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Abstract—Cerebral small vessel disease (SVD) is common in
the elderly and is associated with loss of functional independence,
institutionalization, and death. In this paper, we propose a
coarse-to-fine feature selection method for accurate SVD
detection and timely implementation of interventions. The
proposed method first uses an Iterative Random Forest based
Feature Selection (IRFFS) method to obtain the most
representative features from a feature set that includes gait,
balance, and agility performance features extracted from 17
predefined clinical actions. The method then uses the Feature
Incremental Extreme Learning Machine (FIELM) model to
further verify the discriminant ability of each kind of selected
features. Our results demonstrate that the proposed method can
effectively select the most significant features for SVD detection,
which include gait and agility performance features. Our method
achieves up to 91.44% classification accuracy, outperforming
other state-of-the-art feature selection methods. Our findings also
verify clinical observations indicating that the fine motor pattern
features of upper and lower limbs are helpful for high-accuracy
SVD detection.
Keywords—coarse-to-fine feature selection; detection of
cerebral small vessel disease; iterative random forest-based feature
selection; feature incremental extreme learning machine

I.
INTRODUCTION
Cerebral small vessel disease (SVD), which includes white
matter lesions (WML) and lacunar infarcts, is frequently
observed on Magnetic Resonance Imaging (MRI) scans of the
elderly. It is widely accepted that SVD is a main cause of
motor function decline and is often associated with loss of
functional independence, hospitalization, and death,
representing a major challenge for public health. Accurate
early detection of SVD allows for timely implementation of
interventions, thus mitigating the negative impacts on the
patient. Previous studies have shown the importance of
measuring an elderly person's gait and balance for detection of
SVD [1] or white matter changes [2]. However, at an early
stage, gait disturbances may be solely manifested as normal to
mild slowing and subjective postural instability [3], which is
not easily distinguishable from age-related decline even for
trained specialists. In addition to gait and balance dysfunction,
fine movement disorders of the upper and lower limbs have
also been observed in clinical practice, but up to now evidence
from clinical research is still lacking.

In this paper, we describe our studies investigating the use of
motor pattern features for accurate SVD detection. These
features include gait, balance, and agility performance features
extracted from 17 predefined clinical actions. In order to obtain
the most significant motor pattern features for distinguishing
SVD patients from the healthy elderly, we propose a coarse-tofine feature selection method. This method first employs an
Iterative Random Forest based Feature Selection (IRFFS)
method to determine the most representative features from the
original feature set. The method then uses the Feature
Incremental Extreme Learning Machine (FIELM) model to
further verify the discriminant ability of each kind of selected
features. Experimental results demonstrate that the IRFFS
method is effective in feature selection and performs better
than other state-of-the-art feature selection methods provided
in WEKA [4]. Besides, the classification results from FIELM
verify clinical observations indicating that fusing gait and
agility related motor pattern features is helpful for building a
more accurate SVD detection model.
II. RELATED WORK
Public health issues such as the global population aging
phenomenon have attracted considerable attention recently.
Recent advances in computer science have made possible
various research works looking into the combination of digital
medicine and machine learning techniques. For example, M.
Termenon et al. [5] built a brain MRI morphological patterns
extraction tool based on the Extreme Learning Machine (ELM)
method [6] and majority vote classification. Chen et al.
proposed an accurate b-COELM [7] based approach for
automating stroke detection through a computer-based, body
sensing game-based Trail Making Test [8]. A common
challenge in these disease detection problems is how to select
the most discriminant features for high-accuracy detection
performance. Existing feature selection methods [4] are mainly
focused on big data, and are thus not suitable for those disease
detection problems with only a small number of available
samples. Addressing this issue, we introduce the IRFFS
method, which aims to select the most significant features
from small-sampling data of high-dimensionality motor pattern
features. Furthermore, in order to determine the type of motor
pattern features most related to SVD, we employ the

Fig. 1. The proposed SVD detection process.

FIELM model, which can transfer an original ELM
classification model to a new one with incremental features
in a unified framework. Developed by Huang et al, ELM
belongs to the artificial neural network (ANN) family, and
more specifically to the Single Layer Feedforward Network
(SLFN) subfamily [6]. In ELM, the learning step is made
without iterative tuning and is very suitable for incremental
learning [9-10]. With the help of FIELM, doctors are able to
distinguish SVD patients from normal control subjects with
gradually increased features of different types and can
identify the most important ones for accurate SVD
detection.
III.

