Zero Crossing (ZC) เป็นการหาจ านวนคร้ังท่ีรูปคล่ืนสัญญาณไฟฟ้ากลา้มเน้ือตดัผา่นระดบัแรงดนัไฟฟ้า
เท่ากบัศูนย ์โดยทัว่ไปแลว้จะใชก้ารนบัจ านวนคร้ังท่ีแรงดนัไฟฟ้ามีการเปล่ียนเคร่ืองหมายจากลบเป็นบวก หรือ
เปล่ียนจากบวกเป็นลบ มีการก าหนดค่า Threshold อยูใ่นช่วง 20–40 mV ไดผ้ลลพัธ์ 1 feature vector 
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8. Willison Amplitude (WAMP) เป็นการหาจ านวนคร้ังท่ีสัญญาณไฟฟ้ากลา้มเน้ือมีการเปล่ียนแปลงขนาด
มากกวา่ค่าท่ีก าหนดไว ้ (Threshold) ส่วนใหญ่แลว้จะก าหนดค่า Threshold = 30 mV โดยท่ีปริมาณน้ีจะบ่งช้ีถึง
ระดบัความรุนแรงของกลา้มเน้ือมีการหดตวั ในขณะท่ีร่างกายออกแรงกระท า ไดผ้ลลพัธ์ 1 feature vector 
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9. Slope Sign Change (SSC) เป็นวิธีการวดัลกัษณะเด่นของสัญญาณท่ีมีความสัมพนัธ์กบัวิธีการหาค่า ZC 
โดยเป็นการหาจ านวนคร้ังท่ีสัญญาณไฟฟ้ากลา้มเน้ือมีการเปล่ียนแปลงขนาดระหวา่งค่าความชนัท่ีเป็นบวกกบั
ลบของสัญญาณในสามล าดบัท่ีติดต่อกนั ซ่ึงจะมีการก าหนดให้นบัเม่ือค่ามากกว่าค่าท่ีก าหนดไว ้ (Threshold) 
ส่วนใหญ่แลว้จะก าหนดค่า Threshold = 30 mV ไดผ้ลลพัธ์ 1 feature vector 
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10. Auto Regressive (AR) Model เป็นการหาค่าสัมประสิทธ์ิของแบบจ าลอง ท่ีมีแนวคิดพื้นฐานท่ีว่า 
ส าหรับสัญญาณหน่ึงๆ ท่ีไดถู้กสุ่มอ่านเขา้มานั้น สามารถแทนค่าแรงดนัท่ีจุดปัจจุบนัท่ีก าลงัพิจารณา xn ดว้ย
ผลรวมของผลคูณระหว่างสัมประสิทธ์ิ (α) และค่าแรงดนัก่อนหนา้หลายๆ พจน์ และสัญญาณรบกวนท่ีมีการ
กระจายตวัแบบ Gaussian (wn) ซ่ึงจ านวนพจน์ของแรงดนัก่อนหน้าท่ีตอ้งการส าหรับค านวณค่าของแรงดนั
ปัจจุบนัท่ีก าลงัพิจารณานั้น จะถูกก าหนดโดยล าดบัของแบบจ าลอง 
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1.5.2 ตัวอย่างวธีิการวดัลกัษณะเด่นของสัญญาณบนแกนความถี่ (Frequency domain) 
1. Mean Frequency (MNF) เป็นการใช ้FFT เพื่อให้ได ้Power spectrum แลว้หาค่าเฉล่ียของความถ่ี ได้

ผลลพัธ์ 1 feature vector 

1 1

MNF
 

 
M M

j j j

j j

f P P  
 

เม่ือ Pj = Power Spectrum ตวัท่ี j 
             fj = ความถ่ีตวัท่ี j 

2. Median Frequency (MDF) เป็นการใช ้FFT เพื่อให้ได ้Power spectrum แลว้หาค่าท่ีท าให้ผลรวมเป็น
ของความถ่ีเป็นคร่ึงหน่ึงพอดี ไดผ้ลลพัธ์ 1 feature vector 

 
MDF

1 MDF 1

1

2  

   
M M

j j j

j j j

P P P  
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1.5.3  ตัวอย่างวธีิการวดัลกัษณะเด่นของสัญญาณบนแกนเวลาและความถี่ (Time-Frequency representation) 
1. Fast Fourier Transform (FFT) หรือ การแปลงฟูเรียร์อยา่งรวดเร็ว อยูบ่นแนวคิดพื้นฐานท่ีวา่ สัญญาณ

เชิงเวลาใดๆ เกิดจากการรวมตวักนัขององค์ประกอบสัญญาณย่อยๆ ท่ีเป็นสัญญาณกระแสตรง และสัญญาณ
รูปคล่ืนซายน์หลายๆ สัญญาณ ซ่ึงมีค่าขนาดแรงดนัไฟฟ้าสูงสุด ความถ่ีของสัญญาณและมุมเฟสท่ีแตกต่างกนัไป  

2. Short Time Fourier Transform (STFT) สัญญาณไฟฟ้ากลา้มเน้ือนั้น องคป์ระกอบสัญญาณแต่ละความถ่ี
ไม่ไดป้รากฏข้ึนตลอด แต่จะเกิดข้ึนเป็นช่วงๆ และบางช่วงก็จะหายไป ซ่ึงการแปลงฟูเรียร์ไม่สามารถให้ขอ้มูลได้
วา่องคป์ระกอบสัญญาณแต่ละความถ่ีนั้นเกิดข้ึน และหายไปในช่วงเวลาใดบา้ง จึงมีการค านวณสัญญาณดงักล่าว 
จะเร่ิมจากการแบ่งสัญญาณท่ีสุ่มเขา้มาออกเป็นกลุ่มยอ่ยๆ ซ่ึงแต่ละกลุ่มมีจ านวนจุดของสัญญาณไฟฟ้าท่ีสุ่มเขา้
มาเท่ากนั หลงัจากนั้นจึงคูณค่าแรงดนัไฟฟ้าดว้ยค่าท่ีเหมาะสม และจึงท าการแปลงฟูเรียร์ในแต่ละกลุ่มย่อยๆ 
เหล่านั้น ซ่ึงจะพบว่า จากผลท่ีไดเ้ราจะไดข้อ้มูลว่า สัญญาณท่ีมีความถ่ี “ช่วง” ใด เกิดข้ึนระหวา่ง “ช่วง” เวลา
ใดบา้ง 

3. Wavelet Transform (WT) เป็นวิธีการวิเคราะห์สัญญาณท่ีมีลกัษณะไม่คงท่ี และเป็นการวิเคราะห์ขอ้มูล
ระหวา่งแกนเวลาและแกนความถ่ี ซ่ึง Wavelet Transform นั้นสามารถปรับขนาดหนา้ต่างไดแ้บบอตัโนมติั โดย
จะใช้หน้าต่างท่ีสั้นกบัความถ่ีสูง และหน้าต่างท่ีกวา้งกบัความถ่ีต ่า ท าให้สามารถเลือกคุณลกัษณะเด่นทางเวลา
และความถ่ีได ้

2. วตัถุประสงค์ของโครงการวจิัย  

2.1 เพื่อศึกษากลา้มเน้ือแขนท่ีมีผลต่อการเคล่ือนไหวของมือใน 6 ท่าทาง ไดแ้ก่ ท่าแบบมือ ท่าก ามือ ท่างอ
มือ ท่ายดืมือ ท่าหงายมือ และท่าคว  ่ามือ 

2.2 เพื่อศึกษาหาวิธีการวดัลกัษะของสัญญาณท่ีใชใ้นการระบุท่าทางการเคล่ือนไหวของมือทั้ง 6 ท่า โดย
การประเมินคุณสมบติั 3 อยา่ง ไดแ้ก่ 1. ความแม่นย  าในการจ าแนกท่าทาง 2. ความคงทนต่อสัญญาณ
รบกวน 3. ทรัพยากรและเวลาในการค านวณ 

3. ระเบียบวธิีการวจิัยของโครงการวจิัย 

3.1 ศึกษาบทความทางวชิาการท่ีเก่ียวขอ้ง และศึกษาทฤษฎีของวิธีการวดัลกัษณะเด่นของสัญญาณ ทั้งบน
แกนเวลา ความถ่ี และเวลาและความถ่ี เพื่อท าการศึกษาถึงคุณลกัษณะต่างๆ ของวิธีการวดัลกัษณะเด่น
ของสัญญาณ โดยจะท าการเขียนโปรแกรมของวธีิการวดัลกัษณะเด่นของสัญญาณต่างๆ บนโปรแกรม 
MATLAB 

3.2 ก าหนดจุดจบัสัญญาณบริเวณกลา้มเน้ือแขนท่ีเหมาะสมกบัรูปแบบการเคล่ือนไหวของมือทั้ง 6 ท่าท่ี
จะใชใ้นการศึกษา และท าการเตรียมอุปกรณ์ในการทดลอง เช่น วงจรขยายสัญญาณไฟฟ้ากลา้มเน้ือ, 
การ์ดแปลงสัญญาณอนาลอกเป็นดิจิตอล เป็นตน้  

3.3 ออกแบบการเก็บขอ้มูล และเก็บขอ้มูลสัญญาณไฟฟ้ากลา้มเน้ือจากจุดท่ีก าหนดไว ้ โดยการท าการ
ทดลองกบัอาสาสมคัร  
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3.4 น าวิธีการทางคณิตศาสตร์ท่ีไดศึ้กษาไวใ้นขอ้ 3.1 มาใช้ในการวิเคราะห์สัญญาณท่ีตรวจจบัไดใ้นขอ้ 
3.3 เพื่อหาวธีิท่ีใหค้วามแม่นย  าในการระบุท่าทางการเคล่ือนไหวของมือท่ีเหมาะสมท่ีสุด สามารถทน
ต่อสัญญาณรบกวนไดดี้  และใชเ้วลาในการค านวณนอ้ย 

3.5 สรุปวธีิการวดัลกัษณะเด่นของสัญญาณท่ีเหมาะสมในแต่ละประเด็น และเขียนรายงาน 

4. ผลการวจิัยและวเิคราะห์ผลการวจิัย 

 การท างานโดยรวมของระบบจดจ าสัญญาณไฟฟ้ากลา้มเน้ือ อธิบายไดโ้ดยแผนภาพในรูปท่ี 1 ดงัน้ี 
 

   

รูปที ่1 องคป์ระกอบในกระบวนการจดจ าสัญญาณไฟฟ้ากลา้มเน้ือ ส าหรับควบคุมอุปกรณ์ภายนอก 
 

 จากแผนภาพ พบวา่กระบวนการของการคดัเลือกลกัษณะเด่นของสัญญาณจะอยู่ในขั้นตอนท่ี 2 โดยท่ีใน
ขั้นตอนท่ี 1 นั้น สัญญาณไฟฟ้ากลา้มเน้ือ จะถูกบนัทึกจากอาสาสมคัร หรือผูใ้ชง้าน โดยการใชอิ้เล็กโทรดชนิด
พื้นผิว  น าสัญญาณจากบริเวณกลา้มเน้ือแขนท่อนล่าง รวมถึงแขนท่อนบนบางส่วน ตามช่องจ านวนท่ีก าหนด 
โดยท่ีในงานวจิยัน้ี จะมีขอ้มูลอยู ่2 ชุด คือ ชุดหน่ึงน าสัญญาณจากแขนท่อนล่าง 2 จุด และอีกชุดหน่ึงน าสัญญาณ
จากแขนท่อนล่าง 7 จุดและจากท่อนบนอีก 1 จุด หลงัจากนั้นสัญญาณจะเขา้สู่ระบบเก็บขอ้มูล โดยการแปลง
สัญญาณในรูปของอนาลอก เปล่ียนเป็นสัญญาณในรูปของดิจิตอล ในกรณีท่ีสัญญาณไฟฟ้ากล้ามเน้ือท่ีได้มี
สัญญาณรบกวนเขา้มาปน ในงานวจิยัไดมี้การท าการกรองสัญญาณในบางช่วงความถ่ีออก และไดมี้การใชว้ิธีการ
ลดสัญญาณรบกวน ด้วยวิธีการแปลงเวฟเล็ตร่วมดว้ย หลงัจากไดส้ัญญาณท่ีถูกสุ่มเขา้มาในคอมพิวเตอร์แล้ว 
สัญญาณท่ีไดก้็จะถูกน าไปค านวณดว้ยสมการทางคณิตศาสตร์ เพื่อหาตวัเลขท่ีใช้เป็นตวัแทนของสัญญาณท่ีได้
จากการแสดงท่าทาง ในแต่ละท่าทาง โดยในขั้นน้ีเน่ืองจากมีวธีิการค านวณไดห้ลายวธีิ งานวจิยัน้ีจึงมุ่งเนน้เพื่อท า
การคน้หาวธีิการท่ีเหมาะสม เพราะจะเห็นไดว้า่ถา้เราไดต้วัเลขท่ีแทนลกัษณะเด่นของสัญญาณท่ีไม่เหมาะสมแลว้ 
ประสิทธิภาพของการจดจ าท่าทางในขั้นตอนท่ี 3 จะไม่สามารถให้ผลท่ีดีได ้เน่ืองจากท าการรับค่าเขา้มาจากใน
ขั้นตอนท่ี 2 ซ่ึงในขั้นตอนท่ี 3 หลงัจากไดค้่าของลกัษณะเด่นของสัญญาณแลว้ ตวัจ าแนกจะท าการจดจ าและ
จ าแนกสัญญาณเขา้กบัท่าทางและค าสั่งท่ีก าหนด แลว้น าไปใชใ้นการควบคุมอุปกรณ์ภายนอกต่อไป   
 ในการศึกษาหาวิธีการวดัลกัษณะเด่นของสัญญาณท่ีใชใ้นการระบุท่าทางการเคล่ือนไหวของมือทั้ง 6 ท่า 
ดงัท่ีไดก้ล่าวไวข้า้งตน้วา่ สามารถท าการประเมินคุณสมบติัของวิธีการวดัลกัษณะเด่นของสัญญาณไดด้ว้ยเกณฑ ์
3 อยา่ง ไดแ้ก่  
 1. ความแม่นย  าในการจ าแนกท่าทาง 
 2. ความคงทนต่อสัญญาณรบกวน  
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 3. ทรัพยากรและเวลาในการค านวณ 
 ดงันั้น คณะผูว้ิจยั จึงไดท้  าการคดัเลือกลกัษณะเด่นท่ีเหมาะสมในแต่ละแง่มุมไว ้เน่ืองจากไม่มีวิธีการวดั
ลกัษณะเด่นใดท่ีจะให้ผลดีท่ีสุดในทั้ง 3 เกณฑ์ ดงันั้น ในการน าไปประยุกต์ใช้งานจริง ผูใ้ช้จ  าเป็นตอ้งเลือก
วิธีการวดัลกัษณะเด่นของสัญญาณท่ีเหมาะสมกบังานประยุกต์นั้นๆ ต่อไป เช่น ในระบบท่ีตอ้งการท างานแบบ
ทนัเวลาได้ (Real time) ผูใ้ช้ก็จ  าเป็นตอ้งเลือกวิธีการวดัลักษณะเด่นท่ีใช้เวลาในการค านวณน้อย สามารถ
ประมวลผลแบบทนัเวลาได ้แต่อาจมีคุณสมบติัในการจ าแนกท่าทาง และการทนต่อสัญญาณรบกวนลดลง แต่ยงั
อยูใ่นระดบัท่ีรับได ้ซ่ึงจะถูกอธิบายดว้ยบทความวชิาการต่างๆ ต่อไป โดยบทความวชิาการ จะถูกอธิบายแบ่งตาม
เกณฑท์ั้ง 3 อยา่งขา้งตน้ แต่ถึงอยา่งไรก็ตาม ในทุกบทความจะมีการอธิปรายดว้ยเกณฑ์ทั้ง 3 แต่จะเนน้หนกั เพื่อ
หาวิธีการวดัลกัษณะเด่นของสัญญาณท่ีเหมาะสมในแต่ละเกณฑ์ โดยท่ีสามารถจดัแบ่งบทความตามเกณฑ์ทั้ง 3 
ขา้งตน้ไดด้งัน้ี 

  4.1 ความแม่นย าในการจ าแนกท่าทาง 
 ในแง่มุมของความแม่นย  าในการจ าแนกท่าทาง ไดมี้การใชว้ธีิการของการลดสัญญาณรบกวนของสัญญาณ
ก่อนการจ าแนกดว้ยวิธี Wavelet Denoising เขา้มาช่วย (บทความท่ี 1 และ 2) ซ่ึงท าให้สามารถเพิ่มความแม่นย  า
ของการจ าแนกท่าทางของวิธีการคดัเลือกลกัษณะเด่น 3 ชนิด ท่ีไดเ้ลือกมาใช้ คือ Root Mean Square (RMS) 
Waveform Length (WL) และ Autoregressive Coefficients อนัดบัท่ี 4 (AR4) โดยท่ีในขณะท่ีระบบมีสัญญาณ
รบกวนอยูท่ี่ระดบัต่างๆ ค่าความแม่นย  าในการจ าแนกท่าทาง เพิ่มข้ึนในช่วงตั้งแต่ 6.5 จนถึง 78.5 เปอร์เซ็นต ์เม่ือ
เทียบกบัไม่มีการลดสัญญาณรบกวนก่อนการจ าแนก และความแม่นย  าขณะไม่มีสัญญาณรบกวนสูงถึง 98-99 
เปอร์เซ็นต์ อย่างไรก็ตาม วิธีการวดัลกัษณะเด่นของสัญญาณขา้งตน้นั้นได้หาค่าความแม่นย  าของการจ าแนก
ท่าทางดว้ยวิธีการวดัค่าความแม่นย  า โดยการใชต้วัจ าแนกชนิด Linear Discriminant Analysis (LDA) ซ่ึงจากการ
ทบทวนวรรณกรรมพบวา่ประสิทธิภาพของความแม่นย  าของวิธีการวดัลกัษณะเด่นของสัญญาณแต่ละชนิด จะ
ข้ึนกบัชนิดของตวัจ าแนก ดังนั้น ในการประเมินประสิทธิภาพท่ีเป็นกลาง ไม่ข้ึนกับชนิดของตวัจ าแนก จึง
จ าเป็นตอ้งใชว้ธีิการทางสถิติเขา้มาช่วยในการประเมินแทน ทางคณะผูว้ิจยัจึงเลือกวิธีการทางสถิติอยา่งง่าย 2 ตวั 
มาใชใ้นการประเมิน คือ Euclidean Distance และ Standard Deviation (บทความท่ี 3) โดยน ามาประเมินในรูป
ของอตัราส่วนระหวา่งตวัประเมินทั้งสอง ซ่ึงน ามาใชใ้นการประเมินวิธีการวดัลกัษณะเด่นของสัญญาณบนแกน
เวลาและบนแกนความถ่ีจ านวน 15 ชนิด ซ่ึงประกอบดว้ย 1.Integrated EMG (IEMG) 2.Mean Absolute Value 
(MAV) 3.Modified Mean Absolute Value 1 (MAV1) 4.Modified Mean Absolute Value 2 (MAV2) 5.Mean 
Absolute Value Slope (MAVS) 6.Simple Square Integral (SSI) 7.Variance (VAR) 8.Root Mean Square (RMS) 
9.Waveform length (WL) 10.Zero crossing (ZC) 11.Slope Sign Change (SSC) 12.Willison amplitude (WAMP) 
13.Auto-regressive (AR) coefficients 14.Median Frequency (MDF) 15.Mean Frequency (MNF) ผลท่ีไดพ้บวา่ 
วิธีการวดัลกัษณะเด่นของสัญญาณ แบบ WL ให้ผลดีท่ีสุด ตามมาดว้ย RMS และ Willison Amplitude (WAMP) 
และเน่ืองจากเวลาในการค านวณท่ีสูงมากของวิธีการวดัลกัษณะเด่นของสัญญาณแบบทั้งแกนเวลาและความถ่ี 
และการท่ีต้องใช้สมการในการหาค่าตวัแทนของลกัษณะสัญญาณบนแกนเวลาและความถ่ี ท าให้วิธีการวดั
ลกัษณะเด่นของสัญญาณดว้ยวธีิในกลุ่มน้ีจึงไม่ไดถู้กพิจารณาในงานวจิยัน้ี 
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Abstract—Wavelet denoising algorithms have been received 
considerable attention in the removal of noises of surface 
electromyography (sEMG) signal. Wavelet denoising 
algorithms proposed by Donoho’s method is more often used in 
sEMG signal. However, Donoho’s method is limited especially 
for multifunction myoelectric control. It does not only remove 
noises but it also removes some important part of sEMG 
signals. This study proposes an improved threshold estimation 
method. Six modified threshold estimation methods associated 
with the selected thresholding rescaling are evaluated. SEMG 
signal from six hand motions with additive WGN at various 
signal-to-noise ratios (SNRs) were applied to evaluate the 
efficient of method. Features of the estimated signal are sent to 
classification task. Evaluations of the performance of these 
algorithms are mean squared error (MSE) and classification 
rate. The results show that Global Scale Modified Universal 
(GSMU) method provides better performance than traditional 
Donoho’s method. It produces sEMG signals that remain 
important information of the original sEMG signal and can 
eliminate lots of noises. The average MSE are 0.0024 at 20 dB 
SNR, low noise, and 0.074 at 0 dB, high noise. The accuracy of 
hand movement recognition of sEMG signal that estimates 
from GSMU is improved. It improves 1 to 4% of the 
classification accuracy depend on level of noise. In addition, 
performance of level dependent method is better than the 
others rescaling method. In the experiment, GSMU threshold 
estimation method is an efficient method for producing useful 
sEMG signal without noise and improving the application of 
hand movement recognition. 

