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Abstract
Cutaneous afferent activities recorded by a nerve cuff electrode have been used
to detect the stance phase in a functional electrical stimulation system for foot
drop correction. However, the implantation procedure was difficult, as the cuff
electrode had to be located on the distal branches of a multi-fascicular nerve
to exclude muscle afferent and efferent activities. This paper proposes a new
gait phase detection scheme that can be applied to a proximal nerve root that
includes cutaneous afferent fibers as well as muscle afferent and efferent fibers.
To test the feasibility of this scheme, electroneurogram (ENG) signals were
measured from the rat sciatic nerve during treadmill walking at several speeds,
and the signal properties of the sciatic nerve were analyzed for a comparison
with kinematic data from the ankle joint. On the basis of these experiments, a
wavelet packet transform was tested to define a feature vector from the sciatic
ENG signals according to the gait phases. We also propose a Gaussian mixture
model (GMM) classifier and investigate whether it could be used successfully
to discriminate feature vectors into the stance and swing phases. In spite of no
significant differences in the rectified bin-integrated values between the stance
and swing phases, the sciatic ENG signals could be reliably classified using the
proposed wavelet packet transform and GMM classification methods.
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1. Introduction

Foot drop, characterized by the inability or difficulty to dorsiflex the foot, is a common symptom
in patients with stroke and incomplete spinal cord injury (Kottink et al 2008). Since Liberson’s
early work (Liberson et al 1961), it has been demonstrated that functional electrical stimulation
(FES) systems can improve the gait of hemiplegic patients by stimulating the peroneal nerve
in synchrony with the swing phase to dorsiflex the foot. Most existing FES-based foot drop
correction systems generally consist of a gait sensor, gait phase detector, stimulation pattern
generator and electrical stimulator (Lyons et al 2002). In terms of feedback control, such a gait
sensor and gait phase detector should provide accurate and robust feedback signals to ensure
the correct timing of the applied stimulation within the gait cycle.

As one means of accomplishing this, artificial sensors such as force sensitive resistors
(Kostov et al 1995, Skelly and Chizeck 2001), tilt sensors (Dai et al 1996), goniometers
(Kirkwood et al 1989, Ng and Chizeck 1997), gyroscopes (Pappas et al 2001, 2004), and
accelerometers (Williamson and Andrews 2000, Willemsen et al 1990) have been used to
distinguish between stance and swing phases during walking. In addition, a variety of gait
phase detection algorithms have been proposed using machine learning techniques such as
fuzzy logic (Ng and Chizeck 1997, Skelly and Chizeck 2001), adaptive logic networks (Kostov
et al 1995), inductive learning (Kirkwood et al 1989, Williamson and Andrews 2000), finite
state machine (Dai et al 1996, Pappas et al 2001, 2004), and syntactic analysis (Willemsen et al
1990). These artificial sensors and their detection algorithms provide reliable performance
for different walking conditions, but they present problems, such as the need for frequent
calibration, subject encumbrance, and cosmetic unacceptability, due to sensor dimensions and
appearance (Micera et al 2001).

As an alternative to using artificial sensors, cutaneous afferent activities generated by
exteroceptive sensors in the skin have been investigated to sense gait properties related to
the foot-to-floor contact (Sinkjaer et al 1994, Haugland and Sinkjaer 1995, Upshaw and
Sinkjaer 1998, Strange and Hoffer 1999, Hansen et al 2002, 2003, 2004). These studies
have used cuff electrodes implanted on peripheral nerves for long-term chronic recording of
electroneurogram (ENG) signals. As examples, the calcaneal or sural nerves in the affected
legs of patients (Upshaw and Sinkjaer 1998, Hansen et al 2002) and the distal median or
distal radial nerves in the forelimbs of cats (Strange and Hoffer 1999) have been selected as
the placement locations of recording cuff electrodes. Such gait sensing strategies, however,
must exclude afferent activities generated by proprioceptive sensors in the muscles and joints,
implying that the cuff electrodes should be located on the distal branches of a multi-fascicular
nerve in order to record only cutaneous afferent activities. Furthermore, it was assumed that
the content of muscle efferent activities was negligible. With regard to the feasibility of
implantation, it is desirable that the recording site of cuff electrodes be closer to the proximal
root of a multi-fascicular nerve than distal branches, even though muscle and joint afferent
fibers as well as muscle efferent fibers are present in that section of the nerve.

When only cutaneous afferent activities were recorded as a gait sensing signal, the rectified
bin-integrated (RBI) ENG signal was used to discriminate the gait phase in many studies
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(Strange and Hoffer 1999, Kostov et al 1999, Hansen et al 2004). This was based on the
fact that the cutaneous afferent activities give a clearly detectable response upon foot contact
and a silent period when the foot is in the air during the swing phase of the gait cycle. As
examples, a simple comparison method sought to find the RBI value that was higher than a
predetermined threshold (Strange and Hoffer 1999), and a function approximation method
was used to map the RBI value to a targeted signal corresponding to the gait phase (Kostov
et al 1999, Hansen et al 2004). Such gait phase detection algorithms, however, are not valid
when the recorded ENG signal includes cutaneous afferent activities as well as muscle afferent
and efferent activities. In previous studies of neural recordings in a chronic cat walking on a
treadmill (Popovic et al 1993, Nikolic et al 1994), it was shown that when the ENG signal is
recorded from the proximal nerve root, such as the superficial peroneal nerve, double bursts of
activity are observed with each gait cycle; one corresponding to the time when the paw hits the
ground and another when the paw is lifted off the ground. The initial burst during the stance
phase is due to cutaneous afferent activities from the paw contacting the ground, whereas the
second burst during the swing phase is caused by muscle afferent and efferent activities from
the contraction of the tibialis anterior muscle. This situation makes it difficult to discriminate
the stance and swing phases by using the RBI value of the superficial peroneal nerve. To
compensate for this pattern of neural activity, instead of RBI-based detection algorithms, a
feature extraction method is necessary to provide a feature vector composed of separable and
repeatable features from the ENG signal. Additionally, a robust and computationally efficient
pattern classification method is required to discriminate the gait phase and to control the
stimulation timing.

To address these considerations, the current study presents a novel FES scheme for foot
drop correction, where the stance and swing phases are detected from the measured sciatic
ENG signals. From rat gait analyses with sciatic nerve recordings, high-level activities were
observed during the early swing phase and their RBI values were not significantly different
from those of the stance phase. To overcome the similarity in the activity levels between
the stance and swing phases, a feature vector was extracted by a wavelet packet transform
and classified by a Gaussian mixture model (GMM) classifier with an iterative local search
algorithm. As a result, the proposed method achieved a significant improvement in the level
of detection accuracy when compared to conventional methods.