MOTOR PATTERN FEATURE SELECTION FOR
SVD DETECTION

As shown in Fig. 1, the proposed SVD detection process
consists of four layers: 1) data acquisition, in which raw
motion data is collected by the depth sensor and the RGB
camera embedded in the Kinect; 2) feature extraction, which
extracts all potential motor pattern features related to SVD
using the raw motion data from layer 1; 3) feature selection,
where we use the IRFFS method to obtain the most
representative features; and 4) classification, which uses
FIELM to validate the discriminant ability of the selected
features.
A. Data Acquisition
The first layer uses Kinect to collect raw depth sensor
data and RGB camera data of 17 predefined clinical actions
for each subject. Specifically, the 17 actions are natural
walking, tandem walking (heels to toes), 3-meter walk test
and turning 180°, side by side stand, semi-tandem stand,
tandem stand, nudge (light push on sternum, subject with
feet close together), pull test (response to sudden, strong
posterior displacement produced by pull on shoulders),
tapping heel on the ground in rapid succession picking up
entire leg, natural chair stand, chair stand with arms folded
across the chest, repeated chair stand with arms folded
across the chest, finger chase, finger nose test, rapid
alternating movements of the hand (10 cycles of repetitive

alternation of pronation and supination movements of the
hand on his/her thigh as fast and precise as possible), rapid
alternating movements of hands (pronation-supination
movements of both hands simultaneously), and finger
tapping. These actions are summarized and simplified
according to several existing and widely accepted scales,
such as the Scale for Assessment and Rating of Ataxia
(SARA), the Short Physical Performance Battery (SPPB),
the Tinetti Mobility Test, and the Unified Parkinson Disease
Rating Scale (UPDRS). The RGB camera data is used for
action segmentation and labeling, and the depth sensor data
is used for obtaining the coordination of skeleton joints of
each action using the pose tracking method proposed by
Shotton et al. [11].
B. Feature Extraction
Layer 2 extracts all potential SVD related motor pattern
features from the coordination data collected in layer 1.
These features include the following: 1) gait related features,
such as stride length, step width, step height, walking
velocity, and sagittal and coronal-angular excursions of the
shoulder, elbow, hip, knee and trunk, which are calculated
as the method in Zijlmans et al. [12]; 2) balance related
features, such as angular excursions of the trunk and stand
velocity; and 3) agility related features, including
smoothness of moving trajectory and variability of moving
velocity. In total, 739 features are extracted.
C. Feature Selection
To determine the most representative features for SVD
detection, we use the IRFFS method in layer 3. This method
automatically measures the importance of the 739 features,
retaining the most representative features and discarding
unnecessary ones.
1) Random forests
Random forests were first introduced in a paper by Leo
Breiman [13]. This paper describes a method for building a
forest of uncorrelated decision trees [14] using a
Classification And Regression Tree (CART) [15] procedure,
combined with randomized node optimization and bagging.
a) Decision tree learning
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Decision tree learning refers to the construction of a
decision tree from class-labelled training tuples [14]. A
decision tree is a flowchart-like structure where each internal
node denotes a test on a feature that best splits the training
set using Gini impurity or information gain [16], each branch
represents the outcome of a test, and each leaf node holds a
class label. Decision trees are a popular method for various
machine learning tasks because it is invariant under scaling
and various other transformations of feature values.
However, trees that are grown very deep tend to learn highly
irregular patterns: they overfit their training sets because they
have low bias, but very high variance. Random forests are a
way of averaging multiple deep decision trees, trained on
different parts of the same training set, with the goal of
reducing the variance. This comes at the expense of a small
increase in the bias and some loss of interpretability, but
generally greatly boosts the performance of the final model.
b) Tree bagging
The training algorithm for random forests applies the
general technique of bootstrap aggregating, or bagging, to
tree learners. Given a training set X = x1 ," , xn with
responses Y = y1 ," , yn , bagging repeatedly ( B times)
selects a random sample with replacement of the training set
and fits trees to these samples.
Specifically, for b = 1," , B :
1. Sample n training examples from X ,
replacement, and call these examples X b , Yb .