I. INTRODUCTION 
URFACE Electromyography (sEMG) signal is one of 
physiological signal that is very complex, nonlinear, 

non-stationary, and non-periodic [1]. Because the use of 
sEMG signal is very easy, fast and convenient, it is currently 
becoming increasingly a powerful indication to get 
important information and to diagnose about the muscular 
and nervous systems. However, varieties of noises originated 
from measure instruments are major problems in analysis of 
sEMG signals. Therefore, methods to eliminate or reduce the 
effect of noises have been one of the most important 
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problems. Power line interference or instability of electrode-
skin contact can be removed using typical filtering 
procedures but the interference of white Gaussian noise 
(WGN) is difficult to remove using previous procedures. 
Wavelet denoising algorithms, an advance signal processing 
method, have been received considerable attention in the 
removal of WGN [2], [13]. 

In this study, we propose a wavelet denoising based 
estimation technique to generate the useful sEMG signal 
without noise. The general wavelet based denoising 
procedures are composed of three steps: decomposition, 
denoising wavelet’s detail coefficients, and reconstruction. 
To achieve and optimize the above procedures, four points 
must be addressed, namely selection of the suitable wavelet 
function, level of decomposition, threshold estimation, and 
threshold transformation. Most wavelet based denoising 
literatures are proposed by Donoho’s method [3]-[4]. 
However, Donoho’s method in denoising of sEMG signal is 
limited especially for multifunction myoelectric control. The 
limitation of Donoho’s method is the large value of 
threshold that is not suitable for sEMG signal. It does not 
only remove noises but it removes some important part of 
sEMG signals.  As shown in Fig.1, loss of geometrical 
characteristics and amplitude of sEMG signal can be 
observed.  

This study proposes an improved threshold estimation 
method based on Donoho’s method. Traditional Donoho’s 
method is modified and combined with existing techniques 
for providing higher classification rate and less error. It 
means that useful information is remained and undesirable 
parts of sEMG signal are removed. The aim of this paper is 
to show the comparison results of the different threshold 
estimation methods found in previous research [4]-[8]. 
Moreover, thresholding rescaling methods including global, 
first-level, and level dependent estimation are evaluated 
using both standard deviation of noise and length of wavelet 
coefficients parameters [9]-[10]. Getting higher performance 
in denoising assumes that mean square error between the 
estimated of original sEMG signal and denoising sEMG 
signal is the lowest. 

After evaluating the threshold estimation method in 
denoising point view and for evaluating the efficiency of 
classification task, the estimated sEMG signals are sent to 
the hand recognition system in order to identify six hand 
movements. Lots of methods are used to model and analyze 
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Fig. 1.  (a) Original sEMG signal (b) Noisy sEMG signal with 5 dB signal-
to-noise ratio (c) sEMG signal estimated by traditional Donoho’s method.  
 
sEMG signal that called feature extraction. Time domain and 
frequency domain features are used to describe the 
characteristics of the sEMG signal. Three well-known 
features are Root Mean Square (RMS), Waveform Length 
(WL), and the forth order of Auto Regressive (AR4) [11]-
[12]. After feature extraction task, classification task is 
evaluated by Linear Discriminant Analysis (LDA). When 
high performance is obtained, classification rate should be 
the highest value. 

II. WAVELET DENOISING AND SIGNAL ESTIMATION 
The objective of wavelet denoising algorithm is to 

suppress the noise part of the signal s(n) by discarding the 
white Gaussian noise e(n) and to recover the signal of 
interest f(n). The model is basically of the following form: 
 

     ( ) ( ) ( )s n f n e n= + .          (1) 
 
The procedure of wavelet denoising follows three steps. 

Firstly, sEMG signal is decomposed by discrete wavelet 
transform. Detail and approximation coefficient are 
obtained. Secondly, estimated threshold is applied to the 
detail coefficients, zeroing all coefficients below their 
associated thresholds. Finally, denoised signal is 
reconstructed based on modified detail coefficients. 

The first significant step of wavelet denoising procedure 
is selection of wavelet function or mother wavelet. The right 
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Fig. 2.  Estimated six hand motions. 

wavelet function determines perfect reconstruction and 
performs better analysis. Next step is the selection of the 
number of decomposition levels of signal. Instead of 
focusing on the selection of the wavelet function and 
decomposition level, we have presented in previous work 
that the Daubechies wavelet with second orders (db2) and 
the forth decomposition level provide the lowest mean 
square error [13]. 

A. Wavelet Threshold Estimation Method 
Estimation of detail coefficient threshold is selected with 

estimator methods for each level from 1 to 4.  Universal 
threshold estimation method proposed by Donoho’s method 
has been shown that its denoising capability is better than 
other classical methods such as SURE method, Hybrid 
method, and minimax method [13]. Universal threshold 
estimation method uses a fixed form threshold, which can be 
expressed as [3] 
 

                              2log( )UNITHR Nσ=  ,                           (2) 
 
where N is the length in samples of time-domain signal,   
σ is standard deviation of noise, and log is a natural 
logarithm. The parameter σ  can be estimated using median 
parameter which can be calculated as 
 

                               

( )
0.6745

jmedian cD
σ =  ,                              (3) 

 
where cDj is the detail wavelet coefficients at scale level j 
and 0.6475 is a normalization factor. 

Six modified threshold estimation methods were applied in 
this study as described in the following. In this study, we 
provide specific name to each method because modified 
threshold estimation methods do not have specific names. 

1) Length Modified Universal Method: Length Modified 
Universal (LMU) was modified by Donoho to be used in 
soft-thresholding transformation [4]. It is defined as 
 

                              
2log( )

LMU
N

THR
N

σ= ⋅ .                         (4) 

 
2) Scale Modified Universal Method: Scale Modified 

Universal (SMU) was modified by Donoho to be used in 
level dependent [5]. It can be expressed as 
 

                            
22 2 log( )

j J

SMUTHR Nσ
−

= ⋅ ⋅ ,                  (5) 
 
where j is scale level from 1 to 4 and J is maximum level, 4. 

3) Global Scale Modified Universal Method: Global Scale 
Modified Universal (GSMU) was modified by Zhong and 
Cherkassky to be used in image denoising [6]. It is given by 
 

                         
22 2 log( )
J

GSMUTHR Nσ
−

= ⋅ ⋅ .                  (6) 
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4) Scale Length Modified Universal Method: Scale Length 
Modified Universal (SLMU) was modified by Donoho. It is 
combined between LMU and SMU [5]. It is shown as 
 

  
                           2

2 log( )
2

2
SLMU J j

N
THR

N

σ −= ⋅

⋅
 .                     (7) 

 
5) Log Scale Modified Universal Method: Log Scale 

Modified Universal (LSMU) was modified by Song and 
Zhao [7]. It takes the different thresholds at different scales.  
 

                               
2log( )

log( 1)LSMU
N

THR
j

σ= ⋅
+

.                      (8) 

 
6) Log Variable Modified Universal Method: Log Variable 

Modified Universal (LVMU) was modified by Qingju and 
Zhizeng [8]. It uses the constant d to adapt the threshold 
value. Their experiments show that the value of constant d is 
associated to the wavelet function and SNR. It should be 
ranging between 0 and 3. In this study, we used 3 for the 
constant d. The equation can be defined as 
 

                            
2log( )

log[ ( 1) ]LVMU d
N

THR
e j

σ= ⋅
+ −

.                  (9) 

 
where e is the mathematical constant (2.71828). 

A. Wavelet Threshold Rescaling Method 
Seven threshold estimation methods, six modified and 

classical one, can be improving using rescaling method. In 
wavelet threshold rescaling, three categories can be 
identified: global (GL), first-level (FL) and level dependent 
(LD) thresholding [9]-[10]. In the first one, standard 
deviation of noise (σ ) can be adapted to three categories. 
While the second one, length of wavelet coefficients (N) can 
be adapted to only GL and LD thresholding. 

In addition, to identify the threshold rescaling method, GL 
defines σ  as the estimated standard deviation of all the 
wavelet coefficients and N as length of the total wavelet 
coefficients. FL defines 1σ  as the estimated standard 
deviation of first-level detail coefficients (cD1). LD defines 
σ j as the estimated standard deviation for every 
decomposition level and Nj as length of the total wavelet 
coefficients. 

After threshold values are determined, thresholding can be 
done using soft transformation, 
 

       ⎩
⎨
⎧ >−

=
otherwise

THRcDifTHRcDcD
cD jjjjj

j ,0
||),)(sgn( .        (10) 

 
Combining seven threshold estimation methods, six 

threshold rescaling methods, and a threshold transformation 
method, forty-two possible wavelet denoising estimators 
exist. All of wavelet denoising procedures are presented in 
Table I. After denoising procedure, the reconstructed signal  

TABLE I 
WAVELET DENOISING PROCEDURES (METHOD FORMAT:  
THRESHOLD ESTIMATION / σ RESCALING / N RESCALING) 

 
# TE σ  N # TE σ  N 
1 UNI 

GL GL 

22 UNI 

FL LD 

2 LMU 23 LMU 
3 SMU 24 SMU 
4 SLMU 25 SLMU 
5 GSMU 26 GSMU 
6 LSMU 27 LSMU 
7 LVMU 28 LVMU 
8 UNI 

GL LD 

29 UNI 

LD GL 

9 LMU 30 LMU 
10 SMU 31 SMU 
11 SLMU 32 SLMU 
12 GSMU 33 GSMU 
13 LSMU 34 LSMU 
14 LVMU 35 LVMU 
15 UNI 

FL GL 

36 UNI 

LD LD 

16 LMU 37 LMU 
17 SMU 38 SMU 
18 SLMU 39 SLMU 
19 GSMU 40 GSMU 
20 LSMU 41 LSMU 
21 LVMU 42 LVMU 

 
computes wavelet reconstruction based on the original 
approximation coefficients of level 4 and the modified detail 
coefficients of levels from 1 to 4. 

B. Experiment 
In this section, we describe our experimental procedure for 

recording sEMG signals. The sEMG signals were recorded 
from flexor carpi radialis and extensor carpi radialis longus 
of a healthy volunteer by two pairs of surface electrodes (3M 
red dot 2.5 cm. foam solid gel). Each electrode was 
separated from the other by 20 mm.  A band-pass filter of 1-
500 Hz bandwidth and an amplifier with 500 times gain 
were used. Sampling rate was set at 1000 samples per 
second using a 16 bit A/D converter board (National 
Instruments, USA, model 6024E). Volunteers performed six 
hand motions including hand open (ho), hand close (hc), 
wrist extension (we), wrist flexion (wf), pronation (pr), and 
supination (su) as shown in Fig. 2. Hand close and wrist 
flexion were analyzed using signals from extensor carpi 
radialis longus and the others motions were analyzed using 
signals from flexor carpi radialis because each motion has 
strong signal depending upon electrode position. Ten 
datasets were collected for each motion. 

C. Evaluation 
The mean squared error (MSE) used to evaluate the 

quality of the denoising signals can be given by  
 

                                  

2

1
( )

N

i i
i

f fe
MSE

N
=

−
 = 
∑

  ,                       (11) 

 
where fi represents the estimated original sEMG signal and 
fei is estimated denoising sEMG signal. 

The classification rate used to evaluate the quality of the 
recognition system from the estimated sEMG signal. The 
performance of the algorithms is the best when MSE is small 
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and classification rate closes to 100 percents. To guarantee 
the best wavelet denoising method optimized for estimated 
sEMG signals, we calculated MSE and classification rate 
averages for each motion with 5 times of additional WGN 
and each time was varied from 20-0 dB SNRs. SNR is 
calculated by 
 

                            10 log clean

noise

P
SNR

P
= ,                          (12) 

 
where Pclean is the power of original sEMG signals and Pnoise 
is the power of WGN. 

III. MULTIFUNCTION MYOELECTRIC CONTROL BASED ON 
ESTIMATED SEMG SIGNAL 

Estimated sEMG signal that were denoised from all of 
wavelet denoising procedures in previous section were sent 
to hand movement recognition. In this work, we evaluated 
the performance of adaptive wavelet thresholding technique 
in pattern recognition point view with Myoelectric Control 
development (MEC) toolbox [14]. MEC Toolbox has 
example data that is collected from 30 subjected. SEMG 
signal is recorded from seven electrode positions on the arm 
and volunteers perform six motions same as the above 
experiment as shown in Fig. 2. More details of experiment 
and data acquisition are described in [14]. The window size 
is 256 ms and window slide is 32 ms for the real-time 
constraint that the response time should be less than 300 ms. 
The feature vector is six features per channel (1 RMS, 1 WL, 
and 4 AR4). The classification was evaluated by LDA and 
majority vote post-processing was performed. 

The classification rates were calculated for each estimated 
sEMG signals. The improved classification rate (ICR) was 
calculated the improvement of wavelet thresholding method, 
which can be expressed as 
 
                        sdenoised no denoi edICR CR CR  = − ,               (13) 
 
where CR denoised is classification rate of estimated sEMG 
signal and CR no denoised is classification rate of noisy sEMG 
signal. The performance of the algorithms is the best when 
improved classification rate is high and classification rate 
closes to 100 percents. 

IV. RESULTS AND DISCUSSION  
This paper presents a complete comparative study of 

wavelet denoising for estimated sEMG signal using 
modified wavelet threshold estimation methods and wavelet 
threshold rescaling methods. The objectives of this study 
were to investigate the suitable wavelet denoising procedure 
in two point views: 1) denoising 2) pattern recognition. 

A. Wavelet Denoising and Signal Estimation 
In denoising point view, MSE is used to present the high 

performance when MSE is small. The results of MSE of all 
42 possible combinations of wavelet denoising procedures in 
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Fig. 3.  Mean Square Error (MSE) of all 42 possible combinations of 
wavelet threshold estimation methods and wavelet threshold rescaling 
methods (wavelet denoising procedure numbers refer to the wavelet 
denoising procedures in Table I, i.e. #1-Universal threshold estimation 
method (UNI), global threshold rescaling of σ , and global threshold 
rescaling of N ) at (a) 20 dB SNR (b) 10 dB SNR (c) 0 dB SNR. 
 
Table I at 20, 10, 0 db SNR are shown in Fig. 3 (a)-(c) that 
presents the low, medium, and high noise, respectively. By 
comparing Fig. 3(a)-(c), results of wavelet denoising 
procedures in each SNR level is the same trend. As SNR 
increases, the MSE of each wavelet denoising procedures 
increases. We can evaluate the results in Fig. 3 in three 
groups: 1) the suitable wavelet threshold estimation method 
2) the suitable threshold rescaling method for σ  3) the 
suitable threshold rescaling method for N. The evaluation of 
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Fig. 4.  (a) Classification rate (CR) (b) Improved classification rate (ICR) of 
all 42 possible combinations of wavelet threshold estimation methods and 
wavelet threshold rescaling methods (wavelet denoising procedure numbers 
refer to the wavelet denoising procedures in Table I, i.e. #1-Universal 
threshold estimation method (UNI), global threshold rescaling of σ , and 
global threshold rescaling of N) at 0 dB SNR. 
 
threshold estimation methods shows that all methods have 
the same value when rescaling method of σ  was set to GL. 
When rescaling method of σ  is FL or LD, the results of 
threshold estimation method are difference. MSE of UNI is 
the lowest, followed closely by the LSMU and LVMU. 
SMU and GSMU have slightly larger error compared to the 
UNI, LSMU, and LVMU. The MSE of LMU and SLMU are 
large.  Their MSE are as much as two of the minimum MSE. 

 The MSE of threshold rescaling of σ  is the smallest when 
it is set to GL. However, it makes the big value of threshold 
value. The sEMG signal that estimated from this method 
loses lots of useful information. It will make the bad 
performance in pattern recognition that we discuss in section 
B. By comparing FL and LD, the LD is slightly better than 
FL. The results of threshold rescaling of N have the same 
result with threshold rescaling of σ . The MSE of LD is 
slightly smaller than FL. However, the MSE can evaluate 
only for denoising point view that it maybe has the different  

 

 
(a) 

 
(b) 

 
Fig. 5.  (a) Classification rate (CR) (b) Improved classification rate (ICR) of 
Global Scale Modified Universal (GSMU) method, σ  threshold rescaling, 
and N of global threshold rescaling at (A) 0 dB SNR (B) 5 dB SNR (C) 10 
dB SNR (D) 15 dB SNR. 
 
result in pattern recognition point view.  

B. Multifunction Myoelectric Control Based on Estimated 
sEMG Signal 

In pattern recognition point view, CR and ICR are used to -
present the high performance when CR closes to 100 % and 
ICR is high. The results of CR and ICR of all 42 possible 
combinations of wavelet denoising procedures in Table I at 0 
dB SNR are shown in Fig. 4 (a)-(b). From the results of CR 
and ICR at various SNR, it has the same trend. Therefore, 
we present only at 0 dB, very high noise. Fig. 4 (a) shows 
that only four wavelet denoising procedures have the 
classification rate more than no denoising procedure. 
GSMU-FL-GL, GSMU-FL-LD, GSMU-LD-GL, and 
GSMU-LD-LD are the wavelet denoising procedures that 
improve the classification rate. Their ICR are about 4%.  

Consequently, evaluations of four wavelet denoising 
procedures were considered. Fig. 5 (a)-(b) show results of 
the effect of level of noises. At 0 dB SNR, very high noise, 
GSMU-LD-LD can improve classification rate about 4%. It 
shows the best performance. However, at 5, 10, and 15 dB 
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SNR, high to low noise, GSMU-FL-LD is the best 
performance. The best CR is 98.9% at low noise and 95% at 
very high noise. It improves classification rate between 1 to 
4% depend on level of noises.  

