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Abstract: To improve the effect of walking-assistive devices, there is a need for it to develop devices controlled by 
spontaneous intention of patients. In recent study, we identified spontaneous motion intention of walking step based 
on cerebral hemoglobin information. Twenty healthy subjects performed walking tasks in three levels of step size 
(small, normal and large). According to distribution features of signals' power spectral-density, six frequency bands 
(0-0.18Hz with an interval of 0.03Hz for each band width) divided by applying wavelet packets decomposition were 
mainly analyzed. Feature vectors were extracted from the difference between oxygenated hemoglobin (oxyHb) and 
deoxygenated hemoglobin (dexoyHb) in different measuring channels in the six frequency bands. Support vector 
machine (SVM) method was utilized to classify the three levels of step sizes. Mean recognition accuracy achieved up 
to 83.3%. The result indicated that it is possible to identify spontaneous walking by using cerebral hemoglobin 
information. This is helpful for enhancing the intelligence of walking-assistive devices and motivating the active 
control of patients, which further is profitable for enhancing self-confidence of patients. 

1. Introduction 
A variety of accidents, injuries and diseases make many 
people disabled. And the aging of population results in 
many people unable to walk. So it is necessary and 
meaningful to develop walking-assistive devices for the 
elderly or disabled people. At the same time, walking-
assistive devices have been becoming more and more 
intelligent with the development of measuring technique 
and pattern recognition. What we need is not a robot 
which has flexible commands controlled by buttons, 
voice and so on. Assistive robots are further expected to 
achieve different functions based on the spontaneous 
intention of patients. 

Among the various brain-signal acquisition methods 
(fNIRS[1, 2], EEG [3, 4], MRI [5, 6], EMG [7], etc.), 
functional near-infrared spectroscopy (fNIRS) is 
portable, quiet, accurate and not too sensitive to the 
motion of objects. fNIRS measures oxygenated 
hemoglobin (oxyHb) and deoxygenated hemoglobin 
(dexoyHb) concentration changes by shining near-
infrared light into the head (with three wavelengths of 
780nm, 805nm, and 830nm) and measuring the 
diffusively reflected light changes that originate from 
physiological changes in the skin and cortex [8]. 
Compared to EEG and MEG, fNIRS technology has a 
better spatial resolution. So it guarantees the accuracy of 

different measuring channels. At the same time, fNIRS 
technology has a better time sampling rate than MRI. 
Therefore, it can detect complete physiological signal, 
which is helpful for removing noise interference [9]. In 
addition, it can also realize real-time measurement. 
Currently, fNIRS technology has been widely used in 
disease monitoring [10], cognitive research [11], and 
brain activity imaging [12, 13]. Previous studies have 
also explored the functional neural correlates of gait 
during dynamic tasks [14]. In sum, fNIRS is suitable for 
the study of identifying walking step. However, regions 
were often used to identify step size in previous studies 
[15]. At the same time, the motion of walking was 
mostly unnatural and not controlled by spontaneous 
intention [16]. These factors were not advantageous for 
the study of step size. 

Our project proposed a method to identify walking 
step by using fNIRS technology. All the motions during 
the experiments were controlled by spontaneous 
intention. In the present work, the fNIRS signals in 22 
channels were studied to seek for appropriate features. 
Wavelet packets decomposition and SVM were used to 
identify different step size. It is expected that the 
identified walking step could be applied in controlling 
walking-assistive devices.  
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2. Material and Methods 

2.1Subjects 

A total of twenty healthy subjects (21±1years old, 17 
male and 3 female) participated in our experiment. None 
of them had a history of any psychiatric or neurological 
disorder. The experimental procedure was explained to 
all of them in detail before they provided their verbal 
informed consent. 

2.2 Signal Acquisition  

2.2.1 Measuring Instrument  

 

Figureure.1 Experimental diagram 

 

Figure.2 Diagram of measurement channels 

 

Figure.3 The procedure of first group’s experiment. The 
sequence of the first group was small, normal and large step 
size, while the sequence of the second group was large, normal 
and small step size. 