Y with

2. Train a decision or regression tree f b on X b , Yb .
After training, predictions for unseen samples x ' can
be made by averaging the predictions from all the individual
regression trees on x ' :

1 B
fˆ = ¦ f b ( x ')
B b =1
or by taking the majority vote in the case of classification
trees. This bootstrapping procedure leads to better model
performance because it decreases the variance of the model,
without increasing the bias. This means that while the
predictions of a single tree are highly sensitive to noise in its
training set, the average of many trees is not, as long as the
trees are not correlated. Simply training many trees on a
single training set would give strongly correlated trees (or
even the same tree many times, if the training algorithm is
deterministic); bootstrap sampling is a way of de-correlating
the trees by showing them different training sets. The
number of trees, B , is a free parameter which can be
optimized using cross-validation. The training and test errors
tend to level off after some number of trees have been fit.
c) From bagging to random forests
The above procedure describes the original bagging
algorithm for trees. Random forests differ in only one way
from this general scheme: they use a modified tree learning
algorithm that selects, at each candidate split in the learning
process, a random subset of the features. This process is
sometimes called "feature bagging". The reason for doing
this is the correlation of the trees in an ordinary bootstrap

sample: if one or a few features are very strong predictors for
the response variable (target output), these features will be
selected in many of the B trees, causing them to become
correlated. An analysis of how bagging and random subspace
projection contribute to accuracy gains under different
conditions is given by Ho [17]. Typically, for a classification
problem with n features, « n » features are used in each

¬

¼

split. For regression problems the inventors recommend

« n » with a minimum node size of 5 as the default.
¬ 3¼
2) Iterative Random Forest-based Feature Selection
In [15], Leo Breiman proposes to use random forests for
feature selection by ranking the importance of features
through permutation. More specifically, to measure the
importance of the j th feature after training, the values of
the j th feature are permuted among the training data and the
out-of-bag error is again computed on this perturbed data set.
The importance score for the j th feature is computed by
averaging the difference in out-of-bag error before and after
the permutation over all trees. The score is normalized by the
standard deviation of these differences. Features which
produce large values for this score are ranked as more
important than features which produce small values. This
method of determining variable importance works well for
big data; however, it is not suitable for small-sampling data
because for such data, for each selected feature, even a little
permutation would cause a large difference in out-of-bag
error. In order to avoid this problem, we introduce the IRFFS
method to select the most significant features from smallsampling data with high-dimensional features. This method
measures the importance of each feature according to its
occurrence frequencies in the trained random forests,
motivated by the fact that features with very strong
discriminant ability for the response variable (target output)
will be selected in many trees of the trained random forests.
Specifically, IRFFS is an iterative loop process. Initially,
we use all the 739 features to build several random forests
using the learning method proposed by Breiman et al. [15]
based on repeatedly sampled training datasets. Then, at each
loop, we rank the features according to their occurrence
frequencies in the built random forests and select the most
common and frequent features to rebuild new random
forests. We repeat the process until no further classification
performance improvements can be obtained. Let us denote
training
the
initial
set
as
n
m
,
where
T = (xi , t i ) ∈ R × R , i = 1, 2," , N

xi = [ x i1 , x i 2 ," , x in ] is an input vector with n features
T

and

t i = [ t i1 , t i 2 ," , t im ] is the corresponding
T

target

vector. The main procedure of IRFFS can be described as
follows:
Step 1. Initialization. Set iterative index t = 0 , initial
training set T (0) = T ,
initial average classification
accuracy acc = 0 .
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Step 2. Random sampling. Randomly sample N r
samples from the training set T (t ) for S times, obtaining

S
sub-training
T s (t ) = {xi , t i } ∈ R n (t ) × R m , i = 1, 2," , N r
sub-testing

sets
and

S

Step 3. Random forest building. Build S random forests
s

based on S sub-training sets T (t ) using the learning
method proposed in [13]. Here, the number of trees in each

B , and «¬ n(t ) »¼ features are used

in each split.
Step 4. Feature validation. Compute the average

acc(t ) of the S built random forests
s

using the corresponding sub-testing sets V (t ) . If acc(t )

acc(t ) and go to Step 5,
else drop the iterative process and select the current n(t )
is higher than acc , set acc to

features as the most significant features.
Step 5. Feature sorting. In order to measure the importance
of each feature f j , j = 1, 2," , n(t ) , we introduce two
variables: 1) the number of built random forests where f j
occurs, denoted as

N j , and 2) the frequency at which f j

appears in the built random forests, denoted as F j . N j can
be counted directly, and F j is computed as follows:
S

B

Fj = ¦¦
s =1 b =1

and N

s
b

N bjs
N bs

hidden-layer feature mapping h ( x ) , can approximate any

target continuous functions, tuning is not required in the
hidden layer [19]. All the hidden-node parameters, which
are supposed to be tuned by conventional learning
algorithms, can be randomly generated according to any
continuous sampling distribution [20]. Compared with other
traditional learning methods, ELM has not only better
performance in classification precision and regression fitting
degree, but is also more time-efficient in offline learning
and online prediction [9-10].