2. Materials and methods

Figure 1 shows a conceptual block diagram of the entire FES system for feedback control
of foot movement by neural recordings and electrical stimulations of the nerves. The sciatic
nerve originates from the spinal nerves, runs through the buttock and down just above the knee
before it bifurcates into the peroneal and tibial nerves. The peroneal nerve mainly innervates
the dorsi-flexor muscles, and it contains cutaneous afferent fibers from the dorsal side of the
foot as well as muscle afferent fibers. The tibial nerve mainly innervates the plantar-flexor
muscles, and it contains cutaneous afferent fibers from the plantar side of the foot as well
as muscle afferent fibers. For our proposed FES system, a recording cuff electrode will be
placed around the length of the sciatic nerve as a sensor to measure the gait properties. The
detected ENG signals including not only cutaneous afferent activities but also muscle afferent
and efferent activities will be amplified and then delivered to a gait phase detector, where a
GMM-based ENG pattern classifier will be presented as a solution to achieve higher detection
accuracy. Finally, stimulation pulses will be generated in sync with the detected gait phase,
and an electrical stimulator will activate the dorsiflexor and plantarflexor muscles through the
stimulation cuff electrodes placed on the peroneal and tibial nerves.
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Figure 2. Block diagram of the proposed Gaussian mixture model-based ENG pattern classifier.

The goal of the current study was to propose a new gait phase detection algorithm from
sciatic nerve recordings in FES systems for foot drop correction. Figure 2 shows a block
diagram of the proposed GMM-based ENG pattern classifier to detect the gait phase. In the
learning procedure, feature vectors were extracted and projected from segmented ENG signals
and were used for learning a GMM classifier to determine the parameters and model orders.
Thereafter, in the evaluation procedure, ENG signals from a cuff electrode were passed into
a segmentation block. Feature vectors were then extracted and projected from segmented
window data and delivered as input to a classifier composed of a set of GMMs. Finally, the
maximum posterior output was selected as the detected phase. In the following sections, a
detailed description of each block is presented.
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2.1. Data acquisition

Animal experiments were performed to record ENG signals from the sciatic nerve during
treadmill walking. Five adult male Sprague–Dawley rats weighing 500–600 g were used for
the experiments. The rats were kept and handled in accordance with the regulations of the
Institutional Animal Care and Use Committee of Korea Institute of Science and Technology
(KIST). A nerve cuff electrode system was proposed to improve the signal-to-interference
ratio and signal-to-noise ratio. A revised quasi-tripolar cuff electrode with a 10 mm length and
1 mm inner diameter was wrapped around the sciatic nerve (Chu et al 2012). An implantable
amplifier module was then located in a subcutaneous pocket on the back of the rats and the
transcutaneous head connector was mounted on the skull. An external amplifier module with
a gain of 39601 and −3 dB bandwidth from 425 to 5500 Hz was connected during ENG
recording. The ENG signal as the final output of the external amplifier was then digitized
using an analogue-to-digital converter board (PCI-6034E, National Instruments) with a 16-bit
resolution and a sampling frequency of 24 kHz.

Two-dimensional motion analysis was performed to measure the ankle angle. The motion
analyzer consisted of a digital camera, 4 mm diameter reflective markers, and an image
grabber board with a 640 × 480 pixel resolution. The digital camera (Marline F033B, AVT)
was positioned perpendicular to the treadmill and recorded the images at a 60 Hz sampling
rate. The ankle angle data were then obtained from marker points attached onto the skin over
three anatomic landmarks on the lateral side of the hindlimb: the knee joint, lateral malleolus,
and fifth metatarsal head (Filipe et al 2006).

Figure 3 shows a typical example of recorded ENG signals and ankle angle data from a
rat animal model during treadmill walking. The gait cycle was split into two parts: the stance
and swing phases. The stance phase was defined as the part of the gait cycle from the initial
contact to the toe-off, and the swing phase was defined as the part of the gait cycle from the
toe-off to the next initial contact. During one gait cycle, two peak extensions of the ankle joint
were observed at the transition between the stance and swing phases, i.e., the initial contact
and toe-off. Therefore, these two peak extensions were used to separate the stance and swing
phase, and defined the desired output of the gait phase detector, as shown in the bottom plot.
The desired output was used to prepare the ENG signals in the learning procedure and to test
the detection performance in the evaluation procedure.

In the experiments, the sciatic ENG signals and ankle angle data were collected from five
normal rats walking on a treadmill at three different speeds of 40, 30, and 20 cm s–1. The rats
walked for ten sessions at each speed and each session continued for 60 s. The first and last
5 s of each session were eliminated from the dataset.

2.2. Stimulation scheme with blanking processes

In FES applications, electrical stimulation is applied to the peripheral nerves or agonist and
antagonist muscles (Upshaw and Sinkjaer 1998, Strange and Hoffer 1999, Micera et al 2001,
Hansen et al 2002). As a result of this stimulation, considerable interference of the stimulus
artifacts and evoked electromyogram signals appeared in the recordings of the ENG signals.
To eliminate this interference, a blanking process synchronized to the stimulation was applied.

Figure 4 schematically shows a stimulation scheme with a blanking process. It was
assumed that the stimulation repetition frequency was set to be 60 Hz, and the duration of bi-
phasic current pulse was chosen to be 0.5 ms. The amplitude of the pulse was then modulated
according to the detected phase, as shown in the top plot. For the peroneal nerve, the amplitude
was ramped up from a threshold to a maximum level at the toe-off, held constant, and then
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Figure 3. Typical example of recorded ENG signals and ankle angle data.

ramped down to the threshold level at the initial contact. For the tibial nerve, the amplitude
was ramped up at the initial contact, held constant, and then ramped down at the toe-off.
Meanwhile, as shown in the second plot, a synchronized blanking pulse with each stimulus
switched the ENG signal to ground for a duration of 4.16 ms. The third plot shows the ENG
signal with the interference resulting from stimulation. The bottom plot shows the ENG signal
when the blanking pulse was used to eliminate the interference. As a result, this stimulation
scheme allows periods of interference-free recording to be obtained between the blanking
processes.

