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The footstep classification using continuous DP matching and threshold
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Abstract—Human footsteps include various character-

istics determined by the gait, the footwear and the floor. Table 1: Recording enviranment

In these years, the personal identification using footstep Cocation A passage in
has been investigated. The footstep identification method Aichi Prefectural University
based on continuous dynamic programing (DP) matching Subject 15 students
and short term Fourier transform (STFT) is proposed[1]. Footwear A pair of slippers
The conventional method shows the recognition rate of Number of Ten fimes per subject
95.1% for 10 subjects, however, all the footstep is classi- trials
fied as the registered footstep. This means that the non .
~ Sampling frequency 44100Hz

registered subject, whose footsteps not used as the refer
ence data, is recognized as one of the reference data.
In this paper, we propose the footstep classification using

a continuous DP matching and threshold to reject a NoR;4¢ching, searches a similar pattern to the reference pat-
registered pedestrian. tern from the input pattern. Therefore, the footstep identi-
fication using continuous DP matching does not need the
1. Introduction starting time of footstep. Nomura[1] proposed a footstep
o ] identification scheme based on DP matching and STFT.
Characteristics of human footsteps are determined by th, oshi[10] reported the footstep classification with Gaus-
gait, the footwear and the floor environment. If personaljzn mixture models. However, the conventional approach
characteristics and a walking state can be extracted fro@, not reject the others whose footsteps are not adopted
footsteps correctly, footsteps will lead to the creation ofs reference data. In this paper, we propose the footstep

more powerful security systems such as enhanced vidgpyssification using the DP matching and thresholding.
surveillance systems and biometric systems that will com-

bine footstep analysis with fingerprinting and vein recog-
nition. Moreover, by analyzing the fiierence of right- 2. Recording Condition
and-left footsteps and walking manner, it may be possi-
ble to create remote medical systems for continuous healthThe measurement conditions used throughout this paper
checking. are described here. We measure footstep amplitude val-
In the field of indoor environmental sound analysisues at the passage in an indoor environment. The record-
some useful results are reported for a footstep baséuy conditions for the 15 subjects are shown in Table 1.
surveillance system. Tanaka[2] and Bin[3] presented fooExaminees walk along the indoor passage in Aichi prefec-
step detection from various environmental sounds. Howtural university for ten times wearing the specified slippers.
ever these researches did not focus on a personal iderEpotsteps are captured by a microphone (ONO SOKKI LA-
fication. Shoji[4][5] proposed a feature extraction tech5120, frequency range: 20-12500Hz) and collected by a
nigue that uses mel-cepstrum analysis, the footstep intememputer for sampling at 44.1 kHz. The recording environ-
vals, and the degree of similarity of the spectrum envement is shown in Fig. 1. Subjects walk along a 5m track
lope for footstep classification. Itai[6],[7] used psychotowards the microphone; this distance is chosen to yield
acoustics parameters and wavelet to represent a featurenatural footsteps and to avoid tiring the subject. In this
footstep, respectively. These techniques requires the stgsiper, 15 subjects perform only 10 measurement sessions.
ing time of footstep to extract the feature parameter. DExamples of footstep waveform thus recorded over 3 sec-
matching[8][9] is basic technigue in speech recognition tonds are shown in Fig. 2. The vertical axis shows an am-
normalize the raw data in terms of time, moreover it caplitude, the horizontal axis indicates a time (seconds). The
absorb fluctuation in data duration. Furthermore, contirfootstep includes large spikes at 0.5 second interval. Those
uous DP matching, which is the extended method of DBpikes indicate an impact sound of the footwear against a
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Figure 3: Example of footstep spectrogram
05¢ 1 3.2. Similarity of Spectrograms
o The spectrogram of the footstep data is generated by
2 STFT. As shown in (1), the spectrografnis represented
E as a two dimensional matrix.
al,l e al,i e al,l
-0.5
A=| ass ag arl |- (1)
o 05 1 15 2 25 3 : : :
Time[sec] aQr1 -+ Arj - ap