,

g1(x)

denote the number of internal nodes
Input
Sample

in the b tree of the s built random forest, respectively.
Since a more discriminant feature would be selected in more
trees of more random forests built using different training
sets, a feature with large values of N j and Fj is of greater
th

importance. We then sort the

g3(x)
...

xn-1
xn

t2
Output
Label

tm-1
tm

gL(x)

n(t ) features according to

N j and Fj in descending order.

Fig. 2. SLFN with L hidden nodes

Step 6. Feature selection. Select the top r ranked features
as the most discriminant features. Since a large r would
cause redundant looping, while a small r may discard
significant features, we set r as half of the current number of
features, i.e.

g2(x)

x2

testing on feature f j and the number of total internal nodes
th

t1

x1

...

classification accuracy

D. Classification
To further validate the discriminant ability of each kind of
selected features in Layer 3, we introduce the FIELM
method in Layer 4. FIELM is a learning method built on
ELM which can transfer an original ELM model to a new
one with incremental features in a unified framework. In this
transformation process, FIELM can add new features to the
training model without changing the existing structure. With
the help of FIELM, doctors are able to distinguish SVD
patients from normal control subjects with gradually
increased features of different types and can identify the
most important ones for accurate SVD detection.
1) ELM
Developed by Huang, et al, ELM belongs to the ANN
family, and more specifically to the SLFN subfamily [6]. In
ELM, learning is made without iterative tuning and is very
efficient and effective when the training set is small [18].
According to ELM learning theory, if SLFNs
f ( x ) = h ( x ) β , with tunable piecewise continuous

...

random forest is set to

where N

Step 7. Loop. Set t = t + 1 , and go to Step 2.

sets

V s (t ) = {xi , t i } ∈ R n (t ) × R m , i = N r + 1, N r + 2," , N
, s = 1, 2," , S .

s
bj

minimum number of features nmin , assign n(t + 1) to r
and go to Step 7, else drop the iterative process and select the
current n(t ) features as the most significant features.

r = « n(t ) » . If
2 ¼»
¬«

r is larger than the

Given
samples

N
arbitrary
n
m
(xi , t i ) ∈ R × R , i = 1, 2," , N

distinct
,

where

xi = [ x i1 , x i 2 ," , x in ] is an input vector with n features
T

t i = [ t i1 , t i 2 ," , t im ] is the corresponding target
vector, the network with L hidden nodes is shown in Fig. 2.
and

T
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The output function of this network can be represented as
follows:
L

f L ( xi ) = ¦ȕl G ( al , bl , xi ) , i = 1," , N ,
l =1

(1)
where al and bl are the learning parameters of hidden
nodes, and ȕ l is the weight connecting the l th hidden node

to the output node. G ( al , bl , x ) is the output of the l th

hidden node with respect to the input x . For an additive
hidden node with activation function g ( x ) : R → R (e.g.

sigmoid and threshold), G ( al , bl , x ) is given by

G ( al , bl , x ) = g ( al ⋅ x + bl ) , bl ∈ R.

(2)

If a SLFN with L hidden nodes can approximate these N
samples with zero error, it then implies that there exist
ȕl , al and bl such that
L

f L ( xi ) = ¦β l G ( al , bl , xi ) = t j , i = 1," , N . (3)
l =1

Equation (3) can be summarized as

Hȕ = T

(4)

where

ªȕ1T º
ª t1T º
« »
« »
ȕ=« # »
and T = « # »
.
T
T
«ȕ L »
«t N »
¬ ¼ L×m
¬ ¼ N ×m