2.3. Segmentation

Figure 5 shows the proposed data window scheme for segmentation. The top and bottom
plots, respectively, show the ankle angle data sampled at 60 Hz and the desired phase defined
from these ankle angle data, as explained in section 2.1. The second plot shows the result of
blanking the ENG signal for each stimulus, as described in section 2.2. To extract a feature
vector from this blanked ENG signal, data windows were defined as the 12.5 ms period
(300 samples) between the blanking processes, as shown in the second plot. The feature
extraction was then applied to each of these windows. The window increment was set
to be 16.66 ms according to the stimulation repetition frequency of 60 Hz. For real-time
implementation, all gait phase detection processes must be completed within the window
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Figure 4. Stimulation scheme with blanking processes.

increment, and therefore the processing period was constrained to 8.33 ms with regard to the
available processing capability. The third plot shows the detected phases, where decisions were
made every 16.66 ms; this decision interval was the same as the window increment. When
the toe-off event occurred between the stance and swing phases, the decision #i+1 could not
detect the swing phase because the ENG pattern recognition was performed using the data
window #i+1 belonging to the stance phase. After 16.66 ms, the data window #i+2 belonged
to the swing phase and the corresponding decision #i+2 could detect the swing phase. As a
result, the processing time delay due to the proposed data window scheme could be limited
within 25 ms. It is noted that this processing time delay does not contain the time delay due to
the misclassification of the proposed ENG pattern recognition method. The overall time delay
including the effects of detection accuracy will be discussed in subsection 2.8.6.

Throughout the experiments, all ENG signals were recorded without stimulation. The
proposed data window scheme was designed assuming that the stimulation scheme will be
applied to FES systems in a future study.
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2.4. Feature extraction

Cutaneous afferent activities are generated by exteroceptors, and mostly propagate along the
Aβ, Aγ , and C fibers, each with different conduction velocities. Meanwhile, muscle afferent
and efferent activities arise from proprioceptors and motor neurons, respectively, and mostly
propagate along the Aα and Aβ fibers, which also have different conduction velocities. These
neurophysiological properties cause the different types of neural activities to have different
temporal patterns within a time window (Bear et al 2006, Borisoff et al 2006). When the
ENG signals were recorded from the sciatic nerve, the cutaneous afferent activities were
mostly observed during the stance phase, while the muscle afferent and efferent activities were
commonly measured during the stance and swing phases. Accordingly, it was expected that
separable and repeatable features corresponding to different types of neural activities could be
found by representing the temporal patterns of the ENG signals according to the gait phases.
To explore this possibility, non-stationary signal analysis techniques were investigated with
regard to the improvement in the level of detection accuracy in the gait phase.
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For a segmented data set Z = {z1, . . . , zN} ⊂ �L, L = 300, three types of feature vectors
were defined:

(1) A combination of time and frequency domain (TFD) features
(2) Wavelet transform (WT) features
(3) Wavelet packet transform (WPT) features.

The TFD feature vectors consisted of fourth-order autoregressive coefficients, number of zero
crossings, waveform length, number of slope sign changes, root mean square value, mean
absolute value, and fast Fourier transform coefficients (Englehart and Hudgins 2003). As for
the WT feature vectors, the absolute values of the WT coefficients were extracted as features.
Discrete wavelet decomposition was implemented using the Mallat algorithm (Mallat 1989).
As for the WPT feature vectors, the absolute values of the WPT coefficients were extracted
as features. The best basis was determined using the local discriminant basis algorithm (Saito
and Coifman 1995). The symmetric relative entropy was chosen as a discriminant measure,
and the time-frequency energy map for each class was defined as the input parameters for
the symmetric relative entropy (Chu et al 2007). The discrete wavelet decomposition was
implemented in the same manner used for the WT feature vectors. As for both the WT and
WPT feature vectors, the depth of the decomposition level was specified as five, and Symlet7
wavelet and scaling functions were used. These parameters were selected on the basis of
previous work demonstrating improved wavelet denoising and spike sorting performances
with the use of these settings (Diedrich et al 2003, Citi et al 2008).

2.5. Feature projection

Such feature extraction methods yielded high-dimensional vectors, for examples, the TFD
feature vector with dimensionality of 266, the WT feature vector with dimensionality of
300, and the WPT feature vector with dimensionality of 300. Generally, high dimensionality
of a feature vector increases the learning parameters of a classifier and results in a loss
of classification accuracy. The current study used principal component analysis (PCA) for
dimensionality reduction. A PCA is a linear orthogonal transform in which the coordinates
of the projected features are uncorrelated and where the maximum variance of the original
features is preserved by a small number of coordinates (Duda et al 2001). To determine the
dimensionality of the projected feature vectors, the linear dimensionality was examined for
the feature vectors extracted from ENG signals. If the obtained linear dimensionality was
D, this meant that the ratio of the sum of the D largest eigenvalues to the sum of the total
eigenvalues of the covariance matrix was more than 0.97. The examination result for the linear
dimensionality was D = 3 for all three feature extraction methods. Thus, the feature vectors
were projected onto the three-dimensional subspace through the PCA. First, a covariance
matrix was constructed from the features, and a projection matrix was formed, where the
columns consisted of 3 eigenvectors with the 3 largest eigenvalues from the covariance matrix.
The feature vector was then projected onto the three-dimensional subspace by computing the
product of the projection matrix.

2.6. Gaussian mixture model classification

GMMs have the ability to represent smooth approximations for general probability density
functions based on the weighted sum of a finite number of Gaussian densities. The use of
GMMs for ENG classification was motivated by the intuitive notion that a finite number
of Gaussian densities may model a set of different types of neural activities. As noted in
section 2.4, the ENG signals can be characterized by different types of neural activities, such as
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cutaneous afferent activities and muscle afferent and efferent activities. These activities provide
gait phase-dependent temporal patterns that can be extracted as separable and repeatable
features according to the gait phases.

A GMM-based ENG pattern classifier was proposed to discriminate the feature vectors
into stance and swing phases. For a given projected feature vector set X = {x1, . . . , xN} ⊂ �D,
D = 3, the probability density function of a K-component GMM was defined by

p(x|θ ) =
K∑

k=1

p(k)p(x|θk), (1)

where p(k) is the mixing probability and satisfies p(k) � 0 and
∑K

k=1 p(k) = 1. Each θk

contains the mean vector and covariance matrix {μk, �k}, and the complete set of parameters
is θ = {p(k), θk}K

k=1. Moreover, p(x|θk) denotes the Gaussian densities:

p(x|θk) = (2π)−
D
2 |�k|− 1

2 exp
[− 1

2 (x − μk)
T �−1

k (x − μk)
]
. (2)

Each set of feature vectors associated with stance and swing phases was represented by a
GMM, referred to as ym = p(x|m), with m = 1, 2. For a given GMM set Y = {y1, y2} ⊂ �M ,
M = 2, the parameter θ = {p(k), θk}K

k=1 and model order K for each GMM p(x|m) were
determined using the proposed learning algorithm. Finally, for a given feature vector, the
maximum posterior was selected as the recognized phase by using the Bayes formula

p(m|x) = p(x|m)p(m)

p(x)
, (3)

where p(m) is the prior probability for class m.