From these experimental results, we can conclude that 
GSMU is only one threshold estimation method that can 
improve the classification rate. When the threshold rescaling 
of N is GL, the CR is better than LD. However, the threshold 
rescaling of σ is depending on the level of noise. At very 
high noise, LD is better than FL. On the other hand, at high 
to low noise, FL is better than LD. In addition, at very low 
noise, more than 20 dB SNR, the wavelet denoising 
procedure does not improve classification rate. It has the 
same results. 

V. CONCLUSION 
In this work, we introduced and evaluated adaptive 

wavelet thresholding technique for estimating useful 
information of sEMG signal and improve the application of 
multifunction myoelectric control system. The results show 
that Global Scale Modified Universal (GSMU) method 
provides better performance than traditional Donoho’s 
method and others modified threshold estimation methods. 
In addition, performance of level dependent method is better 
than the others rescaling method. This paper is a starting 
idea to find the optimal threshold value for denoising and 
estimating sEMG signal. In the future work, a new equation 
should be formulated. 
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Abstract-Electromyography (EMG) signal is interfered with 

different kinds of noise and wavelet denoising algorithm is a 
powerful method to reduce noises in EMG signal. Hard and soft 
shrinkage, traditional wavelet transformation, are applied to 
wavelet coefficients with threshold value. From the limitation of 
hard and soft shrinkage, this study proposes nine improved 
wavelet shrinkage methods that achieve a compromise between 
two standards. EMG signal from six hand motions with additive 
noise at different signal-to-noise ratios were applied to evaluate 
the efficiency of the methods in denoising viewpoint. In addition, 
features of estimated denoising signal are sent to classification 
task to measure the performance in myoelectric control. The 
experimental results show that adaptive wavelet shrinkage 
method (ADP) provides the better performance than traditional 
methods and other modified methods in both of denoising and 
pattern recognition viewpoints. Accuracy of recognition of EMG 
signal transformed by ADP is improved about 6.5-78.5% 
depending on the level of noise. ADP is an efficient method for 
producing useful EMG signal without noise and improving 
application of myoelectric control.  

I. INTRODUCTION 

Electromyography (EMG) signal is physiological signal that 
is a powerful indication to get useful information. It can be 
used to control the prosthetic or assistive devices. However, 
EMG signal is interfered with different kinds of noises and 
becomes the major problem in EMG analysis. Therefore, 
methods that used to remove or reduce the effect of noises are 
the significant step before performing EMG analysis. Wavelet 
denoising algorithm is an effective method to remove or 
reduce noises in EMG signal. Generally, the wavelet based 
denoising schemes are composed of three stages, namely 
decomposition, modified wavelet’s detail coefficients, and 
reconstruction. To achieve the above schemes, four points 
must be addressed: wavelet function, decomposition levels, 
wavelet threshold estimation, and wavelet threshold 
transformation or shrinkage [1-2]. 

This study proposes improved wavelet shrinkage methods 
based on Donoho and Johnson’s method [3]. It is influenced 
by the fact that the available results of comparative study of 
wavelet shrinkage methods were not effective enough [1-6]. 
From literatures, it has been shown that all of them used only 
standard transformation methods, hard and soft shrinkage. 
Moreover, our previous work [6], the two modified wavelet 
transformation methods, namely hyperbolic and non-negative 
Garrote shrinkage have been tested. However, this was not 
powerful enough to make the comparison reasonable with 

respect to the available techniques today. In this study, nine 
shrinkage methods that modified and compromised between 
hard and soft shrinkage and two traditional shrinkage methods 
are evaluated in both of denoising and pattern recognition 
points of view. In other words, the wavelet denoising method 
is used as an estimation technique to generate the useful EMG 
signal in pattern recognition that improving in both of 
accuracy and robustness. 

II. WAVELET DENOISING AND ESTIMATION 

The aim of wavelet denoising algorithm is used to suppress 
the noise part of signal by rejecting white Gaussian noise 
(WGN) and recover signal of interest. The first significant step 
of wavelet denoising schemes is the selection of wavelet 
function. The right wavelet function determines perfect 
reconstruction and performs better analysis. Next step is the 
selection of suitable decomposition levels. Instead of focusing 
on the selection of wavelet function and decomposition level, 
we have already presented in our previous work [2], [6] that 
the Daubechies wavelet with second orders (db2) and the forth 
decomposition level provide the best result in denoising point 
of view. The third step is the estimation of wavelet’s detail 
coefficients threshold value. Universal threshold method 
proposed by Donoho’s method has been shown that its 
denoising capability is better than other classical methods [2]. 
Universal threshold method can be expressed as [3] 

2 log( )THR Nσ=  ,  (1)

where N is the length in samples of the signal in time domain 
and σ is standard deviation of noise that can be estimated 
using median parameter which can be calculated as 

( )
0.6745

jmedian cD
σ =  ,  (2)

where cDj is the wavelet’s detail coefficients at scale level j 
and 0.6745 is a normalization factor [3]. Moreover, threshold 
value is improved using rescaling method [2]. 

A. Wavelet Shrinkage Approach 
After threshold values are determined, thresholding can be 

done using wavelet shrinkage method. The eleven wavelet 
shrinkage methods were described in the following. 

1) Hard Shrinkage (HAD): It is a simple shrinkage method. 
All wavelet’s detail coefficients whose absolute values are 
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lower than threshold are set to be zero and other wavelet’s 
detail coefficients are kept [3]. It is calculated by  

, | |

0,

  >⎧⎪=⎨
                  ⎪⎩

j j j
j

cD if cD THR
cD

otherwise
. (3)

2) Soft Shrinkage (SOF): It is an extension of HAD [3]. It 
can be done by zeroing all wavelet’s detail coefficients whose 
absolute values are lower than threshold same as HAD. Then, 
non-zero coefficients are shrunk towards zero. It is defined as 

| |sgn( )( ),

0,

⎧ >−⎪=⎨
                                          ⎪⎩

j jj j j
j

if cD THRcD cD THR
cD

otherwise
, (4)

where sgn(x) is a sign function that extracts the sign of a real 
number x. 

3) Mid Shrinkage (MID): It is an extension of SOF [7], 
small wavelet’s coefficients are zeroed, and then large 
wavelet’s coefficients are not affected. However, intermediate 
wavelet’s coefficients are reduced. MID can be expressed as 

2,

2sgn( )( ) ,

0,

>                                 ⎧
⎪⎪= −   < ≤ 2⎨
⎪

                                      ⎪⎩

j jj

j j j j j j j

cD THRcD

cD cD cD THR THR cD THR

otherwise

. (5)

4) Modulus Squared Shrinkage (MSQ): It is attempted to 
address the limitation of SOF. It is described in [8] and its 
equation is defined same as Hyperbolic shrinkage that is given 
by [9], 

2 2 | |sgn( ) ( ) ,

0 ,

⎧ >−  ⎪=⎨
           ⎪                                     ⎩

j jj j j
j

if cD THRcD cD THR
cD

otherwise
. (6)

5) Non-negative Garrote Shrinkage (NNG): It combines 
Donoho and Johnstone’s wavelet shrinkage with Breiman’s 
non-negative garrote. The equation is modified by Gao [10]. It 
is expressed as 

2

| |,

0 ,

⎧
>⎪ −

=⎨
⎪                              ⎩

j
j jj

j j

THR
if cD THRcD

cD cD
otherwise

. 
(7)

6) Compromising of Hard- and Soft- Shrinkage (CHS): It 
estimates wavelet’s coefficients by weighted average of HAD 
and SOF [8]. For 0<α<1, when α is 0, it changed into HAD 
and when α is 1, it changed into SOF. In this study, we used 
0.5 for the constant α. 

sgn( )(| | ), | |

0,

α− >⎧⎪=⎨
                                                 ⎪⎩

j j j j j
j

cD cD THR if cD THR
cD

otherwise
. (8)

7) Weighted Averaging Shrinkage (WAV): It estimates 
coefficients by weighted average of MSQ and HAD [5]. It is 
given by 

2 2 | |(1 )sgn( ) ( ) ( ),

0,

α α⎧ >− − +⎪=⎨
           ⎪                                                              ⎩

j jj j j j
j

if cD THRcD cD THR cD
cD

otherwise
, (9)

where 0<α<1. If α is 0, (9) will change to MSQ and (9) will 
change to HAD, if α is 1. We used 0.5 for the constant α. 

8) Adaptive Denoising Shrinkage (ADP): It is modified 
based on SOF [11]. It is given by 

2.1

2

1
= − +

+ j j

j
j j j cD THR

THR
cD cD THR

e
. (10)

9) Improved Shrinkage (IMP): It is attempted to address the 
deficiency of HAD and SOF [12]. It can be defined as 

( ) | |sgn( )( ) ,

0 ,

β −⎧ >− ⋅  ⎪=⎨
          ⎪                                                    ⎩

j jTHR cD
j jj j j

j
if cD THRcD cD THRcD
otherwise

, (11)

where β +∈ℜ  and β>1. In this study, we used 15 from the 
suggestion of [12]. 

10) Modified Hyperbolic Shrinkage (MHP): It is obtained 
from the results in variance pattern resembling HAD and 
means resembling SOF removing the bias problem. It is 
modified by Poornachandra et al. [13] and is shown as 

2
| |( ) 1 ( ) ,

6

0 ,

⎧ ⎡ ⎤ >⎪ ⎢ ⎥⋅ +  ⎪=⎨ ⎢ ⎥⎣ ⎦⎪                                      ⎪⎩

j j
jj

j

cD if cD THRk cD
cD

otherwise

, 
(12)

where k is the scaling function and we used 1 for the constant 
k in this study. 

11) Custom Shrinkage (CUT): Idea of this transformation is 
similar to that of NNG method, in the sense that CUT and 
NNG are continuous and can adapt to the signal characteristics. 
The equation can be expressed as 
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otherwise

(13)

where 0 < γ < THRj and 0 < α < 1. In this study, we used the 
same threshold as [14] with α = 1 and γ = THRj/2. 

B. Experiments 
The EMG signals in this study were divided into two sets. 

The first set is used to evaluate the denoising viewpoint using 
mean square error (MSE) criterion and the second set is used 
to evaluate the recognition viewpoint using classification rate 
criterion. The EMG signals in both data sets are from six 
upper limb motions including wrist flexion, wrist extension, 
hand close, hand open, forearm pronation, and forearm 
supination. The EMG signals in the first set were recorded 
from two channels on the right forearm namely, flexor carpi 
radialis and extensor carpi radialis longus by two pairs of Ag-
AgCl Red Dot surface electrodes. Each electrode was 
separated from the other by 2 cm. The EMG signals were 
sampled at 1 kHz by using an analog-to-digital converter 
board (DAQCard-6024E, NI). A band-pass filter of 10-500 Hz 
bandwidth and an amplifier with 60 dB gain were used. Ten 
datasets were collected for each motion. The second set of 
EMG signals was recorded from eight channels on the right 
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forearm. The numbers of motion increase in the second dataset 
for the performance in pattern recognition. This dataset was 
acquired by Carleton University in Canada [15]. This system 
set a band-pass filter of 1-1000 Hz bandwidth and an amplifier 
with 60 dB gain (Model 15, Grass Telefactor). The EMG 
signals were sampled at 3 kHz by using an analog-to-digital 
converter board (PCI-6071E, National Instruments). However, 
in recognition system, down-sample of EMG signal from 3 
kHz to 1 kHz was done. Six trials were collected for each 
subjects and each trial consisted of four repetitions of each 
motion. EMG data from three subjects were selected in this 
study. More details of experiment and data acquisition are 
described in [15]. 

C. Evaluation Criterions 
Two measured indices are used in this study to illustrate the 

performance in two criterions. Firstly, MSE is used to evaluate 
the quality of denoising point of view that can be expressed as 

2

1
( )

=
−

 = 
∑
N

i i
i

f fe
MSE

N
, (14)

where fi represents the estimated EMG signal from the original 
signal and fei is estimated EMG signal from the noisy signal.  

Secondly, EMG signals that are denoised from all of 
wavelet shrinkage method were sent to upper limb motions 
recognition system. Features of the estimated EMG signals are 
extracted in this study including root mean square (RMS), 
waveform length (WL), and the fourth order of auto regressive 
coefficients (AR4). As a result, six members were formed as a 
feature vector. Classifier is linear Discriminant analysis (LDA) 
and majority vote (MV) post processing was performed to 
improve the classification results. The window size is 256 ms 
and window slide is 64 ms for real-time constraint in 
myoelectric control system [16]. The procedure of recognition 

system is shown in Fig. 1. The second index is classification 
rate (CR). It is used to evaluate the quality of the recognition 
system with the EMG signal that is estimated by using wavelet 
denoising. To clearly show observation results, improved 
classification rate (ICR) is calculated to demonstrate the 
improvement of the modified wavelet shrinkage methods. It 
can be defined as 

−= −denoised no denoisedICR CR CR , (15)

where CRdenoised and CRno-denoised are the CR resulting from with 
and without wavelet denoising procedures, respectively. The 
performance of algorithms is better when ICR is higher. It 
means that useful information in EMG signal is remained and 
undesirable parts of EMG signal are removed. To guarantee 
the best wavelet shrinkage method achieved and optimized for 
estimated useful EMG signal, we calculated MSE and CR 
averages for each motion with 5 times of additional WGN and 
in each time the WGN was varied from 20-0 dB SNRs. We 
can observe the effect of noise by adding different levels of 
noise. The example of original EMG signal and original EMG 
signal with WGN at 5 dB SNR are shown in Fig. 2. The SNR is 
calculated by 

10log= clean

noise

PSNR
P

, (16)

where Pclean is the power of original EMG signal and Pnoise is 
the power of WGN. 

III. RESULTS AND DISCUSSION 

A. Performance in Denoising Point of View 
The result of MSE that is used to present the performance of 

denoising is shown in Fig. 3 in log-lin type of a semi-log 
graph at different level of WGN. The denoising performance 
is better when the MSE is lower. From the Fig. 3, the MSE of 
11 wavelet shrinkage methods and no denoising case with 
only WT are presented. At medium and high noises, SNR is 
lower than 10 dB. All of wavelet shrinkage methods are better 

Figure 2. Original EMG signal (gray line) and noisy EMG signal at 5 dB SNR 
(black line) with six upper limb motions [17]. 

 

Figure 1. The procedure of improving multifunction myoelectric control 
system using wavelet denoising algorithm. 
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than WT. However, at low noise, 15 dB SNR, HAD and MHP 
are worse than WT. In addition, CUT, WAV, and MID are 
worse than WT at very low noise, 20 dB SNR. Moreover, as 
SNR increases, the MSE of each wavelet shrinkage method as 
well increases.  

From the experimental results, the MSE of ADP is lowest, 
followed closely by SOF and IMP. It means that ADP is the 
best shrinkage in denoising viewpoint. MSE of WT is seven 
times the MSE of ADP at low noise and is three times the 
MSE of ADP at high noise. Some responses of wavelet 
shrinkage methods are presented in Fig. 5(f). However, the 
MSE can be evaluated only for the performance of denoising 
viewpoint. It may have the different result in the viewpoint of 
pattern recognition. The same MSE of each wavelet shrinkage 
method does not mean that the form or shape of estimated 
EMG signal is similar. We can observe the difference between 
the estimated EMG signal from the noisy EMG signal at 5 dB 
SNR of SOF (gray line) and ADP (black line) that have the 
close MSE values as shown in Fig. 4. This provides a different 
value of features in recognition system. 

B. Performance in Pattern Recognition Viewpoint 
CR and ICR were used to present the high performance 

when CR closed to 100 % and ICR is high. The results of CR 
and ICR of 11 wavelet shrinkage methods at different level of 
noise (0, 10, and 20 dB SNR) are shown in Fig. 5(a-c) 
respectively. From the observation of CR and ICR of wavelet 
shrinkage at different level of SNR, it has the same trend. 
From the Fig. 5(a-c), we can observe that the use of wavelet 
denoising method to estimate EMG signal before sending to 
recognition system provides larger CR than no denoising 
EMG signal (black line). The CRs of upper limb motions 
recognition without applying wavelet denoising method are 
shown in Fig. 5(e) with the square box at each level of noise. 
When the level of noise increases, CR of no denoising rapidly 
decreases. But the recognition results when using denoising 
technique still achieved the CR larger than 80%. From these 
experiments, we can confirm that estimated EMG signal that 

is applied wavelet denoising method before recognition 
system has better performance than using raw EMG signal in 
noisy environment. We can get the robust EMG pattern 
recognition using wavelet shrinkage. It improved about 5% at 
low level of noise (20 dB SNR), about 60% at medium level of 
noise (10 dB SNR), and about 70% at very high level of noise 
(0 dB SNR). 

Next, we can see that the best shrinkage is ADP from the 
observation of the CR and ICR in Fig. 5(a-c). Its results are 
summarized in Fig. 5(d) and the comparison with no denoising 
is shown in Fig. 5(e). However, when level of noise is low, the 
performance of different kinds of wavelet shrinkage is similar. 
Moreover, the best wavelet shrinkage method is still ADP. 
The best CR is 98.38% at low noise and 91.62% at very high 
noise. It is still larger than 90%. Results show that ADP is the 
best wavelet shrinkage in both of denoising and pattern 
recognition points of view. The performance of ADP in 
pattern recognition viewpoint is followed closely by CUT and 
MHP. These shrinkage methods are better than traditional 
shrinkage, HAD and SOF. The CR of SOF is the lowest. It 
was expected to perform poorly in recognition viewpoint. 

IV. CONCLUSION 

Modified wavelets shrinkage methods are introduced and 
evaluated as an estimation tool to generate useful EMG signal 
for the pattern recognition in both of class separability and 
robustness. The evaluation of estimated EMG data confirmed 
the better results of modified wavelet shrinkage methods over 
traditional wavelet shrinkage methods. It is able to improve 
application of multifunction myoelectric control in both of 
denoising and recognition viewpoints. The results show that 
the adaptive wavelet shrinkage (ADP) method provides better 
performance than no denoising and other candidate methods. 
This paper is a starting idea to find optimal shrinkage method 
for denoising and estimating EMG signals. In future work, the 
evaluation of estimated EMG signals with different features 
and classifiers will be investigated. Moreover, a new equation 

Figure 3. MSE of only WT and 11 wavelet shrinkage methods  
at different level of noise (20-0 dB SNRs).  

 

Figure 4. Estimated EMG signal using SOF (gray line) and estimated EMG 
signal using ADP (black line) with six upper limb motions. 
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of wavelet shrinkage method should be formulated only for 
EMG signals. 
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Figure 5. (a-c) CR and ICR of all wavelet shrinkage methods compared with no denoising method at (a) 0 dB SNR. (b) 10 dB SNR. (c) 20 dB SNR.  
(d-e) CR of ADP and CR of ADP with no denoising at 0-20 dB SNR, respectively. (f) Responses of five wavelet shrinkage methods with  

0.4 threshold value (THR) and the diagonal dashed line indicates the input signal.  
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Abstract-In EMG hand movement recognition, the first and 
the most important step is feature extraction. The optimal feature 
is important for the achievement in EMG analysis and control. In 
this paper, we present a statistical criterion method using the 
ratio between Euclidean distance and standard deviation, which 
can response the distance between two scatter groups and directly 
address the variation of feature in the same group as a selection 
tool to find the optimal EMG feature. Fifteen features that have 
been widely used to classify EMG signals were used. The optimal 
feature is conducted to demonstrate the validity of the proposed 
index. The major advantages of this method are simplicities of 
implementation and computation. Moreover, the results of 
proposed method are the same trend with classification results of 
the achievement classifiers in EMG recognition. From the 
experimental results, waveform length is the best feature 
comparing with the other features. Root mean square, mean 
absolute value, Willison amplitude, and integrated EMG are 
useful augmenting features for a more powerful feature vector. 
From these results, it demonstrates that the proposed method can 
be used for an EMG feature evaluation index.  