In this study, a FORIE-3000 optical topography system 
(Shimadzu Corporation, Kyoto, Japan) [17] was used to 
measure concentration changes of oxygenated 
hemoglobin, deoxygenated hemoglobin, and total 
hemoglobin (totalHb) (Figure. 1). The raw fNIRS 
signals were acquired at a sampling period of 0.13s. 

2.2.2 Optode Arrangement 

One set of 3×5 parietal flash holder was applied to fix 
emitters and detectors. The arrangement of optodes are 
shown in the Figure. 2. The number of measurement 
channels was 22. The measured regions included 
prefrontal cortex(PFCL: channels 1, 3, 4, 6 in the left 
hemisphere; PFCR: channels 2, 4, 5, 7 in the right 
hemisphere), premotor cortices(PMCL: channels 13, 18 
in the left hemisphere; PMCR: channels 15, 20 in the 
right hemisphere), supplementary motor areas(SMAL: 
channels 14, 16, 19, 21 in the left hemisphere; SMAR: 
channels 14, 17, 19, 22 in the right hemisphere), frontal 
eye field (FECL: channels 8, 9, 11 in the left hemisphere; 
FECR: channels 9, 10, 12 in the right hemisphere). 
These areas have been confirmed to play an important 
role on regulating of walking [18]. 

2.3 Experimental Procedure 

To eliminate the effects of experimental sequence, 
twenty participants were classified into two groups. The 
two groups were asked to perform experiments in a 
reverse motion sequence. The first group performed the 
walking tasks with a small, normal and large step size, 
while the second group performed the task with large, 
normal and small step size. In order to avoid the 
influence of dandruff, all the subjects were asked to 
wash hair one day before the experiment. During the 
experiment, all the motions were controlled by the 
subjects themselves without any implication or 
stimulation. That is, the start and the period of each task, 
as well as the period of each rest were all controlled by 
themselves. Cerebral hemoglobin information 
corresponding with spontaneous intention is preferable 
for enhancing application value of identification results.  

The detailed procedure is shown in Figure. 3. 
Subjects were asked to walk in a fixed distance.  The 
rest time was about 30s and each level of step size was 
repeated twice. The marks of the start and end of one 
task were signed by an experiment operator. Before the 
experiment, all the tasks and rest were performed twice 
by the subjects to acquaint themselves with the tasks. 
During the experiment, they were asked to rest enough 
without any counting. 

3. Results 
In the first time of walking, there was some kind of 
nervous for the most subjects. Therefore, only the tasks 
performed in the second time were analyzed. 18 subjects 
(9 subjects of the first group and 9 subjects of the second 
group) were used to select features. And the two other 
subjects were used to verify. In our study, the difference 
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between oxyHb and deoxyHb was mainly analyzed as 
the following steps. 

3.1 Data Preprocessing  

3.1.1 Power Spectrum Density 

As the frequency band showed, the main power was 
distributed below 0.18Hz. So the raw signals were firstly 
low-pass filtered at 0.18Hz to eliminate the effects of all 
kinds of noises. To confirm the correct division of 
wavelet packets decomposition, we analyzed the peak 
and valley values of power spectrum density. As shown 
in Figure. 4, the interval between the peak and valley 
values was around 0.03Hz. Therefore, as for the 
following wavelet packets decomposition, frequency 
band was divided into six parts (0-0.03Hz, 0.03-0.06Hz, 
0.06Hz-0.09Hz, 0.09-0.12Hz, 0.12Hz-0.15Hz, 0.15Hz- 
0.18Hz). 

3.1.2 Wavelet Packets Decomposition  

 

Figure.4 The peak values and valley values of power spectrum 
density. The green lines represent the peak values and the 
black lines denote the valley values. Frequency ranges of the 
peak or valley value observed from different subjects are 
shown on the vertical axis. And the three levels of walking step 
are shown on the horizontal axis. 

 

Figure.5 Line chart of different channels in the three time 
periods. CWP: Coefficient of wavelet packet reconstruction. 
T1: The means of the 8 points before the start marks. T2: The 
means of the 8 points after the start marks. T3: The means of 
the 9th-16th points after the start marks. Different colors 
represented 22 channels. 

 

Figure.6 The results of statistical analysis. The red regions 
represent the values in the channels and frequency bands 
belonging to the top 30%, and the blue regions represent the 
bottom 30%. 