2.7. Gaussian mixture model learning

A global search method, referred to as a conjugate-prior-penalized learning algorithm, was
proposed for the learning of GMMs (Chu and Lee 2009). This learning method provided
stable parameter and model order estimates using the conjugate priors of the GMM. The
parameters were estimated by using a maximum a posterior (MAP)-based expectation–
maximization (EM) algorithm in which the conjugate priors prevented a singular solution.
In the model order selection criterion, the conjugate priors penalized a model for which the
parameter estimate was overfitted. The conjugate-prior-penalized learning method resulted
in a superior generalization performance when compared to other learning methods (Roberts
et al 1998, Oliver et al 1996). This global search method, however, still has a drawback. The
computational complexity largely depends on the procedure of the EM algorithm, as each
candidate model requires an independent parameter estimation process. In addition, the EM
algorithm is sensitive to initialization and easily trapped in local optima, as the likelihood
function of the given data set is not unimodal in the parameter space.

In the current study, a dynamic search method was proposed for the learning of GMMs,
referred to as an iterative local search algorithm. The aim of this algorithm was to find the
optimal model order more efficiently and to find the optimal parameters more robustly. To
this end, a split-and-merge operation was combined with dynamic model order selection
procedures. On the basis of the concavity of the conjugate-prior-penalized log-likelihood, the
optimal model order was sought by successively splitting one component into two, or merging
two components into one. At the same time, the optimal component was determined to be
split or merged in the sense of MAP estimates to avoid convergence to local optima due to the
EM initialization problem. A detailed explanation can be found in the appendix. The proposed
iterative local search algorithm resulted in an identical model order selection performance
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when compared to the global search algorithm. Additionally, the computational complexity
was reduced due to the benefits of the dynamic searching scheme, and the global convergence
capability of the EM algorithm was improved by the split-and-merge operation.

2.8. Performance evaluation

To apply the proposed ENG pattern recognition method to the gait phase detection problem,
the blanked ENG signal was segmented to 12.5 ms windows and the segmented data set was
collected as Z = {z1, . . . , zN} ⊂ �L, L = 300. For each window, the feature vectors were
extracted by WPT and their dimensionality was reduced to 3 by PCA. Thus, the feature vector
set was given by X = {x1, . . . , xN} ⊂ �D, D = 3. For each of five rats, two GMMs associated
with stance and swing phases was constructed by Y = {y1, y2} ⊂ �M , M = 2. The parameters
and model order of GMM were optimized using the proposed iterative local search algorithm.
For initialization, the means were set close to the mean of the entire data set, and the selected
covariance matrices were the covariance matrix for all of the data. All of the initial mixing
probabilities were specified as an equal fractional number 1/K. Meanwhile, for the conjugate-
prior, γk = 1.5, ηk = 0.1, αk = (D + 0.1)/2, and βk = (0.1/2)ID. νk was set to the mean
for all of the data. The EM steps were iterated 100 times. For the split-and-merge indexes, the
lower bounds were determined as 0.3 and 0.1, respectively.

Statistics were based on the dataset of the five rats. For each rat, the detection accuracy
was evaluated using 30-fold cross-validation. Among 30 sessions for three different speeds,
one session was randomly selected as the test set, while the remaining sessions were used as
the training set. This was repeated such that each session was used once as the test set. A
two-way analysis of variance (ANOVA) was used to remove the effect of different rats. Values
with p < 0.05 were considered as significantly different.

2.8.1. Signal properties of the sciatic nerve. The sciatic ENG signals were analyzed for a
comparison with the ankle angles. All ENG recordings were rectified and bin-integrated during
a 5 ms window. The means and standard deviations of the RBI value and ankle angle were
calculated based on 40 gait cycles. The significance of the data was determined by one-way
ANOVA. Values with p < 0.05 were considered as significantly different.

2.8.2. Comparison of different feature extraction methods. The feature vector distribution
was investigated for different feature extraction methods. The class separability of the PCA-
projected feature vectors was quantitatively expressed by Fisher’s index, which was defined
as the ratio between the separation of each class and the scattering within a single class. A
larger Fisher’s index signified a higher class separability of the projected feature vectors. In
addition, to investigate the effects of different feature extraction methods on the degree of
detection accuracy, the PCA-projected feature vectors were applied to the GMM classifier.
Three GMM classifiers were constructed by the results of three feature extraction methods,
where the parameters and model order were optimized using the proposed learning method.

2.8.3. Comparison of different dimensional features. The effect of different dimensional
features on the detection accuracy was investigated. The detection accuracy of the three-
dimensional WPT features was compared to those of different dimensional WPT features,
the two-, five-, and ten-dimensional features. Four projection matrices were formed with the
eigenvectors from the covariance matrix and these eigenvectors were sorted according to
their eigenvalues in descending order. Four GMM classifiers were constructed for the four
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different-dimensional WPT features, where the parameters and model order were optimized
using the proposed learning method.

2.8.4. Comparison of different learning methods. The detection accuracy of the proposed
GMM classifier was compared to those of other GMM classifiers. For this experiment, the
Bayes method (Roberts et al 1998) used the maximum likelihood-based EM algorithm for
parameter estimates and the conventional Bayesian–Laplace approach using a flat prior for
model order selection. Meanwhile, for the validation method (Huang et al 2005), variance
matrix singularity was avoided by empirically determining the variance-limiting threshold. A
validation test was performed to specify the model order for each GMM.

2.8.5. Comparison of different classification methods. The detection accuracy of the
proposed GMM classifier was compared to those of other classifiers, the linear discriminant
analysis (LDA) and multilayer perceptron (MLP) classifiers. For this experiment, the LDA
used the Fisher’s linear discriminant to find the decision hyperplane. Meanwhile, for the MLP,
the connecting weight and bias were adjusted using the error back-propagation algorithm. The
number of layers and nodes was optimized by a validation test. After the detected phases were
obtained for different classifiers, the detection accuracy was evaluated with respect to the rats
and speeds.

2.8.6. Detection performance of the proposed method. To assess the functional performance
for the timing control of the stimulation, the detection time delay was investigated at every
transition between the stance and swing phases, i.e., the initial contact and toe-off events. The
detection time delay was calculated as the time between the detected event and the desired
event. This detection time delay contained the processing time delay of 25 ms due to the data
window scheme as well as the time delay due to the misclassification of the proposed ENG
pattern recognition method.