T −1

or when HǾ is nonsingular and H = H ( HH ) .
2) Feature Incremental Extreme Learning Machine
In order to evaluate the discriminant ability of each kind
of selected features in an incremental fashion, we propose
the FIELM method, which can update the model using the
training data with new increased features.
N
arbitrary
distinct
samples
Given
T

T

†

(xi , t i ) ∈ R n × R m , i = 1, 2," , N , where xi is a n ×1

[
]
T
target vector t i = [ t i1 , t i 2 ," , t im ] ,
input vector xi = x i1 , x i 2 ," , x in

T

and t i is a m × 1
according to Eq. (7),

when given an incremental n1 features, i.e. when changing
the feature dimension from n to n ' = n + n1 , the learned
ELM model can be updated as follows:
ȕ1 = H1†T
(8)

ª G ( a1 ', b1 , x '1 ) " G ( a L ', bL , x '1 ) º
«
»
H1 = «
#
%
#
» (9)
«¬G ( a1 ', b1 , x 'N ) " G ( a L , bL , x 'N ) »¼
T
'
'
'
'
'
where xi = ª¬ x i1 , x i 2 ," , x in′ º¼ , al is the weight vector
connecting the input layer to the l th hidden node and bl is

H ( a1 ," ,a L , b1 ," ,b L , x1 ," , x N )
ª G ( a1 , b1 , x1 ) " G ( a L , bL , x1 ) º
«
»
#
%
#
=«
»
«¬G ( a1 , b1 , x N ) " G ( a L , bL , x N ) »¼

†

where H is the Moore–Penrose generalized inverse of
matrix H [22]. Different methods can be used to calculate
the Moore–Penrose generalized inverse of a matrix: the
orthogonal projection method, the orthogonalization method,
the iterative method, and singular value decomposition [23].
The orthogonal projection method [23] can be used in two
T
†
T
−1
T
cases: when Ǿ H is nonsingular and H = ( H H ) H ,

the bias of the l th hidden node.
(5)

(6)

According to [21], the hidden node parameters al and

bl (input weights and biases or centers and impact factors)
of SLFNs do not need to be tuned during training and may
simply be assigned random values. The smallest norm leastsquares solution of the above linear system is:

ȕˆ = Η † T,

(7)

Fig. 3. FIELM Network

As shown in Fig. 3, when the feature dimension is
changed, the bone structure of the network does not change.
Therefore, the number of hidden nodes L , the activation
function g ( x ) : R → R , and the bias bl should not be
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changed. However, since the feature dimension is different
'
from previously, we have to adjust al to al to
accommodate the new feature dimension. To do so, we
propose an input-weight transformation matrix P , and an
'
input-weight supplement vector Q l to generate al by
equation (10):

{a

= al ⋅ P + Q l }

'
l

L

l =1

Step 5. When adding n1 new features, generate the
input-weight transformation matrix P , and the input-weight
supplement vector Q l , l = 1, 2," , L according to rules
mentioned above.
Step
'
vector al

6.

Calculate
the
= al ⋅ P + Ql , l = 1, 2," , L .

weight

'

(10)

Step 7. Use the new weight vector ai to calculate the
model parameter H1 using equation (9).

where

Step 8. Calculate ȕ1 using equation (8).

ª P11 " P1n′ º
P = «« # % # »»
«¬ Pn1 " Pnn′ »¼ n×n′

(11)

Ql = [Q1 " Qn′ ]1×n′

(12)

Matrix P has the following rules:
• Each line has only one ‘1’, and the rest are all ‘0’;
• Each column has one ‘1’ at most, and the rest are all ‘0’;
• If Pij = 1 , it means that after the feature dimension

Step 9. Keep performing Steps 5 to 8 if given new
incremental features.
IV. EXPERIMENTAL ANALYSIS
In this section, we design a study using human subjects to
demonstrate the effectiveness of the proposed coarse-to-fine
feature selection method for SVD detection. Eight SVD
patients (4 women and 4 men) and 12 healthy elderly
subjects (6 women and 6 men) aged 62 to 76 were recruited
for our experiments. The MRI characteristics of the 8 SVD
patients are described in TABLE I. Each subject was asked
to conduct all 17 motor actions in order. The execution time
for each subject ranged from 4.35 minutes to 8.42 minutes.

change, the i th dimension of the original feature vector
has become the j th dimension of the new feature vector.

TABLE I.

THE MRI CHARACTERISTICS OF THE SVD PATIENTS
PARTICIPATING IN OUR RESEARCH

No.

