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rates above 80% are achieved when identifying one out of
30-36 subjects [9,10,14,15]. Most approaches segment the
continuous data into single strides, and calculate the similarity
between the test sample and the training templates, assembled
in the gait gallery. Only a few approaches avoid segmentation
into single strides, e.g., [9, 16]. The closest match between a
test gait cycle and a template in the gait gallery is found by a
similarity score applied to pre-processed measures of the IMU
[4] or dynamic time warping [5,7]. Descriptive statistics of
each gait cycle are calculated as features in [17] and a decision
tree or neural network is used for classification. [10] calculates
the correlation between the test cycle and the template
separately for the left and the right step [10]. They segment the
data into single steps, but do not recognize whether it is a left
or right step. During classification, they correlate the
templates of the left and the right step with both steps of the
test cycle. The maximum correlation describes the closeness
to a template of the gallery. However, they do not consider the
correlation between the left step and the right step of the same
stride. We investigate whether the asymmetry in walking can
be used to identify a person. Therefore, we introduce a feature
which correlates the measures of the left step with the
measures of the right step of the same stride.
Related work investigates the following conditions which
may affect recognition accuracy: different footwear [30],
walking over several days [5,15], and carrying a backpack [8].
Different sensor placement between the trials is included
when recording over several days [5,11,15] or is considered
explicitly for recording in one session [8]. This aspect is of
importance because small variations in the position of the
sensor on the body cannot be avoided. We also include slight
variations of the sensor placement when recording our dataset.
Furthermore, we investigate the robustness of identification
against variations in speed. [11] includes slow, normal, and
fast gait cycles into the gait gallery and report an equal error
ratio of 7%. We further investigate the impact of speed when
slow or fast walking is not included in the training data and
how the symmetry-based approach is influenced by speed
changes. Furthermore, walking on a curved route versus
straight walking has not yet been considered when recording
gait data with IMU. Walking on a curved route is a great
challenge for computer vision, because the perspective
changes. Considering this aspect, motion capture with IMUs is
preferable. We investigate to what extent an identification
approach developed for straight walking can be transferred to
walking on a curved route without further modifying the
method.
III. SEGMENTATION
In order to realize online recognition and increase the
number of gait samples, an auto-segmentation process is
necessary. Segmentation is the process of extracting the
temporal extents of single strides from continuous time series
data of gait. In this paper, we are aiming for a computationally
light segmentation method to detect a single stride based only
on the sensor at the belt.
A. Significant dimension for segmentation
First, we analyzed single stride hip movement waveforms
of 20 subjects during normal gait and concluded that they
share the same significant features. One participant¶V VLQJOH
stride data of an IMU attached to the pelvis (forward centered)
978-1-4799-0509-6/13/$31.00 ©2013 IEEE

are extracted manually and spectral analysis results are shown
in Fig.2 as an example. The z-axis is the axis of forward
direction of movement and this direction can be automatically
determined in the case of arbitrary sensor orientation. As can
be seen in Fig. 2, the angular velocity about the z-axis,
CUNKí :P; has less noise than the other components.
Furthermore, CUNKí :P; has two principal frequencies which
are shown as two positive peaks, the smaller one (around
1.5Hz) represents the frequency of a single stride and the
larger one (around 3Hz) represents the frequency of single
steps. We can observe that the waveform of a single stride of
CUNKí :P; has more obvious features than other degrees of
freedom, even after using a Butterworth low pass filter (3Hz).
Therefore, the rotational speed CUNKí :P; from the sensor on
the pelvis is chosen as the significant dimension for
segmentation.

Figure 2. Frequency analysis and waveform of single strides of a
participant.

B. Feature based segmentation
To enlarge the feature of CUNKí :P; of pelvis, equation (1)
is applied after CUNKí :P; is filtered. The results of this
transformation for one participant are shown in Fig.3.
Furthermore, to make the segment point easy to detect, we can
approximately regard the waveform shown in Fig.4 as the
feature (:P; of a single stride.
One gait cycle begins with the heel contact with one foot
and ends with the heel contract of the same foot. In this paper,
we use the right foot. The gait cycle can also be divided into
two phases, the stance phase and the swing phase. The cycle
samples of the hip in Fig.3 are manually extracted based on the
ground truth of the right heel contacting the ground. Thus in
Fig.4, the first negative peak P1 represents the beginning of
the stance phase of the right foot with the heel contact of the
221
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V. TRAINING AND CLASSIFICATION
In order to test if the proposed asymmetry-based features
work for human identification, a simple classifier is used. In
this paper, a simple Bayes based Gaussian classifier is used
for training and classification. Compared to using Hidden
Markov Models for gait recognition, our approach is
computionally lighter, hence, faster. To hold all features, all
the componants of IÜ are used for computation without any
dimensionality reduction. According to Bayes rule, the class
Y to be identified from the maximum posterior probability of
Y given by the test data X can be transformed from (3) to (4).
Y(X)=argmaxP:; :;

(3)

Y(X)= argmax [P:: ;;P(;)]