2.8.7. Inter-rat and inter-speed performance of the proposed method. An experiment was
conducted to investigate the effect of different rats on the detection accuracy. The GMM
classifier was optimized for just one rat, and its detection accuracy was tested on the other
rats. This trial was repeated such that the GMM classifier was optimized once for each rat.
Another experiment was performed to evaluate the effect of different speeds on the detection
accuracy. For one rat, the GMM classifier was optimized for just one speed, and its detection
accuracy was tested on the other speeds. This trial was repeated such that the GMM classifier
was optimized once for each speed. After the detected phases were obtained for each trial, the
detection accuracy was tabulated and averaged over all trials.

3. Results and discussion

3.1. Signal properties of the sciatic nerve

Figure 6 shows representative examples of recorded ENG signals and ankle angle data for
different walking speeds. The top plots are the averaged ankle angle data, while the bottom
plots are the superimposed ENG signals (black traces) and their averaged RBI values (white
line). The means and standard deviations are indicated by solid and dotted lines, respectively.
These plots are based on 40 gait cycles and are aligned in time to the stance and swing phases.
As the walking speed decreased, the ankle angle at toe-off was reduced and the relative duration
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Figure 6. Typical examples of recorded ENG signals and ankle angle data from rat B for different
walking speeds: (a) 40, (b) 30, and (c) 20 cm s–1. The top plots are the averaged ankle angle data,
while the bottom plots are the superimposed ENG signals (black traces) and their averaged RBI
values (white line). The means and standard deviations are indicated by solid and dotted lines,
respectively.

of the swing phase was shortened. For all cases of walking speeds, the ENG signals displayed
high levels of activity throughout the stance phase. During the swing phase, bursts of activity
were observed in the early swing phase, while low levels of activity were observed in the late
swing phase. The period of bursts began after toe-off and ended before the maximum flexion.
At a faster walking speed (figure 6(a)), the RBI values were significantly larger in the stance
phase than in the swing phase (p < 0.05). At slower walking speeds (figures 6(b) and (c)), the
RBI values showed no significant difference between the stance and swing phases (p > 0.05).
This statistical result suggested that the RBI-based detection algorithms are not valid in a case
in which the recorded ENG signal includes muscle afferent and efferent activities during the
swing phase.
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Figure 7. Typical examples of PCA-projected feature vectors from rat B for different feature
extraction methods: (a) TFD, (b) WT, and (c) WPT.

The large bursts of activity were synchronous with the flexion of ankle joint during the
early swing phase. They were most likely due to muscle afferent and efferent activities of
the peroneal nerve. Previous studies showed that a high level of activity was observed in the
superficial peroneal nerve during the dorsi-flexion phase (Popovic et al 1993, Nikolic et al
1994). This corresponded to the onset of the tibialis anterior muscle activity. In contrast, when
ENG signals were recorded in the distal branches of the calcaneal or sural nerves (Upshaw
and Sinkjaer 1998, Hansen et al 2002), the lowest levels of activity were observed during the
swing phase, while the stance phase exhibited increased activity levels. This indicated that
very little muscle afferent and efferent activity was measured in the distal branches of the
calcaneal or sural nerves during the swing phase.

3.2. Comparison of different feature extraction methods

Figure 7 shows the feature vector distribution for different feature extraction methods. The
feature vector set consisted of stance and swing phases and contained the same amount of data
as in figure 6. The PCA-projected feature vectors were ranked according to the eigenvalues
and the first three features were plotted in the three-dimensional subspace. For the TFD and
WP, the clusters of different phases overlap. In contrast, the WPT efficiently clustered the
feature vectors belonging to the same phase, and the different phase feature vectors were well
separated. This observation is confirmed by the Fisher’s index, as the WPT gives a value of
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Table 1. Detection accuracy for different feature extraction methods.

Rat TFD WT WPT

A 91.18 91.82 95.22
B 93.15 94.04 96.86
C 94.05 95.05 98.25
D 92.03 92.31 96.78
E 92.14 92.03 96.79

Mean ± SD 92.51 ± 1.10 93.05 ± 1.42 96.78 ± 1.07

Table 2. Detection accuracy for different dimensional features.

Rat 2-D Feature 3-D Feature 5-D Feature 10-D Feature

A 87.34 95.22 95.42 95.40
B 88.65 96.86 96.88 96.78
C 90.27 98.25 98.31 98.65
D 88.56 96.78 96.84 96.68
E 88.33 96.79 96.80 96.59

Mean ± SD 88.63 ± 1.05 96.78 ± 1.07 96.85 ± 1.02 96.82 ± 1.16

1.13 × 10−15, which was superior to the TFD value of 9.46 × 10−18 and the WT value of
1.41 × 10−17, indicating that the WPT clearly produced the best performance.

Table 1 shows the detection accuracy for different feature extraction methods. The GMM
classifier optimized for the WPT feature vectors obtained the detection accuracy of 96.78%,
which was on average 4.27% (p < 0.01) and 3.73% (p < 0.01) better than those of the GMM
classifiers optimized for the TFD and WT feature vectors, respectively. This result indicated
that the WPT produced better performance in terms of class separability, and the WPT feature
vectors improved the detection accuracy.

3.3. Comparison of different dimensional features

Table 2 lists the detection accuracy for different dimensional features. The three-dimensional
feature had a higher detection accuracy than that of the two-dimensional feature by an average
of 8.15% (p < 0.01). Meanwhile, there were no significant differences in the detection accuracy
among the three-, five-, and ten-dimensional features. The detection accuracy was not affected
by the PCA-reduced feature with more than three dimensions. This result suggested that the
distribution of the original WPT features could be sufficiently approximated in the three-
dimensional subspace through the PCA.

3.4. Comparison of different learning methods

Table 3 lists the detection accuracy for different learning methods. The proposed method was
found to be superior to the Bayes method by an average of 3.94% (p < 0.01) and to the
validation method by an average of 4.58% (p < 0.01). This result suggested that the parameter
estimation and model order selection of the GMM are crucial for achieving a high classification
performance level. The proposed learning method provided higher generalization ability than
the Bayes and validation methods, thereby achieving improved detection accuracy.
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Table 3. Detection accuracy for different learning methods.

Rat Validation method Bayes method Proposed method

A 90.40 90.48 95.22
B 93.33 93.87 96.86
C 93.35 94.56 98.25
D 91.51 91.97 96.78
E 92.41 93.32 96.79

Mean ± SD 92.20 ± 1.26 92.84 ± 1.62 96.78 ± 1.07

Table 4. Detection accuracy with respect to rats for different classification methods.