I. INTRODUCTION 

Electromyography (EMG) signals have the properties of 
nonstationary, nonlinear, complexity, and large variation. 
These lead to difficulty in analyzing EMG signals. In the EMG 
hand movement recognition, there are two main points, namely 
feature selection and classifier design that should be paid more 
attention. In this paper, we focus on the first point. In general, 
the methods of feature selection can be divided into two types: 
the measure of classification accuracy and the evaluation using 
statistical criterion [1]. The first selection method has major 
disadvantage that the evaluation of EMG features depend on 
the classifier type but the second selection method is not 
problematic in this way and tries to quantify the suitableness of 
the feature space [2]. From the literatures, there are many 
existing selection methods based on statistic criterion for EMG 
feature evaluation such as Davies-Bouldin index [1-6], 
scattering index [5], Fishers linear discriminate index [6], 
Bhattacharyya distance [7], and fuzzy-entropy-based feature 
evaluation index [8]. However, the complexity of computation 
and implementation is drawback of the existing methods. 

In this paper, we used two fundamental methods which can 
evaluate distance between two scatter groups (separation index) 
and directly address the variation of feature in the same group 
(compactness index), the ratio between Euclidean distance and 

standard deviation. The most significant advantage of this 
method is that it is simple to be implemented and computed. 
After that the selection of the best features based on the 
proposed statistical criterion method is investigated. For this 
purpose, we evaluate different kinds of features that have been 
widely used in EMG hand movement recognition and there are 
up-to-date to available techniques today [1-8]. The results of 
this evaluation and the proposed statistic method can be widely 
used in EMG applications such as control of EMG robots and 
prostheses or the EMG diagnosis of nerve and muscle diseases. 

Many research works have explored the extraction of 
features from EMG signal for hand movement recognition. 
Various features were found in the literatures [1-9]. For 
example, features based on time domain are mean absolute 
value, modified mean absolute value, root mean square, 
integrated of EMG, simple square integral, variance, mean 
absolute value slope, waveform length, zero crossing, slope 
sign change, Willison amplitude, and auto-regressive model. 
Moreover, features based on frequency domain such as mean 
frequency and median frequency are proposed. All of these 
feature candidates are selected to be evaluated in this paper. 
Accordingly, we select six kinds of frequently used hand 
movements to be classified. In addition, two muscle positions 
of electrodes are selected based on the relations between 
muscle location and hand movements to obtain the meaningful 
EMG signals. 

The rest of this paper is organized as follows. Section 2 
illustrates experiments and data acquisition. In Section 3, the 
detail of fifteen kinds of selected features candidates will be 
introduced. In the later of this section, the detail of proposed 
statistic criterion method is illustrated. Section 4, experimental 
results are reported and discussed. Finally, we have some 
conclusion remarks in Section 5. 

II. EXPERIMENTS AND DATA ACQUISITION 

Varieties of EMG signals from six hand movements and two 
muscle positions are used as representative data in this study. 
Six hand movements were performed by a healthy subject. The 
six different types of hand movements are performed. They are 
typical movements of the most frequency use for human beings. 
They are wrist flexion (wf), wrist extension (we), hand close 
(hc), hand open (ho), forearm pronation (fp), and forearm 
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supination (fs) as shown in Fig. 1. Ten datasets were collected 
for each hand movement from two channels by two pairs of 
bipolar Ag/AgCl electrodes (3M red dot solid gel). Therefore, 
there were 120 datasets of EMG signals in subject. One pair of 
muscle position was placed over the flexor carpi radialis (ch1) 
and the other was placed over the extensor carpi radialis longus 
(ch2). The top side of wrist is used as the reference muscle 
position. All disc electrodes were put on the skin surface of the 
right forearm of the subject. Each bipolar pair of electrodes 
was spaced from a center to center by 20 mm. Moreover, to 
avoid the cross interference between two muscles, 5 mm 
diameter electrodes was used. 

Differential amplifiers were set with 60 dB gain and band-
pass filters of 10-500 Hz bandwidth were used to remove high 
random frequency interferences and the motion artifacts at low 
frequency. Sampling frequency was set at 1000 Hz using a 16 
bit analog-to-digital converter board (NI, DAQCard-6024E). In 
the analysis, the window length of EMG samples was set for 
256 ms with the objective of real-time signal processing. In 
other words, the maximum permissible delay for EMG hand 
prosthesis control should be less than 300 ms [10]. 

III. METHODOLOGY 

A. Feature Extraction Stage 
Fifteen features from time domain and frequency domain are 

used in evaluation. Time domain features are measured as a 
function of time. Because of their implementation and 
computation simplicity, time domain features are the most 
popular in EMG hand movement recognition. All features in 
time domain can be implemented in real-time. Normally, 
features in this group are used for detecting muscle contraction, 
muscle activity, and onset detection. Thirteen features based on 
time domain are described as follows. 

1) Integrated EMG (IEMG): IEMG is normally used as an 
onset detection index that is related to EMG signal sequence 
firing point. IEMG is the summation of the absolute values of 
EMG signal amplitude, which can be expressed as 

1
IEMG

N

n
n

x
=

=∑ . (1) 

where xn represents the EMG signal in a segment and N 
denotes the length of the EMG signal. 

2) Mean Absolute Value (MAV): MAV is similar to IEMG 
that normally used as an onset index to detect the muscle 

activity. MAV is the average of the absolute value of EMG 
signal amplitude. MAV is a popular feature used in EMG hand 
movement recognition application. It is defined as 

1

1MAV
N

n
n

x
N =

= ∑  . (2) 

3) Modified Mean Absolute Value 1 (MAV1): MAV1 is an 
extension of MAV. MAV1 uses weighting window function 
(wn) to improve the robustness of MAV. It is calculated by 
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4) Modified Mean Absolute Value 2 (MAV2): MAV2 is 
related to MAV1. Moreover, continuous weighting window 
function (wn) in this feature is used to improve the smoothness 
of weighting function. The equation can be defined as 
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5) Mean Absolute Value Slope (MAVS): MAVS is a modified 
version of MAV. The differences between the MAVs of 
adjacent segments are determined. It can be defined as 

+1MAVS =MAV -MAV ;   1,..., 1.i i i i I= −  (5) 

where I is the number of segments covering EMG signal. 
When the number of segments increases, it may improve the 
representation of the original signal over the traditional MAV. 

6) Simple Square Integral (SSI): SSI captures the energy of 
the EMG signal as a feature. It can be expressed as 

2

1
SSI

N

n
n

x
=

=∑ . (6) 

7) Variance (VAR): VAR captures the power of EMG signal 
as a feature. Normally, variance is mean of square of deviation 
of that variable. However, mean value of EMG signal is close 
to zero. Therefore, variance of EMG signal can be defined as 

2

1

1VAR
1
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n
n

x
N =

=
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8) Root Mean Square (RMS): RMS is related to constant 
force and non-fatiguing contraction. Generally, it similar to SD, 
which can be expressed as 

2

1

1RMS
N

n
n

x
N =

= ∑ . (8) 

9) Waveform length (WL): WL is the cumulative length of 
waveform over time segment. WL is similar to waveform 
amplitude, frequency and time. The WL can be formulated as 

 
Figure 1. Six different types of hand movements to be classified  

(a) wf (b) we (c) hc (d) ho (e) fp (f) fs [9]. 
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10) Zero crossing (ZC): ZC is the number of times that the 
amplitude values of EMG signal crosses zero in x-axis. In 
EMG feature, threshold condition is used to avoid from 
background noise. ZC provides an approximate estimation of 
frequency domain properties. The calculation is defined as 
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11) Slope Sign Change (SSC): SSC is related to ZC. It is 
another method to represent the frequency domain properties 
of EMG signal calculated in time domain. The number of 
changes between positive and negative slope among three 
sequential segments are performed with threshold function for 
avoiding background noise in EMG signal. It is given by 
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12) Willison amplitude (WAMP): WAMP is the number of 
time resulting from the difference between EMG signal 
amplitude of two adjoining segments that exceeds a predefined 
threshold, which is used to reduce background noises like in 
the calculation of ZC and SSC. It is given by 
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WAMP is related to the firing of motor unit action potentials 
and muscle contraction level. The suitable value of threshold 
parameter of features in ZC, SSC, and WAMP is normally 
chosen between 10 and 100 mV that is dependent on the setting 
of gain value of instrument. However, the optimal threshold 
suitable for EMG analysis is discussed later. 

13) Auto-regressive (AR) coefficients: AR model described 
each sample of EMG signals as a linear combination of 
previous EMG samples (xn-i) plus a white noise error term (wn). 
In addition, p is the order of AR model. AR coefficients (αi) are 
used as features in EMG hand movement recognition. The 
definition of AR model is given by 

1

p

n i n i n
i

x a x w−
=

= − +∑ , (13) 

Moreover, two features in frequency domain are evaluated 
in this study. Normally, frequency domain features are used to 
detect neural abnormalities and muscle fatigue. Moreover, 
these features are used in EMG hand movement recognition. 

Details of all features are as follows. 
14) Median Frequency (MDF): MDF is frequency at which 

the spectrum is divided into two regions with equal amplitude. 
It can be expressed as 

MDF

1 MDF 1

1
2= = =

= =∑ ∑ ∑
M M

j j j
j j j

P P P , (14) 

where Pj is EMG power spectrum at frequency bin j. 
15) Mean Frequency (MNF): MNF is average frequency. It 

is calculated as the sum of the product of power spectrum and 
frequency divided by the total sum of spectrum intensity, 
which can be expressed as 

1 1

MNF
= =
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M M

j j j
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f P P , (15) 

where fj is frequency of spectrum at frequency bin j. 

B. Feature Selection Stage 
The good quality in class separability point of view means 

that the result of misclassification rate is the lowest or the 
highest of separation between classes is obtained and the small 
value of variation in subject experiment is reached. From the 
explanation above, feature selection methods can be obtained 
based on either classifier or statistic measurement index. From 
the drawback of evaluation using classifier in the first type that 
the evaluation results are dependent on the classifier [5, 11]. 
We investigate the selection of features based on statistical 
index in this study. We introduce the statistic criterion method 
which can evaluate distance between two scatter groups 
(separation index) and directly address the variation of feature 
in the same group (compactness index). Normally, the 
statistical index should be addressed in both of separation and 
compactness index [8]. Euclidean distance (ED) and standard 
deviation (SD) are the simple method that is selected in this 
study to address two properties above. 

 ED is the most common use of distance. It is calculated as 
the root of square differences between co-ordinates of a pair of 
objects. We used ED as a separation index. In addition, SD is 
the most robust and widely used measure of the variability. SD 
is used as a compactness index. The ED(p,q) is defined as 

( ) ( )2 2
 ch1  ch1  ch2  ch2( , ) ,ED p q p q p q= − + −   (16) 

where p and q is the feature mean of two motions from six 
hand motions with two dimensional spaces (two muscles). In 
addition, the equation of SD is given by 

2
1( )

,
WN
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N

μ
σ = −

= =  ∑  (17) 

where r is the feature of the wth window of NW and µ is the 
feature mean of all windows. The ratio between ED and SD 
that we called RESpq index is used as a statistic measured index 
in this paper. The RESpq index can be expressed as  

( , ) ,pq
ED p qRES

σ
=   (18) 
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where the σ  is the average between standard deviation of two 
motions (p and q) with two dimensional spaces (two muscle 
positions, ch1 and ch2). In addition, the EMG features are 
normalized before calculating the ED and SD values. The 
normalization in this study refers to allow feature values on 
different scales to be compared. In order to negate that 
variable's effect on the EMG features, the normalized features 
(rnorm) are performed which can be expressed as  

min( ) ,
max( min( ))norm

r rr
r r
+=  

+
 (19) 

The best performance of classification is obtained when the 
ED value is high and the SD value is low. Therefore the RESpq 
index should be large to obtain better performance. In order to 
confirm the results, the average of RESpq from fifteen possible 
combinations of six hand movements (RES index) is performed. 
The most significant advantage of the proposed statistic 
method is that it is simple to implement and compute. 
Moreover, in order to confirm that it can directly indicate the 
best feature with the classification results. We compared the 
results of proposed method with the classification results of the 
achievement classifiers in EMG recognition. We used the 
results of support vector machine (SVM) classifier in [12] to 
compare. 

IV. RESULTS AND DISCUSSION 

In order to demonstrate the classification performance, the 
scatter plots between EMG features from two muscles of six 
movements are used to confirm the distance between two 
scatter groups and the variation of feature in the same group. 
From Fig. 2(a), scatter plot of WL feature shows that the data 
points in each motion are clear separation and compactness. It 
will be easily grouped when used for pattern recognition. 
However, from the Fig. 2(b), scatter plot of AR1 is observed 
that pattern for different motions are much fluctuated. In 
practice, it is hard to classify these patterns to reach maximum 
rate. In this paper, we used RES index to indicate the quality of 
separation instead of using the observation from scatter plot.  

From the experimental results, WL is the best feature 
compared with the other features as we can observe from the 
Fig. 3. WL obtains the RES index as 11.764. It is higher than 
the secondary feature about 2.337. RMS, WAMP, MAV, and 
IEMG are the secondary features group. Their RES index are 
greater than 9.3. Moreover, they provide only one feature per 
channel which is small enough to combine with other features 
to make a more powerful feature vector but it does not increase 
the computational burden for the classifier. VAR, SSI, MAV1 
are closed by the secondary features group. For time domain 
features that contained frequency information, WAMP has 
better cluster separability than ZC and SSC. The optimal 
threshold value of WAMP is about 30 mV but the optimal 
threshold value of ZC and SSC is about 10 mV.  

The modified version of MAV is worse than the traditional 
MAV. In addition, the whole features in frequency domain 
show poor class separability. MNF and MDF obtain RES index 

merely about 4.6 and AR1 obtain RES index only about 3.7. 
RES index of WL feature is three times the RES index of whole 
frequency domain features. Furthermore, MAVS is the worst 
classifier performance compared to the other features. Its RES 
index is only 2.901. The RES index of WL feature is four times 
the RES index of the worst case, MAVS. Additionally, AR and 
MAVS in this study used the first order and two segments for 
obtaining only one feature per channel. Therefore, the 
increasing of AR order and MAVS segments may improve the 
classification results.    

The results of the proposed method are the same trend with 
the SVM classifier in [12]. The classification results of SVM 
classifier in [12] showed that it is better than the other 
successful classifier, namely linear Discriminant analysis and 
multilayer perceptron neural network. The best single feature is 
WL in [12] that is similar to the results from RES index. In 
addition, other results in [12] are similar with the results of 
RES index such as the better performance of RMS over MAV, 
the improvement of WAMP over ZC and SSC, the betterment 
of original MAV over modified version of MAV, or the poor 
class separability of EMG features in frequency domain. 

Moreover, Fig. 4(a-b) shows the value of ED and SD that ZC 
has the highest ED but the SD of ZC is very poor. Hence, the 

(a) 

 
(b) 

Figure 2. Scatter plot of six different movements of (a)WL features - 
(b) AR1 features - from two muscles (ch1 and ch2). 
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RES index of ZC is not good. MDF and WAMP are the same 
trend with ZC that ED is high but SD is high too. The ED of 
WL follows the best group. Furthermore, SD of WL is smallest. 
For this cause, the RES index of WL is higher than other 
features. For the worst case, MAVS obtained both of smallest 
ED and highest SD. 

V. CONCLUSION 

From the RES index, WL has the best overall performance. 
RMS and WAMP are the better ones that can use with WL for 
a useful feature vector. The results of RES index are same trend 
with the classification results of SVM classifier. From the 
experiments demonstrate that RES index can be used as an 
EMG feature evaluation index. In future work, other features 
that have been reported in literatures should be evaluated to 
find the better one. Moreover, the combination of some useful 
features should be tested using the proposed index and the 
achievement classifiers to find optimal feature vector for EMG 
recognition. In addition, the assessment of the RES index with 
the larger EMG datasets is ongoing research.. 
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Figure 4. Bar plot of (a) ED - (b) SD - of fifteen features  
with the six different movements and two muscles. 

 

Figure 3. Bar plot of RES index of fifteen features  
with the six different movements and two muscles. 
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 4.2 ความคงทนต่อสัญญาณรบกวน  
 ในแง่มุมของการทนต่อสัญญาณรบกวนได้ดีท่ีสุด คณะผูว้ิจยัได้เร่ิมศึกษาเพิ่มเติมในขั้นของการเตรียม
สัญญาณ ก่อนน ามาค านวณหาวิธีการวดัลกัษณะเด่นของสัญญาณ โดยการใชก้ารลดสัญญาณรบกวนดว้ยวิธีการ
แปลงเวฟเล็ต (บทความท่ี 1 และ 2) ซ่ึงท าให้ยงัคงค่าความแม่นย  าในการระบุท่าทางการเคล่ือนไหวอยู่ได ้แม้
ขณะท่ีมีสัญญาณรบกวนเขา้มาในระบบ ตั้งแต่ระดบั สัญญาณหลกัต่อสัญญาณรบกวนท่ี 20 จนถึง 0 dB ดงันั้นใน
กรณีท่ีระบบมีสัญญาณรบกวนเขา้มามาก การใชก้ารลดสัญญาณรบกวนก่อนการหาลกัษณะเด่นของสัญญาณก็จะ
เป็นการท าให้ระบบมีความคงทนต่อสัญญาณรบกวนไดสู้งข้ึน นอกจากน้ี คณะวิจยัไดมี้การปรับปรุงวิธีการวดั
ลกัษณะเด่นของสัญญาณเชิงความถ่ีสองวิธี คือ Modified Mean Frequency (MMNF) และ Modified Median 
Frequency (MMDF) (บทความท่ี 4) โดยพบว่าเม่ือเทียบกบัวิธีการวดัลกัษณะเด่นของสัญญาณท่ีมีอยู่เดิม ซ่ึง
กล่าวถึงในหวัขอ้ท่ี 4.1 จ านวน 15 วิธีแลว้ไดเ้พิ่มวิธีการวดัลกัษณะเด่นของสัญญาณอีก 1 วิธีในแกนเวลา คือ วิธี 
Histogram of EMG (HIST) ซ่ึงจากผลการทดลอง พบว่าวิธีท่ีปรับปรุงข้ึนมาใหม่ให้ผลในการทนต่อสัญญาณ
รบกวนได้ดีกว่าวิธีการเดิมทั้ง 16 วิธี ส าหรับวิธีการวดัลกัษณะเด่นของสัญญาณวิธีท่ีมีอยู่เดิมพบว่า วิธีการ 
Willison Amplitude และวธีิการ HIST ใหผ้ลทนต่อสัญญาณรบกวนในระดบัท่ีน่าพอใจ 
 บทความท่ี 4 เร่ือง A Novel Feature Extraction for Robust EMG Pattern Recognition 
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A Novel Feature Extraction for  
Robust EMG Pattern Recognition 
Angkoon Phinyomark, Chusak Limsakul, and Pornchai Phukpattaranont 

Abstract—Varieties of noises are major problem in recognition of Electromyography (EMG) signal. Hence, methods to remove 
noise become most significant in EMG signal analysis. White Gaussian noise (WGN) is used to represent interference in this 
paper. Generally, WGN is difficult to be removed using typical filtering and solutions to remove WGN are limited. In addition, 
noise removal is an important step before performing feature extraction, which is used in EMG-based recognition. This research 
is aimed to present a novel feature that tolerate with WGN. As a result, noise removal algorithm is not needed. Two novel mean 
and median frequencies (MMNF and MMDF) are presented for robust feature extraction. Sixteen existing features and two 
novelties are evaluated in a noisy environment. WGN with various signal-to-noise ratios (SNRs), i.e. 20-0 dB, was added to the 
original EMG signal. The results showed that MMNF performed very well especially in weak EMG signal compared with others. 
The error of MMNF in weak EMG signal with very high noise, 0 dB SNR, is about 5-10% and closed by MMDF and Histogram, 
whereas the error of other features is more than 20%. While in strong EMG signal, the error of MMNF is better than those from 
other features. Moreover, the combination of MMNF, Histrogram of EMG and Willison amplitude is used as feature vector in 
classification task. The experimental result shows the better recognition result in noisy environment than other success feature 
candidates. From the above results demonstrate that MMNF can be used for new robust feature extraction. 

