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ABSTRACT

Signal processing in biomedical engineering is essentially required for classification while serving mainly 
two aims. The first is noise removal and the second is signal representation. Signal representation deals 
with transforming the signal in such a way that the signal is most informative in that particular domain 
for the application at hand. This chapter will describe signal processing methods like spectrogram with 
specific applications to locomotion and transition classification using Electromyography (EMG) data. 
A wavelet analysis application on foot acceleration signals for automatic identification of toe off in 
locomotion and the ramp transition is also shown. Finally, the performance of EMG and accelerometer 
performance across different time windows of a gait cycle in locomotion and transition classification is 
presented with an emphasis on fusing the data from both sensors for better classification.

INTRODUCTION

A signal is a single-valued representation, real or complex, of information as a function of an indepen-
dent variable recorded from some sensing device. Physically, it is a form of energy being produced by 
a process. Various types of signals exist and the method of signal processing needed to process a signal 
heavily depends on the type of the signal. Broadly, there are four types of signals:
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1.  Deterministic,
2.  Stochastic,
3.  Chaotic, and
4.  Fractal.

Deterministic signals can be represented mathematically using certain parameters and hence predic-
tion of deterministic signal in future, based on past values, is possible. Stochastic signals are random 
in nature with no closed loop mathematical expression and hence are not predictable in future. Fractal 
signals have interesting property of scale-invariance i.e. at any level of magnification the signal looks 
similar in structure. Chaotic signals lie somewhere between deterministic and stochastic signals. They 
deemed to be deterministic in a very sensitive sense and hence are not predictable in future with reason-
able accuracy. Biomedical signals are generally stochastic in nature and need signal processing methods 
for various applications. Biomedical signal processing in various applications serves mainly two aims. 
The first is noise removal and the second is signal representation. The main source of noise in biomedi-
cal signals is noise in electronic instrumentation. Other sources consist of electromagnetic interference 
and skin motion or physiological artifacts. For example, while recording electromyogram (EMG) nearby 
the chest one can observe the artifacts of electrocardiogram (ECG) in the EMG profile. There have been 
many provisions in hardware and experimental protocols to remove such noise and artifacts, however 
complete removal is not possible without using signal processing tools. Signal representation deals with 
transforming the signal in such a way that the signal is most informative in that particular domain for the 
application at hand. One such application is classification of locomotion and transitions in assistive devices 
where noise removal and signal representation are critical for successful, rapid and safe classification.

Locomotion classification is crucial in lower limb prosthesis control. Powered lower limb prosthesis 
provides sufficient torque and stability to the amputee so that they can negotiate in different terrains 
with reduced energy consumption. The key component for powered prosthesis to be facilitated with such 
features is accurate locomotion classification. Based on the classified locomotion, the artificial limb 
changes the damping profile to provide with net required torque output. For seamless transition in a 
powered prosthesis it is critical to classify the upcoming locomotion ahead of time (ideally before toe off 
of the transitional gait cycle) to ensure safe transition. Hence the selection of required data is critical and 
depends on the application at hand. For example, if someone is interested in analyzing the offline data 
of a cerebral palsy patient then the full gait cycle (heel strike to heel strike) may be available. However, 
for the application of real time actuation in prosthesis and orthosis control, the data available is limited. 
Hence, within this framework of classification the selection of sensors is critical. EMG represents the 
muscular activity and has been used widely for various applications like prosthetic control, gait analysis, 
disease diagnosis, and neuro-muscular coordination (Gea Drost et.al. 2006; Anjana Goen and D. C. Tiwari 
2013). With the advancement in technology, miniaturized inertial sensors like accelerometers have shown 
promise in locomotion classification and other clinical gait analysis applications. Ambulatory monitor-
ing of daily activities is the other area where accelerometer is of great importance as a sensing device.

EMG is the summation of electrical activity, action potential, of all the motor units recorded by the 
electrode. EMG signals are recorded by placing electrodes in, on, or near a muscle and amplifying the 
electric potential between two electrodes, that results from the generation and propagation of action 
potentials along muscle fibers. These muscle fibers are innervated by motor neurons from the spinal 
cord. The electrodes used are generally made of silver/silver chloride (Ag/AgCl) with some application 
of conductive gel at the skin-electrode interface. The electrodes serve as a transducer which converts 
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