Rat LDA MLP Proposed method

A 89.16 90.04 95.22
B 90.07 92.95 96.86
C 92.93 94.31 98.25
D 89.48 92.22 96.78
E 90.01 92.78 96.79

Mean ± SD 90.33 ± 1.50 92.46 ± 1.55 96.78 ± 1.07

Table 5. Detection accuracy with respect to speeds for different classification methods.

Speed LDA MLP Proposed method

40 cm s–1 92.94 95.06 97.79
30 cm s–1 89.89 91.54 96.89
20 cm s–1 88.16 90.78 95.66

Mean ± SD 90.33 ± 1.50 92.46 ± 1.55 96.78 ± 1.07

3.5. Comparison of different classification methods

Table 4 lists the detection accuracy with respect to the rats when using the various classification
methods. The proposed method was superior to the MLP by an average of 4.32% (p < 0.01)
and to the LDA by an average of 6.45% (p < 0.01). In addition, table 5 described the detection
accuracy with respect to the speeds when using the various classification methods. The results
with the proposed method showed consistent detection accuracy for all three speeds, even
though the signal properties of the sciatic nerve were similar for the stance and swing phases
at slow walking speeds. In contrast, the LDA and MLP classifiers had relatively low detection
accuracy for slow walking speeds. The linear classifier, LDA, could not estimate the nonlinear
distribution of feature vectors associated with the gait phases. As for the nonlinear classifier,
MLP, the error back-propagation algorithm overfitted the parameters, such as the connecting
weight and bias, to the training set, leading to poor generalization ability and detection
accuracy.

3.6. Detection performance of the proposed method

Figure 8 depicts typical examples of detected phases for three different speeds. The sciatic ENG
signals and ankle angle data showed properties similar to those presented in figure 6. In the
GMM output plots, the solid and dashed lines denote the values of the posterior probabilities
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Figure 8. Typical examples of detected phases from rat B for different walking speeds: (a) 40,
(b) 30, and (c) 20 cm s–1. In the GMM output plots, the solid and dashed lines denote the values
of the posterior probabilities assigned to the stance and swing phases, respectively. In the phase
plots, the solid line and open circle denote the desired and detected phases, respectively.
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Figure 9. Detection time delay for different walking speeds: (a) 40, (b) 30, and (c) 20 cm s–1.

assigned to the stance and swing phases, respectively. In the phase plots, the solid line and
open circle denote the desired and detected phases, respectively. The maximum posterior was
selected as the detected phase for every decision interval. A steady state was defined as a
period when the detected phase maintained the stance or the swing, whereas a transient state
was defined as a period when the detected phase changed from the stance to the swing or
vice versa. At the walking speed of 40 cm s–1 (figure 8(a)), the GMM outputs were stable
in both steady-state and transient-state phases. The initial contact events were detected with
an average delay of 25.9 ms, and the toe-off events were detected with an average delay of
26.3 ms. At the walking speed of 30 cm s–1 (figure 8(b)), the GMM outputs were still stable in
the steady-state phase, though perturbations occurred in the transient-state phase. The initial
contact events were recognized with an average delay of 26.1 ms, while the toe-off events were
detected late with an average delay of 26.7 ms. At the walking speed of 20 cm s–1 (figure 8(c)),
the GMM outputs were unstable in both the steady-state and transient-state phases. Although
the initial contact events were detected with an average delay of 26.4 ms, the toe-off events
were detected late with an average delay of 27.7 ms. The detection time delay of the initial
contact was similar for all walking speeds, whereas the detection time delay of the toe-off
increased for slower walking speeds.

Figure 9 shows the detection time delay for different walking speeds. These statistics
are based on the dataset of the five rats. The percentage of the detection is represented by a
rectangular bar, which is positioned on the axis of the detection time delay with the decision
interval of 16.66 ms. The detection time delay is also reported as a percentage of the gait phase
to clearly show the required time to detect the gait event prior to stimulation being applied. The
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Table 6. Detection accuracy for inter-rat variability.

GMM classifier GMM classifier GMM classifier GMM classifier GMM classifier
optimized for optimized for optimized for optimized for optimized for

Rat rat A rat B rat C rat D rat E

A – 94.65 94.01 93.87 94.52
B 94.26 – 95.12 94.87 94.32
C 97.34 96.84 – 97.58 96.89
D 95.12 94.89 95.68 – 95.10
E 94.57 95.61 95.51 94.55 –

Mean ± SD 95.26 ± 1.09

Table 7. Detection accuracy from rat B for inter-speed variability.

GMM classifier GMM classifier GMM classifier
Speed optimized for 40 cm s–1 optimized for 30 cm s–1 optimized for 20 cm s–1

40 cm s–1 – 95.67 95.25
30 cm s–1 94.20 – 94.51
20 cm s–1 92.25 93.01 –

Mean ± SD 93.98 ± 1.00

distributions of the detection time delay upon the initial contact were similar for all walking
speeds. The means were around 26 ms (6% of the stance phase), and the 95% confidence
intervals were less than 40 ms (10% of the stance phase). In contrast, the distribution of the
detection time delay for the toe-off was shifted to the right and broadened as the walking speed
decreased. At the walking speed of 40 cm s–1 (figure 9(a)), 95% of the toe-off detections fell
within a 41 ms window (28% of the swing phase), with an average delay of 26.2 ms (17.9%
of the swing phase). At the walking speed of 30 cm s–1 (figure 9(b)), 95% of the toe-off
detections fell within a 53 ms window (35% of the swing phase), with an average delay of
26.6 ms (17.7% of the swing phase). At the walking speed of 20 cm s–1 (figure 9(c)), 95% of
the toe-off detections fell within a 64 ms window (41% of the swing phase), with an average
delay of 27.4 ms (17.8% of the swing phase). It is apparent that the detection of the initial
contact was more accurate than that of the toe-off for all walking speeds. The detection errors
of the toe-off seemed to be due to the bursts of activity in the early swing phase, causing an
increase in the detection time delay. At slow walking speeds, the detection time delay of the
toe-off was too long considering the duration of the swing phase.

3.7. Inter-rat and inter-speed performance of the proposed method

Table 6 shows the detection accuracy for inter-rat variability. The GMM classifier was
optimized for just one rat and tested on the other rats. The mean and standard deviation
of the overall detection accuracy was 95.26 ± 1.09%, which was lower than the result given
in table 4 (96.78 ± 1.07%), where each of five GMM classifiers was optimized for each of
five rats. Nonetheless, the proposed GMM classifier appeared robust in detecting gait phase
for different rats. This result suggested that the signal properties of the sciatic nerve during the
gait cycle were similar for different rats.