Index Terms—Electromyography (EMG), Feature extraction, Pattern recognition, Robustness, Man-machine interfaces.  

——————————      —————————— 

1 INTRODUCTION

URFACE Electromyography (sEMG) signal is one of 
the electrophysiological signals, which is extensively 
studied and applied in clinic and engineering. In this 

research, the application of sEMG signal in assistive tech-
nology and rehabilitation engineering is paid attention. 
Main application of these fields is the control of the pros-
thesis or other assistive devices using the different pat-
terns of sEMG signal [1-2]. Nevertheless, the major draw-
back of EMG pattern recognition is the poor recognition 
results under conditions of existing noises especially 
when the frequency characteristic of noise is random. Ma-
jor types of noise, artefact and interference in recorded 
sEMG signal are electrode noise, electrode and cable mo-
tion artifact, alternating current power line interference, 
and other noise sources such as a broad band noise from 
electronic instrument [3-4]. The first three types of noise 
can be removed using typical filtering procedures such as 
band-pass filter, band-stop filter, or the use of well elec-
trode and instrument [3-4] but the interferences of ran-
dom noise that fall in EMG dominant frequency energy is 
difficult to be removed using previous procedures. Gen-
erally, white Gaussian noise (WGN) is used to represent 

the random noise in sEMG signal analysis [5-6]. Adaptive 
filter or wavelet denoising algorithm, advance digital sig-
nal filter, has been received considerable attention in the 
removal of WGN [7-8]. However, WGN cannot be re-
moved one hundred percent and sometimes some impor-
tant part of sEMG signals are removed with noise even if 
we use adaptive filter and wavelet denoising algorithm. 
The broad band and random frequency characteristic of 
noise in this group is a main reason that make it difficult 
to be removed. Moreover, the amplitude of noise is bigger 
than the sEMG signal amplitude; the amplitude of raw 
signal is about 50 µV-100 mV [9]. 

In EMG-based pattern recognition, sEMG signal is 
preprocessed the spectral frequency component of the 
signal and extracted some features before performing 
classification [1]. Normally, in preprocessing and signal 
condition procedure, method to remove noise is a signifi-
cant step to reduce noises and improve some spectral 
component part [3]. Next important step, feature extrac-
tion, is used for highlighting the relevant structures in the 
sEMG signal and rejecting noise and unimportant sEMG 
signal [5]. The success of EMG pattern recognition de-
pends on the selection of features that represent raw 
sEMG signal for classification. This study is motivated by 
the fact that the limitation of the solutions to remove 
WGN in the preprocessing step and EMG-based gestures 
classification need to do the extraction step. The selection 
of feature that torelance of WGN and the modified of ex-
isting EMG feature to improve the robust property are 
proposed. As a result, WGN removal algorithms in the 
preprocessing step are not needed.  
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From the literatures, the development of robust feature 
extractions in speech, texture, and image are presented 
[10-11] but there is no selection and modification of ro-
bust EMG feature extraction. There are some evaluations 
about the effect of noise with EMG features [5, 12-14]. 
However, these literatures attend to the quality of EMG 
features in maximum class separability point of view. The 
description and discussion about the robustness are infe-
riority. Furthermore, features that used to evaluate in the 
literatures are not fair with the available methods today. 
In 1995, Zardoshti-Kermani et al. [5] evaluated seven fea-
tures in time domain and frequency domain. WGN with 0 
to 50% of rms amplitude signal are used to test the effect 
of noise. The cluster separability index and classification 
result are presented that histrogram of EMG is the better 
feature in very high noise (50% of rms amplitude signal). 
Later, in 2003, thirteen features with combination and 
various orders are tested the robustness property by 
Boostani et al. [12]. One level, one tenth of sEMG peak-to-
peak amplitude, of 50 Hz interference and random noise 
is considered and the sensitivity of feature is reported. In 
addition, our previous work [13-14] compared the effect 
of eight features and their relevant features with 50 Hz 
interference and WGN. The results of mean square error 
(MSE) criterion show that Willison amplitude with 5 mV 
threshold parameter is the best feature compared to the 
other features.  

However, there is an increase in EMG feature methods 
that is published in many literatures this day. In this pa-
per, sixteen features in time domain and frequency do-
main from the literatures [5, 12-17] are used to test the 
robustness with the additive WGN at various signal-to-
noise ratios (SNRs). Moreover, the effect of the level of 
signal amplitude was tested. Eighteen features that used 
in this research represent most features in EMG pattern 
recognition. Generally, most of the attempts to extract 
features from sEMG signal can be classified into three 
categories including time domain, frequency domain, and 
time-frequency domain [1]. We considered only former 
two categories because they have computational simplici-
ty and they have been widely used in research and in 

clinical practice. In addition, two novel feature calcula-
tions using frequency properties are presented. We mod-
ified the mean frequency and median frequency by calcu-
lating the mean and median of amplitude spectrum in-
stead of power spectrum that we called Modifed Mean 
Frequency (MMNF) and Modified Median Frequency 
(MMDF). This paper is organized as follows. Experiments 
and data acquisition are presented in Section 2. Section 3 
presents a description of EMG feature extraction methods 
in time domain and frequency domain. In addition, the 
evaluation criterion is introduced. Results and discussion 
are reported in Section 4, and finally the conclusion is 
drawn in Section 5. 

2 EXPERIMENTS AND DATA ACQUISITION 
In this section, we depict our experimental procedure for 
recording sEMG signals. The sEMG signal was recorded 
from flexor carpi radialis and extensor carpi radialis lon-
gus of a healthy male by two pairs of Ag-AgCl Red Dot 
surface electrodes on the right forearm. Each electrode 
was separated from the other by 2 cm. A band-pass filter 
of 10-500 Hz bandwidth and an amplifier with 60 dB gain 
was used. Sampling frequency was set at 1 kHz using a 16 
bit analog-to-digital converter board (National Instru-
ments, DAQCard-6024E). 

A volunteer performed four upper limb motions in-
cluding hand open, hand close, wrist extension, and wrist 
flexion as shown in Fig. 1 (a-d). In this study, the effect of 
signal strength was performed by divided the sEMG sig-
nal to two types: strong sEMG signal and weak sEMG 
signal. Strong sEMG signals were collected from extensor 
carpi radialis longus in hand close and wrist flexion and 

 
Fig. 1. Estimated six upper limb motions (a) wrist flexion (b) wrist 
extension (c) hand close (d) hand open (e) forearm pronation (d)
forearm supination.  

 

 
 

 

 

 

 

 

 

Fig. 2. Strong sEMG signal (gray line) and weak sEMG signal (black 
line) of (a) wrist extension motion. (b) hand open motion.  
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were collected from flexor carpi radialis in hand open and 
wrist extension as shown in Fig. 2 (gray line). In addition, 
the others motion and electrode channel are weak sEMG 
signals as shown in Fig. 2 (black line). Ten datasets were 
collected for each motion. The sample size of the sEMG 
signals is 256 ms for the real-time constraint that the re-
sponse time should be less than 300 ms. This dataset was 
used for the MSE criterion that represent the effect of 
noise with the value of EMG features. 

The second dataset is used to evaluate the performance 
of the classification results of EMG features in noisy envi-
ronment. Seven upper limb motions including hand open, 
hand close, wrist extension, wrist flexion, forearm prona-
tion, forearm supination and resting as shown in Fig. 1 
and eight electrode positions on the right forearm as 
shown in Fig. 3 were used in the classification procedure 
to measure the performance of the EMG feature space 
quality with WGN. This dataset was acquired by the Car-
leton University in Canada [17]. A duo-trode Ag-AgCl 
surface electrode (Myotronics, 6140) was used and an Ag-
AgCl Red-Dot surface electrode (3M, 2237) was placed on 
the wrist to provide a common ground reference. This 
system set a bandpass filter with a 1–1000 Hz bandwidth 
and amplifier with a 60 dB (Model 15, Grass Telefactor). 
The sEMG signals were sampled by using an analog-to-
digital converter board (National Instruments, PCI-
6071E), and the sampling frequency was 3 kHz. However, 
in pattern recognition, downsample of EMG data from 3 
kHz to 1 kHz was done.  Each trial of the database con-
sisted of four repetitions of each motion. There are six 
trials in each subject. Three subjects were selected in this 
study. More details of experimentals and data acquisition 
are described in [17]. 

3 METHODOLOGY 

Eighteen time domain features and frequency domain 
features are described in this section. Thirteen time do-
main variables are measured as a function of time. Be-
cause of their computational simplicity, time domain fea-
tures or linear techniques are the most popular in EMG 
pattern recognition. Integrated EMG, Mean absolute val-
ue, Modified mean absolute value 1, Modified mean abso-
lute value 2, Mean absolute value slope, Simple square 
integral, Variance of EMG, Root mean square, Waveform 
length, Zero crossing, Slope sign change, Willison ampli-
tude, and Histogram of EMG are used to test the perfor-
mance. All of them can be done in real-time and electron-
ically and it is simple for implementation. Features in this 

group are normally used for onset detection, muscle con-
traction and muscle activity detection. Moreover, features 
in frequency domain are used to represent the detect 
muscle fatigue and neural abnormalities, and sometime 
are used in EMG pattern recognition. Three traditional 
and two modified features in frequency spectrum are per-
formed namely autoregressive coefficients, mean and 
median frequencies, modified mean and median frequen-
cies. Afterward, the evaluation methods of two criterions 
that used to measure the robustness property of the 
whole features are introduced.  

3.1 Time Domain Feature Extraction 

3.1.1 Integrated EMG 
Integrated EMG (IEMG) is calculated as the summation of 
the absolute values of the sEMG signal amplitude. Gener-
ally, IEMG is used as an onset index to detect the muscle 
activity that used to oncoming the control command of 
assistive control device. It is related to the sEMG signal 
sequence firing point, which can be expressed as 

1
IEMG

N

n
n
x

=

= ∑  , (1) 

where N denotes the length of the signal and xn 
represents the sEMG signal in a segment. 

3.1.2 Mean Absolute Value 
Mean Absolute Value (MAV) is similar to average recti-
fied value (ARV). It can be calculated using the moving 
average of full-wave rectified EMG. In other words, it is 
calculated by taking the average of the absolute value of 
sEMG signal. It is an easy way for detection of muscle 
contraction levels and it is a popular feature used in 
myoelectric control application. It is defined as 

1

1MAV
N

n
n
x

N =

= ∑  . (2) 

3.1.3 Modified Mean Absolute Value 1 
Modified Mean Absolute Value 1 (MMAV1) is an exten-
sion of MAV using weighting window function wn. It is 
shown as  

=

=  

      ≤ ≤    
=  

                            

∑
1

1MMAV1 ,
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n n
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w x
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 (3) 

3.1.4 Modified Mean Absolute Value 2 
Modified Mean Absolute Value 2 (MMAV2) is similar to 
MMAV1. However, the smooth window is improved in this 
method using continuous weighting window function wn. It 
is given by 

1

1MMAV2 ,
N

n n
n
w x

N =

=  ∑  (4) 

 
Fig. 3. The eight electrode placements of the right forearm. 
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3.1.5 Mean Absolute Value Slope 
Mean Absolute Value Slope (MAVSLP) is a modified ver-
sion of MAV. The differences between the MAVs of adja-
cent segments are determined. The equation can be de-
fined as 

i i+1 iMAVSLP =MAV ‐MAV  . (5) 

3.1.6 Simple Square Integral 
Simple Square Integral (SSI) uses the energy of the sEMG 
signal as a feature. It can be expressed as  

2

1
SSI

N

n
n
x

=

= ∑ . (6) 

3.1.7 Variance of EMG 
Variance of EMG (VAR) uses the power of the sEMG sig-
nal as a feature. Generally, the variance is the mean value 
of the square of the deviation of that variable. However, 
mean of EMG signal is close to zero. In consequence, va-
riance of EMG can be calculated by   

2

1

1VAR
1

N

n
n
x

N =

=
− ∑  . (7) 

3.1.8 Root Mean Square 
Root Mean Square (RMS) is modeled as amplitude mod-
ulated Gaussian random process whose RMS is related to 
the constant force and non-fatiguing contraction. It relates 
to standard deviation, which can be expressed as 

2

1

1RMS
N

n
n
x

N =

= ∑ . (8) 

The  comparison  between  RMS  and  MAV  feature  is 
reported  in  the  literatures  [3,  18].  Clancy  et  al. 
experimentally found that the processing of MAV feature 
is equal  to or better  in  theory and experiment  than RMS 
processing.  Furthermore,  the measured  index  of  power 
property that remained in RMS feature is more advantage 
than MAV feature.     

3.1.9 Waveform Length 
Waveform length (WL) is the cumulative length of the 
waveform over the time segment. WL is related to the 
waveform amplitude, frequency and time. It is given by 

1

1
1

N

n n
n

WL x x
−

+
=

= −∑  . (9) 

All  of  these  features  above,  3.1.1‐3.1.9,  are  computed 
based on sEMG signal amplitude. From the experimental 
results, the pattern of these features is similar. Hence, we 
selected  the  robust  feature  representing  for  the  other 
features  in  this  group.  The  results  and  discussion  is 

presented in Section 4.1. 

3.1.10 Zero Crossing 
Zero crossing (ZC) is the number of times that the ampli-
tude value of sEMG signal crosses the zero y-axis. In 
EMG feature, the threshold condition is used to abstain 
from the background noise. This feature provides an ap-
proximate estimation of frequency domain properties. It 
can be formulated as 

( )
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1 1
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3.1.11 Slope Sign Change 
Slope Sign Change (SSC) is similar to ZC. It is another 
method to represent the frequency information of sEMG 
signal. The number of changes between positive and neg-
ative slope among three consecutive segments are per-
formed with the threshold function for avoiding the inter-
ference in sEMG signal. The calculation is defined as 
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3.1.12 Willison Amplitude 
Willison amplitude (WAMP) is the number of times that 
the difference between sEMG signal amplitude among 
two adjacent segments that exceeds a predefined thre-
shold to reduce noise effects same as ZC and SSC. The 
definition is as 

( )
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f x x

if x threshold
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otherwise
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=

= −     

      ≥
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∑
 (12) 

WAMP is related to the firing of motor unit action po-
tentials (MUAP) and the muscle contraction level. 

The suitable value of threshold parameter of features 
in ZC, SSC, and WAMP is normally chosen between 10 
and 100 mV that is dependent on the setting of gain value 
of instrument. Nevertheless, the optimal threshold that 
suitable for robustness in sEMG signal analysis is eva-
luated and discussed in Section 4.1. 

3.1.13 Histogram of EMG 
Histogram of EMG (HEMG) divides the elements in 
sEMG signal into b equally spaced segments and returns 
the number of elements in each segment. HEMG is an 
extension version of the ZC and WAMP features. The 
effect of various segments is tested and expressed in Sec-
tion 4.1. 
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3.2 Frequency Domain Feature Extraction 

3.2.1 Autoregressive Coefficients  
Autoregressive (AR) model described each sample of 
sEMG signal as a linear combination of previous samples 
plus a white noise error term. AR coefficients are used as 
features in EMG pattern recognition. The model is basi-
cally of the following form: 

1

p

n i n i n
i

x a x w−
=

= − +∑ , (13) 

where xn is a sample of the model signal, αi is AR coeffi-
cients, wn is white noise or error sequence, and p is the 
order of AR model. 

The forth order AR was suggested from the previous 
research [19]. However, the orders of AR between the first 
order and the tenth order are found. The results are dis-
cussed in Section 4.1.  

3.2.2 Modifed Median Frequency 
Modified Median Frequency (MMDF) is the frequency at 
which the spectrum is divided into two regions with 
equal amplitude. It can be expressed as 

MMDF

1 MMDF 1

1
2= = =

= =∑ ∑ ∑
M M

j j j
j j j

A A A , (14) 

where Aj is the sEMG amplitude spectrum at frequency 
bin j. 

3.2.3 Modifed Mean Frequency  

Modified Mean Frequency (MMNF) is the average fre-
quency. MMNF is calculated as the sum of the product of 
the amplitude spectrum and the frequency, divided by 
the total sum of spectrum intensity, as in 

1 1
MMNF

= =

= ∑ ∑
M M

j j j
j j

f A A , (15) 

where fj is the frequency of spectrum at frequency bin j. 

3.2.4-3.2.5 Mean Frequency and Median Frequency 
Traditional median frequency (MDF) and traditional 
mean frequency (MNF) are calculated based on power 
spectrum. We can calculate using the sEMG power spec-
trum Pj instead of amplitude spectrum Aj. They can be 
expressed as 

MDF

1 MDF 1

1
2= = =

= =∑ ∑ ∑
M M

j j j
j j j

P P P , (16) 

1 1
MNF

= =

= ∑ ∑
M M

j j j
j j

f P P . (17) 

The outline of amplitude spectrum and power spec-
trum is similar but the amplitude value of amplitude 
spectrum is larger than amplitude value of power spec-
trum as shown in Fig. 4. Moreover, the variation of ampli-
tude spectrum is less than the power spectrum. For that 
reason, variation of MMNF and MMDF is also less than 
traditional MNF and MDF. 

3.3 Evaluation methods 
The percentage error (PE) is used to evaluate the quality 
of the robust of WGN of EMG features, as in  

100%clean noise

clean

feature feature
PE

feature
−

= × , (18) 

where featureclean denotes the feature vector of the original 
sEMG signal and featurenoise represents the feature vector 
of the noisy sEMG signal. WGN at different level is added 

 
Fig. 5. Original sEMG (gray line) signal and noisy sEMG signal at 5
dB SNR (black line) in six upper limb motions.  

 
 

 

 

 

 

 

Fig. 4. Power spectrum (×10-5) (top) and amplitude spectrum (×10-3) 
(bottom) of noisy sEMG signal at 20 dB SNR in hand close motion. 
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to the original sEMG signal. 
The performance of the methods is the best when PE is 

the smallest value. We calculated average PE for each 
motion with ten repeated datasets. Therefore, there are 80 
datasets with four motions and two channels for each 
feature and noise level was varied from 20 to 0 dB SNR 
for each dataset. Moreover, WGN was added 10 times in 
each noise level to confirm the results. SNR is calculated 
by 

= 10 log clean

noise

P
SNR

P
, 

(19) 

where Pclean is power of the original sEMG signal and Pnoise 
is power of WGN. 

The classification rate (CR) is used to evaluate the qual-
ity of the recognition system with the noisy environment 
of sEMG signal. The performance of the methods is the 

(a) (b) 

(c) (d) 

(e) (f) 
 
Fig. 6. Average PE of sEMG signals of (a) features in time domain based on signal amplitude, 3.1.1-3.1.9 (b) ZC with various threshold value 
(10-50 mV) (c) SSC with various threshold value (10-50 mV) (d) WAMP with various threshold value (10-50 mV) (e) HEMG with various 
segment parameters (3, 5, 7, 9, 11 segments) (f) AR coefficients with various orders (1-10) at various signal-to-noise ratios (20-0 dB) in four 
motions.  