(4)

To ensure that the prior probability is uniform, one sample
is left out from every labeled class in the same order during
leave-one-out cross validation. Therefore, (4) can be
simplified to (5) and (6). (E =1~total number of classes).
Y(X)= argmax [P:: ;Ü ;]

(5)

2:: ;Ü ; L )=QOOE=J::á äÜ á êÜ ;

(6)

VI. EXPERIMENT
To validate the proposed approach, a human gait database
was collected. This experiment was conducted at the
University of Waterloo. 20 participants (12 males and 8
females) were asked to walk on a straight route and two
different curved routes, while wearing IMUs. 3DUWLFLSDQWV¶
demographic information is summarized in Table I. The
experiment was approved by the University of Waterloo
Research Ethics Board, and signed consent was obtained from
all participants.

participant. Considering the fact that walking speed is related
to the personality of the individual, we did not give any
H[SOLFLW JXLGHOLQHV RQ KRZ IDVW LV µIDVW DQG KRZ VORZ LV VORZ
and thus the speed of the gait is based on the individual.
Additionally, before each round the placement of the IMU on
the trunk was altered by asking the participant to move the belt,
in order to exclude the possibility that persons are identified
based on the sensor placement.
B. Curved route
Candidates were asked to walk both clockwise and
counter-clockwise on circles of two different sizes. One is a
bigger circle (r=3.7m) and the other a smaller circle (r=1.7m).
Thus in total 4 trials of curved route walking were recorded
per candidate.
In summary, there are 30 trials per subject under the
condition of straight route walking and 4 trials per subject
under the condition of curved route walking. 5 continuous
single strides were extracted from the middle of each trial via
the segmentation algorithm described in Section II; the
number of samples that can be used for validation is shown in
Table II. Since we only use the data recorded by the unit
attached on the pelvis, 6-dimensional time series data
consisting of the 3 dimensions of linear velocity and 3
dimensions of acceleration are contained in each sample.
Hence, in equation (2), MÜ >G? Ð : .
TABLE II.

SUMMARY OF THE NUMBER OF SAMPLES PER SUBJECT.
straight

Route
Condition

normal

slow

fast

Trial

10

10

10

Stride

50

50

50

150

Total
TABLE I.

PARTICIPANTS¶ DEMOGRAPHIC INFORMATION.
Age

Height[cm]

Route

Weight[kg]

Small counter

small counter

Ä

27

172

73

Trial

1

Ë

4.84

10.62

9.37

Stride

5

5

In this experiment, the sampling frequency was set to
128Hz. Three IMUs were used in this experiment. One is
attached to the pelvis (forward centered); this sensor was used
for both single stride segmentation and human identification,
the second is attached to the right ankle and only used to
provide the ground truth for the validation of single stride
segmentation during walking, since the z-component of
acceleration shows a spike due to impact when the right foot
contacts the ground. The third sensor is attached to the thorax
but it was not used in this paper.
A. Straight route
10 rounds of walking on a straight route (approximately
12m distance) at different speeds were collected from each
participant: normal, slow and fast. Participants were asked to
walk in the order of normal, slow, fast in each round, wearing
the 3 IMUs. Thus in total 30 trials were recorded from each
978-1-4799-0509-6/13/$31.00 ©2013 IEEE

big
clockwise
1

5

5

20

Total

The data collection was carried out with the Shimmer IMU,
a small wearable wireless inertial measurement sensor device
[24]. It collects linear acceleration and angular velocity and
transmits this information via Bluetooth to a nearby computer.

curved
small
big
clockwise
counter
1
1

VII. EXPERIMENTAL RESULTS AND VALIDATION
When the feature based segmentation algorithm is applied
to our database, the thresholds set in the feature-based
segmentation algorithm are the same for every speed and
participant. The feature based segmentation algorithm is
applied to all trials collected in our experiment and the
parameter values used are shown in Table III. The
segmentation results from Participant 1 (P1) are shown in
Fig.5 as an example. The red lines are the ground truth
obtained from the unit attached at the ankle, and the black
lines are the segment points obtained from the feature based
algorithm described above.
TABLE III.

THRESHOLD USED IN SEGMETATION.

Threshold

T1

T2

T3

T4

M1

Value

75

10

230

320

-30

Threshold

M2

M3

M4

M5

M6

Value

-12

480

60

60

90
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x We find a significant dimension (CUNKí :P; in this
paper) for feature-based segmentation. Identification is based
on the observation of a single stride (one left and one right
step) after segmentation. This makes it possible to identify
people online by giving the identification result right after a
single stride. In addition, a voting algorithm can be applied
with our approach by identifying people from three or more
strides instead of one stride to enhance the robustness.
x Robustness of the approach is tested under different
speed conditions and sensor placements. Additionally, we
investigate whether walking in a curved line has an effect on
the identification process.
Future tasks include optimizing the thresholds in the
segmentation algorithm automatically based on the walking
speed and finding new features of gait that are robust to path
curvature and comparing the proposed approach with other
existing approaches.
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