Table 7 lists the detection accuracy for inter-speed variability. The GMM classifier was
optimized for just one speed and tested on other speeds. The results indicated a low detection
accuracy of 93.98 ± 1.00%, with large errors occurring around the toe-off event. This relatively
lower detection accuracy was related to the observation that the patterns of the sciatic ENG
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signals during the gait cycle were significantly different between fast and slow walking speeds.
However, when the GMM classifier was optimized for all three speeds, as noted in table 5, the
proposed GMM classifier produced consistent outputs for all three speeds.

4. Conclusions

This paper proposed a new gait phase detection scheme in an FES system for foot drop
correction. The sciatic nerve was selected for the placement of a recording cuff electrode
to minimize surgical complications. In contrast to the cutaneous afferent activities from the
calcaneal or sural nerves, the sciatic ENG signals showed bursts of muscle afferent and efferent
activities during the early swing phase. The statistical results from a rat gait analysis indicated
that the RBI values had no significant difference between the stance and swing phases at slow
walking speeds. To define separable and repeatable features according to the gait phases, the
wavelet packet transform was utilized to extract a feature vector, and it outperformed other
feature extraction methods in terms of class separability. The PCA-projected feature vector was
then applied to the GMM classifier to discriminate the gait phase. For the learning procedure of
GMM, an iterative local search algorithm was proposed to find the optimal model order more
efficiently and to find the optimal parameters more robustly. As a result, the proposed GMM
classifier achieved an improved level of detection accuracy when compared to conventional
methods.

The proposed method resulted in a high detection accuracy in terms of detection success
rate for all decisions. However, an excessive detection time delay was observed around the
toe-off event during low-speed walking. Thus, further studies should be performed to reduce
the detection time delay of the toe-off for different walking speeds.
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Appendix. Iterative local search algorithm

The intuitive motivation was that if individual components were optimally added or discarded
in the context of the maximum expected complete-data log-posterior, the optimal number of
components could be efficiently determined with respect to the log-evidence. This motivation
can only be realized when the concavity of the log-evidence is guaranteed. Recently, a
theoretical result was provided to complement this motivation. Cadez and Smyth (2000)
showed that the log-likelihood of finite component GMMs is approximately concave as a
function of the number of components K under very general conditions. In addition, a corollary
of this result is that the log-evidence (penalized log-likelihood) is also approximately concave
as a function of K if the penalty term is itself strictly concave or linear in K. For example,
this is true for the conjugate-prior-penalized learning algorithm (Chu and Lee 2009). This
implies that there is only one peak in the log-evidence (penalized log-likelihood); hence,
this peak can be relatively easily identified with a dynamic search method. Nonetheless, the
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assumption that the log-evidence of finite-component GMMs is approximately concave as a
function of the number of components K is only satisfied when the parameter estimate is a
globally optimal solution for every model order. Generally, it is known that the EM algorithm
converges to a locally optimal solution and that the convergence to a globally optimal solution
is not guaranteed. The EM algorithm is sensitive to initialization, as the likelihood function of
the given data set under the fixed-component model is not unimodal in the parameter space.

To overcome this high dependence on EM initialization, the proposed iterative local search
algorithm used an overlapped scheme in the model order domain. It started with an arbitrary
K-component model, referred to as the present model, whose parameters were estimated using
the EM algorithm. The following three steps were then repeated until a converged model
order was obtained. First, for the present K-component model, K + 1 and K − 1-component
local models were obtained by splitting one component into two and merging two components
into one, respectively. The parameter estimations were then performed for the K + 1 and
K − 1-component models. Second, the log-evidences for the K, K + 1, and K − 1-component
models were evaluated and a model corresponding to the maximum log-evidence was selected.
Third, the model order and parameters of the present model were updated according to the
selected model. As a result, an arbitrary component model was iteratively involved in the set of
candidate models, including one present model and two local models at each iteration number,
thereby allowing the algorithm to escape from a local maximum due to the EM initialization
problem.

The proposed algorithm is dynamic in the sense that the local models depend on the
present model learned thus far. To perform an effective local search around the present
K-component model, it is also important to construct the K + 1 and K − 1-component models
with globally optimal parameters. This section presents a split-and-merge operation as a
subroutine of the iterative local search algorithm. For convenience, the hat notation to denote
parameter estimates is dropped henceforth. Let k ∈ {1, . . . , K} and θ = {p(k), μk, �k}K

k=1
denote the component numbers and parameters of the present K-component model. Assuming
that k′ was the merged component with components i∗ and j∗, the K − 1-component model
was arranged as

{1, . . . , K} − {i∗, j∗} + {k′} → {1, . . . , K − 1},
{p(k), μk, �k}K

k=1 −{p(i∗), μi∗ , �i∗ , p( j∗), μ j∗ , � j∗ } +{p(k′), μk′ , �k′ } → {p(k), μk, �k}K−1
k=1 .

(A.1)

On the other hand, if component k∗ was split into two components i′ and j′, the K+1-component
model was set as

{1, . . . , K} − {k∗} + {i′, j′} → {1, . . . , K + 1},
{p(k), μk, �k}K

k=1 − {p(k∗), μk∗ , �k∗ } + {p(i′), μi′ , �i′ , p( j′), μ j′ , � j′ }→{p(k), μk, �k}K+1
k=1 .

(A.2)

The goal of the split-and-merge operation was to find the component sets {i∗, j∗, k′} and
{k∗, i′, j′} that respectively maximized the expected complete-data log-posteriors for the K +1
and K − 1-component models

QK+1 =
N∑

n=1

K+1∑

k=1

log{p(k)p(xn|θk)}p(k|xn) + logD({p(1), . . . , p(K + 1)}|{γ1, . . . , γK+1})

+
K+1∑

k=1

[
logN(μk|νk, η

−1
k �k) + logW(�−1

k |αk, βk)
]
, (A.3)
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QK−1 =
N∑

n=1

K−1∑

k=1

log{p(k)p(xn|θk)}p(k|xn) + logD({p(1), . . . , p(K − 1)}|{γ1, . . . , γK−1})

+
K−1∑

k=1

[
logN(μk|νk, η

−1
k �k) + logW(�−1

k |αk, βk)
]
. (A.4)

To this end, the split and merge candidates must be defined. In the case of the merge
operation, the candidates were sorted as the set of component pairs

{i∗, j∗}cmerge, cmerge = 1, . . . , K(K − 1)/2. (A.5)

Regarding the split operation, the candidates were sorted as the set of components

{k∗}csplit , csplit = 1, . . . , K. (A.6)

Because it is inefficient to undertake parameter estimation and determine the maximum
expected complete-data log-posterior values for all candidates, split and merge indexes were
defined to achieve a faster performance using a smaller set of candidates. In the case of the
merge operation, the correlation coefficient of two components i∗ and j∗ was used as

Imerge(i
∗, j∗|θ ) = pi∗ (θ )T p j∗ (θ )

||pi∗ (θ )||||p j∗ (θ )|| , (A.7)

where pi∗ (θ ) = [p(i∗|x1, θ ), . . . , p(i∗|xN, θ )]T is an N-dimensional vector consisting of
the posterior probabilities for the i∗ component, and || · || denotes the Euclidean vector
norm. Clearly, when each of the data points has nearly equal posterior probabilities for
the two components i∗ and j∗, the merge index goes to one. Conversely, when the two
components i∗ and j∗ tend to be orthogonal, the merge index goes to zero. Using the
merge index Imerge, a pair of candidates was eliminated from the original candidates
{i∗, j∗}cmerge , cmerge = 1, . . . , K(K − 1)/2 if its index value was less than a predetermined
lower bound.