First, 300 sampling points were truncated (180 
sampling points before the start marks and 120 sampling 
points after the start marks) for the tasks in each step 
size. Second, the 300 sampling points subtracted their 
average value so as to reduce the effect of direct 
component. Third, the data was decomposed and 
reconstructed by 7-dimension wavelet packet algorithm 
[19-22]. If so, each frequency band was 0.03Hz 
corresponding with the result of power spectrum density. 

3.2 Feature Extraction 

24 sampling points which show the best information of 
movement were further selected. The means of the 8 
points before the start marks were recorded as T1; the 
means of the 8 points after the start marks were recorded 
as T2 and the means of the 9th-16th points after the start 
marks were recorded as T3. After that, means of the 
subjects calculated for T1, T2, and T3. In order to reduce 
the influence of individual difference in the two groups, 
the averages of the two groups were calculated 
respectively. Then, common features were selected 
based on the results of the two groups. 

As for the measured 22 channels, each channel has 
three mean values of T1, T2, and T3 in each frequency 
band, and there were six frequency bands. Analyses 
were performed in both the time domain and frequency 
domain. As for the time domain, signal variation 
following as time (T1, T2, and T3) was observed for six 
frequency band. One of six frequency bands was taken 
for example in Figure. 5. If the values in one channel 
were distinctly larger or smaller than those in the other 
channels, or the values in one channel were obviously 
changed, the channel was selected as an important one. 
As for the frequency domain, information difference 
among the frequency bands was observed for each time 
period (T1, T2 and T3). It was the most obvious in T3. 

To guarantee the correctness and universality of 
feature vectors, statistics method was applied to seek for 
important channels and frequency bands. For the values 
in the 22 channels in the 6 frequency bands, if the value 
in some channel and frequency band was the top or 
bottom 30 percent, and the same conclusion was 
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obtained for 78% (14 subjects) of the 18 subjects, the 
corresponding channel in that frequency band was 
selected as one feature vector. One level of step size was 
taken as an example in Figure. 6. 

3.3 Identification of Step Size 

Since the features were much more obvious in T3 than 
those in T1 and T2. Thereby, the features in T3 were 
applied. Combining the features in the time domain and 
frequency domain, all the feature vectors were listed in 
Table 1. Finally these feature vectors were used to 
classify three levels of walking step by SVM [23]. Most 
features were concentrated in the regions of PMC and 
SMA. It suggested that the regions of SMA and PMC 
had a huge impact on controlling step size.  

For SVM, among the 18 subjects whose data were 
used to extract features, 14 subjects' data were adopted 
as training set. Two subjects whose features were not 
obvious were removed. The data of the rest two subjects 
and two other subjects who were not used for feature 
extraction were used to verify the algorithm. Each 
subject performed three levels of step size. A 
classification accuracy of 83.3% was achieved. 

Tabel 1. Features Vectors Used For Identifying Step Size 

Frequency Channels(T3) 

0-0.03Hz 16 

0.03-0.06Hz 12,13 

0.06-0.09Hz 1,11 

0.09-0.12Hz 19 

0.12-0.15Hz 8,14,15,17,18 

0.15-0.18Hz 17,18,20,21 
 

4. Conclusion 
The present study demonstrated a new method to 
classify three levels of walking step, which was 
controlled by the subjects' spontaneous intention. And 
the classification accuracy of 83.3% was achieved. 
Spontaneous motion intentions are important in the 
control of walking-assistive devices. The proposed 
method had brighter prospects for realizing the 
intelligent control of walking assistive robots. 

However, our study still had some limitations to 
solve before being applied in actual. First, the feature 
vectors were obtained in the time period of T3. Though 
the highest classification accuracy was achieved in T3, it 
resulted in a time delay of about 2s for classification. 
Much more appropriate features should be found before 
the start of movement. In the following researches, we 
will try to apply the rate of cerebral hemoglobin change 
as features to eliminate the delay.  The improvements of 
wavelet algorithm which are suitable for real-time 
application would also be considered. Further 

experiments and analyses would be performed on more 
subjects.  

Moreover, current data was obtained from healthy 
subjects rather than paraplegics. However, our study is 
designed to be applied in paraplegics. Though their 
brains are normal, more and more patients would be 
analyzed in the near future. 
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