32



JOURNAL OF COMPUTING, VOLUME 1, ISSUE 1, DECEMBER 2009, ISSN: 2151-9617 
HTTPS://SITES.GOOGLE.COM/SITE/JOURNALOFCOMPUTING/  

 

77

best when the CR values still have the same value with 
the noisy sEMG signals. Original sEMG signal and noisy 
sEMG signal were sent to hand movement recognition. In 
this study, we evaluated the performance of robust fea-
tures in pattern recognition view point with Myoelectric 
Control development (MEC) toolbox [17]. The window 
size is 256 ms and window slide is 64 ms for the real-time 
constraint that the response time should be less than 300 
ms. The feature vector of selected robust features was 
evaluated by linear discriminant anslysis classifier (LDA) 
and majority vote (MV) post-processing was performed 
in this study. In summary, the robust features should 
have the small value of PE and still have maximum classi-
fication accuracy. 

4 RESULTS AND DISCUSSION 

4.1 The Quality of the Robustness of EMG Features 
with WGN 
To test the robustness of sixteen traditional features and 
two novel features, we measured the PE with sEMG sig-
nal with additive WGN. The results of PE are plotted for 
SNRs from 20 dB to 0 dB, as shown in Fig. 6-7, in practice; 
we can select feature extraction to be suitable for each 
application depend on the level of interference of sEMG 

system. For the easy way to describe the results of a large 
number of features, we discussed and evaluated the fea-
tures that have the same pattern in recognition and eva-
luated some parameter of each feature in Fig. 6. As a re-
sult, only nine representatives are discussed as the results 
shown in Fig. 7. 

In Fig. 6 (a), the PE of time domain features computed 
using  sEMG  signal  amplitude  demonstrates that RMS 
results in powerful performance in robust noise tolerance 
than the other features. Hence,  RMS  feature  is  used  to 
represent  the  features  in  this group. Fig. 6  (b‐d) present 
the  evaluation  of  suitable value of threshold. Threshold 
value was chosen between 10 and 50 mV. The optimal 
threshold is 10 mV for ZC and WAMP but the suitable 
threshold of SSC is 30 mV. However, the minimum PE of 
SSC is higher than ZC and WAMP. ZC and WAMP with 
10 mV threshold value are selected for the representative 
features of this group. Afterward, the second bin of the 
third segment HEMG was adopted from the result in Fig. 
6 (e) and the first-order of AR is chosen because the PE of 
the other AR orders are much bigger than the first one as 
shown in Fig. 6 (f). 

Therefore, we evaluated the performance of robustness 
of nine representative features namely RMS, ZC and 
WAMP with 10 mV threshold, HEMG with 2nd bin, AR 
order 1, MNF, MDF, MMNF, and MMDF. Two types of 

(a) (b) 

(c) (d) 
 
Fig. 7. (a-b) Average PE of strong sEMG signals of nine selected features at various signal-to-noise ratios (20-0 dB SNRs) in four motions. 
(c-d) Average PE of weak sEMG signals of nine selected features at various signal-to-noise ratios (20-0 dB SNRs) in four motions.  
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sEMG signal, strong signals and weak signals, are used to 
evaluate the robust of nine features. The weak sEMG sig-
nal has the effect of interference more than the strong 
sEMG signal. In practice, we can select the robust features 
to be suitable for each application. Fig. 7 (a) and Fig. 7 (b) 
show the average PE of strong sEMG. For strong sEMG 
signals and low noise, SNR more than 10 dB, MMNF has 
the smallest average PE, followed closely by the MMDF, 
MNF, and MND.  For SNR less than 10 dB that showed 
high noise, the PE of MNF and MDF rapidly increased 
and SNR less than 3 dB that showed very high noise, 
WAMP has the average PE close to MMNF. The average 
error of MMNF in strong sEMG with very high noise, 0 
dB SNR, is only 6%. Moreover in wrist extension and 
hand open from extensor carpi radialis longus, it is only 
3.5%. HEMG and ZC have slightly larger error compared 
to the first group in Fig. 7 (b). The PE of RMS and AR1 are 
large that they were expected to perform poorly. 

The average PE of weak sEMG signals shown in Fig. 7 
(c-d) clearly demonstrate that MMNF is the best robust-
ness feature and closed by MMDF and HEMG, whereas 
the error of other features is more than 20%. In very high 
noise, 0 dB SNR, it provides average PE about 10% and 
the PE of wrist extension from flexor carpi radialis is only 
5%. Other feature results are similar to the results of 
strong sEMG signal but the results of PE of weak sEMG 
signal are larger than the PE of strong sEMG signal. The 
results above show that MMNF was the best feature 
comparing with others in four motions. In summary, 
MMDF and WAMP can be used with HEMG for multi-
feature. Hence, it is compared the classification results in 
noisy environment with other successful individual fea-
ture and multi-feature sets from the literatures [5, 14-15, 
20] in Section 4.2. 

4.2 The Quality of the Recognition System of EMG 
Features with the Noisy Environment 
Four individual features and three multi-feature sets are 
examined in this study. The classification results of seven 
representative features are reported in Table 1. Leave-
one-out validation was used to guarantee an exact per-
formance measure for this dataset. The first single robust 

feature is HEMG that suggested by Zardoshti-Kermani et 
al. [5] and is comfirmed with our result in Section 4.1. The 
second feature, WL is recommended by Oskoei and H. 
Hu [15] that it is the best single feature in their experi-
ment. Lastly, two individual features, WAMP and 
MMNF, are aprroved by our previous experiment [14] 
and the experimental results in this paper. The recogni-
tion results of single feature did not perform well but it is 
commonly used in EMG recognition system. The CR of 
WAMP in clean and low noisy environment is good but 
its CR is rapidly decreased in high noise. The CR of 
HEMG is still stability even if noise increases. In addition, 
no surprising that the CR of WL in noisy environment is 
poor that comfired by the result in Section 4.1 and the CR 
of MMNF is poor because of the limitation of their ability 
to discriminate between classes. However, in practice, we 
are usually combined this feature with other features to 
get the useful information features. Because of only one 
feature per channel of feature that provided from features 
in time domain and frequency domain, it is effective and 
small enough to combine with other features for a more 
powerful feature vector and avoiding additional signifi-
cant computational burden.  

TABLE 1 
CLASSIFICATION RATE (%) OF 7 EMG FEATURES  

USING LEAVE-ONE-OUT VALIDATION 

Method Level of SNR noise 
Clean 20 dB 15 dB 10 dB 

HEMG 60.7835 49.1590 41.7926 34.6817 

WL 79.3059 34.1707 14.4347 12.5186 

WAMP 86.6298 92.2504 47.0087 21.6095 

MMNF 41.1326 36.3636 32.6804 17.1386 
MAV,WL, 

ZC,SSC 95.6781 67.4260 22.5676 7.9838 

RMS,AR2 96.4871 89.8872 64.8712 25.2714 
HEMG,WA
MP,MMNF 93.0807 96.1891 64.0622 28.1243 

 

(a) 

(b) 
 
Fig. 8. Plot of the classification results as a function of time (Top) 
and plot of confusion matrix (Below) of our multi-feature set with (a) 
original sEMG signal. (b) noisy sEMG signal, 15 dB SNR.  
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Therefore, the multi-features are the excellent way to 
provide the powerful performance in recognition system. 
The combination of robust features namely, MMNF, 
WAMP, and HEMG is compared with two successful and 
popular multi-features that was used by Hudgins et al. 
[20], MAV, WL, ZC and SSC, and was recommended by 
Oskoei and H. Hu [15] , conists of RMS and AR2. From 
the experiment in Table 1, our robust multi-features 
group provides more excellent discriminatory power for a 
classifier than Hudgins’s and Oskoei’s multi-features 
group in noisy environment. Moreover, the observation 
from the classification results as a function of time and 
plot of confusion matrix of our multi-feature set with or-
ginal sEMG signal and noisy sEMG signal are shown in 
Fig. 8. 

5 CONCLUSION 
The objectives of this study were to present a novel fea-
ture that tolerate with white Gaussian noise. Sixteen tra-
ditional features and two novel features in time domain 
and frequency domain were tested. Results showed that a 
modified mean frequency (MMNF) is the best feature 
comparing with others in the quality of the robustness of 
EMG features with WGN point of view. MMNF has aver-
age error only 6% in strong sEMG signals and 10% in 
weak sEMG signal at SNR value of 0 dB and MMNF has 
average error only 0.4% in both strong and weak sEMG 
signals at SNR value of 20 dB. In addition, MMNF and 
other robust features (WAMP and HEMG) are used as an 
input to the EMG pattern recognition. The experiment 
shows that these features are the excellent candidates for 
a multi-source feature vector. From the above experiment 
results, it is shown that MMNF can be used as feature in 
augmenting the other features for a more powerful robust 
feature vector. Future work is recommended to combine 
the new multi-feature sets with MMNF to be tested in 
other classifer types. 
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 4.3 ทรัพยากรและเวลาในการค านวณ 
 ในแง่มุมของเวลาในการค านวณ ทางคณะผูว้ิจยัได ้ท าการทดลองหาค่าเวลาในการค านวณของวิธีการวดั
ลกัษณะเด่นของสัญญาณแต่ละวิธี โดยการเขียนโปรแกรมดว้ยโปรแกรม MATLAB และท าการใชง้านฟังก์ชั้น 
Tic และ Toc เพื่อจบัเวลาท่ีได้จากการค านวณ โดยก าหนดให้ค  านวณสัญญาณไฟฟ้ากล้ามเน้ือจากหน่ึง
ช่องสัญญาณ มีขนาดของจ านวนขอ้มูล 256 จุดขอ้มูล (เวลาในการค านวณไม่ควรเกิน 300 มิลลิวินาที ในกรณี
ตอ้งการให้ท างานแบบทนัเวลาในอุปกรณ์ท่ีใช้การควบคุมดว้ยสัญญาณไฟฟ้ากล้ามเน้ือ [6]) ทั้งน้ีเวลาในการ
ประมวลผลข้ึนกับการใช้งานของเคร่ืองคอมพิวเตอร์ด้วย จึงก าหนดให้ไม่มีการใช้งานของโปรแกรมอ่ืนใด
นอกจากโปรแกรม MATLAB และค่าท่ีไดม้ากจากการเฉล่ียของการหาเวลาการค านวณ 100 คร้ัง โดยรายละเอียด
ของเคร่ืองท่ีน ามาใชใ้นการทดลอง คือ เคร่ืองคอมพิวเตอร์ตั้งโต๊ะ ระบบปฎิบติัการวินโดว ์7 หน่วยประมวลผล 
(CPU) Intel Core i5 750 2.67GHz หน่วยความจ าชัว่คราว (RAM) ขนาดความจุ 4 GB โดยผลของเวลาแสดงไดด้งั
ตารางท่ี 1 
 

ตารางที ่1 เวลาในการค านวณของวธีิการวดัลกัษณะเด่นของสัญญาณ 16 วธีิ 
 

วธีิการวดัลกัษณะเด่นของสัญญาณ เวลาในการค านวณ (วนิาท)ี 

1.Integrated EMG (IEMG)  8.1061 x 10-5 

2.Mean Absolute Value (MAV) 8.2789 x 10-5 

3.Modified Mean Absolute Value 1 (MAV1) 8.3020 x 10-5 

4.Modified Mean Absolute Value 2 (MAV2) 8.4786 x 10-5 

5.Mean Absolute Value Slope (MAVS) 10.0950 x 10-5 

6.Simple Square Integral (SSI) 8.1829 x 10-5 

7.Variance (VAR) 8.2405 x 10-5 

8.Root Mean Square (RMS) 9.1045 x 10-5 

9.Waveform length (WL) 8.2213 x 10-5 

10.Zero crossing (ZC) 9.8495 x 10-5 

11.Slope Sign Change (SSC) 9.3196 x 10-5 

12.Willison amplitude (WAMP) 9.3157 x 10-5 

13.Auto-regressive (AR) coefficients 57.4190 x 10-5 

14.Median Frequency (MDF) 45.1960 x 10-5 

15.Mean Frequency (MNF) 20.7430 x 10-5 
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16.Histogram of EMG (HIST) 31.6030 x 10-5 
 

 พบวา่วิธีการวดัลกัษณะเด่นของสัญญาณ แบบ Integrated EMG ใชเ้วลาในการค านวณน้อยท่ีสุด แต่ถึง
อยา่งไรก็ตามเวลาในการค านวณของวิธีการวดัลกัษณะเด่นของสัญญาณในแกนเวลาวิธีอ่ืนๆ ก็ใชเ้วลาไม่ต่างกนั
มา กนกัโดยต่างกนัในระดบั 10-5 วินาที ซ่ึงถือว่าน้อยมาก ต่างจากวิธีการวดัลกัษณะเด่นของสัญญาณบนแกน
ความถ่ี ซ่ึงใชเ้วลาในการค านวณสูงกวา่วธีิการวดัลกัษณะเด่นของสัญญาณบนแกนเวลาเป็น 10 เท่า แต่ถึงอยา่งไร
ก็ตามวิธีการวดัลกัษณะเด่นของสัญญาณบนแกนเวลา ซ่ึงสามารถค านวณได้ทนัเวลานั้นจะไม่สามารถเขา้ถึง
คุณลกัษณะ Non-stationary ของสัญญาณได ้แต่วิธีการวดัลกัษณะเด่นของสัญญาณแบบทั้งแกนเวลาและความถ่ี 
จะสามารถเขา้ถึง Non-stationary ของสัญญาณได ้แต่ก็พบวา่จะใชเ้วลาในการค านวณสูงกวา่หลายร้อยเท่า [7] 
ดังนั้ นทางคณะผูว้ิจ ัยจึงได้เลือกท าการศึกษาวิธีการวดัลักษณะเด่นของสัญญาณชนิดใหม่เพิ่มเติม คือ วิธี 
Detrended Fluctuation Analysis (DFA) ซ่ึงเป็นวิธีท่ีสามารถเขา้ถึงความเป็น Non-stationary ของสัญญาณได ้
เหมือนกบัวิธีการวดัลกัษณะเด่นของสัญญาณบนแกนเวลาและความถ่ี แต่ใช้เวลาในการค านวณ และความ
ซบัซ้อนท่ีนอ้ยกว่าวิธีบนแกนเวลาและความถ่ีมาก และใชเ้วลาในการค านวณสูงกวา่วิธีบนแกนเวลา และวิธีบน
แกนความถ่ีเพียงเล็กนอ้ย นอกจากน้ีวิธี DFA ยงัคงให้ความแม่นย  าในการระบุท่าทาง และความสามารถในการ
ทนต่อสัญญาณรบกวนท่ีดีดว้ย 
 บทความท่ี 5 เร่ือง Detrended Fluctuation Analysis of Electromyography Signal to Identify Hand 
Movement 
 บทความท่ี 6 เร่ือง Effect of Trends on Detrended Fluctuation Analysis for Surface Electromyography 
(EMG) Signal 
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ABSTRACT 

 
Recent advances in nonlinear analysis techniques are 
essential to understand the complexity of surface 
Electromyography (sEMG) signal. This research 
examines the use of Detrended Fluctuation Analysis 
(DFA), a novel parameter, to study the properties of 
sEMG signal and to use these properties to identify the 
hand movements. The experimental results of mean and 
standard deviation show that the scaling exponents of 
DFA in various hand motions have the significant 
difference values and small experimental variation.  
Cluster-to-cluster distance and scatter plot between 
scaling exponents of hand movements were demonstrated 
that DFA is suitable for sEMG feature extraction to 
characterize the sEMG signal. The application of this 
parameter is use to feature extraction for multifunction 
myoelectric control. 
 

1. INTRODUCTION 

Surface Electromyography (sEMG) signal is one of 
physiological signal that is very complex, nonlinear, non-
stationary, and non-periodic [1]. This is due to the fact 
that the use of sEMG signal is very easy, fast and 
convenient, it is currently becoming increasingly a 
powerful indication to get important information and to 
diagnose about the muscular and nervous systems. Use of 
sEMG signal for the measurement of force from hand 
motions is a powerful indication to apply in rehabilitation 
system and the control of prosthetic devices. Lots of 
methods are used to model and analyze sEMG signal that 
call feature extraction [2]. Time domain feature is first 
group that is used to describe the characteristics of the 
sEMG signal. Two well-known time domain features are 
mean absolute value (MAV) and root mean square 
(RMS). MAV and RMS are widely used for 
multifunction myoelectric control. However, time domain 
features were successful to some limit because these 
methods assume that sEMG signal is stationary, while the 
sEMG signal is non-stationary. Thus changing the 
researcher’s trend toward the use of information 
contained in frequency domain. Mean frequency and 
median frequency are two characteristic variables in 
power spectral density that a major role in frequency 

domain. Later, time-frequency features such as short time 
Fourier transform, wavelet transform, and wavelet packet 
transform, were used. Furthermore, all of these features 
that introduce above are calculated based on linear or 
statistical analysis.  

Recent advances in nonlinear analysis techniques are 
essential to understand the complexity of biomedical 
signal [3-4]. They are very useful methods in a range of 
muscular applications. Nonlinear analysis techniques may 
be estimated by using entropy, correlation, and fractal 
dimension. Some methods have been reported for 
characterization of sEMG signal such as correlation time, 
Lempel-Ziv complexity, sample entropy, approximate 
entropy, Lyapunov exponent, and fractal dimension [5-7]. 
Detrended fluctuation analysis (DFA) is invented by Peng 
et al. [8]; it has been established as an important tool for 
detecting long-range correlations in noisy signal. DFA is 
a method for the determination of fractal scaling 
exponent and very useful for analyzing non-stationary 
time series. The DFA method has been successfully 
applied to various fields such as DNA sequences, cardiac 
dynamics, human gait, longtime weather records, 
economics time series, and especially complex medical 
signals such as EEG (Electroencephalogram) and ECG 
(Electrocardiogram) signals [3-4, 9]. However, DFA has 
never been used in the analysis of sEMG signal. 
Therefore, DFA maybe is a useful tool to characterize the 
self-similarity of sEMG signal. This paper presents the 
use of DFA to study the nonlinear properties of sEMG 
signal and to use these properties to identify hand 
movements. As a result, this parameter can be used to 
feature extraction for multifunction myoelectric control. 

2. EXPERIMENTS AND DATA ACQUISITION 

In this section, we describe our experimental procedure 
for recording sEMG signal. The sEMG signals were 
recorded from flexor carpi radialis (channel 1) and 
extensor carpi radialis longus (channel 2) of a healthy 
male by two pairs of surface electrodes (3M red dot 2.5 
cm. foam solid gel). Each electrode was separated from 
the other by 20 mm.  The frequency range of EMG is 
within 0-500 Hz, but the dominant energy is concentrated 
in the range of 10–150 Hz. A band-pass filter of 10-500 
Hz bandwidth and an amplifier with 60 dB gain were 
used. Sampling rate was set at 1000 samples per second 
using a 16 bit A/D converter board (IN BNC-2110, 
National Instruments Corporation). 
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Figure 1. Estimated six hand motions. 

A volunteer performed six upper limb motions 
including hand open (ho), hand close (hc), wrist 
extension (we), wrist flexion (wf), forearm pronation (fp), 
and forearm supination (fs) as shown in Fig. 1. Ten 
datasets were collected for each motion. The sample size 
of the sEMG signals in this research is 256 ms for the 
real-time constraint of robot arm control or prosthetic 
device that the response time should be less than 300 ms. 