Sex

Age

1
2
3
4
5
6
7
8

F
M
M
M
M
F
F
F

73
74
72
72
69
62
68
66

Ql is used to account for the fact that when the feature
dimension increases, we need to add the corresponding
input weight for the newly added features. Q l has the
following rules:
• If the

new

i th item of ai' is an original feature, the i th item of

Ql is ‘0’.
'

• If the i th item of ai is a new feature, the i th item of

Ql should be generated randomly according to the
distribution of ai .
FIELM can be summarized in the following steps:
Step 1. Determine the model parameters using the
original dataset of N samples, such as the number of hidden
nodes L and the activation function g(x).
Step 2. Randomly assign the values of weight vectors
al and bias scalars bl , l = 1, 2," , L .
Step 3. Calculate the original hidden layer output matrix

H.
†
Step 4. Calculate the initial model parameter ȕˆ = H T .

Fazekas scale
(periventricular
white matter)
3
3
3
3
2
2
3
3

Fazekas scale
(deep white
matter)
3
3
2
3
2
2
2
3

Number of
lacunar
infarcts
1
0
0
3
6
2
0
4

A feature selection experiment was then performed on
the data of the 20 subjects using IRFFS. In our experiment,
the
training
rate
is
set
as
70%,
namely
N r = «¬12 × 70% »¼ + «¬8 × 70% »¼ = 13 ˈand the sampling
times S is set as 1000. Considering there are three types of
features, we set the minimum number of features nmin to 3,
which makes it possible that the final selected feature set
includes at least one feature from each type of features. Fig.
4 shows the average classification accuracy of the built
random forest model at each iteration using the IRFFS
method. As can be observed, for all numbers of trees B , the
classification performance keeps growing at each iteration
until the number of selected features is less than nmin , which
demonstrates that the proposed IRFFS method is effective in
selecting significant features while dropping the redundant
ones. As shown in TABLE II, the classification accuracy is
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improved from 55.17% – 56.97% to 79.26% – 79.63% when
the number of features is reduced from 739 to 5 after 8
iterations. Since the classification performance for the setting
with B =100 is optimal, we choose the feature selection
results from this setting as the final one, and we then obtain
the 5 most significant features. These features are shown in
TABLE III. Through observation, we find that these most
discriminant features include three agility related features as
well as two gait related features. This finding indicates that
agility related features are helpful for SVD detection, and
that fusing gait and agility related motor pattern features may
have great potential for building a high-accuracy detection
model.

TABLE III.

THE FIVE MOST DISCRIMINANT FEATURES FOR SVD
DETECTION, SELECTED BY THE IRFFS METHOD WITH B=100

Feature type
Agility
related
feature
Agility
related
feature
Agility
related
feature
Gait related
feature
Gait related
feature

Motor action

Feature extracted
Standard deviation of the moving
velocity while pointing the nose
using the right forefinger
Mean of the tapping velocity
while picking up the entire right
leg

Finger nose test
Tapping heel on
the ground in
rapid succession
Rapid
alternating
movements of
the hand
3-meter walk
test and turning
180°
3-meter walk
test and turning
180°

Mean of the pronation velocity of
the right hand
Mean of the sagittal-angular
excursions of the left hip at right
foot contact
Standard deviation of the coronalangular excursions of the left hip
at right foot contact

TABLE IV.

THE SVD DETECTION PERFORMANCES OF SVM AND ELM
BASED ON FIVE FEATURES SELECTED BY DIFFERENT FEATURE SELECTION
METHODS
Feature selection method
CfsSubsetEval
CorrelationAttributeEval
GainRatioAttributeEval
InfoGainAttributeEval
OneRAttributeEval
ReliefFAttributeEval
SymmetricalUncertAttributeEval

Fig. 4. The average classification accuracy of the random forest model at
each iteration using the IRFFS method.