The columns indicate the time indéxwhile the rows rep-
resent the frequency index An example of footstep spec-
trogram is shown in Fig.3.

floor. From the conventional research, it is known that the In Fig.3, the vertical axis represents a frequency, the hor-
fricative sound between a floor and footwear is includetzontal axis is a time (seconds). A spectrum similarity of
after the impact sound. In addition, some footsteps form@ach frame is calculated using the cosine distanieth
non-stationary waveform with a spike and high frequencffame spectrum of input datd; and j-th frame spectrum

Figure 2: Example of footstep waveform

signals. of reference dat8; are given by:

3. Recognition Method ! [ 1= f F ] @
- Bj = [bl by, - by - bF]- (3)

3.1. Method for Speech Recognition l<i<l1<j<J)

In a speech recognition, if two people speak the same ) )
word, the duration of their phonemes wilkkir. DP match- | € cosine distance between frequency compon&risd

ing can expand or contract the time axis (dynamic tim&i IS given as follows:

warping), and absorb the temporal fluctuations in the raw IAl- IBi|
data. A simple recognition technique based on DP match- D(i, j) SR (4)
ing calculates the correlation of spectrum patterns of the \/ZLI a% \/Zle b’fl

input and the reference pattern. This method focuses on

the time change in the frequency components in the speeathere| Aj| is an array such that each element is the absolute
signal. We note that the impact and fricative sounds imalue of the corresponding elementAf, - indicates inner
footsteps exhibit nonlinear changes in time domain. Iproduct. If (4) is calculated for all combinations @f), D

this paper, we employ a cosine distance and a continuoissexpressed by a two-dimensional array which is the sim-
DP matching to calculate the similarity of footstep spectrodarities between the frequency componentsiof)( The
grams. cosine distance represents correlation using a scalar value
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,,,,,,,,,,,,,,,,,,,,,,,,, Table 2: Classification parameters

S|  Slope constraints Window length of STFT 46.4 msec
g @ Shift width of window 23.2 msec
°Cd Reference data 1 of 10 walking footstep
o for 10 subjects
© Length of reference data 1.6 sec
/] i

input pattern
The similarity of input and reference spectrograms is cal-
_ ) ) culated by the above method. The Table 2 lists the parame-
Figure 4: Continuous DP matching ters for feature extraction and classification. The length of
clipped reference data is 1.6 seconds, the length of STFT
from -1 to 1. When the cosine distance is close to 1, the}deOW 1S 46'4. msec (2048 samp_les), the shift width of
. : FT window is a half of STFT window. These param-
is a strong correlation between the two frequency compag-, : . -
nents. eters yleld the better detection ratio in [1]. The reference
data clipped from recorded footstep data includes the foot-
. , step of three steps. On the other hand, input data is the
3.3. Continuous DP Matching raw recorded data during 5m track. To evaluate the rejec-
In the conventional method, the starting time of footstefion performance, footsteps of 10 subjects are adopted as
is required to calculate the feature parameters. Howeverfgférence data (registered subjects). Other 5 subjects are
continuous DP matching does not use the starting time € non-registered subjects. The one of 10 footstep data for
the recognition process. This paper employs a continuoﬂ%g'Stered subjects is clipped and used as reference_data.
DP matching to calculate the similarity between two walk NiS means that the footstep of 5 non-registered subjects
ing footsteps. The cumulative distance between input arff€ not classified to any reference data. The recognition
reference data is calculated to evaluate the similarity. ~ Process consists of two steps:
Consider the 2D plane shown in Fig. 4. The discrete ) .
points in Fig. 4 are indexed by the time series. All grid! N candidate detection
points represent a distance betwédi) andB(j). The ba- The cumulative distances between one input data and all
sis problem of DP matching is to find the shortest path fromeference data are calculated using continuous DP match-
node (1, 1) to (I, J). In continuous DP matching, the partighg. The input data is classified as the reference data which
interval of the input pattern is matched to the reference pajields the minimum cumulative distance. This classifica-
tern with shifting one frame. Assuming that the distanc@on result is used as the candidate.
betweerith frame in the input pattern andh frame in the
reference pattern id(i, j) , the cumulative distancg(i, j)  The rejection using threshold