3. METHODOLOGY 

Detrended Fluctuation Analysis (DFA) is a modified root 
mean square analysis of a random walk to analyze 
physiological signal. We used the scaling exponent from 
DFA algorithm to indentify the sEMG signal from hand 
movement. The scaling exponent of DFA is related with 
Hurst exponent and fractal dimension. We can convert 
this exponent to fractal parameters. However, they have 
the linear relationship. In this study, we considered only 
the scaling exponent of DFA. 

3.1. Detrended Fluctuation Analysis 

To exemplify the DFA algorithm, we use the sEMG time 
series as shown in Fig. 2(a) that be denoted by {x(t)}, 
where t is discrete time ranging from 1 to N (N = 256). 
The procedure of DFA follows six steps described below. 
1) The sEMG time series is first integrated. This 

integration process converts sEMG signals into a 
random walk. The integrated series is 

 

          ( ) ( ){ } ( )
1

, 1, ..., ,
k

t

y k x t x t k N
=

⎡ ⎤= −    =     ⎣ ⎦∑        (1) 

 

where ( )x t  represents the average value of x(t). y(k) 

is called cumulative sum or profile. The example is 
shown in Fig. 2(b). 

2) The integrated series are divided into L equal 
windows or box sizes as shown in Fig. 2(b). In each 
window has n time points, where n = integer (N/L).  

 

(a) 

 
(b) 

Figure 2. Example of calculate the DFA algorithm of 
sEMG signal. (a) sEMG time series (b) Integrated series, 
vertical dotted lines represent window sizes, and solid 
straight lines represent least-square line. 

In this study, we have two experiments or options about 
window sizes or box sizes. 

1. From the experiments of [10], the maximum 
window should be one-tenth of the signal length 
(N). The window sizes are ranged between 3 and 
25 points in this study. 

2. In practices [11], the minimum length is around 
10, and the maximum is a half length of the 
signal length (N), giving two adjacent intervals. 
The window sizes are ranged between 8 and 128 
points in this study. 

 
Table 1. Options of window sizes. 

Option Window sizes 

1 

1    Start: 2 Increment: 2 End: 24 
2    Start: 4 Increment: 4 End: 24 
3    Start: 6 Increment: 6 End: 24 
4    Start: 8 Increment: 8 End: 24 

2 

1    2 ^ k ,  k = 3, …, 7 
2    2 ^ k ,  k = 4, …, 7 
3    Start: 8 Increment: 8 End: 128 
4    Start: 16 Increment: 16 End: 128 

 
Wrist Flexion 

 
Hand Open 

 
Pronation  

 
Wrist Extension  

 
Hand Close 

 
Supination
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3) Within each window of length n, a least-square is fit 
to the integrated series ({y(k)}) as shown in Fig. 2(b). 
The coefficient of y coordinate is denoted by yn(k). 
The least-square line is shown the semi-local trend in 
that window. 

4) The RMS fluctuation of integrated series and 
detrended time series is calculated by   

 

                 ( ) ( ) ( ) 2

1

1 N

n
k

F n y k y k
N =

⎡ ⎤= −⎣ ⎦∑ .           (2) 

 

The results are F(n) at the window size n and 
window size n.  

5) The computation is repeated over all window sizes, 
as define in 2nd step. As a result, the linear 
relationship between F(n) and n is plotted in log-log 
graph. 

6) The slope of the line between log F(n) and log n can 
be characterized the fluctuation as shown in Fig. 3. 
This slope is called scaling exponentα . In this 
study, we used a natural logarithm. 

The scaling exponent can be explaining the behavior 
of time series as: 

1) 0 1 2α< <  indicates anti-correlated.  
2) 1 2α ≅  indicates uncorrelated or white noise. 
3) 1 2 1α< <  indicates correlated. 
4) 1α ≅  indicates 1/f-noise or pink noise. 
5) 1 3 2α< <  indicates non-stationary or random walk.  
6) 3 2α ≅ indicates Brownian noise. 

3.2. Evaluation 

For multifunction myoelectric control, the selection of 
feature extraction is a significant stage to achieve optimal 
performance in classification. In [2] the quality of EMG 
feature extraction is evaluated by three properties: class 
separability, robustness, and complexity. In this study, we 
demonstrate a novel feature, DFA, to identify the hand 
movement in class separability point view. A high quality 
of class separability is the maximum class separability or 
misclassification rate, and small variation in subject 
experiment. For the class separability, we calculated the 
mean value of scaling exponent of DFA, ten trials, in 
each motions and channels. We can observe the different 
values between six motions and two channels for feature 
space. The standard deviation of mean (SDM) value is 
the one way to demonstrate the class separability. When 
the SDM value is large, it means the maximum class 
separability. In addition, the scatter plot graph is plotted 
to observe the pattern of different motions. In this study, 
we plotted scatter between two features, DFA’s scaling 
exponent and RMS (Root mean square), popular feature. 

The other way to indicate class separability is cluster-
to-cluster distance. It is distance between mean features 
of different motions. The performance of classification is 

 
(a) 

 
(b) 

Figure 3. Plot of log F(n) and log n for sEMG time 
series from (a) supination motion and flexor carpi 
radialis. (b) extension motion and extensor carpi radialis 
longus. The plots are from a subject with 10 repeated. 

the best when the distance is large. The cluster-to-cluster 
distance (dij) can be calculated by 
 

                             ij i jd mean mean= − ,                     (3) 
 

where meani (meani) is the average of DFA’s scaling 
exponent of motion i (j); i and j is one of six hand 
movements and one of two channels. 

The second condition, the variation in subject 
experiment is measured by the standard deviation (SD). 
In each trial of the same movement, the value of DFA’s 
scaling exponent should have the same value; it means 
that the variation should be small. The SD of each 
motions and channels are presented and the mean of all 
SD (MSD) is shown. The other indication is the 
observation of the range of the top and bottom of box in 
box plot graph. 

4. RESULTS AND DISCUSSION 

The scaling exponents of DFA are calculated from the 
slope of the line between log F(n) and log n. The example 
of the double log plots are shown in Fig. 3. In Fig. 3(a), 
the double log plot of window size option 2.1 of 
supination motion and channel 1 is the maximum DFA’s 
scaling exponent. The minimum DFA’s scaling exponent 
is shown in Fig. 3(b) by the double log plot of window 
size option 2.1 of extension motion and channel 2. From - 
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(a) 

 
(b) 

Figure 4. (a) Bar plot (b) Box plot of Scaling exponent 
of DFA (option 1.4) for different motions from channel 1 
and 2.  
 
the plot, we can see that the pattern of the lines is 
different for different motions and different channels. 

The mean and SD of DFA’s scaling exponents in six 
motions and two channels are presented in Fig. 4(a) and 
Fig. 5(a) by bar graph and in Fig. 4(b) and Fig. 5(b) by 
box plot graph. The results that show in Fig. 4 and Fig. 5 
are the example results of option 1 and 2, respectively. 
The best result in this study is meant the balance between 
the maximum class separability and small experimental 
variation. The observation of Fig. 4(a) and 5(a) is the 
different between the DFA’s scaling exponent of same 
motion but different channels and the DFA’s scaling 
exponent of same channel but different motions. 
Furthermore, the Fig. 4(b) and Fig. 5(b) are confirmed the 
different between the DFA’s scaling exponent of various 
motions and various channels. The interesting result of 
DFA’s scaling exponents of option 1 is the range of DFA 
value. When we used window sizes option 1.1, the values 
of DFA are ranging between 8.5574 and 9.2871 that 
mean the wrong value of DFA’s scaling exponent. 
However, when the window sizes are setup to option 1.2, 
1.3, and 1.4, the range of DFA value will be correct, it 
ranges between 0.2301 and 1.3909. The option 1.4 has 
the much bigger range of DFA value, 1.1608, than option 
1.2 and 1.3. In the option 2, the range of DFA’s scaling 
exponent is ranged between 1.5363 and 0.0758, the range 
of option 2.4. The range of option 2 is much bigger than 
the range of option 1. In this study, the range values of - 

 
(a) 

 
(b) 

Figure 5. (a) Bar plot (b) Box plot of Scaling exponent 
of DFA (option 2.1) for different motions from channel 1 
and 2.  

 
scaling exponent of DFA varied more than the fractal 
dimension of [12] that varies between 1.95 and 2. 

We are confirmed the quality of the class separability 
by SD of mean DFA’s scaling exponent (SDM) in six 
motions and two channels and cluster-to-cluster distance 
(dij) that are shown in Fig. 6-7 (a) and Fig. 6-7 (b), 
respectively. The SDM of option 1 increases when the 
window sizes increase and the option 1.4 has the biggest 
value of SDM. Moreover, the results of window sizes 
option 2 are the same trend with option 1. When window 
sizes increase, the SDM increases. However, some 
interesting observation is the increasing interval window 
sizes with the same size interval are better than the 
increasing interval window sizes with the power of 2. 

The cluster-to-cluster distances (dij) of all window 
sizes options are shown in Fig. 6(b) and 7(b). We can 
observe that dij of all window sizes options of channel 1 
is less than dij of channel 2 except the case of option 1.4. 
All of these results can confirmed the significant different 
for different motions and channel. The values of dij of 
DFA’s scaling exponent in each option in this study are 
much bigger than the dij of fractal dimension in [13], in 
case of the calculation by raw sEMG signals. 

In the second condition, the variation in subject 
experiment direct-change with the maximum class 
separability. It means that the maximum class separability 
increases, the variation increases. This is the limitation 
that should be considered in the practice and applications. 

The 2nd Biomedical Engineering International Conference (BMEiCON 2009) 327
42



 
(a) 

 
(b) 

Figure 6. (a) Bar plot of SD of mean and mean of SD of 
window sizes (option 1.1 – 1.4) from different motions. 
(b) Bar plot of average of cluster-to-cluster distance of 
window sizes (option 1.1 – 1.4) from different motions. 
 
The variation of window sizes option 1 is bigger than the 
window sizes option 2 that can be observed from Fig. 6-7 
(a). The minimum SD is the window sizes option 2.1, 
0.0688 and the maximum SD is the window sizes option 
1.4, 0.1356. The other indication is the observation of the 
range of the top and bottom of box in box plot graph, Fig. 
4-5(b). From the observation, it is confirmed that the 
option 2 is much less than the option 1. 

The scatter plots between DFA and RMS are shown 
in Fig. 8. From the Fig. 8(a), the data points in each 
motion are clear separation. It will be easily grouped 
when used for pattern recognition. From the Fig. 8(b), it 
is observed that pattern for different motions are very 
varied. In practice, it is hard to classify these patterns for 
maximum rate. From this point, DFA should be 
combining with other features for a more powerful 
feature vector. 

From the experimental results, we can summary into 
three points: 

1) It is observed that the scaling exponent of DFA of 
sEMG may be considered as a feature vector for the 
classification of hand movements. It has the maximum 
class separability and less variation of subject 
experimental as compared to existing fractal analysis 
methods [12-13]. Furthermore, the values of scaling 
exponent are not depended on the amplitude of sEMG 
signals same as other features in time domain group such  

 
(a) 

 
(b) 

Figure 7. (a) Bar plot of SD of mean and mean of SD of 
window sizes (option 2.1 – 2.4) from different motions. 
(b) Bar plot of average of cluster-to-cluster distance of 
window sizes (option 2.1 – 2.4) from different motions. 
 
as RMS or MAV (Mean absolute value). In addition, the 
pattern of DFA’s scaling exponents of various hand 
motions are very different to the patterns of RMS or 
MAV values that calculated from various hand motions.  

2) The optimal window size of DFA algorithm for 
sEMG signal is the option 2.4 because it is balance 
between the maximum class separability and less 
experimental variation. 

3) From the values of DFA’s scaling exponent of six 
motions, it is observed that the behavior of wrist 
extension, wrist flexion, hand close, and hand open are 
anti-correlated time series. It means that a high amplitude 
data point is followed by a low amplitude data point, and 
vice versa. The behavior of DFA’s scaling exponent of 
wrist extension and channel 2 is very high anti-correlated 
but behavior of DFA’s scaling exponent of wrist 
extension and channel 1 is very low anti-correlated (close 
to white noise). In addition, the behavior of DFA’s 
scaling exponent of forearm pronation and forearm 
supination are non-stationary. However, the behavior of 
DFA’s scaling exponent of forearm pronation and 
channel 1 is associated with pink noise. 

5. CONCLUSIONS 

Detrended fluctuation analysis (DFA), a novel non-linear 
analysis, is used to study the properties of sEMG signal. 
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From the experiments, it is shown that DFA’s scaling 
exponent is the efficient method to make it useful 
parameter in practical sEMG controlled prostheses. In the 
future work, the DFA should be tested the performance of 
class separability with many volunteers that will be 
answer the variation of this method in inter-subjects. 
Moreover, the classification of DFA with others feature 
should be considered for multifunction myoelectric 
control system. 
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Figure 8. Scatter plot of different motions between (a) 
scaling exponent of DFA (option 2.1) and RMS from 
channel 1. (b) scaling exponent of DFA (option 1.4) and 
RMS from channel 1. 
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Abstract 
Detrended Fluctuation Analysis (DFA), a novel 
nonlinear analysis, is a useful tool to study and 
understand the properties and complexity of surface 
Electromyography (sEMG) signal. Many noises that 
contaminate sEMG signals in real applications display 
trends that become difficult to analyze sEMG signal. 
The different types of trend fitting of DFA algorithm 
are used to eliminate these problems. In this study, the 
performance of DFA algorithm for sEMG-based 
control is presented. Moreover, the six types of trend, 
namely linear, quadratic, cubic, fourth order, fifth 
order, and sixth order polynomial functions are 
evaluated. The experimental results show that the 
scaling exponents of linear trend in various hand 
movements have the significant different values and 
small experimental variation. Hence, linear trend is a 
suitable trend fitting for sEMG signal. However, the 
interesting result is when we considered the scaling 
exponent of each pair of EMG hand movements; the 
appropriate trend is changed.  Therefore, the selection 
of optimal trend fitting will improve the effectiveness 
in analysis of sEMG signals and become the useful 
tool to extract feature in sEMG-based control. 
Moreover, the DFA relate to the fractal analysis. The 
better performance of DFA algorithm over the other 
fractal parameters in sEMG-based control is shown. 
Keywords:  Electromyography (EMG), Detrended 
Fluctuation Analysis (DFA), Feature extraction, 
Noise, Man-machine interfaces 

 
1. Introduction 
 Surface Electromyography (sEMG) signal is one 
of electrophysiological signal that is measured the 
muscle activity and gives a useful information for 
study of many clinical and biomedical engineering 
applications. Use of sEMG signal as a distinguishing 
tool to identify neuromuscular diseases and disorders 
of motor control is the currently increasing the 
importance and also used as an effective control 
signal for the prosthetic devices. The significant step 
to achieve the control performance is the extraction of 
feature from the sEMG signal [1]. Because of lots of 
information from the raw sEMG signal, the optimal 
feature will provide the better performance in sEMG-

based control. Normally, feature extraction in sEMG 
analysis can be divided into three groups [1]. The first 
feature group is based on time domain and linear 
technique. Two popular features in this group are 
Mean Absolute Value (MAV) and Root Mean Square 
(RMS). These features are vastly used in both of 
diagnostic tool and assistive device control. Even so 
time domain feature were limited success because 
these methods presume that the sEMG signal is 
stationary, while sEMG signal is non-stationary. The 
second feature group attended to use the frequency 
information. Mean Frequency (MNF) and Median 
Frequency (MDF) are two major characteristic 
variables in frequency domain. There are useful in 
fatigue analysis but performance in control signal 
viewpoint is very poor. Subsequently, time-frequency 
features such as Wavelet Transform (WT) and 
Wavelet Packet Transform (WPT) were used as the 
third feature group. The good ability in class 
separability viewpoint of this feature group is 
presented in many literatures. Nevertheless, the 
drawbacks of their complexity and computational 
time are main limitation of feature in this group. 
Moreover, all of these features that introduce above 
are calculated based on linear or statistical analysis 
but the properties of sEMG signal are very complex, 
non-linear, non-stationary, and non-periodic [2]. 
 Non-linear analysis technique is necessary to 
comprehend the complexness of sEMG signal [2]. 
Detrended Fluctuation Analysis (DFA) is one of non-
linear analysis method that is an effective method in a 
range of biological, forecasting, and medical 
applications. Peng et al. [3] invented DFA as an 
important tool for detection of long-range correlations 
in time series of noisy signal. The fractal scaling 
exponent is determined by DFA and it is very helpful 
parameter for non-stationary time series analysis. 
From the literatures, the success of DFA algorithm in 
many fields such as DNA sequences, human gait, 
cardiac dynamics, economics time series, and 
longtime weather records are reported. In addition, 
fractal analysis of complex medical signals such as 
Electroencephalogram (EEG) and Electrocardiogram 
(ECG) signal are well performed [4]. However, the 
usefulness of DFA in EMG analysis has been started 
in our previous work [7]. In [7], DFA is a beneficial 
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tool to characterize the self-similarity of sEMG signal 
and extract the novel feature that has the different 
pattern from popular feature such as RMS or MAV. 
Besides the effect of window size parameter of DFA 
is evaluated. In this paper, the usefulness of DFA 
algorithm to study the nonlinear properties of sEMG 
signal is still discovered. In addition, the effects of 
trend in fitting procedures are evaluated to eliminate 
different orders of noisy trend in sEMG signals. The 
variety of the sEMG signals recorded from six hand 
movements and two muscle positions are used as 
representative sEMG signals. 
 This paper is organized as follows. In Section 2, 
the experiments and data acquisition are introduced in 
detail. The proposed algorithm, DFA, is defined in 
Section 3 with the evaluation methods. In Section 4, 
the comparative analysis of DFA’s trend is reported 
and discussed. Finally, the concluding remarks are 
drawn. 
 
2. Experiments and Data Acquisition 
 Two channels of sEMG signals were recorded 
by two pairs of bipolar Ag/AgCl electrodes (3M red 
dot solid gel). One pair was placed over the flexor 
carpi radialis (Ch1) and the other was placed over the 
extensor carpi radialis longus (Ch2), as shown in Fig. 
1. The top side of the wrist is used as the reference 
electrode position. All disc electrodes were put on the 
skin surface of the right forearm of volunteer. Each 
bipolar pair of electrodes was spaced from a center to 
center by 20 mm. In addition, to avoiding the cross 
interference between two channels, 5 mm diameter 
electrodes were used. Differential amplifiers were set 
with 60 dB gain and band-pass filters of 10-500 Hz 
bandwidth were used to remove the high random 
frequency noises and movement artifacts at low 
frequency. Sampling frequency was set at 1000 Hz 
using a 16 bit analog-to-digital converter board (NI, 
DAQCard-6024E).  
 A healthy volunteer was asked to perform six 
different types of movement: wrist flexion (WF), 
wrist extension (WE), hand close (HC), hand open 
(HO), forearm pronation (FP), and forearm supination 
(FS), as shown in Fig. 2. The size of sEMG samples 
were recorded for 256 ms with the aim of real-time 
signals processing (the maximal allowable delay for 

prosthetic control should be less than 300 ms [9]). A 
volunteer was instructed to repeat each hand 
movement category ten times. Hence, there were 120 
datasets of two channels of sEMG signals in total. 
 