TABLE II.
THE AVERAGE CLASSIFICATION ACCURACY OF THE
RANDOM FOREST MODEL AT EACH ITERATION USING THE IRFFS METHOD
Number
of
Features

B= 5

B=30

B=60

B=100

B=200

B=300

739
369
184
92
46
23
11
5

56.39%
59.79%
64.30%
68.10%
71.27%
74.17%
77.14%
79.60%

56.34%
60.84%
63.97%
68.84%
70.76%
74.97%
78.39%
79.56%

56.97%
60.61%
64.07%
67.93%
71.90%
75.34%
77.67%
79.61%

55.84%
60.60%
64.11%
67.69%
71.27%
75.46%
76.80%
79.63%

55.90%
59.71%
64.00%
68.27%
71.11%
74.76%
77.17%
79.51%

55.17%
59.43%
65.27%
68.07%
71.30%
74.67%
77.93%
79.26%

We then compare the effectiveness of the IRFFS method
with 7 other feature selection methods provided in Weka [4]
through a classification test using both SVM [24] and ELM.
As was the case for the feature selection experiment, we
randomly select 70% of the samples for training and 30% of
the samples for testing and repeat this sampling 1000 times.
We use the LIBSVM tools [25] for SVM classification. For
ELM, we use the implementation from [21]. In our
experiments, the cost parameter of SVM is set as 3 and other
parameters are set as the default ones. For ELM, the number
of hidden nodes L is set as 1000, while the activation
function g(x) is set as the sigmoid function. As shown in
TABLE IV, the SVD detection accuracy of both SVM and
ELM based on five features selected by the IRFFS method is

IRFFS( B

=100)

SVM
85.73%
90.67%
87.79%
86.74%
87.36%
89.01%
86.74%
90.79%

ELM
86.85%
90.66%
88.60%
85.56%
88.65%
88.33%
85.49%
91.43%

better than that based on five features selected by the other
feature selection methods, which demonstrates that the
IRFFS method is more efficient in selecting the most
significant features for accurate SVD detection from smallsampling data with high-dimensionality features.
After that, we check the discriminant ability of each
kind of selected features using FIELM. Since there are two
kinds of features, we train FIELM in two feature incremental
types: 1) add agility related features on top of gait related
features, and 2) add gait related features on top of agility
related features. TABLE V shows the SVD detection
performances of FIELM. As can be seen, both the selected
gait related features and agility related features are
significant for distinguishing SVD patients from healthy
elderly persons because the average classification accuracy
of 1000 tests using only gait related features and agility
related features can reach 84.34% and 80.64% respectively.
The results also indicate that the fine motor pattern features
of upper and lower limbs and gait pattern features have
different importance for high-accuracy SVD detection.
Specifically, no healthy elderly person is wrongly classified
as an SVD patient using the gait related features (the average
false positive (FP) rate of 1000 tests based on gait related
features is 0%). On the other hand, agility related features are
more effective in reducing the probability of misclassifying
SVD patients as healthy elderly persons, since the average
true positive (TP) rate of 1000 tests using agility related
features is higher than that based on gait related features.
Furthermore, it can be noticed that the average classification
accuracy increases by 7.1% and 10.78% when adding the
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agility related features and the gait related features
respectively, which demonstrates for the first time that fusing
gait and agility related motor pattern features is helpful for
building a more accurate SVD detection model. In the first
feature incremental type, the average classification accuracy
of 1000 tests using 5 fusion features reaches 91.44%. This
experimental result verifies that through combining gait and
agility related features, SVD can be accurately detected.

[4]

[5]

[6]

[7]
THE SVD DETECTION PERFORMANCE OF FIELM BASED ON
FEATURES SELECTED BY THE IRFFS METHOD WITH B=100

TABLE V.

Feature incremental types
Add agility
related features
on top of gait
related features

Add gait related
features on top
of agility related
features

Gait related
features
Gait related
features
+Agility related
features
Agility related
features
Agility related
features
+Gait related
features

[8]

Classification
accuracy

TP
rate

FP
rate

84.34%

63.45%

0.00%

91.44%

87.29%

5.45%

[10]

80.64%

65.83%

8.25%

[11]

91.42%

87.27%

5.48%

[9]

[12]

V. CONCLUSION
This work presents an experimental investigation on
significant motor pattern features for accurate detection of
SVD. An effective coarse-to-fine feature selection method,
which combines the IRFFS method and the FIELM model,
is put forward to discover the most significant features from
a high dimensional feature set of small-sampling data.
Experimental results demonstrate that the proposed method
performs well in selecting discriminant features for highaccuracy SVD detection. Furthermore, it also verifies that on
top of gait and balance related features, agility related
features are also useful to build a high-quality SVD
classification model. In the future, we plan to conduct
experiments on a larger population to validate the reliability
of our findings.
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