As for the split operation, the local relative entropy was adopted as

Isplit(k
∗|θ ) =

N∑

n=1

f (xn|k∗, θ ) log
f (xn|k∗, θ )

p(xn|k∗, θ )
, (A.8)

which is a distance measure between two distributions. Typically, f and p represent a true
probability distribution and its approximation, respectively. Therefore, f (x|k∗, θ ) was defined
as the local data density around component k∗

f (x|k∗, θ ) =
∑N

n=1 δ(x − xn)p(k∗|xn, θ )
∑N

n=1 p(k∗|xn, θ )
, (A.9)

where δ(x − xn) = 1, if x = xn and δ(x − xn) = 0, otherwise. Clearly, when the k∗th Gaussian
density is similar to the local data density around component k∗, the split index goes to zero.
Conversely, when the k∗th Gaussian density is the worst compared to the local data density, the
merge index has a large value. Using the split index Isplit, a candidate was eliminated from the
original candidates {k∗}csplit , csplit = 1, . . . , K if its index value was less than a predetermined
lower bound.

For these two types of candidates, the parameters corresponding to the new components
i′, j′, and k′ were initialized using the parameters of the present model. The initial parameter
values for the merged component k′ were set as the linear combinations of the original ones
before the merge

p(k′) = p(i∗) + p( j∗), μk′ = p(i∗)μi∗ + p( j∗)μ j∗

p(i∗) + p( j∗)
, �k′ = p(i∗)�i∗ + p( j∗)� j∗

p(i∗) + p( j∗)
. (A.10)
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Note that the mixing probability was estimated as the average of the posterior probability
over the data. Therefore, the mean and covariance of component k′ were set as the linear
combination of the corresponding parameters of components i∗ and j∗ weighted by the
posterior probabilities.

Meanwhile, the split operation is the inverse procedure of the merge operation. The
parameters of the two components i′ and j′, including the mixing probabilities, means, and
covariance matrices, were determined from those of the original component k∗. The main
idea to solve this problem was that, if the new components were initialized to describe the
original component effectively, the convergence capability of the parameter estimation could
be improved. To this end, their means were located on the first principal axis of the original
covariance matrix, and the distance between the two means was set based on the maximum
variance of the original covariance matrix. Plus, the new covariance matrices were initialized
using the hyper-volume of the original covariance matrix. Based on the fact that the covariance
matrix of any component is square symmetric positive definite, the covariance matrix �k∗ could
be decomposed according to singular value decomposition

�k∗ = USUT , (A.11)

where U = [u1, . . . , uD] ∈ �D×D and S = diag(s11, . . . , sDD) ∈ �D×D. The notations s11 and
u1 are respectively the first largest singular value and corresponding singular vector of the
covariance matrix �k∗ . Therefore, the initial parameter values for the split components i′ and
j′ were set as follows:

p(i′) = p(k∗)
2

, p( j′) = p(k∗)
2

, μi′ = μk∗ + √
s11u1, μ j′ = μk∗ − √

s11u1,

�i′ = det(�k∗ )1/DID, � j′ = det(�k∗ )1/DID. (A.12)

Here, det(�) denotes the determinant of matrix �, and ID is the D-dimensional identity matrix.
After the initialization of the new components i′, j′, and k′, parameter re-estimation was

performed using partial EM steps. The parameters of components i′, j′, and k′ were re-estimated
without affecting the other components not participating in the split-and-merge operation. In
the case of the merge operation, a modified posterior probability was used for the expectation
step

p(k′|xn) = (p(i∗|xn) + p( j∗|xn)). (A.13)

In contrast, the split operation used the following posterior probability

p(i′|xn) = p(i′)p(xn|i′)
p(i′)p(xn|i′) + p( j′)p(xn| j′)

× p(k∗|xn),

p( j′|xn) = p( j′)p(xn| j′)
p(i′)p(xn|i′) + p( j′)p(xn| j′)

× p(k∗|xn). (A.14)

From these equations, the posterior probability of component k′ is equal to the sum of the
posterior probabilities of components i∗ and j∗ before the merge operation. Similarly, the sum
of the posterior probabilities of components i′ and j′ is equivalent to the posterior probability
of component k∗ before the split operation. New parameter estimates were then obtained from
the maximization step in the MAP-based EM algorithm.

When the partial EM steps were completed, each model with a split or merge candidate was
evaluated for the expected complete-data log-posterior QK+1 or QK−1 using equations (A.3)
and (A.4). Thereafter, the split and merged models corresponding to the maximum expected
complete-data log-posteriors were accepted as new local models, that is, the K − 1 and
K + 1-component local models.
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For the global search algorithm, the computational complexity largely depends on the
procedure of the EM algorithm, as each candidate model requires an independent parameter
estimation process. Thus, the complexity of the EM algorithm grows with the number of data N
and the number of candidate models K, making it proportional to O

(∑K
k=1 Nk

) ∼= O(NK2). In
addition, the model order estimate is usually obtained based on M runs of the EM algorithm, and
the number of M is larger than the number of K, resulting in at least O(NK3) for the computation
order (Chu and Lee 2009, Roberts et al 1998). In contrast, the proposed iterative local search
algorithm performed the split-and-merge operation to construct the best local models from the
present model at each iteration number. The proposed partial EM algorithm updated the local
models with the computation order O

(∑K
k=1 2Nk + ∑K

k=1 Nk(k − 1)/2
) ∼= O(NK3), which

is the worst case when all of the split and merge candidates had larger index values than the
predetermined lower bounds. Furthermore, it was empirically confirmed that the proposed
iterative local search algorithm could be completed with a lower number of candidate models
K than that used for the global search method. Consequently, the computational complexity
of the proposed algorithm was less than O(NK3) and reduced when compared to that of the
global search method.
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