's defined as following equation: If the the cumulative distance of the candidate is greater

gi—2,j—1)+2d( - 1, j) +d(, ) than threshold’, the input footstep is rejected. This means
gGi, ) = min| o(i - l’j — 1)+ 2d(i, j) ’ ’ (5) the input data is recognized as the non-registered subject.
’ q(i - 1’1- ~2)+ 2d(i’ i —1)+dG j) ' In the case of the cumulative distance is less tharthe

input data is classified as the subject of candidate footstep.

The cosine distanc is calculated by using a continuous!n this approach, the small yields the excessive rejection

DP matching. However, * D is applied to each grid in for registered footsteps.

order to calculate the minimum cumulative distance using

DP matching since DP matching employs the minimiza-

tion problem. The MATLAB source developed by Dang 2  Recognition Result

Ellis(Columbia University)[8] is used to calculate cosine

distance and realize a continuous DP matching. The performance of proposed method is evaluated by us-

ing the recognition and rejection ratio. The recognition ra-

tio is defined as the ratio between “the number of correctly

classified footsteps for registered subjects” and “the num-

ber of footsteps for registered subjects”. The rejection ratio

is the ratio between “the number of correctly rejected foot-
The personal footstep identification using continuous DBteps for non-registered subjects” and “the number of foot-

matching and threshold is introduced here. steps for non-registered subjects”. Note that the recogni-

4. Proposed Method

4.1. Footstep Classification
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rejected by using threshold. The proposed method also in-
dicates the possibility that the environmental abrupt sound,
i.e. claps and knocking, can be rejected without the prepro-
cessing and classification. Future tasks include examining

Ratio [%]

(1]

| | —&—Recognition ratio | X 1
30 e . Xx
= X - Rejection ratio ‘X'ﬂ‘ [2]
20 - ; - v .
29 295 30 30.5 31 315 32
Threshold T

Figure 5: Recognition and rejection ratio

(3]

tion and rejection ratio indicate the detection and rejection
accuracy for registered and non-registered subjects, respef4]
tively. These ratios are calculated using the leave-one-out
approach. Recognition results are shown in Fig.5. The ver-
tical axis represents the ratio, the horizontal axis indicates[5
the threshold for cumulative distance. The solid and bro- ]
ken line show the recognition and rejection ratio, respec-
tively. T is a scalar value from 29 to 32 at 0.1 interval.

From Fig.5, the recognition rate increases with thresh-
old. On the other hand, the rejection ratio is decreased Wit%]
increasing the threshold. When we focus on the ratios in
T = 305, the recognition and rejection ratio is 90%. In
addition,T = 30.1 performed the perfectly rejection while
the recognition ratio is 87%. These results indicate that the
threshold approach successfully rejects the non-registerekd]
subject.

Nomura shows that a continuous DP matching and a
short term Fourier transform yields the accuracy of 95.1%
by using the footstep of 1.6 second[1]. In the case of[8]
T = 301, the recognition ratio of our result is 8% less
than the conventional research. However, the proposefg]
method achieved the rejection of non-registered subjects
whose footsteps are not prepared as reference data.

[10]

5. Conclusion

This paper proposed the footstep classification scheme
that uses continuous DP matching and thresholding. The
similarity of input and reference footstep is calculated by
using a cosine distance of footstep spectra. Experimental
results show that the recognition and rejection ratio for 15
subjects exceeds 90% when the threshblig 30.5. The
completely rejection of non-registered subjects is achieved
by T = 30.1. This result shows that the continuous DP
matching and thresholding approachfi&etive to the foot-
step classification. In addition, non-registered subjects
whose footstep is not used for reference data is correctly
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various walking speeds and realizing recognition system.
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