3. Methodology 
 DFA is an alterable RMS of a random walk to 
study electrophysiological signal. We used the fractal 
scaling exponent from DFA algorithm to distinguish 
the sEMG signal with hand movements. The scaling 
exponent of DFA is one of the fractal parameters. It 
relates to Hurst exponent and fractal dimension. The 
conversion between DFA’s scaling exponent and 
other fractal parameters is easy with linear equation. 
Hence we considered only DFA’s scaling exponent 
which can be widely used in non-linear analysis. 
3.1 Detrended fluctuation analysis 
 To illustrate the procedure of DFA algorithm, 
we use the sEMG time series as shown in Fig. 3(a) 
that be signified by {x(t)}, where t is the discrete time 
in the range [1, N] where N is the sample length of 
time series. The scheme of DFA follows six steps 
described below. 
 1. The sEMG time series is first integrated. This 
integration process is used to convert sEMG signals 
into a random walk. The integrated series or profile is 

( ) ( ){ } ( )
1

, 1, ..., ,
k

t

y k x t x t k N
=

⎡ ⎤= −    =     
⎣ ⎦∑  (1) 

where ( )x t  represents the average value of x(t). y(k) 
is called cumulative sum or profile. The example 
results are shown in Fig. 3(b-c) in dotted lines. 
 2. The profiles are divided into L equal window 
sizes as shown in Fig. 3(b-c) in dashed lines. In each 
window has an n time points, where n is defined as 
int(N/L). Instead of focusing on the selection of 
window sizes, we have already presented in our 
previous work that the optimal window size are in the 
range [16, 128] with 16 time intervals [7]. 
 3. Inside each window of length n, a least-square 
is fit to the profile ({y(k)}) as shown in Fig. 3(b-c) in 
solid lines. The coefficient of y coordinate is referred 

 

Figure 1.  Two muscle position on the forearm [5-6].
 

 

Figure 2.  Six different types of hand movement  
(a) wrist flexion (b) wrist extension (c) hand close 
(d) hand open (e) forearm pronation (f) forearm 

supination [8]. 
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by yn(k). The least-square fits are shown the semi-
local trend in that window. In this study, the various 
orders of polynomial function are evaluated the effect 
of detrending. Six types of fitting procedure are linear 
(DFA-1), quadratic (DFA-2), cubic (DFA-3), forth 
order (DFA-4), fifth order (DFA-5), and sixth order 
(DFA-6) polynomial functions. 
 4. The RMS fluctuation of the profiles and 
detrended time series are calculated by 

( ) ( ) ( ) 2

1

1 .
N

n
k

F n y k y k
N =

⎡ ⎤= −⎣ ⎦∑  (2) 

 5. The computation is repeated over all window 
sizes, as define in the second step. As a result, the 
linear relationship between F(n) and n is plotted in 
log-log graph. 
 6. The slope of the line between log F(n) and log 
n can be characterized the fluctuation as shown in Fig. 
3(d). This slope is called scaling exponentα and it is 
used as a feature parameter in this study. The natural 
logarithm is applied in this work.  
 Mainly the regular DFA uses linear polynomial 
to fit and detrend the sEMG profiles. The linear fitting 
can eliminate only constant trend in the noisy sEMG 
signal. However, due to the varieties of noise are not 
only in constant form or trend, the different orders of 
trend fitting of DFA algorithm are used to resolve a 
problem. We will explain in described case, linear 

fitting (n = 1). The linear fittings are applied to the 
profile as shown in Fig. 3(b), so we call DFA-1. Due 
to the profiles (dotted lines) in Fig. 3(b), DFA-1 can 
eliminate the constant trend in original (x(t)) signal. 
Therefore, the DFA of order n can remove trend of 
order n-1. If the noisy signal is contaminated with the 
linear trend, it means the quadratic fitting or DFA-2 is 
needed. In this study, we vary the order of trend 
fitting of DFA algorithm from 1 to 6, because DFA-6 
polynomial fits shows more similarity with sEMG 
signal. 
3.2 Evaluation method 
 For sEMG-based control, the selection of feature 
is an important stage to succeed optimal performance 
in classification. In [1], the evaluation of the quality 
of EMG feature is measured by three criterions: class 
separability, robustness, and complexity. In this study, 
we demonstrate a novel feature extraction, DFA’s 
scaling exponent, to recognize the hand movement in 
class separability point of view. Moreover, the effect 
of trend in DFA feature does not only enhance the 
class separability property also enhance the usefulness 
of the DFA feature with noisy environment. The 
robustness criterion is discussed with the effect of 
DFA’s order and behavior of time series. The better 
quality in sEMG-based control is performed when the 
representative feature can reach the high recognition 
rate and get the small variation in subject experiment. 
For the class separability viewpoint, the statistical 

  

  

Figure 3.  Example of calculate the DFA of sEMG signal (a) sEMG time series (b-c) Detrended profiles 
(dotted lines), window sizes (dashed lines), and least squares fits (solid lines) (b) DFA1 (c) DFA6  

(d) plot of log F(n) and log n for sEMG time series with 10 repetition. 
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indication can be used same as the measuring of 
recognition rate using classifier. The first method has 
advantage that the evaluation of features is not 
dependent on the statistic types as in the second 
method that is dependent on the classifier types. 
Cluster-to-cluster distance (dij) is a statistic indication 
that is used to illustrate the difference between two 
scatter groups [11]. It calculates the distance between 
mean features of different movements as defined by  

,ij i jd mean mean= −  (3) 

where meani (meanj) is the average of DFA’s scaling 
exponent of movement i (j); i and j is one of six hand 
movements and one of two channels.  
 In this study, the averaging of dij of the possible 
combination between two movements from the total 
six hand movements and two channels is performed to 
confirm the results. The performance of recognition is 
best when the averaged distance (dij) is large. The 
other condition that should be considered is the 
variation in subject experiment. Normally, standard 
deviation (σ) is the measured index of the variation. In 
practice, each trial of the same movement, the value 
of DFA’s scaling exponent should be the same value. 
It means that the variation should be small, in other 
words, the σ should be as small as possible. The σ of 
each movements and channels are averaged to 
confirm the results.  

4. Results and Discussion 
4.1 Class separability criterion 
 The value of DFA’s scaling exponents in six 
movements and two channels of the various fitting 
orders are presented. The results show the usefulness 
of DFA features same as the results in [7]. The effect 
of six trend types are evaluated and discussed in this 
study. The best result is meant that the balance 
between the maximum class separability (dij) and the 
small experimental variation (σ). From the 
observation of dij of six trend types as shown in Fig. 
4(a), DFA-1 has the maximum value of dij that means 
it obtained the maximum class separability. In 
addition, we observed that the performance of class 
separability is reduced when the order of DFA 
increases. Note that the dij as shown in Fig. 4(a) is 
calculated with the sEMG signals in six movements 
and two channels.  
 However, if we considered the dij of each pair of 
EMG hand movements, we found that the suitable 
order is changed. For example, the dij between HO 
and HC movements obtains the highest value when 
the trend fitting is DFA-6 and the dij between WE and 
WF movements obtains the highest value when the 
trend fitting is DFA-1. Therefore, in practice, the 
selection of optimal trend fitting with the selected 
sEMG signal will improve the effectiveness in the 
analyzing of sEMG analysis and become the useful 

  

  

Figure 4.  (a) Bar plot of dij of various types of DFAn (b) Bar plot of σ of various types of DFAn (c) Bar plot 
of dij of FS and FP movements (d) Bar plot of σ of FS and FP movements (Raw and Filter in (c) and (d) is 

meant fractal parameters calculated based on raw and filtered sEMG signals, respectively in [11]). 
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tool to extract feature in sEMG-based control. 
 From the theory, the DFA algorithm relates to 
the fractal analysis. The other fractal parameters used 
in the previous literatures [10-11] are compared with 
the fractal scaling exponent from the DFA algorithm. 
In [10], the values of fractal parameter are only 
ranging between 1.950 and 2.000 for four movements 
and four muscles but the DFA’s scaling exponent 
with DFA-1 in this study are varied from 0.075 to 
1.536. So the interval of our DFA value is bigger than 
the interval of fractal parameter reported in [10]. It is 
guaranteed the discriminate ability. Furthermore, the 
values of dij of DFA’s scaling exponent in each trend 
in this study are much bigger than the dij of fractal 
dimension in [11], in case of the calculation by raw 
sEMG signals as the results shown in Fig. 4(c). 
 In the second condition, the variation in subject 
experiment is discussed. Normally, the maximum 
class separability directly changes with the variation 
in subject experiment. It means that the maximum 
class separability increases, the variation increases. 
This is the limitation that should be considered in the 
practice and real-world applications. However, the 
effect of the variation of DFA is not normality. The 
variation of DFA-1 is smaller than other trends that 
can be observed from Fig. 4(b). It guarantees that the 
optimal order of fitting procedure for DFA algorithm 
in analysis of EMG signal is the DFA-1 or linear 
polynomial function. The maximal σ is obtained when 
the fitting procedure is DFA-4 and DFA-5. 
 The interesting results are shown in Fig. 4 (c-d). 
The figures show the comparison of dij and σ between 
the six trends in this study and in [11]. The results of 
literature calculate the fractal parameter of FS and FP. 
We compare only two movements (FS and FP) of our 

results with results in [11] that used the same muscle 
position. In the dij results, DFA-4 has the maximum 
value, followed closely by DFA-6 and DFA-5. On the 
other hand, the dij of fractal-based on raw sEMG data 
in [11] is very small. It is expected to perform poor 
class separability. Moreover, the σ of fractal-based on 
both raw and filtered sEMG data in [11] are bigger 
than each trend in this study. Therefore, estimation of 
fractal parameter with DFA algorithm is better than 
the estimation of fractal parameter with Higuchi’s 
fractal dimension and correlation dimension that used 
in [10] and [11], respectively. 
 For the class separability point of view, we can 
summarize into two points: 
 1. It is observed that the fractal scaling exponent 
of DFA method may be considered as a feature vector 
for the classification of EMG hand movements. It has 
the maximum class separability and less variation of 
subject experiment as compared to the existing fractal 
methods to estimate fractal parameters [10-11]. In 
addition, the values of fractal scaling exponent are not 
dependent on the amplitude of sEMG signals like as 
other features in time domain group such as MAV or 
RMS. Furthermore, the patterns of fractal scaling 
exponents of many kinds of hand movements are very 
different to the patterns of RMS or MAV features that 
calculated from various hand movements. 
 2. The optimal trend of fitting procedure for 
DFA algorithm with sEMG signal is DFA-1 or linear 
polynomial function because it obtains the better 
results in both of maximum class separability 
viewpoint and less experimental variation viewpoint. 
 
4.2 Robustness criterion 
 The scaling exponent α  is an indicator of the 

 
Figure 5. Bar plot of DFA’s scaling exponent for FP-FS movements from two channels with six different orders.
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nature of the fluctuations in the sEMG signal that can 
be explicating the behavior of sEMG time series. If 
0 0.5α< < , the correlation in the time series are 
antipersistent, while if 0.5 1α< < , the correlation in 
the time series are persistent. Furthermore, when
1 1.5α< < , the behavior of the time series is non-
stationary or random walk. The fractal-like signal (1/f 
noise) or pink noise results in 1α ≅ , the uncorrelated 
or white noise results in 0.5α ≅ , and the Brownian 
noise in 1.5α ≅ .  
 For the robustness point of view, we can use the 
advantage of higher order (4th, 5th, and 6th) that has 
better class separability (high dij) than the lower order. 
The behavior of the sEMG signal in various hand 
movements can describe this advantage point. It is 
observed that the behavior of WE, WF, HC, and HO 
are anti-correlated time series. It means that a high 
amplitude data point is followed by a low amplitude 
data point, and vice versa. However, the behavior of 
FP and FS are non-stationary or random walk in most 
trends (DFA’s scaling exponent values are more than 
one). The amplitudes of these movements are very 
small. Although, MAV or RMS features (popular 
features in sEMG-based control) in FP and FS are 
calculated features based on amplitude. Therefore, the 
value of MAV and RMS is close to zero. If the sEMG 
signal is contaminated, it becomes difficult to analyze. 
However, the higher order of the DFA generate the 
crucial difference between two channels of FP and FS 
as shown in Fig. 5 that normally has the same values 
in the most of EMG features. In other way, we can 
observe the dij value of FP and FS movements as 
shown in Fig. 4(c). This advantage point is strongly 
recommended to extract features in movements that 
have the small amplitude. 
 
5. Conclusion 
 A novel non-linear and fractal method analysis, 
Detrended fluctuation analysis (DFA) is used to study 
the non-stationary characteristics of sEMG signal. 
From the results, the fractal scaling exponent that 
estimated with DFA is the powerful method to make 
it useful parameter in practical sEMG-based control 
such as prosthetic or robot arm. The selection of 
detrended with specific sEMG signal will be improve 
the effective in processing. Extraction of DFA feature 
on higher order trends is recommended to use with the 
sEMG signals with small amplitude property. In the 
future work, the DFA feature should be tested the 
performance of movement separability with many 
volunteers that will be answering the variation of this 
method in inter-subjects. Moreover, the classification 
of DFA based on the small order for high amplitude 
movements and high order for low amplitude 
movements should be considered for sEMG-based 
control. 
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5. สรุปผลการวจิัย 

 ในการประเมินหาวธีิการวดัลกัษณะเด่นของสัญญาณท่ีดีท่ีสุดนั้น ไดแ้บ่งการประเมินออกเป็น 3 ประเด็น 
คือ 1. ความแม่นย  าในการระบุท่าทางการเคล่ือนไหว 2. ความสามารถในการทนต่อสัญญาณรบกวน 3. เวลาและ
ความซบัซ้อนในการค านวณ ซ่ึงในทั้ง 3 ประเด็นนั้น จะมีการหาวิธีการวดัลกัษณะเด่นของสัญญาณ ทั้งจากการ
ประเมินวธีิการวดัลกัษณะเด่นของสัญญาณท่ีมีการใชง้านอยูใ่นปัจจุบนั ดว้ยวิธีทางสถิติ และวิธีใชต้วัจ  าแนก การ
ปรับปรุงวธีิการวดัลกัษณะเด่นของสัญญาณท่ีมีอยูเ่ดิม ให้มีคุณสมบติับางประการท่ีดีข้ึน รวมถึงการหาวิธีการวดั
ลกัษณะเด่นของสัญญาณชนิดใหม่ท่ีดีมาประยุกต์ใช้งาน อย่างไรก็ตามจากขอ้จ ากดัท่ีวา่ ไม่มีวิธีการวดัลกัษณะ
เด่นของสัญญาณชนิดใดท่ีจะไดผ้ลดีท่ีสุดในทั้ง 3 ประเด็นนั้น ในขั้นของการทดลอง และสรุปผลวิธีการวดั
ลกัษณะเด่นของสัญญาณท่ีดีท่ีสุด จึงแยกวิเคราะห์ในแต่ละประเด็น โดยในการน าไปประยุกตใ์ชง้านจริง มีความ
จ าเป็นตอ้งเลือกใชเ้หมาะสมกบังานต่อไป ส าหรับวิธีการวดัลกัษณะเด่นของสัญญาณท่ีน ามาประเมินในงานวิจยั
มีดว้ยกนั 16 วิธี มีการปรับปรุงวิธีการวดัลกัษณะเด่นของสัญญาณ 2 วิธี และน าเสนอวิธีการวดัลกัษณะเด่นของ
สัญญาณชนิดใหม่ 1 วธีิ ซ่ึงสามารถสรุปผลการวจิยัแบ่งตามบทความไดด้งัน้ี 
 บทความที่ 1 และ 2 พบวา่การรวมกลุ่มวิธีการวดัลกัษณะเด่นของสัญญาณ 3 ชนิด ประกอบดว้ย วิธี Root 
Mean Square วิธี Waveform Length และวิธี Auto Regressive อนัดบัท่ี 4 ให้ผลค่าความแม่นย  าในการจ าแนก
ท่าทาง ขณะไม่มีสัญญาณรบกวนสูงถึง 98-99% โดยการประเมินด้วยตวัจ าแนกชนิด Linear Discriminant 
Analysis นอกจากน้ีในบทความทั้งสองยงัไดท้  าการพฒันาวิธีการในการเตรียมขอ้มูลก่อนการหาลกัษณะเด่นของ
สัญญาณดว้ยวิธี Wavelet Transform พร้อมการลดสัญญาณรบกวน ซ่ึงท าให้ระบบยงัคงค่าความแม่นย  าในการ
จ าแนกสูงกวา่ไม่มีการลดสัญญาณรบกวนเม่ือมีสัญญาณรบกวนเขา้มาในระบบไดต้ั้งแต่ 6.5 จนถึง 78.5% ข้ึนกบั
ระดบัของสัญญาณรบกวนในระบบ 
 บทความที่ 3 เม่ือท าการประเมินด้วยวิธีทางสถิติ เพื่อเป็นการยืนยนัผลของการประเมินด้วยตวัจ าแนก 
พบวา่วธีิการวดัลกัษณะเด่นของสัญญาณแบบ Waveform Length ใหผ้ลดีท่ีสุด โดยการใชว้ิธีการวดัทางสถิติแบบ
อตัราส่วนระหวา่งค่าของ Euclidean distance และ Standard deviation นอกจากน้ีวิธีการอ่ืนๆ ท่ีให้ผลรองลงมา 
ไดแ้ก่ วธีิ Root Mean Square และวธีิ Willison Amplitude  
 ดงันั้นจากบทความทั้ง 3 ขา้งตน้ จะพบไดว้า่ ในแง่มุมของความแม่นย  าในการระบุท่าทาง สามารถสรุปได้
ว่าวิธีการวดัลกัษณะเด่นของสัญญาณแบบ Waveform Length ให้ผลดีท่ีสุด แต่ถึงอย่างไรก็ตามในการน าไป
ประยกุตใ์ชง้านจริงมีความจ าเป็นตอ้งรวมกลุ่มของวธีิการวดัลกัษณะเด่นของสัญญาณ ตวัอยา่งของกลุ่มท่ีน าเสนอ
ในบทความท่ี 1 และ 2 ก็ถือเป็นกลุ่มวธีิการวดัลกัษณะเด่นของสัญญาณท่ีใหผ้ลดี แนะน าใหน้ าไปใชง้านไดต่้ออีก
กลุ่มหน่ึง 
 บทความที่ 4 มีการปรับปรุงวิธีการวดัลกัษณะเด่นของสัญญาณเชิงความถ่ี 2 วิธี คือ วิธี Modified Mean 
Frequency และวิธี Modified Median Frequency ซ่ึงพบว่าสามารถเพิ่มประสิทธิภาพในการทนต่อสัญญาณ
รบกวนไดดี้ข้ึน โดยวิธีการของ Modified Mean Frequency ท่ีถูกปรับปรุงให้ผลดีกว่าวิธีการของ Modified 
Median Frequency และยงัให้ผลดีกวา่วิธีการวดัลกัษณะเด่นของสัญญาณชนิดเดิม ส าหรับวิธีการวดัลกัษณะเด่น
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ของสัญญาณชนิดเดิมท่ีให้ผลในการทนต่อสัญญาณรบกวนรองลงมาไดแ้ก่ วิธี Willison Amplitude และวิธี 
Histogram of EMG 
 บทความที่ 5 และ 6 ได้มีการหาวิธีการคดัเลือกลักษณะเด่นของสัญญาณชนิดใหม่ คือ วิธี Detrended 
Fluctuation Analysis ซ่ึงเป็นวิธีท่ีสามารถเข้าถึงความเป็น Non-stationary ของสัญญาณไฟฟ้ากลา้มเน้ือได ้
เหมือนกับวิธีการวดัลักษณะเด่นของสัญญาณบนแกนเวลาและความถ่ี แต่ใช้เวลาในการค านวณและความ
ซบัซอ้นท่ีนอ้ยกวา่ โดยในการวจิยัพบวา่วธีิดงักล่าวยงัคงใหค้วามแม่นย  าในการระบุท่าทาง และความสามารถใน
การทนต่อสัญญาณรบกวนท่ีดีดว้ย 
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